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1 Einleitung 

1.1 Klinische und pathologische Charakterisierung von Demenzerkrankungen 

Der Begriff Demenz beschreibt syndromal die Verschlechterung kognitiver Funktionen, vor allem in 

den Bereichen Gedächtnis, Aufmerksamkeit, Sprache, Orientierung oder Sozialverhalten [1]. Hierbei 

werden klinisch drei Stadien der kognitiven Beeinträchtigung unterschieden [2]. Bei der subjektiven 

kognitiven Beeinträchtigung (engl. subjective cognitive decline, SCD) berichten Betroffene von der 

subjektiv wahrgenommenen Verschlechterung der kognitiven Leistung im Vergleich zur früheren 

Leistungsfähigkeit, jedoch ist die objektiv messbare Leistung noch im Normalbereich bezogen auf 

Referenzwerte kognitiv gesunder Personen. Bei der leichten kognitiven Störung (LKS, engl. mild 

cognitive impairment, MCI) ist die kognitive Leistungsfähigkeit der Betroffenen eingeschränkt und 

schlechter als alters-, geschlechts- und bildungsbezogene Referenzwerte, jedoch ist die 

Alltagskompetenz der Betroffenen noch gegeben. Bei stärker ausgeprägten kognitiven 

Beeinträchtigungen, die die Alltagskompetenz der Betroffenen maßgeblich einschränken, spricht man 

von einer Demenz. 

Für die Demenz sind verschiedene Ursachen bekannt. Grundsätzlich unterscheidet man primäre 

Formen aufgrund bestimmter Erkrankungen, die häufig irreversibel verlaufen und das Gehirn 

nachhaltig schädigen, und sekundäre Formen als Folgeerscheinungen anderer Erkrankungen (z.B. 

Stoffwechselerkrankungen, Vitaminmangelzustände oder Depression), deren Behandlung die 

Demenzsymptome teilweise abmildern oder sogar rückbilden kann. Bei den primären Formen der 

Demenz ist die Alzheimer-Krankheit als häufigste Ursache zu nennen (60-65% der Fälle) [3, 4]. Weiter 

treten die vaskuläre Demenz (20-25%), die frontotemporale Demenz (10-15%) oder Mischformen auf 

[3-6]. Zur Abgrenzung und rechtzeitigen Behandlung dieser Demenzerkrankungen ist eine frühzeitige 

Diagnose besonders wichtig. Jedoch haben Eichler et al. 2015 [7] anhand einer primärärztlichen 

Kohorte der DelpHi-MV Studie gezeigt, dass gegenwärtig im deutschen Gesundheitssystem weniger 

als die Hälfte der Demenzbetroffenen in der primärärztlichen Versorgung auch tatsächlich formal eine 

Diagnose erhalten. Dies deckt sich mit Zahlen internationaler Studien. 

Im Wesentlichen sind die drei genannten Primärformen der Demenz altersassoziierte Erkrankungen. 

Davon abzugrenzen sind die seltenen genetischen Varianten der Alzheimer-Erkrankung, die 

autosomal-dominant vererbt werden. Betroffene Personen mit Mutationen im Präsenilin 1- (PSEN1), 

Präsenilin 2- (PSEN2) und Amyloid-Vorläufer-Protein-Gen (APP) erkranken meist schon im Lebensalter 

zwischen 30 und 60 Jahren. Dagegen tritt die häufige sporadische Form der Alzheimer-Demenz bei 

Betroffenen ab einem Alter von etwa 65 Jahren auf, wobei das Risiko mit steigendem Alter annähernd 

linear ansteigt [8]. Die Alzheimer-Krankheit ist durch sogenannte „senile Plaques“ charakterisiert, d.h. 
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extrazelluläre Ablagerungen von aggregierten Amyloid-β-Peptiden [1, 9], sowie durch intraneuronale 

fibrilläre Aggregate des τ-Proteins, die als „neurofibrilläre Bündel“ bezeichnet werden [1, 9]. Die 

Ätiologie der Erkrankung ist derzeit noch nicht abschließend geklärt [1]. Im Verlauf der Erkrankung 

kommt es zu einer Schädigung der Mitochondrien [10], zur Störung des Zellmetabolismus und final 

zum Zelltod der Neurone [9]. Dies manifestiert sich früh vor allem als Atrophie der 

Hippocampusformation und des posterioren Gyrus cinguli, später auch im gesamten Temporallappen 

sowie in weitreichenden kortikalen Arealen des Frontal- und Parietallappens. Bei der vaskulären 

Demenz kommt es infolge von Durchblutungsstörungen im Gehirn zum Absterben von Nervengewebe. 

Als Hauptursachen gelten altersassoziierte Faktoren, die generell das Risiko von Gefäßerkrankungen 

erhöhen, wie Bluthochdruck, Herzerkrankungen oder Diabetes mellitus. Bei der frontotemporalen 

Demenz treten die Symptome häufig bereits im Alter zwischen 45 und 60 Jahren auf [6]. Der 

Oberbegriff frontotemporale Lobärdegeneration (FTLD) beschreibt hierbei drei verschiedene klinische 

Varianten [6], die anhand der frühen bzw. vorherrschenden Symptome unterschieden werden: die 

behaviorale frontotemporale Demenz (bvFTD), die semantische Demenz (SD) und die progressive 

nicht-flüssige Aphasie (PNFA). Die Ätiologie dieser Varianten ist derzeit noch nicht abschließend geklärt 

[6]. Teilweise überschneiden sich die histologischen Befunde, so dass für alle drei Varianten 

Proteinopathien des τ-Proteins, des „TAR-DNA-bindenden Protein 43“ (TDP-43) oder des „fused in 

sarcoma“ (FUS)-Proteins möglich sind [6]. In diesem Zusammenhang ist auch die Amyotrophe 

Lateralsklerose (ALS) zu nennen, deren histologischen Befunde und Symptome sich teilweise mit der 

bvFTD überschneiden [11]. Die ALS ist eine fortschreitende Erkrankung der Motoneurone, die zu 

Muskellähmung führt. Betroffene sterben meist innerhalb weniger Jahre. Die ALS kann dabei isoliert 

ohne kognitive Beeinträchtigungen auftreten, mit exekutiven und/oder kognitiven Beeinträchtigungen 

sowie als ALS-FTD. Man spricht hier deshalb von einem ALS-FTD-Spektrum [11]. 

Der demographische Wandel in Deutschland sowie in allen westlichen Industrienationen und 

Schwellenländern stellt uns vor große Herausforderungen. Hochrechnungen erwarten eine Prävalenz 

der Demenz von 2,7 Millionen Betroffenen in Deutschland für das Jahr 2050 (Abbildung 1).  
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Abbildung 1. Prävalenz der Demenz bis 2050 im Vergleich zur Verfügbarkeit von diagnostischen Ressourcen, hier 
am Bsp. der Anzahl von Radiologen. 
Quellen: Dementia in Europe Yearbook 2019, Statistiken d. Bundesärztekammer. 
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Dagegen ist die Zahl der Versorgungszentren wie Gedächtnisambulanzen und Fachärzten begrenzt 

(siehe Abbildung 1 als Bsp. die Anzahl von Radiologen), so dass wir mit einer stärker werdenden 

Beanspruchung oder gar Überlastung von diagnostischen Ressourcen rechnen müssen. In diesem 

Dilemma könnten KI-basierte Experten- und Assistenzsysteme den Diagnoseprozess unterstützen und 

beschleunigen, in dem zeitaufwändige Routineaufgaben automatisiert werden. 

1.2 Bildgebung bei Demenzerkrankungen 

Die bildgebenden Verfahren, vor allem die Magnetresonanztomographie (MRT) und Positronen-

Emissions-Tomographie (PET), haben für die Differentialdiagnose von Demenzerkrankungen eine 

besondere Bedeutung. Die T1-gewichtete MRT ermöglicht es, die Hirnstruktur bzw. eine Reduktion des 

Hirnvolumens (Atrophie) in vivo zu beurteilen [12]. Die Diffusions-Tensor-Bildgebung (DTI) misst die 

Bewegungsfreiheit (=Diffusion) von Wassermolekülen im Gewebe, die von der Mikrostruktur des 

Gewebes abhängig ist, z.B. von Zellmembranen oder Mikrotubuli, so dass sich Rückschlüsse auf die 

Integrität der Fasertrakte der weißen Substanz ziehen lassen [13]. Die Fluorodesoxyglukose-

Positronen-Emissions-Tomographie (FDG-PET) bemisst den Glukosemetabolismus. Patienten mit einer 

Alzheimer-Erkrankung zeigen einen regional spezifischen Hypometabolismus im posterioren Gyrus 

cinguli [14, 15]. Weiterhin wurden für Demenzerkrankungen spezielle Tracer-Substanzen entwickelt, 

die mittels PET das Vorhandensein und die lokale Ausbreitung von Amyloid-β- oder τ-Proteinen 

abbilden können [16]. Eine weitere Bildgebungstechnik ist die funktionelle Magnetresonanz-

tomographie (fMRT), bei der die unterschiedlichen magnetischen Eigenschaften von oxygeniertem und 

desoxygeniertem Blut genutzt werden, um über den Mechanismus der neurovaskulären Kopplung 

Rückschlüsse auf die neuronale Aktivität in den verschiedenen Hirnregionen zu ziehen [17, 18]. Bei 

verschiedenen kognitiven Aufgaben zeigen sich verteilt spezifische Hirnregionen aktiv, die ein 

synchrones Zeitsignal aufweisen. Diese werden deshalb als intrinsische funktionelle Konnektivitäts-

netzwerke bezeichnet [19, 20]. Die bei der funktionellen Magnetresonanztomographie im 

Ruhezustand des Probanden (Ruhe-fMRT) synchron aktiven Regionen, darunter Bereiche im 

posterioren Gyrus cinguli und Precuneus, im medialen Frontallappen und beidseitig in den inferioren 

Parietallappen, werden Default Mode Network (DMN) genannt [21, 22]. Im Verlauf der Alzheimer-

Krankheit verändert sich die Synchronizität bzw. funktionelle Konnektivität dieses Netzwerks [23-30].  

1.3 Maschinelle Lernverfahren zur Analyse von Bildgebungsdaten 

Verfahren der künstlichen Intelligenz, fachsprachlich meist als maschinelle Lernverfahren bezeichnet, 

sind in der Lage, anhand von Trainingsdaten automatisiert Muster zu identifizieren und in Form einer 

mathematischen Abbildungsfunktion 𝑦𝑦 = 𝑓𝑓(𝑥𝑥)  verschiedenen Ausgabewerten zuzuordnen. 

Besonders die multivariaten Verfahren, bei denen zahlreiche Eingabemerkmale kombiniert 

ausgewertet werden, zeigen sich sensibel für verteilte Gewebe- bzw. Intensitätsveränderungen, wie 
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sie im Verlauf von Demenzerkrankungen auftreten. Beim Gehirn wirken viele Prozesse (z.B. 

Entwicklung, Alterung, Krankheit) auf die gesamte Struktur, so dass sich bei der Auswertung von 

mehreren Hirnregionen häufig das Problem der Kollinearität ergibt, d.h. Messwerte ähneln sich bzw. 

teilen ihre Varianz. Dies ist in der empirischen Forschung und insbesondere für datengetriebene 

maschinelle/statistische Lernverfahren eine große Herausforderung, da die geteilte Varianz zu 

störenden Korrelationen führt und insbesondere klassische statistische Modelle wie die 

linearen/logistischen Regressionsanalysen instabil werden lässt [31], d.h. kleine Änderungen an der 

Zusammensetzung der Stichprobe haben teilweise große Änderungen der geschätzten 

Modellparameter zur Folge. Deshalb wurden in der Literatur Regularisierungsverfahren etabliert, die 

die Modellschätzung durch die Einführung von „Straftermen“ stabilisieren soll. Die sogenannte Elastic-

Net Regularisierung kombiniert dazu die Verfahren LASSO (least absolute shrinkage and selection 

operator) und Ridge Regression, die Strafterme basierend auf der sogenannten L1- bzw. L2-Norm des 

Parametervektors 𝛽𝛽 verwenden. Diese Normen definieren allgemein eine Metrik zur Bestimmung der 

Größe oder Länge eines Vektors. Hierbei wird das lineare Optimierungsproblem zur Schätzung der 

Regressionskoeffizienten 𝛽𝛽𝑖𝑖  dahingehend modifiziert, dass deren Betragssummen (L1-Norm) und 

Quadratsummen (L2-Norm) Berücksichtigung finden, wie im Folgenden detaillierter ausgeführt wird. 

Für die lineare Regression 𝑦𝑦 =  ∑ 𝛽𝛽𝑖𝑖𝑥𝑥𝑖𝑖
𝑝𝑝
𝑖𝑖=0 + 𝜀𝜀 mit 𝑝𝑝 unabhängigen Variablen (Prädiktoren) 𝑥𝑥𝑖𝑖 werden 

i.d.R. die Parameter 𝛽𝛽𝑖𝑖  anhand des Kriteriums des kleinsten quadratischen Fehlers bestimmt (d.h. 

argmin ∑ 𝜀𝜀𝑗𝑗2n
𝑗𝑗=1 ). Für einen Trainingsdatensatz 𝑥𝑥𝑖𝑖𝑖𝑖  mit 𝑗𝑗 = 1, … ,𝑛𝑛  Beobachtungen (Fällen) und  

𝑖𝑖 = 1, … ,𝑝𝑝 unabhängigen Variablen ergibt sich daraus:  

𝛽̂𝛽𝑖𝑖 ≔ argmin
𝛽𝛽

∑ � 𝑦𝑦𝑗𝑗 − ∑ 𝛽𝛽𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝
𝑖𝑖=0 �2𝑛𝑛

𝑗𝑗=1 . 

Bei der Elastic-Net Regularisierung wird diese Optimierungsfunktion erweitert zu:  

𝛽̂𝛽𝑖𝑖 ≔ argmin
𝛽𝛽

�∑ � 𝑦𝑦𝑗𝑗 − ∑ 𝛽𝛽𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝
𝑖𝑖=0 �2𝑛𝑛

𝑗𝑗=1 + 𝜆𝜆1 ∑ |𝛽𝛽𝑖𝑖|
𝑝𝑝
𝑖𝑖=1 + 𝜆𝜆2�∑ 𝛽𝛽𝑖𝑖2

𝑝𝑝
𝑖𝑖=1 �, mit 𝜆𝜆1 + 𝜆𝜆2 = 1. 

Der L1-Norm LASSO Term ∑ |𝛽𝛽𝑖𝑖|
𝑝𝑝
𝑖𝑖=1  bestraft dabei die Anzahl an 𝛽𝛽𝑖𝑖 ≠ 0  und stellt somit einen 

Mechanismus zur Variablenselektion dar. Der L2-Norm Ridge Regression Term �∑ 𝛽𝛽𝑖𝑖2
𝑝𝑝
𝑖𝑖=1  reduziert 

effektiv den Betrag der Regressionskoeffizienten 𝛽𝛽𝑖𝑖, welche sonst insbesondere für hoch korrelierte 

Prädiktoren ohne diesen Strafterm beliebig groß und divergierend werden könnten [31]. 

1.4 Tiefe neuronale Faltungsnetze zur Erkennung komplexer Muster in 
hochdimensionalen Bilddaten 

Über die oben genannten Ansätze hinaus, ermöglichen hochdimensionale nichtlineare Verfahren, wie 

die tiefen neuronalen Netze, komplexe Zusammenhänge in den Eingabedaten zu erkennen und 
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miteinander zu kombinieren. Dazu soll im Folgenden ein Überblick über verschiedene neuronale 

Lernverfahren gegeben und diese konzeptionell erklärt werden. Abbildung 2 illustriert die „Evolution“ 

von künstlichen neuronalen Modellen. 

 
Abbildung 2. Evolution der künstlichen neuronalen Netze für die Bilderkennung. 
Eigene Abbildung des Autors. 

Abbildung 2 A) Künstliches Neuron, häufig auch als Perzeptron bezeichnet. Für jeden der 𝑝𝑝 

numerischen Eingabewerte 𝑥𝑥𝑖𝑖 wird eine Wichtung 𝑤𝑤𝑖𝑖 bestimmt. Hierbei ist der sogenannte Bias-Term 

𝑥𝑥0 = 1  als Konstante festgelegt. Somit entspricht der vordere Teil des Perzeptrons der linearen 

Regression und berechnet sich aus 𝑓𝑓(𝑥𝑥) =  ∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖
𝑝𝑝
0 .  Häufig wird anschließend eine sogenannte 

Aktivierungsfunktion act nachgeschaltet, so dass sich die Vorhersage aus 𝑦𝑦� = 𝑎𝑎𝑎𝑎𝑎𝑎(𝑓𝑓(𝑥𝑥)) ergibt. Hierzu 

wird im einfachsten Fall die Identitätsfunktion 𝑎𝑎𝑎𝑎𝑎𝑎(𝑥̇𝑥) = 𝑥̇𝑥 (entspricht der linearen Regression) oder 

die Sigmoid-Funktion 𝑎𝑎𝑎𝑎𝑎𝑎(𝑥̇𝑥) = 1/(1 + 𝑒𝑒−𝑥̇𝑥)  (entspricht der logistischen Regression) verwendet 1 . 

Aufgrund der geringeren numerischen Komplexität bzw. des schnelleren Trainings wird bei tiefen 

Faltungsnetzten häufig die Gleichrichtfunktion (Rectified Linear Unit, ReLU) als Aktivierungsfunktion 

genutzt, mit 𝑎𝑎𝑎𝑎𝑎𝑎(𝑥̇𝑥) = max(0, 𝑥̇𝑥), d.h. negative Eingabewerte werden auf 0 gesetzt. 

Abbildung 2 B) Schichtung und Verkettung von mehreren Perzeptronen als Multi-Layer Perzeptron, 

zur besseren Übersicht hier vereinfacht dargestellt ohne Bias und Aktivierungsfunktion. Häufig wird 

die erste Schicht als Eingabeschicht bezeichnet, gefolgt von einem oder mehreren „versteckten“ 

                                                           
1 Formal soll hier 𝑥̇𝑥 ein Zwischenergebnis repräsentieren, das sich z.B. aus  𝑥̇𝑥 = 𝑓𝑓(𝑥𝑥) ergibt. Das Symbol 𝑥𝑥 soll 
zur besseren Übersicht die Eingabewerte der Eingabeschicht der neuronalen Modelle repräsentieren. 

∑ 
𝑤𝑤1 𝑤𝑤0 

𝑥𝑥0 = 1 

𝑤𝑤𝑝𝑝 

𝑥𝑥1 

𝑥𝑥𝑝𝑝 

𝑥𝑥2 
𝑥𝑥3 

A) 

… 

𝑤𝑤2 ∑ 

𝑥𝑥1 

𝑥𝑥𝑛𝑛 

𝑥𝑥2 
𝑥𝑥3 

B) 

… 𝑦𝑦� act 

𝑦𝑦�1 
∑ 
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𝑦𝑦�2 
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𝑦𝑦�1 
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𝑦𝑦�2 
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Schichten und abschließend der Ausgabeschicht. In solchen vollverbundenen Netzen wird für jede 

Verbindung zwischen den Neuronen ein eigenes Gewicht  𝑤𝑤𝑖𝑖𝑖𝑖 bestimmt, weshalb die mathematische 

Komplexität sehr groß und damit das Training sehr aufwändig ist. 

Abbildung 2 C) Verkettung von Faltungsschichten (Convolutional Layers) und vollverbundenen 

Schichten zu einem tiefen Faltungsnetz. Die Faltungsoperation mit einem Faltungsfilter 𝑓𝑓𝑖𝑖 ermöglicht 

eine besondere Merkmalsextraktion, da hierüber spezifische Formen oder Texturen aus den 

Eingabedaten extrahiert und in die mittleren bzw. hinteren Schichten propagiert werden können. 

Dabei dienen alle Ausgaben einer Faltungsschicht als Eingabe für die darauffolgende Faltungsschicht 

und können somit dort neu kombiniert werden. Die finale Ausgabe der Faltungsschichten wird in eine 

eindimensionale Vektorform überführt und anschließend über ein oder mehrere vollvernetzte 

Schichten ausgewertet. Der vordere Teil mit den Faltungsschichten ermöglicht die 

Merkmalsextraktion, die hinteren vollvernetzen Schichten die Klassifikation bzw. Regression. 

In aktuellen tiefen Faltungsnetzen werden zwischen den Faltungsschichten zusätzlich sogenannte 

Pooling-Layer eingefügt, die das Maximum bzw. den Mittelwert von zwei benachbarten Pixeln/Voxeln 

berechnen und damit die Auflösung je Dimension halbieren. Ebenso haben moderne Netze sogenannte 

„Skip-“ oder „Residual-Connections“, bei denen Faltungsschichten ihre Eingabe von mehreren 

vorgelagerten Schichten erhalten. Durch die Hintereinanderschaltung verschiedener Schichten als 

„Blöcke“ und Verknüpfung dieser lassen sich komplexe hierarchische Netztopologien aufbauen, die in 

der Lage sind, Merkmale der Eingabedaten auf lokaler (mikroskopisch), mittlerer (mesoskopisch) und 

globaler Ebene (makroskopisch) zu integrieren und zu abstrakten Konzepten zusammenzufassen. 

Beispielsweise können bei der Gesichtserkennung mittlere Schichten abstrakte Konzepte wie 

Augenbrauen, Nase oder Lippen erkennen. 

1.5 Erklärbarkeit und Nachvollziehbarkeit von maschinellen Lernverfahren 

Eine besondere klinische wie auch methodische Herausforderung ist die Erklärbarkeit und 

Nachvollziehbarkeit von maschinellen Lernverfahren und deren Ausgaben, die in der Folge auch die 

Anwendbarkeit und Nützlichkeit algorithmischer Entscheidungsunterstützung im klinischen Kontext 

stark limitiert. In der Stellungnahme der Zentralen Ethikkommission der Bundesärztekammer zur 

Entscheidungsunterstützung ärztlicher Tätigkeit durch Künstliche Intelligenz fordert die Kommission, 

dass Ärzte und Ärztinnen in die Lage versetzt werden müssen, automatische 

Entscheidungsempfehlungen auf Plausibilität und Richtigkeit zu prüfen [32]. In der Literatur werden 

maschinelle Lernverfahren bezüglich ihrer Transparenz und Komplexität in „interpretierbare“ und 

„opaque“ („Black-Box“) Modelle eingeteilt [33, 34]. Die interpretierbaren Modelle, beispielsweise 

lineare oder logistische Regressionsmodelle, regelbasierte Verfahren oder Entscheidungsbäume, 

bilden üblicherweise eine mathematisch weniger komplexe Funktion ab und sind bezüglich des 
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Zusammenhangs von Eingabe und Ausgabe für den Menschen eher leicht nachvollziehbar. Opaque 

Modelle dagegen weisen eine hohe mathematische Komplexität und einen nichtlinearen 

Zusammenhang von Eingabe und Ausgabe auf, so dass die Funktionsweise für Menschen kaum 

nachvollzogen werden kann. Insbesondere sind bei datengetriebenen und trainierbaren Verfahren, 

z.B. bei tiefen neuronalen Netzen, die mathematischen Operationen innerhalb des 

Entscheidungsprozesses solcher Modelle selbst für deren Entwickler größtenteils unklar, da sich die 

Modellparameter bei jedem Trainingsschritt ändern. In den vergangenen Jahren wurden für opaque 

Modelle daher post-hoc Verfahren entwickelt, die aus den komplexen Entscheidungsprozessen zur 

leichteren Interpretierbarkeit vereinfachte Kennwerte oder approximative lineare Modelle ableiten 

[33, 34]. Hierbei werden Verfahren zur globalen Interpretierbarkeit des Modells, die versuchen das 

Gesamtverhalten des Modells zu erklären, und lokale Verfahren, die einzelne Aspekte für ein 

bestimmtes Eingabedatum aufzeigen, differenziert. Globale Verfahren sind beispielsweise Shapley-

Werte oder Sensitivitätsanalysen. Die Shapley-Werte haben ihren Ursprung in der Spieltheorie und 

quantifizieren den mittleren Beitrag jedes Eingabemerkmals auf die Modellausgabe. Lokale Verfahren 

sind beispielsweise die Schichtweise Relevanzrückverfolgung (Layer-wise Relevance Propagation, LRP), 

in dem die „neuronale Aktivierung“ innerhalb von tiefen neuronalen Netzen zurückverfolgt und 

einzelnen Eingabebereichen zugeordnet werden kann (Abbildung 3) [35]. 

 

Abbildung 3. Schichtweise Relevanzrückverfolgung in einem tiefen neuronalen Netz.  
Adaptiert nach [36]. 
Symbole: 𝒙𝒙𝒊𝒊 Eingabewert; 𝒂𝒂𝒋𝒋,𝒂𝒂𝒌𝒌 Aktivierungen eines Neurons in den Schichten 𝒋𝒋 bzw. 𝒌𝒌; 𝑹𝑹𝒊𝒊,𝑹𝑹𝒋𝒋,𝑹𝑹𝒌𝒌 Relevanz in 
den jeweiligen Schichten; 𝒘𝒘𝒋𝒋𝒋𝒋

+  Gewicht der Verbindung zwischen zwei Neuronen. 
Die ermittelte Relevanz ergibt sich aus der schrittweisen Relevanzrückverfolgung, hier dargestellt mit der 
𝜶𝜶𝜷𝜷 -Propagationsregel und 𝜶𝜶 = 𝟏𝟏,𝜷𝜷 = 𝟎𝟎 , bei der nur Pfade mit positiven Gewichten bzw. Aktivierungen 
berücksichtigt (𝜶𝜶 = 𝟏𝟏) und negative Aktivierung unterdrückt werden (𝜷𝜷 = 𝟎𝟎). Die Relevanz 𝑹𝑹𝒋𝒋 für ein Neuron in 
Schicht 𝒋𝒋 berechnet sich aus der Summe der Relevanz 𝑹𝑹𝒌𝒌 aller verbundenen Neurone der nachfolgenden Schicht 
𝒌𝒌 , gewichtet mit der jeweiligen Aktivierungen 𝒂𝒂𝒋𝒋  und den positiven Gewichten 𝒘𝒘𝒋𝒋𝒋𝒋

+  der entsprechenden 
Verbindungen. Diese Propagationsregel lässt sich vereinfacht so interpretieren, dass die Relevanz 𝑹𝑹𝒌𝒌  auf die 
Neurone der davorliegenden Schicht 𝑹𝑹𝒋𝒋 proportional zu ihrer exzitatorischen Wirkung auf 𝒂𝒂𝒌𝒌 verteilt wird [36]. 

 1. Vorwärtspfad: Klassifikation 

2. Relevanzrückverfolgung 

𝑅𝑅𝑗𝑗 = �
𝑎𝑎𝑗𝑗𝑤𝑤𝑗𝑗𝑘𝑘+

∑ 𝑎𝑎𝑗𝑗𝑤𝑤𝑗𝑗𝑘𝑘+𝑗𝑗
𝑅𝑅𝑘𝑘

𝑘𝑘
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1.6 Untersuchungsziele und Hypothesen 

Für die vorliegende Habilitationsschrift zu Verfahren der künstlichen Intelligenz für die automatisierte 

Erkennung von Demenzerkrankungen wurde die übergreifende Forschungsfrage untersucht, mit 

welchen Verfahren sich kollineare Bildgebungsdaten des Gehirns modellieren und auswerten lassen, 

wie stabil und robust diese sind, und welche der getesteten Verfahren sich folglich für den Einsatz mit 

empirischen Daten klinischer Studien am besten eignen. 

In diesem Kontext wurden drei Schwerpunkte bearbeitet und in verschiedenen Studien untersucht: 

I. Die Erklärbarkeit von Entscheidungen von künstlichen neuronalen Netzen  

Bis vor wenigen Jahren gab es kaum Erkenntnis darüber, welche Merkmale oder Bildbereiche tiefe 

neuronale Netze zur Differenzierung von diagnostischen Gruppen heranziehen. Im Rahmen dieser 

Arbeit sollten post-hoc Verfahren zur Erklärung von Entscheidungsprozessen für medizinische 

2D/3D Bildgebungsdaten identifiziert und bezüglich ihrer Eignung und Nützlichkeit für klinische 

Nutzerinnen und Nutzer evaluiert werden. Als Hypothese wurde formuliert, dass gut geeignete 

Attributionsverfahren den Schweregrad der Erkrankung bzw. den Umfang der zugrundeliegenden 

Atrophie in entsprechender Weise darstellen. 

II. Die Evaluation und Charakterisierung neuartiger Bildgebungsmarker  

Im Rahmen zahlreicher Kollaborationen wurden multizentrische Stichproben mit multimodaler 

MRT-Bildgebung erhoben, z.B. funktionelle MRT und Diffusions-Tensor-Bildgebung. Hierzu sollte 

die diagnostische Eignung von neuartigen Bildgebungsverfahren, Auswertungsmethoden und 

digitalen Bildgebungsmarken evaluiert werden. Als Referenz wurde das Hippocampusvolumen für 

die Bewertung der Gruppentrennung im Kontinuum der Alzheimer-Erkrankung festgelegt. Zu 

evaluierende Verfahren wurden bezüglich Erkennungsrate und multizentrischer Variabilität bzw. 

Stabilität und Kohärenz verglichen. Ebenso wurden Verfahren und Bildgebungsmarker, wie der 

BrainAge Score, die in der Alzheimer-Forschung bereits gut etabliert sind, bei anderen 

neurodegenerativen Erkrankungen, wie ALS und ALS-FTD, untersucht. 

III. Die Multivariate Modellierung statistischer Zusammenhänge von Schädigungsmustern 

Anhand von großen Stichproben mit multimodaler Bildgebung für die Charakterisierung 

spezifischer Prozesse bei der Alzheimerkrankheit wurden neuartige Verfahren zur Modellierung 

statistischer Zusammenhänge von Schädigungsmustern erprobt und evaluiert. Das oben 

genannte Problem der Kollinearität, d.h. die Ähnlichkeit der Messwerte und ihre geteilte Varianz, 

wird hierbei mathematisch ausgenutzt, um deren wahrscheinlichen Ursprung zu rekonstruieren 

und eindeutig zuzuordnen. Die Gauß’schen Graphenmodelle stellten hierzu einen innovativen 

Ansatz zur Erhebung von partieller Kovarianz dar. Die resultierenden partiellen Kovarianz-
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netzwerke der Gauß’schen Graphenmodelle wurden mit klassischen Kovarianznetzwerken 

verglichen, die auf der Pearson-Korrelation beruhen. Ebenso wurde die Eignung, Robustheit und 

die Nützlichkeit dieser Verfahren für die Auswertung empirischer klinischer Daten bewertet. 
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2 Studien und Ergebnisse 

2.1 Erklärbarkeit von Entscheidungen von künstlichen neuronalen Netzen 

Für die Erklärung von neuronalen Modellen zur Bilderkennung gibt es in der Literatur zahlreiche 

Verfahren zur Ableitung von Salienz- oder Relevanzwerten. Mit diesen sollen aus den komplexen 

neuronalen Schichten und Rechenoperationen vereinfachte Visualisierungen ermittelt werden, die 

jedem Eingabemerkmal (Bildpunkt) ein Gewicht zuordnen, wie stark dessen Einfluss auf die 

Modellentscheidung ist. Diese Verfahren sind gegenwärtig immer noch Gegenstand der 

Grundlagenforschung in der Informatik, da gewisse Annäherungen und Vereinfachungen innerhalb 

dieser Ansätze einen großen Einfluss auf die ermittelten Relevanzwerte hat. Gemeinhin werden zur 

Bewertung und zum Vergleich dieser Verfahren standardisierte Trainingsdatensätze verwendet, wie 

der MNIST-Datensatz [37] mit handschriftlichen Abbildungen der Zahlen 0 bis 9 oder ImageNet [38] 

und COCO [39] mit annotierten Fotos von mehreren hundert Objektklassen (z.B. Hund, Katze, 

Flugzeug). Zu Beginn dieser Habilitationsarbeit gab es keine gesicherten Erkenntnisse, ob diese 

Verfahren bei komplexen Modellen für medizinische Bilddaten und die Krankheitserkennung ebenfalls 

funktionieren, d.h. insbesondere für klinische Nutzer nutzbringende Informationen ermitteln können. 

Im Konferenzbeitrag KB1 wurden zahlreiche Verfahren zur Ableitung von Relevanzkarten systematisch 

verglichen, um eine qualitative Einschätzung der Nützlichkeit und Ähnlichkeit der Ergebnisse 

durchzuführen. Hierzu wurde ein neuronales Netz auf 3D MRT-Daten zur Erkennung der Alzheimer-

Krankheit trainiert. Insgesamt zeigten sämtliche getesteten Verfahren eine vergleichbare 

Charakteristik und ähnliche Hirnareale als besonders informativ. Eine hohe Relevanz wurde von den 

Verfahren Guided Backpropagation, Deep Taylor Decomposition, Input*Gradient, und Layer-wise 

Relevance Propagation (LRP) im mesialen Temporallappen, vor allem im Hippocampus, attribuiert. 

Entsprechend der a priori Hypothese waren hohe Relevanzwerte bei einem Probanden mit Alzheimer-

Demenz beidseitig und bei einem Probanden mit leichter kognitiver Störung primär rechts und etwas 

schwächer dargestellt. Dagegen ermittelten die Verfahren bei einer kognitiv gesunden Kontrollperson 

abgesehen von kleinerem Rauschen keine nennenswerten Hirnareale mit hohen Relevanzwerten. Im 

Kontrast dazu scheiterte das beliebte Verfahren Grad-CAM, welches eine sehr geringe räumliche 

Auflösung aufwies, so dass einzelne Hirnareale nur unzureichend abgrenzbar waren sowie, entgegen 

der Hypothese, alle drei diagnostischen Gruppen etwa gleich hohe Relevanzwerte aufwiesen. 

Für den Konferenzbeitrag KB2 wurde auf der Basis dieser Ergebnisse eine Web-Applikation konzipiert 

und entwickelt, die es ermöglicht, neue MRT-Daten durch das künstliche neuronale Netz auszuwerten, 

3D Relevanzkarten zu berechnen und für die Begutachtung interaktiv zu visualisieren. Dazu wurde das 
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Visualisierungs-Framework Bokeh2 verwendet, das entsprechende Komponenten für die Webseiten-

Darstellung (Frontend) und eine Python-Laufzeitumgebung (Backend) bereitstellt. Die 

Implementierung erfolgte dem Model–View–Controller Programmierparadigma folgend. Die 

Applikation steht interessierten Nutzern zu Demonstrationszwecken unter https://explaination.net zur 

Verfügung und der Quellcode wurde auf GitHub veröffentlicht. 

In der Originalarbeit OA1 wurden die oben genannten technischen Verfahren und Konzepte im 

Hinblick auf die klinische Tauglichkeit systematisch und umfangreich evaluiert. Dazu wurden 1.) die 

diagnostische Genauigkeit der künstlichen neuronalen Netze im Rahmen einer zehnfachen 

Kreuzvalidierung sowie anhand von drei unabhängigen Stichproben erhoben, 2.) Relevanzkarten 

abgeleitet und bezüglich der räumlichen Verteilung von Relevanzwerten beurteilt und 3.) der Umfang 

der Relevanzwerte für die Hippocampusregion mit dem etablierten radiologischen Bildgebungsmarker 

Hippocampusvolumen verglichen. Die neuronalen Netze erreichten hierbei für die unabhängigen 

Stichproben eine balancierte Genauigkeit zwischen 83% und 88% sowie eine AUC zwischen 0.91 und 

0.98 für die Differenzierung von Patienten mit Alzheimer-Demenz und kognitiv gesunden Kontrollen. 

Für die Trennung von Patienten mit leichter kognitiver Störung und gesunden Probanden war die 

balancierte Genauigkeit substanziell geringer mit 63% bis 75% und einer AUC zwischen 0.68 und 0.84. 

Die LRP Relevanzkarten bestätigten die oben genannte Hypothese bezüglich des Ausmaßes von hohen 

Relevanzwerten entsprechend dem Grad der Erkrankung. Bei der Betrachtung von einzelnen 

Individuen zeigte sich aber eine gewisse Heterogenität bei den Relevanzkarten, die neben dem 

Hippocampus auch Atrophie in weiteren kortikalen und subkortikalen Hirnregionen markierten. Der 

Vergleich von Relevanzwerten in der Hippocampusregion mit dem Hippocampusvolumen zeigten 

einen sehr hohen linearen Zusammenhang mit einer Pearson-Korrelation von r ≈ -0,87 (p < 0.001) über 

alle Stichproben hinweg. 

Im Konferenzbeitrag KB3 wurde in Ergänzung zu den vorangegangenen Arbeiten vier verschiedene 

Netzarchitekturen für tiefe Faltungsnetze bezüglich der Genauigkeit und Heterogenität der 

Relevanzkarten verglichen. Dazu wurden für die vier Netzarchitekturen AlexNet, VGG, ResNet und 

DenseNet Modelle trainiert und verglichen. ResNet erreichte die höchste Genauigkeit mit 81% für die 

Erkennung von Patienten mit Alzheimer-Demenz, wobei alle Modelle eine hohe Varianz der 

Erkennungsraten aufwiesen. VGG und DenseNet hatten hierbei die geringste Standardabweichung in 

der Höhe von 8% für Demenz vs. Kontrollen bzw. 3% für leichte kognitive Störung vs. Kontrollen. Bei 

DensNet waren die gemittelten Relevanzkarten am stärksten auf den mesialen Temporallappen 

fokussiert, was am ehesten der a priori Hypothese zu diagnostisch relevanten Hirnregionen entspricht. 

                                                           
2 http://bokeh.org/ 

https://explaination.net/
http://bokeh.org/
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AlexNet und ResNet waren dagegen deutlich heterogener in der räumlichen Verteilung von 

Relevanzwerten und VGG fokussierte von den anderen Modellen abweichend primär auf inferior-

lateral temporale Regionen. 

In der Originalarbeit OA2 wurden selbst-überwachte Lernverfahren experimentell untersucht. Im 

Gegensatz zu den vorangegangenen Arbeiten, in denen klassische überwachte Lernverfahren 

verwendet wurden, d.h. Modelltraining mit Bilddaten als Eingabe und der Diagnose als Ausgabe, 

werden beim selbst-überwachtem Lernen künstlich die Eingabedaten modifiziert und entsprechende 

synthetische Ausgabeklassen erzeugt. Ziel dieser Ansätze ist es, repräsentative Merkmale aus den 

Trainingsdaten zu lernen. In dieser Studie wurden dazu einzelne koronare Schichten des 3D Bildes als 

Eingabe verwendet, zusammen mit den Operationen 1.) Bildspiegelung, 2.) Vergrößerung und 

Beschneidung sowie 3.) das zufällige Löschen von einem rechteckigen Bildbereich. Als Ausgabe bzw. 

Zielfunktion (Loss-Funktion) diente die Information, ob je zwei Bilder ursprünglich das gleiche waren 

oder verschiedene. Als Modellarchitektur wurde ConNeXt verwendet, die aktuell als die 

leistungsfähigste für allgemeine 2D Bilderkennungsaufgaben gilt. Im Rahmen der Studie erbrachte das 

anschließende Trainieren einer logistischen Regression Zusatzschicht für die Gruppentrennung eine 

balancierte Genauigkeit von 59% für die vier-Klassen Unterscheidung von Alzheimer-Demenz vs. 

leichte kognitive Störung vs. behaviorale Variante der frontotemporalen Demenz vs. Kontrollen, und 

eine balancierte Genauigkeit von 80% für die zwei-Klassen Unterscheidung von Alzheimer-Demenz vs. 

Kontrollen. Die detailliertere Analyse der Relevanzkarten anhand des Verfahrens Integrated Gradients 

zeigte jedoch, dass das Modell als Folge der vorher festgelegten Zielfunktion für das selbst-überwachte 

Lernen primär bildspezifische Intensitätsvariationen als Merkmale berücksichtigt, d.h. ein Art 

„Fingerabdruck“ zur Wiedererkennung von gleichen koronare Schichten ermittelt und damit für die 

eigentlich intendierte Krankheitserkennung wenig geeignet ist. 

2.2 Evaluation und Charakterisierung neuartiger Bildgebungsmarker 

Vor den oben genannten Arbeiten mit künstlichen neuronalen Netzen haben wir in zahlreichen Studien 

experimentelle Bildgebungstechniken in großen retrospektiven sowie prospektiven multizentrischen 

Studien bezüglich ihrer diagnostischen Eignung evaluiert. Hierzu wurde größtenteils die Elastic-Net 

regularisierte Regression verwendet. 

In der Originalarbeit OA3 wurde die Diffusions-Tensor-Bildgebung untersucht, die Auskünfte über die 

Eigenschaften der Mikrostruktur des Nervengewebes oder der Nervenfasern gibt. Besonderes 

Interesse galt hier der Charakterisierung von Gruppenunterschieden bzw. Diffusionsveränderungen in 

der grauen Substanz unter Berücksichtigung von sogenannten Partialvolumeneffekten. Hierbei 

existiert das Problem, dass ein Teil der beobachteten Diffusionsveränderungen nicht aus den 
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eigentlichen Gewebeeigenschaften resultiert, sondern von den im Messpunkt (Voxel) ebenfalls 

enthaltenen Anteilen des Liquor cerebrospinalis im Randbereich der grauen Substanz. In der Arbeit 

wurde ein Verfahren zur Bereinigung von Diffusionswerten nach [40, 41] angewandt. Unsere 

Ergebnisse zeigten, dass die bereinigte mittlere Diffusion eine weitaus geringere Effektstärke im 

Kontinuum der Alzheimer-Krankheit aufwies und ein Großteil der Gruppenunterschiede vor allem auf 

die Atrophie der grauen Substanz zurückzuführen ist. 

In den Originalarbeiten OA4, OA5, OA6 und OA7 wurden die multizentrische Diffusionsbildgebung 

und die funktionelle MRT im Ruhezustand bezüglich der diagnostischen Eignung im Kontinuum der 

Alzheimer-Krankheit untersucht und insbesondere in Bezug auf die Höhe der Effektstärken im Kontext 

des Signal-Rausch-Verhältnisses multizentrischer Datenerhebung. Für OA4 und OA5 wurden 

retrospektive funktionelle MRT Datensätze im Rahmen der German Resting-State Initiative: PsyMRI – 

Dementia Arm zusammengestellt. Hierbei wurden systematisch Indikatoren und Marker zur Erhebung 

der Datenqualität evaluiert. Von den zahlreichen getesteten Verfahren schienen jedoch nur wenige 

geeignet, Aufschluss über offensichtliche Qualitätsmängel zu geben. Darunter waren die Kennzahlen 

temporal Signal to Noise Ratio, die die Varianz der MRT-Aufnahmen im zeitlichen Verlauf bemisst, 

sowie DVARS oder Framewise Displacement, die Auskunft über den Umfang der Kopfbewegungen 

geben. Insgesamt zeigten sich die statistischen Gruppeneffekte zwischen den Zentren als sehr 

heterogen. Bei der automatisierten Gruppentrennung mit dem Elastic-Net regularisierten 

Regressionsverfahren erreichte die Trennung von Alzheimer-Demenz und Kontrollen eine AUC von 

0.80 anhand der funktionellen Konnektivität. 

In OA6 und OA7 wurden Gruppentrennung und Effektstärken multimodaler MRT-Bildgebung im 

Rahmen der prospektiven multizentrischen Longitudinalen Studie zu Kognitiven Beeinträchtigungen 

und Demenz (DELCODE) des DZNE erhoben. Bei umfangreichen Auswertungen der Baseline 

Bildgebungsdaten in OA6 konnte gezeigt werden, dass die Verwendung harmonisierter Prozeduren 

und Akquisitionsprotokolle die Homogenität der funktionellen MRT Aufnahmen substanziell 

verbessert. Bei Alzheimer-Patienten vs. Kontrollen mit positivem bzw. negativem Liquorbefund für 

Amyloid-Beta konnte für die funktionelle Konnektivität eine AUC von 0.88 erreicht werden, bei 

Patienten mit leichter kognitiver Störung vs. Kontrollen (ebenso mit pos. bzw. neg. Liquorbefund) eine 

AUC von 0.69. Demgegenüber stehen jedoch AUC-Werte in der Höhe von 0.94 und 0.78 für die gleichen 

Gruppenvergleiche und das Hippocampusvolumen3. 

                                                           
3 Differenzen in der AUC zwischen funktioneller Konnektivität und Hippocampusvolumen sind statistisch nicht 
signifikant aufgrund relativ hoher Variabilität der Ergebnisse. 
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In OA7 konnte gezeigt werden, dass bereits früh im Kontinuum der Alzheimer-Krankheit 

Diffusionsveränderungen in den Fasertrakten auftreten. Während die Gruppentrennung in den 

Stadien der leichten kognitiven Störung und Demenz annähernd vergleichbar sind mit der 

Differenzierung anhand des Hippocampusvolumens, zeigen erste Ergebnisse eine bessere 

Unterscheidbarkeit von Probanden mit subjektiver kognitiver Beeinträchtigung und kognitiv gesunden 

Probanden mit einer AUC von 0.69 für Diffusionsmarker vs. 0.62 für Hippocampusvolumen. Jedoch 

konnte für die vorliegende Stichprobe nicht geklärt werden, ob diese Unterschiede eine 

psychologische Disposition (Trait der Besorgtheit) oder tatsächlich krankheitsbezogene 

Veränderungen anzeigen. 

In der Originalarbeit OA8 wurde der Marker BrainAge bei Patienten mit amyotropher Lateralsklerose 

(ALS) untersucht. Bei diesem radiologischen Marker wird anhand der Hirnstruktur, z.B. dem Volumen 

und der Verteilung der grauen Substanz, das Alter einer betreffenden Person geschätzt. Hierzu wurde 

das multivariate Gaußprozess-Regressionsmodell BrainAgeR (Version 2.1) verwendet, welches auf 

einer multizentrischen Normstichprobe mit N = 3377 gesunden Probanden trainiert worden war [42]. 

In der Literatur wurde für eine Reihe von neurodegenerativen Erkrankungen beschrieben, dass das 

BrainAge deutlich höher im Vergleich zum biologischen Alter geschätzt wird, z.B. das „Hirnalter“ bei 

Patienten mit einer Alzheimer-Erkrankung 8 bis 10 Jahre älter erscheint [43]. In OA8 wurde untersucht, 

welches BrainAge Patienten mit ALS mit und ohne Beeinträchtigung der Kognition aufweisen. 

Entsprechend der Hypothese zeigten ALS-Patienten mit kognitiver Beeinträchtigung und Patienten mit 

zusätzlicher frontotemporaler Demenz ein höheres BrainAge mit einer mittleren Altersdifferenz von 

+2,3 (SD 6,4) bzw. +8,6 (SD 9,2) Jahren. Im Gegensatz zur Hypothese zeigten ALS-Patienten ohne 

kognitive Beeinträchtigungen eine mittlere Altersdifferenz von -4,3 (SD 5,8) Jahren, d.h. hier erschien 

das „Hirnalter“ jünger als bei gesunden Kontrollprobanden. Zusätzliche Analysen zeigten, dass die 

Altersdifferenz mit der Krankheitsprogression sowie der Überlebenszeit korrelierte. 

2.3 Multivariate Modellierung statistischer Zusammenhänge von 
Schädigungsmustern 

Beim Gehirn wirken viele Prozesse (z.B. Entwicklung, Alterung, Krankheit) auf die gesamte Struktur, so 

dass einzelne Regionen häufig Kollinearität aufweisen, d.h. die Messwerte ähneln sich und teilen zu 

einem gewissen Grad ihre Varianz. Die geteilte Varianz führt jedoch zu störenden Korrelationen, da die 

Erhebung gewünschter statistischer Zusammenhänge (Kovarianz) überlagert und somit erschwert 

wird. Der Ursprung der geteilten Varianz kann mit klassischen statistischen Verfahren nicht eindeutig 

zugeordnet werden. In Abgrenzung zu latenten Variablenmodellen, bei denen man solche „latenten“ 

Variablen explizit modelliert und bestimmen möchte, versuchen die Gauß‘schen Graphenmodelle die 

Kovarianzmatrix einer Reihe von beobachteten Variablen zu invertieren, um die sogenannte „Precision 



  Studien und Ergebnisse 

 
15 

Matrix“ zu bestimmen, die die partiellen Korrelationen enthält, also den bereinigten „wahren“ 

statistischen Zusammenhang zwischen Variablen beschreibt.4 Die allgemeine Matrixinvertierung ist 

mathematisch schwierig und kann häufig nicht exakt gelöst werden5 [44], weshalb die Schätzungen 

der partiellen Korrelationen numerisch instabil ist. Zur Abschwächung dieses Problems existieren in 

der Literatur verschiedene Näherungsverfahren. In den Originalarbeiten OA9 und OA10 wurde der 

Zusammenhang von Amyloid-Ablagerungen, Glukose-Hypometabolismus und Atrophie der grauen 

Substanz modelliert und evaluiert. Dazu wurde das R-Paket BDgraph [45] verwendet und erweitert, 

die ein Markov-Chain-Monte-Carlo Verfahren nutzt, um die statistische Verteilung der beobachteten 

Variablen bzw. der zugrundeliegenden Precision Matrix abzuschätzen. 

Für OA9 wurden sechs bei der Alzheimer-Erkrankung besonders stark betroffene Hirnregionen 

ausgewählt und in diesen die Amyloid-Ablagerung, der Glukose-Metabolismus und das Volumen der 

grauen Substanz gemessen. Mittels BDgraph wurde datengetrieben die partielle Korrelation und 

Graphenstruktur zwischen den Regionen und Modalitäten ermittelt sowie anschließend mit drei a-

priori definierten Ausbreitungshypothesen der Alzheimer-Krankheit verglichen. Die ermittelten 

Graphenstrukturen entsprachen hierbei am ehesten der sogenannten „Wear and Tear“ Hypothese 

[46], bei der einzelne zentrale Knotenregionen (Hubs) im Zentrum stehen, diese am stärksten betroffen 

sind und mit zahlreichen peripheren Regionen assoziiert. 

In OA10 wurde die Anzahl der Regionen auf das gesamte Gehirn erweitert, so dass je Modalität 54 

Variablen bestimmt wurden. Für die vier diagnostischen Gruppen: Gesunde, frühe leichte kognitive 

Beeinträchtigung (EMCI), späte leichte kognitive Beeinträchtigung (LMCI) und Alzheimer-Demenz 

wurden jeweils die Precision Matrizen ermittelt und Graphenmetriken miteinander verglichen. Hierbei 

zeigte sich bei den beiden MCI Subgruppen eine Erhöhung der Matrixdichte, Clustering und Small-

World Koeffizienten bzw. Verringerung der charakteristischen Pfadlänge (im Vergleich zu Gesunden 

und Demenzpatienten), welche auf höhere und häufigere partielle Korrelationen in diesen Gruppen 

zurückzuführen ist. 

  

                                                           
4 Siehe dazu auch das vereinfachte Beispiel in Figure 1 von OA10. 
5 Häufig ist die Kovarianzmatrix einer Stichprobe schlecht konditioniert und daher schwer zu invertieren, d.h. 
bereits sehr kleine Veränderungen der Eingabedaten führen zu großen Änderungen in der Precision Matrix [44].  
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3 Diskussion 

3.1 Erklärbarkeit von Entscheidungen in tiefen neuronalen Netzen 

Mit den eigenen Arbeiten zur Nachvollziehbarkeit und Erklärbarkeit von Entscheidungen in tiefen 

neuronalen Netzen haben wir einen wesentlichen Beitrag zur klinischen Anwendbarkeit von 

künstlichen neuronalen Netzen geleistet. Einige Vorarbeiten erprobten einzelne 

Visualisierungsverfahren empirisch, z.B. Layer-wise Relevance Propagation [47], Guided 

Backpropagation [47] oder Salienzkarten [48]. Bislang fehlte jedoch eine systematische Übersicht der 

verschiedenen Verfahren und eine Bewertung in Bezug auf deren Eignung für klinische Endnutzer. 

Insbesondere die Umsetzung einer Web-Applikation zur Auswertung von MRT-Datensätzen mit 

neuronalen Netzmodellen sowie Berechnung und Visualisierung von Relevanzkarten demonstriert das 

Potential dieser Verfahren für zukünftige Studien und radiologische Assistenzsysteme. Dagegen ist zu 

bemerken, dass die Anwendung von Relevanzattributionsmethoden bislang noch nicht in der Breite 

etabliert ist und sich zahlreiche aktuell erscheinende Publikationen lediglich auf die Bewertung der 

Leistung anhand der Metriken Erkennungsrate und F1-Score beschränken. Als mahnendes Beispiel sei 

hier die renommierte Studie [49] genannt, deren Modelle zur Alzheimer-Demenzerkennung neben 

klinisch relevanten Regionen (Hippocampus und posteriorer cingulärer Cortex) auch einen Teil des 

Schädelknochens sowie zwei Randbereiche der MRT-Aufnahmen (außerhalb des Kopfes) bei der 

Berechnung der Modellvorhersage berücksichtigen6, ein Indiz für Bias und Überanpassung der Modelle 

an die Trainingsdaten. 

Perspektivisch umfasst die zukünftige Arbeit in diesem Forschungsfeld die Etablierung von Ansätzen 

zur Quantifizierung und zum Vergleich der Qualität von Relevanzkarten. Hierzu wurden bisher Proxy-

Metriken verwendet, in unserem Fall (OA1) die Pearson-Korrelation von Relevanzwerten mit 

bekannten Markern wie dem Hippocampusvolumen oder in [50] die Übereinstimmung von 

Relevanzkarten mit meta-analytisch bestimmten statistischen Gruppenunterschieden (Dice-

Koeffizient). Weitere Ansätze werden im laufenden DFG-Projekt „ExplAInation“ untersucht. 

3.2 Evaluation von experimentellen Bildgebungsmarkern 

Die im Rahmen dieses Habilitationsverfahrens untersuchten multizentrischen Datensätze und 

experimentellen Bildgebungs- und Analyseverfahren geben uns Aufschluss über die klinische 

Anwendbarkeit und den Nutzen solcher Verfahren im Kontext der Demenzdiagnostik. Als wesentliche 

Erkenntnis konnten aus den multizentrischen Studien geschlussfolgert werden, dass die Unterschiede 

zwischen den Akquisitionsprotokollen und -prozeduren zwischen einzelnen Studienzenten einen 

                                                           
6 Eigene Analysen der 3D Modelle aus [49], verfügbar unter https://doi.org/10.5281/zenodo.3491002, mit 
einem Patienten mit Demenz und einem gesunden Kontrollprobanden. Ergebnisse nicht veröffentlicht. 

https://doi.org/10.5281/zenodo.3491002
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substantiellen Einfluss auf die erhobenen Daten haben und die Vergleichbarkeit von Ergebnissen sowie 

Effektstärken reduzieren. Bei der prospektiven multizentrischen DZNE-Studie DELCODE wurde durch 

eine stringente Abstimmung der Akquisitionsprotokolle der Zentrumseffekt im Vergleich zu 

retrospektiv erhobenen Datensätzen deutlich reduziert. Bei der Evaluation der diagnostischen Eignung 

konnte ein vergleichbares Niveau der Gruppentrennung von Diffusionsveränderungen und 

Hippocampusvolumen ermittelt werden. Jedoch ist dieses Bildgebungsverfahren aufgrund des 

Aufwands und der höheren Störanfälligkeit und Komplexität des Messverfahrens für die 

Demenzdiagnostik derzeit nicht zu empfehlen. Gleiches gilt für die funktionelle MRT im Ruhezustand, 

die im Vergleich zum Hippocampusvolumen eine schlechtere Erkennungsrate ermöglicht sowie eine 

schlechtere Effektstärke aufweist. 

3.3 Modellierung von komplexen statistischen Zusammenhängen 

Die Gauß’schen Graphenmodelle stellten einen innovativen Ansatz zur empirischen Erhebung von 

Kovarianzstrukturen und zur Abschätzung der Precision Matrix mit den partiellen Korrelationen dar. In 

Studien mit funktionellen MRT-Daten fanden diese Verfahren bereits einige Male Anwendung zur 

Erhebung der funktionellen Konnektivität [51-54]. In Übereinstimmung mit unseren Ergebnissen 

fanden die Autoren ein hohes Potential des Verfahrens, das Kollinearitätsproblem zu lösen, da die 

partielle Kovarianzmatrix signifikant dünner belegt ist (engl. Sparse Matrix). Im Gruppenvergleich 

stellten sich signifikante Gruppenunterschiede in den Graphenmetriken Clustering Koeffizient und 

charakteristische Pfadlänge dar, die für die Subgruppen mit leichter kognitiver Störung signifikant 

erhöht bzw. reduziert waren. Jedoch konnte nicht geklärt werden, ob diese Beobachtung auf eine 

höhere Dynamik von Krankheitsprozessen zurückzuführen ist oder auf die Heterogenität der 

betreffenden Stichprobe. 7  Letztendlich erwies sich der verwendete Algorithmus BDgraph zur 

Abschätzung der partiellen Kovarianz als Basis für die Graphenmodellierung für den angedachten 

Einsatzzweck als nur mäßig geeignet, da die Ergebnisse teilweise numerisch instabil waren und eine 

hohe Variabilität aufwiesen. 

3.4 Konklusion und Ausblick 

Im Rahmen dieses Habilitationsvorhabens wurden zahlreiche Studien zum übergreifenden Thema 

automatisierte Erkennung von Demenzerkrankungen durchgeführt und drei Schwerpunkte bearbeitet. 

Im Bereich der Generierung von visuellen Erklärungen für tiefe neuronale Faltungsnetze konnten 

Relevanz-Mapping-Verfahren etabliert und deren Potential für die Nutzung bei klinischen 

Fragestellungen demonstriert werden. Für die multimodale multizentrische Bildgebung wurde die 

                                                           
7 Es ist davon auszugehen, dass in der verwendeten Stichprobe nicht alle Patienten mit leichter kognitiver 
Störung eine Alzheimer-Erkrankung aufweisen. 
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Gruppentrennung und Effektstärken für die funktionelle MRT und Diffusions-Tensor-Bildgebung 

charakterisiert. Derzeit untersuchen wir aufbauend auf den Ergebnissen der Ausgangsuntersuchung 

(Baseline) die Verlaufscharakteristik und den prädiktiven Wert multimodaler Bildgebung im Rahmen 

der longitudinalen Erhebung der DZNE Studien DELCODE und DESCRIBE. Für die Modellierung von 

komplexen statistischen Zusammenhängen wurden Ansätze basierend auf Gauß’schen 

Graphenmodellen zur Abschätzung der partiellen Kovarianz in multimodalen Bildgebungsdaten 

evaluiert. In der Zusammenschau leisteten wir mit diesen Arbeiten einen substanziellen Beitrag zum 

gegenwärtigen Stand der Wissenschaft, wie die hohen Zitationszahlen der jeweiligen Studien belegen. 

Ausgehend von diesen Vorarbeiten erforschen wir derzeit Verfahren zur Repräsentation, Modellierung 

und Integration von medizinischem Vorwissen in computative KI-Systemarchitekturen zur Generierung 

von visuellen und textuellen Erklärungen für tiefe neuronale Netze im Rahmen des von der Deutschen 

Forschungsgemeinschaft geförderten Projekts „ExplAInation“ (Förderkennzeichen DY151/2-1, 

Projektnr. 454834942, Laufzeit 2021–2024). Weiter untersuchen wir auf Prozessebene Ansätze zur 

verteilten Bereitstellung von diagnostischen KI-Dienstleistungen im Netzwerk Universitätsmedizin 

(NUM) im Verbundprojekt „Open Medical Inference“ (OMI) der Medizininformatik-Initiative des 

Bundesministeriums für Bildung und Forschung (Förderkennzeichen 01 ZZ 2315L, Laufzeit 2023–2027) 

sowie die Erarbeitung von Empfehlungen und Best-Practice-Ansätzen für die Einführung von KI-

Assistenzsystemen in Kliniken im Ostseeraum, Verbundprojekt „Clinical AI-based Diagnostics“ (CAIDX), 

gefördert im Rahmen des EU InterReg Baltic Sea Region Programms (Projektnummer #C005, Laufzeit 

2023–2025). Perspektivisch stellt sich ebenso die Frage, welchen Einfluss diagnostische  

KI-Assistenzsysteme zukünftig auf die Rolle von Ärzten und das Verhältnis zwischen Patienten und 

Ärzten haben werden. Diese Aspekte werden im Verbundvorhaben „Theoretische, ethische und soziale 

Implikationen von KI für neuropsychiatrische Forschung und Praxis“ (TESIComP) untersucht, gefördert 

vom Bundesministerium für Bildung und Forschung (Förderkennzeichen 01 GP 2216B, Laufzeit 2023–

2026). 
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4 Publikationen 
Die folgenden Publikationen sind Bestandteil dieser Habilitation und im Anhang abgedruckt. 
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Abstract. Advances in medical imaging and convolutional neural net-
works (CNNs) have made it possible to achieve excellent diagnostic ac-
curacy from CNNs comparable to human raters. However, CNNs are
still not implemented in medical trials as they appear as a black box
system and their inner workings cannot be properly explained. There-
fore, it is essential to assess CNN relevance maps, which highlight regions
that primarily contribute to the prediction. This study focuses on the
comparison of algorithms for generating heatmaps to visually explain the
learned patterns of Alzheimer’s disease (AD) classification. T1-weighted
volumetric MRI data were entered into a 3D CNN. Heatmaps were then
generated for different visualization methods using the iNNvestigate and
keras-vis libraries. The model reached an area under the curve of 0.93
and 0.75 for separating AD dementia patients from controls and patients
with amnestic mild cognitive impairment from controls, respectively. Vi-
sualizations for the methods deep Taylor decomposition and layer-wise
relevance propagation (LRP) showed most reasonable results for individ-
ual patients matching expected brain regions. Other methods, such as
Grad-CAM and guided backpropagation showed more scattered activa-
tions or random areas. For clinically research, deep Taylor decomposition
and LRP showed most valuable network activation patterns.

1 Introduction

Deep convolution neural networks (CNNs) have become the state-of-the-art tech-
nique for various image classification tasks. The performance of these systems
has been reported to be on par with humans. Several papers have proposed
various new architectures for general-purpose image detection, which have a
steady trend of improvement of model accuracy. These networks are actively
being researched and developed in areas related to computer vision in many

© Springer Fachmedien Wiesbaden GmbH, ein Teil von Springer Nature 2020
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fields such as self-driving cars, face recognition, object detection, and medical
imaging. These systems when applied in medical imaging, could aid physicians
in the early diagnosis of diseases and highlight the concerning areas in medical
scans. However, there is a lack of transparency in the accuracy of results derived
from these networks, as there is no direct way to identify on what basis the
network performs the classification. Recently, several methods have been pro-
posed to calculate CNN relevance maps ([1] for an extensive overview). These
maps highlight regions of the input images that the network focuses on when
classifying the disease. The regions identified by the network and the regions
known to be affected by the disease can then be compared to check whether
they match. Such plausibility checks could lead to more robust, reliable, and
trustworthy CNN models; and, therefore, would also improve the clinical utility
of such models.

In the literature, we only found three papers [2, 3, 4] providing CNN visual-
izations for 3D MRI data and disease prediction. However, a direct comparison
with the most recent approaches such as layer-wise relevance propagation (LRP)
and deep Taylor decomposition is still lacking.

Alzheimer’s disease (AD) is the major cause of dementia in elderly people
above 65 years of age. AD is characterized by the death of nerve cells (neu-
rons) causing irreversible changes and atrophy (volume reduction) in the brain,
leading to memory loss, behavioral changes, speech impairment, and difficulties
in activities of daily living. AD is difficult to diagnose in its early stages due
to the slow progress of the disease and due to the difficulty of discriminating
accelerated atrophy in AD from normal age-related atrophy. People suffering
from mild cognitive impairment (MCI), especially when involving memory, are
being seen at high risk for progressing to AD dementia.

This study aims to i) detect AD or MCI using a 3D CNN for T1-weighted
volumetric MRI data, and ii) compare different visualization methods with re-
spect to the clinical utility of the derived heatmaps for indicating areas that
most contribute to the classification of the scans.

2 Materials and methods

Study sample T1-weighted volumetric MRI data were obtained from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI)1. In total, the sample
included 662 cases consisting of 198 patients with AD dementia, 219 patients
with amnestic MCI, and 254 cognitively normal controls. The subjects’ demo-
graphics are shown in Tab. 1. Using common SPM8 and VBM8 software, MRI
scans were segmented into grey and white matter, spatially normalized to an
in-house ageing/AD-specific brain template [5] using the DARTEL algorithm,
and finally modulated. Additionally, all scans were cleaned for the effects of
the covariates age, gender, total intracranial volume and scanner magnetic field
strength using linear regression [6]. For each voxel, models were fitted for the

1 More information about the ADNI can be found on http://adni.loni.usc.edu
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Table 1. Sample characteristics.

Controls MCI AD p-value

Sample size (female) 254 (130) 219 (93) 189 (80) 0.149

Age (SD) 75.4 ± 6.6 74.1 ± 8.1 75.0 ± 8.0 <0.001

Education (SD) 16.4 ± 2.7 16.2 ± 2.8 15.9 ± 2.7 0.227

MMSE (SD) 29.1 ± 1.2 27.6 ± 1.9 22.6 ± 3.2 <0.001

Delayed recall (SD) 7.6 ± 4.1 3.2 ± 3.7 0.8 ± 1.9 <0.001

healthy control subjects. Subsequently, these models were applied to all scans,
i.e. the residualized images were taken as input for the CNN. Due to memory
limitations, we defined a field-of-view including the whole brain in axial and sag-
gital directions, but only a range of 32 coronal slices covering the temporal lobe
and the hippocampus area known to be most affected by AD. The field-of-view
is illustrated on the left of Fig. 1.

Validation strategy We used a ten-fold cross-validation approach, such that
the sample was divided into ten test sets (10%, n=67) for determining the accu-
racy of the model, and nested splits into training set (80%, n=535) and validation
set (10%, n=60) for model training. The test sets included approximately 17
AD dementia patients, 24 MCI patients and 26 controls. Prior to training, the
training sets were augmented by adding copies of the training scans shifted by
±2 voxels in x/y/z-direction resulting in training samples of n=3745 images.

CNN model layout and parameterization The CNN model was implemented
in Keras/Tensorflow 1.15. The general 3D CNN model layout is shown in Fig. 1.
Prior to training, class labels were merged for AD dementia and MCI to have
a binary classification task. We specified the categorical cross-entropy as the
loss function and the accuracy as the performance metric. The models were
optimized by Adam running for 100 epochs with a batch size of 64 and default
learning rate of 0.001. Training took approximately 55 minutes per cross-vali-
dation iteration.

Visualization methods We used the iNNvestigate library [1] implementing
various visualization methods. In detail, we tested deconvnet, guided backprop-
agation, deep Taylor decomposition, input*gradient, and layer-wise relevance
propagation (LRP) with the Z, epsilon, and alpha=1,beta=0 rules. Addition-
ally, we used keras-vis [7] for the Grad-CAM approach. As the intensity range
of the relevance maps differed greatly between approaches, it was scaled linearly
to a fixed range allowing a visual comparison. In addition to the raw relevance
maps overlayed on the original input data (with 50% transparency), we provide a
smoothed and thresholded version containing the most prominent clusters only,
i.e. the top 30 percentile of intensity values.

3 Results

For the test data, we obtained a mean accuracy of 75.2% with an area under
the curve (AUC) of 0.83 for the combined dataset. When looking at the origi-
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nal diagnosis subsets, the CNN achieved an AUC of 0.93 for AD dementia vs.
controls and 0.75 for separating MCI patients from controls.

Exemplary relevance maps for different individuals are presented in Fig. 2
for an AD dementia case, a patient with MCI, and for a healthy control.

4 Discussion

The CNN model achieved excellent diagnostic accuracy for separating AD de-
mentia from controls, comparable to other approaches from the literature [3, 6].
For separating MCI patients from controls, accuracy was reasonable and in line
with previous studies. Notably, as computational complexity is considerably
higher for 3D CNN models compared to 2D CNN models used for general pur-
pose image detection tasks, there is a high potential of model overfitting, in
contrast to a very limited number of MRI scans available for training. We ad-
dressed this problem by in three ways. Firstly, we applied a sophisticated image
preprocessing pipeline including segmentation, spatial normalization, and co-
variate cleaning as common for voxel-based statistical analyzes. Secondly, we
reduced the number of layers compared to other approaches [2, 3] resulting in
a more shallow network. Our CNN model included three convolutional layers
with in total approximately 6,400 parameters on the cost of being less rota-
tion/translation-invariant compared to deeper CNNs. Thirdly, we used data
augmentation to multiply the data available for training and to improve the
stability and robustness of the model.

The CNN relevance maps obtained from the various approaches showed di-
verging quality with respect to focus, smoothness and scatter (Fig. 2). This
result is in line with two previous papers testing a subset of methods [2, 3].
Approximately the same image regions were highlighted across the visualization
methods. As expected, the hippocampus area showed the highest relevance for
the AD and MCI patients. However, the directionality of weighting (positive vs.
negative) differed between the algorithms. Notably, for Grad-CAM the relevance
maps substantially differed with respect to the smoothness. This is due to the
approach of calculating low-resolution activations at the fully-connected layer
followed by upscaling (interpolation) to the original input image resolution. The
two methods deep Taylor decomposition and LRP with alpha=1,beta=0 rule
showed the most promising relevance maps with strongest focus. Also, these
approaches mainly showed positive relevance scores for the AD class and sup-

Fig. 1. Convolutional neural network model layout.
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Fig. 2. Relevance maps for an individual with Alzheimer’s dementia, amnestic mild
cognitive impairment, and normal cognition. Raw figures in top row, smoothed
and thresholded figures in bottom row. Methods by column: deconvnet, guided
backpropagation, deep Taylor decomposition, input*gradient, LRP-Z, LRP-epsilon,
LRP-alpha1beta0, grad-CAM. Red and blue color indicate high positive or negative
activation.
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pressed the negative relevance against AD. This might be valuable for a multi-
class model, where negative relevance cannot be interpreted as clearly as in a
binary classification task.

Two limitations have to be mentioned for the present work. Firstly, the CNN
structure and parameters need to be systematically evaluated and performance
has to be validated on an independent dataset, which we will do in the near
future. Secondly, intensity normalization of the relevance maps is open research
question. As the distribution of values differed between visualization meth-
ods and patients, we rescaled the range linearly and applied a percentile-based
threshold. For clinical use, it should be considered to allow users to interactively
adjust the color scale and threshold.

In conclusion, we presented a CNN structure providing both excellent di-
agnostic accuracy as well as relevance maps highlighting expected regions such
as the hippocampus. For clinically oriented research, deep Taylor decomposi-
tion and LRP with alpha1,beta0 rule showed most valuable network activation
patterns with high focus and less scatter.

Acknowledgement. We would like to thank the ADNI and contributors 2 for
sharing their data.
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Abstract. Relevance maps derived from convolutional neural networks
(CNN) indicate the influence of a particular image region on the decision
of the CNN model. Individual maps are obtained for each single input
3D MRI image and various visualization options need to be adjusted to
improve information content. In the use case of model prototyping and
comparison, the common approach to save the 3D relevance maps to
disk is impractical given the large number of combinations. Therefore,
we developed a web application to aid interactive inspection of CNN
relevance maps. For the requirements analysis, we interviewed several
people from different stakeholder groups (model/visualization develop-
ers, radiology/neurology staff) following a participatory design approach.
The visualization software was conceptually designed in a Model–View–
Controller paradigm and implemented using the Python visualization li-
brary Bokeh. This framework allowed a Python server back-end directly
executing the CNN model and related code, and a HTML/Javascript
front-end running in any web browser. Slice-based 2D views were re-
alized for each axis, accompanied by several visual guides to improve
usability and quick navigation to image areas with high relevance. The
interactive visualization tool greatly improved model inspection and com-
parison for developers. Owing to the well-structured implementation, it
can be easily adapted to other CNN models and types of input data.

1 Introduction

Convolutional neural networks (CNN) achieved a high accuracy for the auto-
mated detection of disease patterns in MRI scans. Several relevance mapping
algorithms have been proposed to generate heatmaps that indicate the influence
of a particular image region on the decision of the CNN model [1, 2]. Two previ-
ous studies compared CNN relevance mapping algorithms with respect to brain
regions driving the detection of Alzheimer’s disease in structural T1-weighted
MRI [3, 4]. These relevance maps were found to greatly improve CNN com-
prehensibility and identification of reasons why a model failed [1, 3]. Notably,
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these approaches generate 3D relevance maps for each single input image (=MRI
scan). In addition, several post-processing steps are required in order to improve
their visual appeal and information content. These steps include smoothing,
color scale transformation, relevance score and cluster size thresholding, which
are not implemented in the feature portfolio of common MRI viewers. Further,
preparation of static images from a specific parameter set yields large amounts of
output files, which is prone to loosing track of the particular parameter settings
used to generating these files in explorative research with various CNN model
and post-processing parameter combinations.

In this paper, we present an interactive visualization toolkit for the online
generation, parameterization, and inspection of CNN relevance maps for indi-
vidual MRI scans. In the following sections, we describe the conceptual consid-
erations and implementation, followed by a demonstration of the realized user
interface and use case.

2 Materials and methods

We used pretrained CNN models obtained from [4, 5], which were implemented
in Keras 2.2.4 and Tensorflow 1.15. The CNN visualization library iNNvestigate
1.0.8 [2] was used to derive the relevance maps. After drafting a first prototype
user interface for the visualization, we collected a list of key requirements from
a range of stakeholders following a participatory design approach. Therefore,
we interviewed two physicians trained in radiology/neurology, two experienced
visualization developers, and two machine learning model developers. From their
comments, we defined the list of requirements:

– Directly run in CNN modeling environment (Python)
– Optional: remote display for the case where data handling and model exe-
cution need to be run remotely

– Visualization as slice-based 2D plots, which clinical users are familiar with
– For regular users: interactive selection of MRI scans, adjustable relevance
and cluster size thresholds

– For expert users: selection of alternative CNN models and relevance map-
ping algorithms

The Python visualization library Bokeh [6] met the requirements with respect
to Python runtime environment and remote viewing instance in a web browser.
It provides a Python server instance back-end and Javascript browser libraries
front-end to remotely trigger Python function calls and return execution results
to the web browser for displaying.

We divided the implementation into three components following the well-
established Model–View–Controller design pattern. Fig. 1 provides an overview
of implemented methods and Fig. 2 shows a sequence diagram of function calls
being executed when selecting a new MRI scan. In addition to the key require-
ments, we implemented various visual guides in order to facilitate parameteri-
zation and quick navigation to brain regions with high relevance scores (Fig. 3).
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Fig. 1. Class diagram illustrating core components and functions.

Among them are (a) a histogram providing the distribution of cluster sizes next
to the cluster size threshold slider, (b) plots visualizing the amount of positive
and negative relevance per slice next to the slice selection sliders, and (c) statis-
tical information on the currently selected cluster. Further, assuming spatially
normalized MRI data in MNI reference space, we added (d) atlas-based anatom-
ical region lookup for the current cursor/cross-hair position and (e) the option to
display the outline of the anatomical region to simplify visual comparison with
the cluster location.

Fig. 2. Sequence diagram of functions being executed when loading a new MRI scan.
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3 Results

The realized user interface is shown in Fig. 3. The source code is freely available
on GitHub: https://github.com/martindyrba/DeepLearningInteractiveVis. The
employed relevance mapping algorithm was initially fixed to layer-wise relevance
propagation (LRP) as this method was already applied previously [3, 4]. The
distribution and location of clusters with highest relevance scores varied between
people with most consistent contributions from hippocampus, putamen and tha-
lamus (Fig. 4). Notably, the highlighted regions mostly indicated actual gray
matter atrophy as visible from the background images. This was confirmed by
a quantitative comparison in which automatically derived hippocampus volume
measures highly correlated with the aggregated relevance scores in the hippocam-
pus region (Pearson’s r ≈ −0.81, see [5] for further details).

The used high-level programming interfaces of Keras, iNNvestigate, and
Bokeh enabled a clean and structured programming of the web application. The
complete application was realized in approximately 700 lines of code including
view specification and program logic (model, controller). The app does not re-
quire a GPU to be available on the host, i.e. works smoothly on CPU. Loading
of a new person currently takes ≈5 sec and loading a new model takes ≈15 sec.
Adjusting the other sliders or directly clicking on the brain image/clusters up-
dates the visualizations with a short latency of ≈200 ms. With the web page
front-end, the visualization can also be run remotely on mobile devices such as
tablets or smartphones without modification.

Fig. 3. Interactive web application user interface for 3D CNN relevance map visualiza-
tion for a patient with dementia due to Alzheimer’s disease.
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4 Discussion

The presented visualization framework allows the inspection of CNN relevance
maps for individuals and the assessment of drivers of the CNN decision. There-

Fig. 4. Comparison of 3D CNN relevance maps for six randomly selected MRI scans.
Top row: two patients with dementia due to Alzheimer’s disease, middle row: two
patients with mild cognitive impairment, bottom row: two controls with normal cog-
nition.
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fore, it contributed to model comprehensibility in the sense that it revealed the
regional sensitivity of the CNN models, which is currently not assessed in the
majority of papers with focus on model accuracy. As previously reported for
other application domains [1], we found an association of model performance
and relevant regions, which means that less accurate models mainly considered
brain regions of low clinical relevance for AD. Thus, relevance maps provide a
useful tool for CNN model ’debugging’.

Consulting experts from various disciplines for the requirements analysis
greatly improved usability of the initial prototype application with many useful
comments and recommendations such as adding the visual guides. The presented
application was implemented as model- and data-agnostic tool such that it can
be easily adjusted for other types of 3D input data.

The interactive web application met all the requirements defined initially
(see section 2 above). A clear disadvantage is the small latency in reactivity
causing a short delay of navigation actions. This is due to the data handling on
the server and transfer of the relevance map slices to the client as byte stream,
which could only be circumvented if both data model and viewer components
run on the same system as native Python application.

For future work, there are ideas on additional features, for instance the import
of new MRI scans, export for relevance maps, and 3D rendering view compo-
nents. Further evaluation of the actual improvement of CNN comprehensibility
for end users such as clinical staff is advised. Most importantly, more research is
required to define evaluation metrics for relevance map quality and plausibility.

In summary, we presented a concept and implementation of an interactive
online visualization application to inspect 3D CNN relevance maps and adjust
display parameters as appropriate. Highlighting the individual’s image regions
with highest contribution on the particular decision of the CNN model in a
simple and intuitive way makes this tool greatly enhancing model inspection
and comparison for developers.
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Abstract 

Background: Although convolutional neural networks (CNNs) achieve high diagnostic accuracy for detecting 

Alzheimer’s disease (AD) dementia based on magnetic resonance imaging (MRI) scans, they are not yet applied in 

clinical routine. One important reason for this is a lack of model comprehensibility. Recently developed visualization 

methods for deriving CNN relevance maps may help to fill this gap as they allow the visualization of key input image 

features that drive the decision of the model. We investigated whether models with higher accuracy also rely more on 

discriminative brain regions predefined by prior knowledge.

Methods: We trained a CNN for the detection of AD in N = 663 T1-weighted MRI scans of patients with dementia 

and amnestic mild cognitive impairment (MCI) and verified the accuracy of the models via cross-validation and in 

three independent samples including in total N = 1655 cases. We evaluated the association of relevance scores and 

hippocampus volume to validate the clinical utility of this approach. To improve model comprehensibility, we imple-

mented an interactive visualization of 3D CNN relevance maps, thereby allowing intuitive model inspection.

Results: Across the three independent datasets, group separation showed high accuracy for AD dementia ver-

sus controls (AUC  ≥ 0.91) and moderate accuracy for amnestic MCI versus controls (AUC  ≈ 0.74). Relevance maps 

indicated that hippocampal atrophy was considered the most informative factor for AD detection, with additional 

contributions from atrophy in other cortical and subcortical regions. Relevance scores within the hippocampus were 

highly correlated with hippocampal volumes (Pearson’s r ≈ −0.86, p < 0.001).
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Introduction

Alzheimer’s disease (AD) is characterized by wide-

spread neuronal degeneration, which manifests mac-

roscopically as cortical atrophy that can be detected 

in  vivo using structural magnetic resonance imaging 

(MRI) scans. Particularly at earlier stages of AD, atro-

phy patterns are relatively regionally specific, with vol-

ume loss in the medial temporal lobe and particularly 

the hippocampus. Therefore, hippocampus volume is 

currently the best-established MRI marker for diag-

nosing Alzheimer’s disease at the dementia stage as 

well as at its prodromal stage amnestic mild cognitive 

impairment (MCI) [1, 2]. Automated detection of sub-

tle brain changes in early stages of Alzheimer’s disease 

could improve diagnostic confidence and early access 

to intervention [1, 3].

Convolutional neural networks (CNNs) provide a 

powerful method for image recognition. Various stud-

ies have evaluated the performance of CNNs for the 

detection of Alzheimer’s disease in MR images with 

promising results regarding both separation of diagnos-

tic groups and the prediction of conversion from MCI 

to manifest dementia. Despite the high accuracy levels 

achieved by CNN models, a major drawback is their 

algorithmic complexity, which renders them black-box 

systems. The poor intuitive comprehensibility of CNNs 

is one of the major obstacles which hinder the clinical 

application.

Novel methods for deriving relevance maps from 

CNN models [4, 5] may help to overcome the black-

box problem. In general, relevance or saliency maps 

indicate the amount of information or contribution of 

a single input feature on the probability of a particu-

lar output class. Previous methodological approaches 

like gradient-weighted class activation mapping (Grad-

CAM) [6], occlusion sensitivity analyses [7, 8], and 

local interpretable model-agnostic explanations (LIME) 

[9] had the limitation that deriving the relevance or 

saliency maps provided only group-average estimates, 

required long runtime [10], or provided only low spa-

tial resolution [11, 12]. In contrast, more recent meth-

ods such as guided backpropagation [13] or layer-wise 

relevance propagation (LRP) [4, 5] use back-tracing of 

neural activation through the network paths to obtain 

high-resolution relevance maps.

Recently, three studies compared LRP with other 

CNN visualization methods for the detection of Alzhei-

mer’s disease in T1-weighted MRI scans [11, 12, 14]. The 

derived relevance maps showed the strongest contribu-

tion of medial and lateral temporal lobe atrophy, which 

matched the a priori expected brain regions of high 

diagnostic relevance [15, 16]. These preliminary findings 

provided the first evidence that CNN models and LRP 

visualization could yield reasonable relevance maps for 

individual people. We investigated whether this approach 

could be used as the basis for neuroradiological assis-

tance systems to support the examination and diagnos-

tic evaluation of MRI scans. Furthermore, we wanted to 

develop a data-driven and hypothesis-free CNN mod-

eling approach that is capable of automatically deriving 

discriminative features and, therefore, might support 

complex diagnostic tasks where clear clinical criteria are 

still missing such as the differential diagnosis of various 

types of dementia.

In the current study, our aims were threefold: First, we 

trained robust CNN models that achieved a high diag-

nostic accuracy in three independent validation samples. 

Second, we developed a visualization software to interac-

tively derive and inspect diagnostic relevance maps from 

CNN models for individual patients. Here, we expected 

high relevance to be shown in brain regions with strong 

disease-related atrophy, primarily in the medial tem-

poral lobe. Third, we evaluated the validity of relevance 

maps in terms of correlation of hippocampus relevance 

scores and hippocampus volume, which is the best-estab-

lished MRI marker for Alzheimer’s disease [15, 16]. We 

expected a high consistency of both measures, which 

would strengthen the overall comprehensibility of the 

CNN models.

State of the art

Neural network models to detect Alzheimer’s disease

An overview of neuroimaging studies which applied 

neural networks in the context of AD is provided in 

Conclusion: The relevance maps highlighted atrophy in regions that we had hypothesized a priori. This strengthens 

the comprehensibility of the CNN models, which were trained in a purely data-driven manner based on the scans 

and diagnosis labels. The high hippocampus relevance scores as well as the high performance achieved in independ-

ent samples support the validity of the CNN models in the detection of AD-related MRI abnormalities. The presented 

data-driven and hypothesis-free CNN modeling approach might provide a useful tool to automatically derive discrimi-

native features for complex diagnostic tasks where clear clinical criteria are still missing, for instance for the differential 

diagnosis between various types of dementia.

Keywords: Alzheimer’s disease, Deep learning, Convolutional neural network, MRI, Layer-wise relevance propagation
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Table  1. We focused on the aspects whether the stud-

ies used independent validation samples to assess the 

generalizability of their models and whether they eval-

uated which image features contributed to the models’ 

decision. Studies reported very high classification per-

formances to differentiate AD dementia patients and 

cognitively healthy participants, typically with accura-

cies around 90% (Table  1). For the separation of MCI 

and controls, accuracies were substantially lower rang-

ing between 75 and 85%. However, there is a high varia-

tion of the accuracy levels depending on various factors 

such as (i) differences in diagnostic criteria across sam-

ples, (ii) included data types, (iii) differences in image 

preprocessing procedures, and (iv) differences between 

machine learning methods [27].

CNN performance estimation and model robustness 

are still open challenges. Wen and colleagues [27] actually 

showed only a minor effect of the particular CNN model 

parameterization or network layer configuration on the 

final accuracy, which means that the fully trained CNN 

models achieved almost identical performance. Different 

CNN approaches exist for MRI data [27] based on (i) 2D 

convolutions for single slices, often reusing pre-trained 

models for general image detection, such as AlexNet [29] 

and VGG [30]; (ii) so-called 2.5D approaches running 

2D convolutions on each of the three slice orientations, 

which are then combined at higher layers of the network; 

and (iii) 3D convolutions, which are at least theoreti-

cally superior in detecting texture and shape features in 

any direction of the 3D volume. Although final accuracy 

is almost comparable between all three approaches for 

detecting MCI and AD [27], the 3D models require sub-

stantially more parameters to be estimated during train-

ing. For instance, a single 2D convolutional kernel has 3 

× 3 = 9 parameters whereas the 3D version requires 3 × 

3 × 3 = 27 parameters. Here, relevance maps and related 

methods enable the assessment of learnt CNN models 

with respect to overfitting to clinically irrelevant brain 

regions and the detection of potential biases present in 

the training samples, which cannot be directly identified 

just from the model accuracy.

Approaches to assess model comprehensibility

In the literature, the most often applied methods to 

assess model comprehensibility and sensitivity were (i) 

the visualization of model weights, (ii) occlusion sen-

sitivity analysis, and (iii) more advanced CNN methods 

such as guided backpropagation or LRP (Table 1). Nota-

bly, studies using approaches i and ii showed visualiza-

tions characterizing the whole sample or group averages. 

In contrast, studies applying iii also presented relevance 

maps for single participants [11, 14].

Böhle and colleagues [14] pioneered the application 

of LRP in neuroimaging and reported a high sensitivity 

of this method to actual regional atrophy. Eitel and col-

leagues [12] assessed the stability and reproducibility of 

CNN performance results and LRP relevance maps. After 

training ten individual models based on the same training 

dataset, they reported the highest consistency and lowest 

deviation of relevance maps for LRP and guided back-

propagation among five different methods [12]. Recently, 

we compared various methods for relevance and saliency 

attribution [11]. Visually, all tested methods provided 

similar relevance maps except for Grad-CAM, which 

provided much lower spatial resolution, and, hence, lost 

a high amount of regional specificity. For the other meth-

ods, the main difference was the amount of “negative” 

relevance which indicates evidence against a particular 

diagnostic class. Notably, [12, 14] did not include patients 

in the prodromal stage of MCI and [11] focused on a lim-

ited range of coronal slices covering the temporal lobe. 

All three studies did not validate their results in inde-

pendent samples.

Materials and methods

Study samples

Data for training the CNN models were obtained from 

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

database (https:// adni. loni. usc. edu). The ADNI was 

launched in 2003 by the National Institute on Aging, 

the National Institute of Biomedical Imaging and Bio-

engineering, the Food and Drug Administration, private 

pharmaceutical companies, and non-profit organizations, 

with the primary goal of testing whether neuroimaging, 

neuropsychological, and other biological measurements 

can be used as reliable in vivo markers of Alzheimer’s dis-

ease pathogenesis. A complete description of ADNI, up-

to-date information, and a summary of diagnostic criteria 

are available at https:// www. adni- info. org. We selected a 

sample of N = 663 participants from the ADNI-GO and 

ADNI-2 phases, based on the availability of concurrent 

T1-weighted MRI and amyloid AV45-PET scans. Nota-

bly, we used only one (i.e., the first) available scan from 

each ADNI participant in our analyses. The sample char-

acteristics are shown in Table 2. We included 254 cogni-

tively normal controls, 220 patients with (late) amnestic 

mild cognitive impairment (MCI), and 189 patients with 

Alzheimer’s dementia (AD). Amyloid-beta status of the 

participants was determined by the UC Berkeley [31] 

based on the AV45-PET standardized uptake value ratio 

(SUVR) cutoff 1.11.

For validation of the diagnostic accuracy of the CNN 

models, we obtained MRI scans from three independ-

ent cohorts. The sample characteristics and demo-

graphic information are summarized in Table  2. The 
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first dataset was compiled from N = 575 participants of 

the recent ADNI-3 phase. The second dataset included 

MR images from N = 606 participants of the Australian 

Imaging, Biomarker & Lifestyle Flagship Study of Age-

ing (AIBL) (https:// aibl. csiro. au), provided via the ADNI 

system. A summary of the diagnostic criteria and addi-

tional information is available at https:// aibl. csiro. au/ 

about. For AIBL, we additionally obtained amyloid PET 

scans which were available for 564 participants (93%). 

The PET scans were processed using the Centiloid SPM 

pipeline and converted to Centiloid values as recom-

mended for the different amyloid PET traces [32–34]. 

Amyloid-beta status of the participants was determined 

using the cutoff 24.1 CL [33]. As a third sample, we 

included data from N = 474 participants of the German 

Center for Neurodegenerative Diseases (DZNE) multi-

center observational study on Longitudinal Cognitive 

Impairment and Dementia (DELCODE) [35]. Compre-

hensive information on the diagnostic criteria and study 

design are provided in [35]. For the DELCODE sample, 

cerebrospinal fluid (CSF) biomarkers were available for 

a subsample of 227 participants (48%). Amyloid-beta 

status was determined using the Aβ42/Aβ40 ratio with 

a cutoff 0.09 [35].

Image preparation and processing

All MRI scans were preprocessed using the Computa-

tional Anatomy Toolbox (CAT12, v9.6/r7487) [36] for 

Statistical Parametric Mapping 12 (SPM12, v12.6/r1450, 

Wellcome Centre for Human Neuroimaging, London, 

UK). Images were segmented into gray and white matter, 

spatially normalized to the default CAT12 brain template 

in Montreal Neurological Institute (MNI) reference space 

using the DARTEL algorithm, resliced to an isotropic 

voxel size of 1.5 mm, and modulated to adjust for expan-

sion and shrinkage of the tissue. Initially and after all pro-

cessing steps, all scans were visually inspected to check 

for image quality. In all scans, effects of the covariates age, 

sex, total intracranial volume (TIV), and scanner mag-

netic field strength (FS) were reduced using linear regres-

sion. This step was performed, as these factors are known 

to affect the voxel intensities or regional brain volume [37, 

38]. For each voxel vxij, linear models were fitted on the 

healthy controls:

with i being the voxel index, j being the healthy partici-

pant index, βi being the respective model coefficients (for 

each voxel), and εi being the error term or residual. Sub-

sequently, the predicted voxel intensities were subtracted 

from all participants’ gray matter maps to obtain the resid-

ual images:

(1)

vxij = βi0 + βi1agej + βi2sexj + βi3TIV j + βi4FSj + εij

Table 2 Summary of sample characteristics

Numbers indicate mean and standard deviation (SD) if not indicated otherwise. 
Years of education were not available for the AIBL dataset. RAVLT Delayed recall 
scores were not available for the AIBL and DELCODE samples

CN cognitively normal controls, MCI amnestic mild cognitive impairment, 
AD Alzheimer’s dementia, SD standard deviation, MMSE Mini Mental State 
Examination, RAVLT Rey Auditory Verbal Learning Test, WMS-LM Wechsler 
Memory Scale Logical Memory Test, MRI magnetic resonance imaging

Sample CN MCI AD

ADNI-GO/2 (training) N = 663

 Sample size (female) 254 (130) 220 (93) 189 (80)

 Age (SD) 75.4 (6.6) 74.1 (8.1) 75.0 (8.0)

 Education (SD) 16.4 (2.7) 16.2 (2.8) 15.9 (2.7)

 MMSE (SD) 29.1 (1.2) 27.6 (1.9) 22.6 (3.2)

 RAVLT Delayed recall (SD) 7.6 (4.1) 3.2 (3.7) 0.8 (1.9)

 WMS-LM Delayed recall (SD) 13.9 (3.7) 5.1 (3.8) 1.5 (2.1)

 Hippocampus volume (SD) 

 mm3
6235 (756) 5619 (963) 4834 (930)

 Amyloid status (neg/pos) 177/77 79/141 28/161

MRI field strength (1.5T/3T) 71/183 49/171 35/154

ADNI-3 (validation) N = 575

 Sample size (female) 326 (211) 187 (85) 62 (27)

 Age (SD) 70.0 (7.5) 72.2 (7.5) 74.8 (7.7)

 Education (SD) 16.6 (2.2) 16.6 (2.5) 16.5 (2.4)

 MMSE (SD) 29.1 (1.1) 27.8 (2.0) 23.1 (3.3)

 RAVLT Delayed recall (SD) 8.3 (4.4) 4.7 (4.7) 0.3 (0.9)

 WMS-LM Delayed recall (SD) 13.0 (3.5) 7.2 (3.9) 2.0 (2.8)

 Hippocampus volume (SD) 

 mm3
6583 (649) 6112 (902) 4839 (978)

 Amyloid status (neg/pos) 75/39 19/27 3/17

 MRI field strength (1.5T/3T) 0/326 0/187 0/62

AIBL (validation) N = 606

 Sample size (female) 448 (260) 96 (46) 62 (36)

 Age (SD) 72.4 (6.2) 74.3 (6.9) 73.2 (7.3)

 MMSE (SD) 28.7 (1.2) 27.0 (2.2) 21.2 (5.3)

 WMS-LM Delayed recall (SD) 11.2 (4.3) 4.9 (4.0) 1.0 (1.9)

 Hippocampus volume (SD) 

 mm3
6362 (704) 5712 (1028) 4940 (1055)

 Amyloid status (neg/pos) 316/101 34/54 6/53

 MRI field strength (1.5T/3T) 55/393 7/89 2/60

DELCODE (validation) N = 474

 Sample size (female) 215 (124) 155 (72) 104 (61)

 Age (SD) 69.5 (5.5) 73.0 (5.7) 75.2 (6.2)

 Education (SD) 14.7 (2.7) 14.0 (3.1) 12.9 (3.1)

 MMSE (SD) 29.5 (0.8) 27.8 (2.0) 23.1 (3.2)

 WMS-LM Delayed recall (SD) 14.3 (3.6) 7.4 (5.2) 1.8 (2.8)

 Hippocampus volume (SD) 

 mm3
6543 (679) 5665 (950) 4610 (944)

 Amyloid status (neg/pos) 58/28 30/57 5/49

 MRI field strength (1.5T/3T) 0/215 0/155 0/104
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Notably, we performed the estimation process (1) 

only for the healthy ADNI-GO/2 participants. Then, 

(2) was applied to all other participants and the valida-

tion samples. This method was applied as brain volume, 

specifically in the temporal lobe and hippocampus, is 

substantially decreasing/shrinking in old age indepen-

dently of the disease process [37, 38], and we expected 

this approach to increase accuracy. As sensitivity analy-

sis, we also repeated CNN training on the raw gray mat-

ter volume maps for comparison. Patients with MCI and 

AD were combined into one disease-positive group. On 

the one hand, this was done as we observed a low sensi-

tivity of machine learning models for MCI when trained 

only on AD cases, due to the much larger and more 

heterogeneous patterns of atrophy in AD than in MCI, 

where atrophy is specifically present in medial temporal 

and parietal regions [39]. On the other hand, combining 

both groups substantially increased the training sample, 

which was required to reduce the overfitting of the CNN 

models.

CNN model structure and training

The CNN layer structure was adapted from [14, 27], 

which was inspired by the prominent 2D image detection 

networks AlexNet [29] and VGG [30]. The model was 

implemented in Python 3.7 with Keras 2.2.4 and Ten-

sorflow 1.15. The layout is shown in Fig.  1. The residu-

alized/raw 3D images with a resolution of 100 × 100 

× 120 voxels were fed as input into the neural network 

and processed by three consecutive convolution blocks 

including 3D convolutions (5 filters of 3 × 3 × 3 kernel 

size) with rectified linear activation function (ReLU), 

(2)

resij = vxij −
(
𝜷 i𝟎 + 𝜷 i𝟏agej + 𝜷 i𝟐sexj + 𝜷 i𝟑TIV j + 𝜷 i𝟒FSj

)
maximum pooling (2 × 2 × 2 voxel patches), and batch 

normalization layers (Fig. 1). Then, three dropout (10%) 

and fully connected layers with ReLU activation followed, 

each consisting of 64, 32, and 2 neurons, respectively. 

The weights of last two layers were regularized with the 

L2 norm penalty. The last layer had the softmax activa-

tion function that rescaled the class activation values to 

likelihood scores. The network required approximately 

700,000 parameters to be estimated.

The whole CNN pipeline was evaluated by stratified 

tenfold cross-validation, partitioning the ADNI-GO/2 

sample into approximately 600 training and 60 test 

images with almost equal distribution of CN, MCI, and 

AD cases. Additionally, data augmentation was used. All 

images included in the respective training subsamples 

were flipped along the coronal (L/R) axis and also trans-

lated by ±10 voxels in each direction (x/y/z), yielding 

fourteen times increased number of samples per epoch 

of approximately 8350 images. The CNN model was then 

trained with the ADAM optimizer, applying the cat-

egorical cross-entropy loss function, the learning rate of 

0.0001, and a batch size of 20. As the training group sizes 

were imbalanced, we set class weights of 1.31 for con-

trols and 0.81 for MCI/AD in order to circumvent biased 

predictions. The weights were determined using the for-

mula 0.5n/ni as recommended in the TensorFlow tutorial 

[40]. To select the optimal models during training, we set 

the number of epochs to ten and saved the model state 

(epoch) which performed best on the test partition. On a 

Windows 10 computer with Intel Core i5-9600 hexa-core 

CPU, 64 GB working memory, and NVIDIA GeForce 

GTX 1650 CUDA GPU, training took approximately 35 

min per fold and 12 h in total. All ten models were saved 

to disk for further inspection and validation. As control 

Fig. 1 Data flow chart and convolutional neural network structure
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analysis, we also repeated the whole procedure based on 

the raw image data (normalized gray matter volumes) 

instead of using the residuals as CNN input. Here, we set 

the number of epochs to 20 due to slower convergence of 

the models.

We also trained CNN models on the whole ADNI-

GO/2 sample for further evaluation. Here, we fixed 

the number of epochs to 4 for the residualized data 

and 8 for the raw data. These values provided the high-

est average accuracy and lowest loss in the previous 

cross-validation.

Model evaluation

The balanced accuracy and area under the receiver oper-

ating characteristic curve (AUC ) were calculated for the 

independent validation samples. We report first the num-

bers for the model trained on the whole ADNI-GO/2 

dataset and second the average values for the models 

obtained via cross-validation.

As an internal validity benchmark, we compared 

CNN model performance and group separation using 

hippocampus volume, the best-established MRI 

marker for Alzheimer’s disease. Automated extrac-

tion of hippocampus volume is already implemented 

in commercial radiology software to aid physicians in 

diagnosing dementia. We extracted total hippocam-

pus volume from the modulated and normalized MRI 

scans using the Automated Anatomical Labeling (AAL) 

atlas [41]. The extracted volumes were corrected for the 

effects of age, sex, total intracranial volume, and mag-

netic field strength of the MRI scanner in the same way 

as described above for the CNN input (see the section 

“Image preparation and processing”). Here, a linear 

model was estimated based on the normal controls of 

the ADNI-GO/2 training sample, and then, the param-

eters were applied to the measures of all other partici-

pants and validation samples to obtain the residuals. 

Subsequently, the residuals of the training sample were 

entered into a receiver operating characteristic analy-

sis to obtain the AUC . The optimal threshold providing 

the highest accuracy was selected based on the Youden 

index. We obtained two thresholds. One for the sepa-

ration of MCI and controls, which was the residual 

volume of −0.63 ml. That means participants with the 

deviation of individual hippocampus volume from the 

expected value (for that age, sex, total brain volume, and 

magnetic field strength) below −0.63 ml were classi-

fied as MCI. The other threshold for AD dementia and 

controls was −0.95 ml. Additionally, we repeated the 

same cross-validation training/test splits as used for 

CNN training to compare the variability of the derived 

thresholds and performance measures.

CNN relevance map visualization

Relevance maps were derived from the CNN models 

using the LRP algorithm [4] implemented in the Python 

package iNNvestigate 1.0.9 [42]. LRP has previously been 

demonstrated to yield relevance maps with high spa-

tial resolution and clinical plausibility [11, 14]. In this 

approach, the final network activation scores for a given 

input image are propagated back through the network 

layers. LRP applies a relevance conservation principle 

that means that the total amount of relevance per layer 

is kept constant during the back-tracing procedure to 

reduce numerical challenges that occur in other methods 

[4]. Several rules exist, which apply different weighting 

to positive (excitatory) and negative (inhibitory) con-

nections such that network activation for and against a 

specific class can be considered differentially. Here, we 

applied the so-called α = 1, β = 0 rule that only considers 

positive relevance as proposed by [11, 14]. In this case, 

the relevance of a network neuron Rj was calculated from 

all connected neurons k in the subsequent network layer 

using the formula:

with aj being the activation of neuron j, w+

jk being the 

positive weight of the connection between neurons j and k, 

and Rk being the relevance attributed to neuron k [5]. As 

recent studies reported further improvements in LRP rele-

vance attribution [43, 44], we applied the LRP α = 1, β = 0 

composition rule that applies (3) to the convolutional lay-

ers, and the slightly extended  rule [5] to the fully con-

nected layers. In the ϵ rule, (3) is being extended by a small 

constant term added to the denominator, i.e., ϵ =  10−10 in 

our case, which is expected to reduce relevance when the 

activation of neuron k is weak or contradictory [5].

To facilitate model assessment and quick inspection of 

relevance maps, we implemented an interactive Python 

visualization application that is capable of immediate 

switching between CNN models and participants. More 

specifically, we used the Bokeh Visualization Library 2.2.3 

(https:// bokeh. org). Bokeh provides a webserver backend 

and web browser frontend to directly run Python code 

that dynamically generates interactive websites contain-

ing various graphical user interface components and 

plots. The Bokeh web browser JavaScript libraries han-

dle the communication between the browser and server 

instance and translate website user interaction into 

Python function calls. In this way, we implemented vari-

ous visualization components to adjust plotting param-

eters and provide easy navigation for the 2D slice views 

obtained from the 3D MRI volume.

(3)Rj =

∑
k

ajw
+

jk∑
j

(
ajw

+

jk

)Rk
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The application is structured following a model–

view–controller paradigm. An overview of imple-

mented functions is provided in Supplementary Fig. 1. 

A sequence diagram illustrating function calls when 

selecting a new person is provided in Supplemen-

tary Fig.  2. The source code and files required to run 

the interactive visualization are publicly available via 

https:// github. com/ marti ndyrba/ DeepL earni ngInt eract 

iveVis.

As core functionality, we implemented the visualiza-

tion in a classical 2D multi-slice window with axial, cor-

onal, and sagittal views, cross-hair, and sliders to adjust 

the relevance threshold as well as minimum cluster size 

threshold (see Fig. 2). Here, a cluster refers to groups of 

adjacent voxels with high relevance above the selected 

relevance threshold. The cluster size is the number of 

voxels in this group and can be controlled in order to 

reduce the visual noise caused by single voxels with 

high relevance. Additionally, we added visual guides 

to improve usability, including (a) a histogram provid-

ing the distribution of cluster sizes next to the cluster 

size threshold slider, (b) plots visualizing the amount 

of positive and negative relevance per slice next to the 

slice selection sliders, and (c) statistical information on 

the currently selected cluster. Furthermore, assuming 

spatially normalized MRI data in MNI reference space, 

we added (d) atlas-based anatomical region lookup 

for the current cursor/cross-hair position and (e) the 

option to display the outline of the anatomical region 

to simplify visual comparison with the cluster location.

CNN model comprehensibility and validation

As quantitative metrics for assessing relevance map 

quality are still missing, we compared CNN relevance 

scores in the hippocampus with hippocampus volume. 

Here, we used the same AAL atlas hippocampus masks 

as for deriving hippocampus volume and applied it on 

the relevance maps obtained from all ADNI-GO/2 par-

ticipants for each model. The sum of relevance score 

of each voxel inside the mask was considered as hip-

pocampus relevance. Hippocampus relevance and 

volume were compared using Pearson’s correlation 

coefficient.

Additionally, we visually examined a large number of 

scans from each group to derive common relevance pat-

terns and match them with the original MRI scans. Fur-

thermore, we calculated mean relevance maps for each 

group. We also extracted the relevance for all lobes of 

the brain and subcortical structures to test the specific-

ity of relevance distribution across the whole brain. These 

masks were defined based on the other regions included 

in the AAL atlas [41].

Fig. 2 Web application to interactively examine the neural network relevance maps for individual MRI scans
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In an occlusion sensitivity analysis, we evaluated the 

influence of local atrophy on the prediction of the model 

and the derived relevance scores. Here, we slid a cube of 

20 voxels = 30 mm edge size across the brain. Within 

the cube, we reduced the intensity of the voxel by 50%, 

simulating gray matter atrophy in this area. We selected 

a normal control participant from the DELCODE dataset 

without visible CNN relevance, a prediction probability 

for AD/MCI of 20%, and hippocampus volume residual 

of 0 ml, i.e., the hippocampus volume matched the refer-

ence volume expected for this person. For each position 

of the cube, we derived the probability of AD predicted 

by the model obtained from the whole ADNI-GO/2 sam-

ple. Additionally, we calculated the total amount of rel-

evance in the scan.

Results

Group separation

The accuracy and AUC  for diagnostic group separation 

are shown in Table  3. Additional performance meas-

ures are provided in Supplementary Table  1. The CNN 

reached a balanced accuracy between 75.5 and 88.3% 

across validation samples with an AUC  between 0.828 

and 0.978 for separating AD dementia and controls. For 

MCI vs. controls, the group separation was substan-

tially lower with balanced accuracies between 63.1 and 

75.4% and an AUC  between 0.667 and 0.840. These val-

ues were only slightly better than the group separation 

performance of hippocampus volume (Table 3). The per-

formance results for the raw gray matter volume data 

as input for the CNN are provided in Supplementary 

Table 2. In direct comparison to the CNN results for the 

residualized data, the balanced accuracies and AUC  val-

ues did not show a clear difference (Table 3, Supplemen-

tary Table 2).

Model comprehensibility and relevance map visualization

The implemented web application frontend is displayed 

in Fig. 2. The source code is available at https:// github. 

com/ marti ndyrba/ DeepL earni ngInt eract iveVis and the 

web application can be publicly accessed at https:// 

expla inati on. net/ demo. In the left column, the user can 

select a study participant and a specific model. Below, 

there are controls (sliders) to adjust the thresholds 

for displayed relevance score, cluster size, and overlay 

transparency. As we used the spatially normalized MRI 

images as CNN input, we can directly obtain the ana-

tomical reference location label from the automated 

Table 3 Group separation performance for hippocampus volume and the convolutional neural network models

Reported values are for the single model trained on the whole ADNI-GO/2 dataset. In parenthesis, the mean values and standard deviation for the ten models trained 
in the tenfold cross-validation procedure are provided to indicate the variability of the measures. Values for the ADNI-GO/2 sample (in italics) may be biased as the 
respective test subsamples were used to determine the optimal model during training. We still report them for better comparison of the model performance across 
samples

Sample Hippocampus volume (residuals) 3D convolutional neural network

Balanced accuracy (mean ± SD) AUC Balanced accuracy (mean ± SD) AUC  (mean ± SD)

ADNI-GO/2

 MCI vs. CN (70.0% ± 6.8%) (0.773 ± 0.091) (74.5% ± 6.2%) (0.785 ± 0.078)

 AD vs. CN (84.4% ± 3.6%) (0.945 ± 0.024) (88.9% ± 5.3%) (0.949 ± 0.029)

  MCI+ vs.  CN− (75.6% ± 7.1%) (0.831 ± 0.080) (86.7% ± 10.3%) (0.925 ± 0.071)

  AD+ vs.  CN− (86.2% ± 4.2%) (0.954 ± 0.025) (94.9% ± 3.8%) (0.985 ± 0.017)

ADNI-3

 MCI vs. CN 62.8% (63.1% ± 1.4%) 0.683 63.1% (63.6% ± 1.5%) 0.684 (0.677 ± 0.020)

 AD vs. CN 83.4% (83.4% ± 0.4%) 0.917 84.4% (81.7% ± 2.9%) 0.913 (0.899 ± 0.013)

  MCI+ vs.  CN− 69.1% (69.2% ± 2.7%) 0.791 69.8% (68.3% ± 4.4%) 0.810 (0.742 ± 0.024)

  AD+ vs.  CN− 83.6% (82.0% ± 1.8%) 0.882 80.2% (75.5% ± 4.2%) 0.830 (0.828 ± 0.028)

AIBL

 MCI vs. CN 67.4% (67.6% ± 0.5%) 0.741 68.2% (67.3% ± 2.7%) 0.763 (0.749 ± 0.012)

 AD vs. CN 84.1% (85.3% ± 1.5%) 0.927 85.0% (82.3% ± 3.0%) 0.950 (0.926 ± 0.007)

  MCI+ vs.  CN− 78.5% (78.8% ± 0.9%) 0.874 75.4% (73.6% ± 3.1%) 0.828 (0.814 ± 0.022)

  AD+ vs.  CN− 87.2% (89.1% ± 2.4%) 0.976 88.3% (85.3% ± 3.3%) 0.978 (0.958 ± 0.011)

DELCODE

 MCI vs. CN 69.0% (69.0% ± 9.6%) 0.774 71.0% (69.7% ± 2.6%) 0.775 (0.772 ± 0.017)

 AD vs. CN 88.4% (86.4% ± 3.0%) 0.943 85.5% (80.5% ± 4.0%) 0.953 (0.938 ± 0.013)

  MCI+ vs.  CN− 77.4% (77.8% ± 0.7%) 0.867 72.2% (74.9% ± 3.5%) 0.840 (0.830 ± 0.017)

  AD+ vs.  CN− 88.2% (87.6% ± 1.8%) 0.954 83.3% (82.2% ± 4.0%) 0.968 (0.956 ± 0.012)
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anatomical labeling (AAL) atlas [41] given the MNI 

coordinates at the specific cross-hair location, which 

is displayed in the light blue box. The green box dis-

plays statistics on the currently selected relevance 

cluster such as number of voxels and respective vol-

ume. In the middle part of Fig. 2, the information used 

as covariates (age, sex, total intracranial volume, MRI 

field strength) and the CNN likelihood score for AD are 

depicted above the coronal, axial, and sagittal views of 

the 3D volume. We further added sliders and plots of 

cumulated relevance score per slices as visual guides to 

facilitate navigation to slices with high relevance. All 

user interactions are directly sent to the server, evalu-

ated internally, and updated in the respective views and 

control components in real-time without major delay. 

For instance, adjusting the relevance threshold directly 

changes the displayed brain views, the shape of the red 

relevance summary plots, and the blue cluster size his-

togram. A sequence diagram of internal function calls 

when selecting a new participant is illustrated in Sup-

plementary Fig. 2.

Individual people’s relevance maps are illustrated in 

Fig.  3. The group mean relevance maps for the DEL-

CODE validation sample are shown in Fig. 4 and those 

for the ADNI-GO/2 training sample in Supplementary 

Fig.  3. They are very similar to traditional statistical 

maps obtained from voxel-based morphometry, indi-

cating the highest contribution of medial temporal 

brain regions, more specifically the hippocampus, 

amygdala, thalamus, middle temporal gyrus, and mid-

dle/posterior cingulate cortex. Also, they were highly 

consistent between samples (Supplementary Fig.  3). 

The occlusion sensitivity analysis also showed identi-

cal brain regions’ atrophy to contribute to the model’s 

decision (Fig. 5). Interestingly, the occlusion relevance 

maps showed a ring structure around the most con-

tributing brain areas, indicating that relevance was 

highest when the occluded area just touched the sali-

ent regions, leading to a thinning-like shape of the 

gray matter.

The correlation of individual DELCODE participants’ 

hippocampus relevance score and hippocampus vol-

ume for the model trained on the whole ADNI-GO/2 

dataset is displayed in Fig.  6. For this model, the cor-

relation was r = −0.87 for bilateral hippocampus vol-

ume (p < 0.001). Across all ten models obtained using 

cross-validation, the median correlation of total hip-

pocampus relevance and volume was r = −0.84 with a 

range of −0.88 and −0.44 (all with p < 0.001). Cross-

validation models with higher correlation between hip-

pocampus relevance and volume showed a tendency 

for better AUC  values for MCI vs. controls (r = 0.61, 

p = 0.059). To test whether hippocampus volume and 

relevance measures were specific to the hippocam-

pus, we also compared the correlation between hip-

pocampus volume and other regions’ and whole-brain 

relevance. Here, the correlations were lower, with r = 

−0.62 (p < 0.001) between hippocampus volume and 

whole-brain relevance. More detailed results are pro-

vided as a correlation matrix in Supplementary Fig. 4.

Discussion

Neural network comprehensibility

We have presented a CNN framework and interactive 

visualization application for obtaining class-specific rel-

evance maps for disease detection in MRI scans, yielding 

human-interpretable and clinically plausible visualiza-

tions of key features for image discrimination. To date, 

most CNN studies focus on model development and 

optimization, which are undoubtedly important tasks 

and there are still several challenges to tackle. However, 

as black-box models, it is typically not feasible to judge, 

why a CNN fails or which image features drive a particu-

lar decision of the network. This gap might be closed with 

the use of novel visualization algorithms such as LRP [4] 

and deep Taylor decomposition [5]. In our application, 

LRP relevance maps provided a useful tool for model 

inspection to reveal the brain regions which contributed 

most to the decision process encoded by the neural net-

work models.

Currently, there is no ground truth information for 

relevance maps, and there are no appropriate meth-

ods available to quantify relevance map quality. Samek 

and colleagues [45] proposed the information-theoretic 

measures relevance map entropy and complexity, which 

mainly characterize the scatter or smoothness of images. 

Furthermore, adapted from classical neural network 

sensitivity analysis, they assessed the robustness of rele-

vance maps using perturbation testing where small image 

patches were replaced by random noise, which was also 

applied in [46]. Already for 2D data, this method is com-

putationally very expensive and only practical for a lim-

ited number of input images. Instead of adding random 

noise, we simulated gray matter atrophy by lowering the 

image intensities by 50% in a cube-shaped area. As visible 

from Fig.  5, the brain areas contributing to the model’s 

AD probability nicely matched the areas shown in the 

mean relevance maps (Fig.  4). Notably, the ring-shaped 

increase in relevance around the salient regions (Fig.  5, 

bottom) indicates that the model is sensitive to intensity 

jumps occurring when the occlusion cube touches the 

borderline of those regions. Most probably, this means 

that the model was more sensitive to thinning patterns of 

gray matter than to equally distributed volume reduction. 

However, our findings have to be seen as preliminary, 

as we only assessed this analysis in one normal control 
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Fig. 3 Example relevance maps obtained for different people. Top row: Alzheimer’s dementia patients, middle row: patients with mild cognitive 

impairment, bottom row: cognitively normal controls
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participant due to the computational effort, and there-

fore, it requires more extensive research in future studies.

Based on the extensive knowledge about the effect of 

Alzheimer’s disease on brain volume as presented in 

T1-weighted MRI scans [15, 16], we selected a direct 

quantitative comparison of relevance maps with hip-

pocampus volume as a validation method. Here, we 

obtained very high correlations between hippocampus 

relevance scores and volume (median correlation r = 

−0.84), underlining the clinical plausibility of learnt pat-

terns to differentiate AD and MCI patients from con-

trols. In addition, visual inspection of relevance maps 

also revealed several other clusters with gray matter 

atrophy in the individual participants’ images that con-

tributed to the decision of the CNN (Figs. 2 and 3). Böhle 

and colleagues [14] proposed an atlas-based aggrega-

tion of CNN relevance maps to be used as “disease fin-

gerprints” and to enable a quick comparison between 

patients and controls, a concept that has also been pro-

posed previously for differential diagnosis of dementia 

based on heterogeneous clinical data and other machine 

learning models [47, 48].

Notably, the CNN models presented here were solely 

based on the combinations of input images with their 

corresponding diagnostic labels to determine which 

brain features were diagnostically relevant. Traditionally, 

extensive clinical experience is required to define rel-

evant features (e.g., hippocampus volume) that discrimi-

nate between a clinical population (here: AD, MCI) and a 

healthy control group. Also, typically, only few predeter-

mined parameters are used (e.g., hippocampus volume or 

medial temporal lobe atrophy score [15, 16]). Our results 

demonstrate that the combination of CNN and relevance 

map approaches constitutes a promising tool for improv-

ing the utility of CNN in the classification of MRIs of 

patients with suspected AD in a clinical context. By refer-

ring back to the relevance maps, trained clinicians will be 

enabled to compare classification results to comprehen-

sible features visible in the relevance images and thereby 

more readily interpret the classification results in clini-

cally ambiguous situations. Perspectively, the relevance 

map approach might also provide a helpful tool to reveal 

features for more complex diagnostic challenges such as 

differential diagnosis between various types of dementia, 

Fig. 4 Mean relevance maps for Alzheimer’s dementia patients (top row), patients with mild cognitive impairment (middle row), and healthy 

controls (bottom row) for the DELCODE validation sample. Relevance maps thresholded at 0.2 for better comparison



Page 14 of 18Dyrba et al. Alzheimer’s Research & Therapy           (2021) 13:191 

for instance the differentiation between AD, frontotem-

poral dementia, and dementia with Lewy bodies.

CNN performance

As expected, CNN-based classification reached an excel-

lent AUC  ≥ 0.91 for the group separation of AD com-

pared to controls but a substantially lower accuracy for 

group separation between MCI and controls (AUC  ≈ 

0.74, Table  3). When restricting the classification to 

amyloid-positive MCI versus amyloid-negative controls, 

group separation improved to AUC  = 0.84 in DELCODE, 

highlighting the heterogeneity of MCI as a diagnostic 

entity and the importance of biomarker stratification 

[1, 2]. In summary, these numbers are also reflected by 

the recent CNN literature as shown in Table 1. Notably, 

[27] reported several limitations and issues in the perfor-

mance evaluation of some other CNN papers, such that 

it is not easy to finally conclude on the group separa-

tion capabilities of the CNN models in realistic settings. 

To overcome such challenges, we validated the models 

on three large independent cohorts (Table  3), providing 

strong evidence for their generalizability and for the 

robustness of our CNN approach.

To put the CNN model performance into perspective, 

we compared the accuracy of the CNN models with the 

accuracy achieved by assessing hippocampus volume, the 

key clinical MRI marker for neurodegeneration in Alzhei-

mer’s disease [1, 2]. Interestingly, there were only minor 

differences in the achieved AUC  values across all samples 

(Table 3). The MCI group of the ADNI-3 sample, which 

yielded the worst group separation of all samples (AUC  
= 0.68), was actually the group with the largest average 

hippocampus volumes and, therefore, the lowest group 

difference compared to the controls (Table  2). Obvi-

ously, our results here indicate a limited value of using 

CNN models instead of traditional volumetric markers 

for the detection of Alzheimer’s dementia and mild cog-

nitive impairment. Previous MRI CNN papers have not 

reported the baseline accuracy reached by hippocampus 

volume for comparison. However, as noted above, CNNs 

might provide a useful tool to automatically derive dis-

criminative features for complex diagnostic tasks where 

Fig. 5 Results from the occlusion sensitivity analysis. A gray matter volume loss of 50% was simulated in a cube of 30-mm edge length. Each voxel 

encodes the derived values when centering the cube at that position. Top: probability of AD for the areas with simulated atrophy. Bottom: total sum 

of image relevance depending on simulated atrophy. Numbers indicate the y-axis slice coordinates in MNI reference space
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clear clinical criteria are still missing, for instance for the 

differential diagnosis between various types of dementia.

Limitations

As already mentioned above, visual inspection of rel-

evance maps also revealed several other regions with 

gray matter atrophy in the individual participants’ 

images that contributed to the decision of the CNN. 

These additional regions were not further assessed, as a 

priori knowledge regarding their diagnostic value is still 

under debate in the scientific community [1, 2]. Also, we 

did not perform a three-way classification between AD 

dementia, MCI, and CN due to the limited availability 

of cases for training. Additionally, MCI itself is a het-

erogeneous diagnostic entity [1, 2]. Here, all the studies 

involved in our analysis tried to increase the likelihood 

of underlying Alzheimer’s pathology by focusing on 

MCI patients with memory impairment. But mark-

ers of amyloid-beta pathology were only available for 

a subset of participants such that we could not stratify 

by amyloid status for the training of the CNN models. 

However, we optionally applied this stratification for 

the validation of the CNN performances to improve the 

diagnostic confidence.

Future prospects

Several studies focused on CNN models for the integra-

tion of multimodal imaging data, e.g., MRI and fluoro-

deoxyglucose (FDG)-PET [17–19], or heterogeneous 

clinical data [49]. Here, it will be beneficial, to directly 

include the variables we used as covariates (such as age 

and sex) as input to the CNN model rather than per-

forming the variance reduction directly on the input 

data before applying the model. In this context, relevance 

mapping visualization approaches need to be developed 

that allow for a direct comparison of the relevance mag-

nitude for images and clinical variables simultaneously. 

Another aspect is the automated generation of textual 

descriptions and diagnostic explanations from images 

[50–52]. Given the recent technical progress, we sug-

gest that the approach is now ready for interdisciplinary 

exchange to assess how clinicians can benefit from CNN 

assistance in their diagnostic workup, and which require-

ments must be met to increase clinical utility. Beyond the 

technical challenges, regulatory and ethical aspects and 

caveats must be carefully considered when introducing 

CNN as part of clinical decision support systems and 

medical software—and the discussion of these issues has 

just recently begun [53, 54].

Fig. 6 Scatter plot and correlation of bilateral hippocampus volume and neural network relevance scores for the hippocampus region for the 

DELCODE sample (r = −0.87, p < 0.001)
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Conclusion

We presented a framework for obtaining diagnostic 

relevance maps from CNN models to improve model 

comprehensibility. These relevance maps have revealed 

reproducible and clinically plausible atrophy patterns in 

AD and MCI patients, with a high correlation with the 

well-established MRI marker of hippocampus volume. 

The implemented web application allows a quick and ver-

satile inspection of brain regions with a high relevance 

score in individuals. With the increased comprehensibil-

ity of CNNs provided by the relevance maps, the data-

driven and hypothesis-free CNN modeling approach 

might provide a useful tool to aid differential diagnosis of 

dementia and other neurodegenerative diseases, where 

fine-grained knowledge on discriminating brain altera-

tions is still missing.
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Supplementary Table 2 Group separation performance for hippocampus volume and the 
convolutional neural network models for raw input data. 

Sample 3D convolutional neural network 

 
Balanced accuracy  
(mean ± SD) 

AUC  
(mean ± SD) 

ADNI-GO/2   
MCI vs. CN (71.1 % ± 5.7 %) (0.731 ± 0.070) 
AD vs. CN (84.6 % ± 6.5 %) (0.921 ± 0.024) 
MCI+ vs. CN- (80.7 % ± 7.9 %) (0.881 ± 0.069) 
AD+ vs. CN- (92.4 % ± 3.9 %) (0.974 ± 0.015) 

ADNI-3   
MCI vs. CN 62.6 % (60.7 % ± 2.6 %) 0.629 (0.626 ± 0.017) 
AD vs. CN 86.1 % (82.1 % ± 5.8 %) 0.919 (0.907 ± 0.028) 
MCI+ vs. CN- 71.8 % (70.6 % ± 4.9 %) 0.769 (0.745 ± 0.021) 
AD+ vs. CN- 82.2 % (78.8 % ± 5.2 %) 0.873 (0.877 ± 0.026) 

AIBL   
MCI vs. CN 69.1 % (64.8 % ± 3.2 %) 0.735 (0.713 ± 0.016) 
AD vs. CN 83.7 % (80.2 % ± 6.3 %) 0.922 (0.924 ± 0.006) 
MCI+ vs. CN- 78.0 % (73.3 % ± 4.5 %) 0.837 (0.817 ± 0.025) 
AD+ vs. CN- 86.3 % (83.7 % ± 6.8 %) 0.959 (0.959 ± 0.007) 

DELCODE   
MCI vs. CN 69.8 % (69.0 % ± 2.4 %) 0.779 (0.761 ± 0.017) 
AD vs. CN 89.8 % (83.5 % ± 6.0 %) 0.947 (0.937 ± 0.023) 
MCI+ vs. CN- 72.5 % (72.5 % ± 5.9 %) 0.853 (0.814 ± 0.049) 
AD+ vs. CN- 92.5 % (86.0 % ± 7.1 %) 0.982 (0.967 ± 0.028) 

Reported values are the respective measures for the single model trained on the whole ADNI-GO/2 dataset. In parenthesis, 
the mean values and standard deviation for the ten models trained in the tenfold cross-validation procedure are provided 
to indicate the variability of the measures. Values for the ADNI-GO/2 sample (in italics) may be biased as the respective test 
subsamples were used to determine the optimal model during training. We still report them for better comparison of the 
model performance across samples. 
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Supplementary Figure 1 UML diagram of the interactive visualization application. 

 

 

Supplementary Figure 2 Sequence diagram of function calls when selecting a new person. 
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Supplementary Figure 3 Comparison of mean relevance maps between samples. Left: ADNI-GO/2, 
Right: DELCODE. 
 

 

Supplementary Figure 4 Correlation matrix of hippocampus volume (residualized) and several 
brain regions’ relevance scores for DELCODE participants and the model trained on the whole ADNI-
GO/2 dataset. The correlation between hippocampus volume and hippocampus relevance was highest 
(–0.87). Upper right triangle entries were thresholded a p<0.001. For simplicity, group was numerically 
encoded as CN=1, MCI=2, AD=3.
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Abstract. Alzheimer’s disease (AD) is a neurodegenerative disorder which can

be detected using T1-weighted MRI scans. Recent developments in convolutional

neural networks (CNN) achieved promising results in various image classifica-

tion tasks. Specifically, four CNN architectures are widely used: AlexNet, VGG,

ResNet, and DenseNet. Feature attribution methods such as layer-wise relevance

propagation allow to trace back the information flow in CNNs to derive relevance

heatmaps, which approximate the contribution of the input image regions on the

model decision. We addressed the open question, which of these CNN architec-

tures is best suited for medical image detection, i.e. AD classification based on

MRI data. We adapted the CNN architectures to be used with 3D brain MRI data

and trained the models on a heterogeneous dataset with N>2200 from four large

studies. We applied tenfold cross-validation and additionally validated results in

an independent test dataset. DenseNet and ResNet provided best results, although

the overall differences in accuracy did not reach statistical significance. DenseNet

provided the most focused relevance maps best matching a-priori expectations of

brain regions contributing to the detection of AD, i.e. atrophy in medial temporal

lobe.

1 Introduction

In 2020, it was reported that approximately 1.8 million people suffer from dementia in

Germany. The most common reason for dementia is Alzheimer’s disease (AD), which

accounts for almost 60-70% of all the dementia cases. The pathophysiological devel-

opment of AD begins almost a decade before the first symptoms of the disease appear.

AD is a neuro-degenerative disease, which causes gradual and irreversible damage to

the brain. Specifically, this damage includes accumulation of the protein beta-amyloid

(also called plaques), deaths of neurons caused by neurofibrillary tangles, and gray

matter volume reduction (atrophy) in hippocampus, medial temporal lobe, and later-on

more widespread cortical areas. These reductions in brain volume are visible in T1

weighted MRI scans, already in early stages of AD [1]. AD causes behavioural changes

like memory loss, deteriorating orientation and executive functioning, deregulated emo-

tions, motor control loss and speech impairment. Due to the gradual nature of AD, it

is difficult to clinically diagnose its early stages. The first symptomatic stage of AD is

called mild cognitive impairment (MCI). It is reported that approximately 10%-15% of

the people with MCI will convert into dementia each year1.

1https://alz.org/facts

© Der/die Autor(en), exklusiv lizenziert an
Springer Fachmedien Wiesbaden GmbH, ein Teil von Springer Nature 2023
T. M. Deserno et al. (Hrsg.), Bildverarbeitung für die Medizin 2023,
Informatik aktuell, https://doi.org/10.1007/978-3-658-41657-7_51
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State of the art research shows that deep convolutional neural networks (CNN)

have been successfully applied for detecting AD using brain MRI scans [2–6]. Notably,

CNNs have solved a variety of machine vision problems like image classification, image

segmentation and object detection, within and outside the medical domain. Some of the

most widely applied CNN architectures are: AlexNet, VGG, ResNet, Inception-net and

DenseNet. Though, due to the black box nature of CNNs, it is difficult to include them in

clinical decision support systems, as they lack transparency and comprehensibility. To

address this issue, attribution methods have been proposed to produce relevance maps

highlighting key features from input samples which contributed to a particular model

decision. Few studies systematically compared attribution methods for CNN models

for AD classification [4–6], proposing the layer-wise relevance propagation (LRP) or

Integrated Gradients methods as most useful.

Notably, to our knowledge, the studies mentioned above compared attribution meth-

ods for a single CNN model architecture, but little is known about the influence of the

different CNN architectures on the derived relevance maps. In this study we address

this gap by i) the comparison of four different CNN architectures with respect to model

performance, and ii) the face to face comparison of derived relevance maps.

2 Materials and methods

In our study, T1-weighted volumetric MRI scans were obtained from five study sources:

The Alzheimer’s disease neuroimaging initiative (ADNI)2 study phases ADNI2 and

ADNI3, the Australian imaging, biomarker & lifestyle Flagship Study of Ageing

(AIBL)3, the DZNE Longitudinal Study on cognitive ampairment and dementia (DEL-

CODE)4, and the European DTI study on dementia (EDSD)5. Data obtained from

ADNI2, AIBL, DELCODE, and EDSD was used as training data and ADNI3 was used

as independent test data. Sample characteristics are listed in Tab. 1. The image prepa-

ration pipeline included the N4ITK bias field correction and the SyN algorithm from

ANTs to perform an affine registration of each scan to the MNI space. The brain scans

were segmented into the compartments gray and white matter, and cerebrospinal fluid

using ANTs Atropos. Only the normalized gray matter segments were used as model

input. Finally, each gray matter map was cropped to the size of 169 × 208 × 179, with

1 mm isotropic voxel size. Notably, only one (the first) MRI scan from each participant

was considered in our study, in case scans from multiple timepoints were available.

Four different convolutional neural network (CNN) architectures were tested in

this study, which were chosen because of their successful application across various

machine vision problems: AlexNet, VGG, ResNet and DenseNet (Fig. 1). The shallower

and simpler network AlexNet was successfully applied before in [3]. Recent studies

additionally applied more sophisticated model architectures such VGG [2], ResNet,

and DenseNet. We hypothesized that more complex CNNs - ResNet and DenseNet,

which use skip connections, should perform better than other simpler CNNs - VGG and

2More information about the ADNI can be found on https://adni.loni.usc.edu/

3https://aibl.csiro.au/ for further details

4https://www.dzne.de/en/research/studies/clinical-studies/delcode/

5https://www.gaaindata.org/partner/EDSD
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Tab. 1. Sample statistics per diagnosis state. The training dataset is an aggregation of ADNI2,

AIBL, DELCODE, and EDSD study datasets, while independent ADNI3 study data is used

for testing. CN: a cognitively normal, MCI: mild cognitive impairment, AD: dementia due to

Alzheimer’s disease, MMSE: mini-mental state examination score, F: female, M: male.

CN MCI AD

Training dataset N 1109 640 487

Age (SD) 71.8 ± 6.6 73.0 ± 7.3 74.1 ± 7.7
MMSE (SD) 29.0 ± 1.2 27.3 ± 2.1 22.0 ± 4.3
Education (SD) 14.9 ± 3.3 14.5 ± 3.5 13.4 ± 3.9
Sex (F/M) 610 / 499 287 / 353 253 / 234

Testing dataset N 325 185 62

Age (SD) 70.2 ± 6.4 72.2 ± 7.5 74.8 ± 7.7
MMSE (SD) 29.1 ± 1.1 27.8 ± 2.0 23.1 ± 3.3
Education (SD) 16.6 ± 2.2 16.6 ± 2.5 16.5 ± 2.4
Sex (F/M) 210 / 115 84 / 101 27 / 35

Alexnet, which use linear feature processing steps. Our implementation of these models

is available via GitHub6.

To train these models, a ten-fold cross-validation approach was used, which al-

lowed unbiased comparison of these model architectures. The samples aggregated from

ADNI2, AIBL, DELCODE, and EDSD were used as training dataset and ADNI3 study

data was used as independent test dataset. We hypothesized that learning from a mixed

cohort of pooled mdatasets should help the model learn more general features. Below

we report two model performance estimates, first, on the left out validation sets of the

cross-validation and second, on the independent test set (ADNI3).

The models were trained with a binary classification target, where Alzheimer’s

dementia (AD) patients and patients with amnestic mild cognitive impairment (MCI)

were merged into one disease-positive class, which was compared to the cognitively

normal (CN) participants as the control class. Categorical cross-entropy was chosen as

the loss function. An early stopping regularization method was applied, monitoring the

training set accuracy as performance metric over epochs, to reduce model over-fitting.

The models were optimised using Adam optimiser with the default parameter settings.

It has been previously shown that feature attribution visualisation methods can

improve clinical users’ understanding of a model’s prediction. Specifically, relevance

propagation methods help in explaining the neural network’s prediction by propagating

activation backwards and eventually highlighting features from the input sample as

heatmaps or relevance maps. In the context of AD, Böhle et al. [4] showed that the layer-

wise relevance propagation (LRP) method highlights neuro-anatomically specific and

stable input features and should be preferred over other relevance propagation methods

like guided backpropagation (GB). Here, we also applied the compositional LRP𝛼=1,𝛽=0

rule as shown by Dyrba et al. [3] to produce clinically valuable relevance maps. To

choose signal over noise while visualising the relevance maps, we first re-scaled the

relevance intensities using their 𝑞 = 0.9999 quantile value and clipped values between

6Source code is available via GitHub. URL: https://github.com/martindyrba/VisualAiD
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the range [−1, 1]. Then, the relevance values were smoothed using a Gaussian blur with

a kernel size of 6 mm. We used Keras/Tenserflow 1.15 for our implementation of the

CNN models and the iNNvestigate7 library for deriving the relevance maps.

3 Results

Tab. 2 shows the mean accuracy obtained from the various CNN models. ResNet and

DenseNet achieved the highest mean accuracy levels on the tasks of AD vs CN and MCI

vs CN, respectively.

The mean relevance maps of the AD dementia patients group and MCI patients were

very similar to each other, both in the training sample as well as in the independent

test dataset. Comparing different CNN architectures, the mean relevance maps for the

MCI group of the ADNI3 test dataset were plotted (Fig. 2). These maps were calculated

only for a single CNN model of each architecture, namely the second cross-validation

iteration which had the highest average accuracy among all ten iterations.
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(c) ResNet
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(d) DenseNet

Fig. 1. CNN model architectures used for classifying dementia.

7https://github.com/albermax/innvestigate
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Tab. 2. Mean and standard deviation of accuracy obtained for the cross-validation dataset (top)

and independent ADNI3 test data (bottom). AD: Alzheimer’s dementia, CN: a cognitively normal

state, MCI: mild cognitive impairment.

AlexNet VGG ResNet DenseNet

Validation-set accuracy

AD vs CN 0.68 ± 0.12 0.70 ± 0.04 0.75 ± 0.09 0.71 ± 0.05

MCI vs CN 0.63 ± 0.08 0.64 ± 0.03 0.67 ± 0.06 0.65 ± 0.05

Independent test-set accuracy

AD vs CN 0.72 ± 0.18 0.76 ± 0.08 0.81 ± 0.14 0.76 ± 0.07

MCI vs CN 0.64 ± 0.08 0.66 ± 0.03 0.66 ± 0.05 0.67 ± 0.03

4 Discussion

The mean accuracy levels revealed a consistently higher test accuracy than the validation

accuracy (Tab. 2). This suggests that separating the classes for the pooled and more

heterogeneous study datasets is more challenging for the models than performing this

task on a relatively homogeneous prospective cohort such as ADNI3. This is in agreement

with our hypothesis that training on pooled heterogeneous datasets from different study

cohorts is beneficial and improves robustness of the models. Though these accuracy

levels are lower than those found in AD literature [5, 6], which could be attributed to

combining AD dementia and MCI groups into a single disease-positive group during

training, which possibly needs another model fine-tuning iteration to optimize different

thresholds to better demarcate CN, MCI, and AD.

The accuracy levels also suggest that the group separation task of AD vs CN was

simpler than MCI vs CN (Tab. 2), this corroborates with other AD literature findings.

Upon comparing the different CNN architectures with each other, we found that complex

(a) AlexNet (b) VGG

(c) ResNet (d) DenseNet

Fig. 2. Mean relevance maps for the MCI group of the ADNI3 dataset obtained using the

LRP𝛼=1,𝛽=0 relevance propagation method overlaid on the MNI brain template. Coronal slices

show Y=[-10,-20,-30] mm in MNI reference space are shown. Bright yellow represent the most

relevant regions while the dark red regions are of lower relevance. Relevance maps were created

following proportional scaling of the activations.
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architectures with skip connections - ResNet and DenseNet, performed slightly better

than the two other models. This is in agreement with our other hypothesis that more

complex models perform better. Notably, the differences in performance did not reach

statistical significance overall.

From the relevance maps derived from all the models (Fig. 2), we see that DenseNet

mainly focuses on medial temporal lobe and posterior cingulate cortex, also highlighted

in [1]. The relevance map for the ResNet model is more noisy and heterogeneous,

suggesting that the model’s relative high test accuracy for AD vs CN is achieved by

considering more widespread brain atrophy or potential artifacts. In contrast to AlexNet

and ResNet, the DenseNet model seems to be less sensitive to noise. Its dense connections

between layers enabled a highly efficient information flow at various scales.

In future, we will test the CNN models on each individual study dataset (AIBL,

EDSD etc.) to replicate previous studies, and investigate the gap between our reported

accuracy levels and other studies’ accuracy levels. It will also be of interest to examine

relevance maps of individuals and the gain of relevance values for specific brain regions.

In this study, we showed that having a pooled training dataset from different study

cohorts is beneficial. We also showed that DenseNet utilised an efficient information flow

at various scales to generate relevance maps which focused on clinically relevant features.

While ResNet derived its high accuracy levels from learning heterogenerous patterns or

potential artifacts. This demonstrated the added value of a holistic evaluation of models

where relevance maps are being used in combination with classical performance metrics

like accuracy, F1-score or ROC-AUC.
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Abstract

Background and Objective: Neurodegenerative disorders such as Alzheimer’s
disease or frontotemporal lobar degeneration are characterized by specific
brain volume loss, which can be assessed in-vivo using T1-weigted magnetic
resonance imaging (MRI). Most machine learning approaches applied to the
classification of neurodegenerative disorders using MRI scans rely on super-
vised methods, that means, they typically require for each training sample
the corresponding diagnosis label which can be burdensome or difficult to
obtain for large numbers of data. Self-supervised learning (SSL) provides a
new perspective on training machine learning models without sample labels.
We investigated the application of contrastive learning as a type of SSL and,
more specifically, if this methodology can be used to reliably distinguish var-
ious neurodegenerative disorders from each other.
Methods: We propose a model that is composed of two parts, a feature ex-
traction and a classification component. A deep convolutional neural network
trained in a contrastive self-supervised way is utilized as the feature extrac-
tor. It learns a latent high-dimensional representation of the given data.
The classification component is a simple neural network, here a single layer
perceptron, that performs the classification of neurodegenerative disorders
based on the latent representation vectors.
Results: Our experiments showed that the feature extractor trained in a
self-supervised way could provide generalizable representations for the clas-
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sification component. This component achieved a balanced accuracy for
Alzheimer’s dementia vs. cognitively normal controls of 0.81 for the holdout
test subset and 0.79 for an independent validation dataset. Feature attri-
bution heatmaps obtained by the Integrated Gradient method highlighted
widespread contributions of the gray and white matter tissue compartments
to the classification.
Conclusions: The balanced accuracy of our model was comparable to the
accuracy of other state-of-the-art supervised deep learning approaches. Our
findings suggest that the proposed contrastive SSL methodology can success-
fully make use of unannotated neuroimaging datasets as training data.

Keywords: contrastive learning, self-supervised learning, neurodegenerative
disorders, deep learning, structural magnetic resonance imaging

1. Introduction

Neurodegenerative disorders such as Alzheimer’s disease (AD) and fron-
totemporal dementia (FTD) are characterized by specific brain volume loss,
which can be assessed in-vivo using structural magnetic resonance imaging
(MRI). The usual radiological evaluation of MRI scans is mainly based on
visual examination and is very time-consuming. Assistance systems for the
automated detection of disease-specific patterns could be very useful for bet-
ter clinical diagnosis, as they can significantly decrease the evaluation time
for the radiologists and neurologists.

Convolutional neural networks (CNNs) act as a powerful method for the
automated identification of neurodegenerative diseases from MRI scans and
achieve state-of-the-art results in image classification tasks. Due to recent
technological advances and novel software frameworks we have witnessed
an emergence of different CNN architectures - VGG, ResNet, Inception,
DenseNet, EfficientNet are probably the most notable ones. Such rapid
developments had a great impact on the neuroimaging community that is
interested in automatic feature learning. Thus, various methodologies rely-
ing on the use of CNNs were developed [1, 2, 3, 4, 5].

Recently, advances in the natural language processing domain have influ-
enced the design of new convolutional networks. The architectures based on
Transfomers like Vision Transformers [6, 7] set a new direction in the imaging
community. Currently, CNN architectures have been primarily trained in a
supervised way by using an external label which indicates whether a certain
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scan belongs to a particular group or class. Generating such labels for a
large number of data is often burdensome and costly. Furthermore, CNN
models require much data to achieve appropriate results. Such large data
is not always easily available in the medical domain due to the high cost of
data collection and the associated privacy regulation.

Such constraints led us to reconsider the use of CNN models trained
in a supervised way and adhere to self-supervised learning (SSL). The SSL
methods learn without any sample labels by utilizing the internal structure
of the data to acquire representative features. Architectures trained in a
self-supervised way are more biologically plausible, provide extensive feature
space, and compete with supervised approaches [8]. We utilized a contrastive
SSL method that allows learning of general features from data by contrasting
similar and different data samples. Furthermore, we hypothesized that SSL
methods could learn meaningful salient structural representations better than
supervised approaches, thus increasing interpretability.

The main goal of the current study was to develop an approach for learn-
ing general features from structural MRI data, thus enabling better general-
ization and interpretability. Therefore, in this paper, we propose to train a
CNN model on structural MRI data without any sample labels and use the
trained CNN model as a feature extractor for another linear model trained
in a supervised way from the provided features that predicts a specific type
of a neurodegenerative disorder. The main research question was defined
as: Does contrastive self-supervised learning outperform supervised learning
in terms of predictive power?

Our main contributions are: i) An architecture for the prediction of
neurodegenerative disorders that uses contrastive self-supervised learning.
ii) A comparison between models trained on structural MRI data using self-
supervised and supervised approaches in terms of classification power.

1.1. Related Work

Most self-supervised approaches applied to MRI data deal with recon-
struction or segmentation [9, 10]. To the best of our knowledge, there are
no approaches for direct comparison, though the methods that apply con-
trastive learning methods to MRI data exist and showed promising results
[9]. Probably the most comparable work to ours was done by Taleb et al. [9].
In the following, we review two self-supervised methods evaluated by Taleb
et al. [9] that are most similar to the methods that we used:
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3D Contrastive Predictive Coding (3D-CPC): The 3D-CPC method [9]
uses the contrastive learning technique that predicts latent representations
of data. 3D-CPC operates on 3D data by splitting it into patches. The In-
foNCE loss is used to optimize the negative log probability of classifying a
positive patch’s representation among a set of negative patches’ representa-
tions correctly. To produce positive and negative representations, 3D-CPC
utilizes encoder and context models. An encoder model maps an input patch
to latent space and a context model summarizes latent representations in the
form of a context vector that captures high-level information about input
patches. Thus, a context vector can be used to predict latent representations
of the next patches. Therefore, a positive sample is the predicted represen-
tation of a patch, and negative samples are representations of patches taken
randomly from other locations in 3D data.

3D Exemplar networks (3D-Exe): The 3D-Exe method [9] is based on
the Exemplar network and derives positive and negative representations via
augmentation techniques. A positive sample is an augmented sample, while
a negative sample is a different sample. The model uses a triplet loss, which
pulls representations of negative samples apart and representations of positive
samples in the embedding space together.

Though Taleb et al. [9] provided an extensive evaluation of different
self-supervised approaches, they did not compare the achieved results with
supervised approaches in terms of sample classification in the target domain.

Another methodology for self-supervised learning from MRI data was pro-
posed by Hu et al. [10] that is based on parallel training of two networks with
the objective of minimizing the reconstruction loss. The authors achieved
competitive results with supervised approaches. However, their method was
evaluated only for image reconstruction, and thus is not comparable with our
approach that is based on the detection of a neurodegenerative disorder.

Other recent publications such as [11, 12, 13, 14] applied SSL to longitudi-
nal AD MRI datasets in order to i) study methods for combining information
from multiple imaging modalities, or ii) to predict the trajectories of cognitive
performance and/or cognitive decline.

In our work, however, we used the methods that were successfully applied
for images produced by conventional shutter cameras and were not previously
applied to 2D MRI scans. Additionally, we tried to interpret a model’s
prediction through attribution methods which are a popular technique for
the visualization of input regions that are relevant to the prediction [15, 16].

4



2. Methods

2.1. ConvNeXt – A modern convolutional neural network

Convolutional neural networks have been dominating computer vision for
a long time. However, Transformer neural networks showing state-of-the-
art results in the natural language processing domain started to influence
the design of CNNs. Transformers take advantage of the hierarchical struc-
ture of input sequences and so-called multi-head self-attention mechanisms to
achieve superior results. Thus, Transformers have been adopted as de facto
standard for building the most powerful language models. Their success in-
spired researchers in the development of modern CNNs. The designers of the
ConvNeXt model [17] attempted to create a CNN layout using experience
gained from the building blocks of Transformers. With ConvNeXt, Lui et
al. [17] achieved state-of-the-art results for image classification based on the
ImageNet dataset, providing higher accuracy than competing Vision Trans-
former models while being computationally more efficient. In the present
study, we used and adapted the ConvNeXt model as feature extractor for
the contrastive SSL approach. In the following, we briefly describe the main
architectural principles of the ConvNeXt network:

Architectural block : The widespread adoption of consecutive stacking of
i) a convolution operation, ii) an activation function, and iii) a pooling func-
tion led to the incorporation of separate ”blocks”. Each block has the same
sequential operations, but their scaling properties with respect to the number
of input and output channels differ. The ConvNeXt model layout is illus-
trated in the left part of Figure 1. We used the ”tiny” ConvNeXt model [17]
that has the number of repeated sequential blocks set to (3, 3, 9, 3) with the
number of output channels equalling to (96, 192, 384, 768).

Inverted bottleneck : The ResNet architecture uses residual blocks called
bottlenecks. These bottlenecks compress the number of input channels. Since
ResNet makes use of skip-connections to learn a residual function that ref-
erences the inputs of previous layers, those channels are then expanded to
match the input. ConvNeXt utilizes an inverted residual bottleneck by ex-
panding the number of channels, thus reducing the number of network pa-
rameters.

Self-attention: Conventional convolution operation is a function of all
input channels. ConvNeXt relies on depthwise convolution that operates per
channel, thus enabling the separation of the channel and spatial information.
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Kernel size, normalization, and activation function: ConvNeXt uses a
convolution kernel size of 7×7. A layer normalisation is used instead of batch
normalization which is widely popularized in traditional CNNs. Additionally,
ConvNeXt uses the Gaussian Error Linear Unit (GELU) as an activation
function. For more details refer to the ConvNeXt paper [17].

2.2. Contrastive self-supervised learning

To train ConvNeXt without using actual sample labels, we used con-
trastive SSL which has shown promising results in learning representative
features [18]. Contrastive learning is based on the use of positive and nega-
tive data pairs [19]. A positive pair (i, j) consists of two views of the same
data sample that can be created by using augmentation techniques. For in-
stance, refer to Figure 2 for examples of augmented images providing such
positive pairs. A negative pair encompasses two different object samples.
Contrastive learning utilizes a contrastive loss that tries to learn similar em-
beddings for positive pairs while pulling negative pairs apart in a latent space.
Most SSL approaches for contrastive learning have an ”encoder” and a ”pro-
jection head” as illustrated in Figure 1. An encoder is a convolutional neural
network that serves as a feature extractor. A projection head can be a small
neural network, for example, a multilayer perceptron (MLP), that takes as
input the output from the encoder. The contrastive loss � operates directly
on the output of a projection head z which serves as a mapping of CNN
features to a latent space. The contrastive loss for a positive pair is defined
as follows [19]:

�(i, j) = −log
exp(sim(zi, zj)/τ)∑2N

k �=1 �[k �=i]exp(sim(zi, zk)/τ)
, (1)

where τ is a scaling factor called temperature, � is an indicator function with
output values being 0 or 1, N is the number of training samples, and sim(·)
is a cosine similarity between two vectors u and v, formally defined as [19]:

sim(u,v) =
u�v

‖u‖ ‖v‖ . (2)

The final loss for the batch of data results in [19]:

L =
1

2N

N∑

k=1

[�(2k − 1, 2k) + �(2k, 2k − 1)], (3)
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where 2k − 1 and 2k represent the indices of the same augmented object.
We used the Nearest-Neighbor Contrastive Learning (NNCLR) method

[20] as the main framework for learning representations from structural MRI
data without any sample labels. NNCLR extends a common contrastive SSL
framework by keeping a record of recent embeddings of augmented views
in a queue Q. Thus, the pairs are not directly compared, but a projection
embedding that is most similar to a view is selected fromQ for the comparison
with another view. The contrastive loss is defined as follows:

�(i, j) = −log
exp(sim(S(zi, Q), zj)/τ)∑2N

k �=1 �[k �=i]exp(sim(S(zi, Q), zk)/τ)
, (4)

where S(z, Q) is the nearest neighbour function defined as follows:

S(z, Q) = argmin
q∈Q

‖z− q‖2 . (5)

2.3. Study data of neurodegenerative disorders

We used T1-weighted brain MRI scans from publicly available neuroimag-
ing repositories. Each of the neuroimaging initiatives obtained internal re-
view board approvals and met all ethical standards in the collection of data.
See the online documentation linked below for more detailed information
on the study protocols and procedures. In the following, we describe the
datasets:

ADNI1: The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is a
research study that provides clinical and imaging data for the investigation
of Alzheimer’s disease. The ADNI was launched in 2003 as a public-private
partnership, led by principal investigator Michael W. Weiner, MD. The pri-
mary goal of ADNI is to test whether serial MRI, positron emission tomog-
raphy (PET), other biological markers, and clinical and neuropsychological
assessments can be combined to measure the progression of mild cognitive
impairment (MCI) and early dementia due to Alzheimer’s disease (AD). We
included only MRI scans from ADNI2 and ADNI3 studies. Participants with
mild cognitive impairment (MCI), dementia due to Alzheimer’s disease (AD),
and cognitive normal (CN) states were considered. The total number of MRI
scans was 2365 from 844 people for ADNI3, and 1836 from 743 people for
ADNI2, respectively.

1ADNI: https://adni.loni.usc.edu/
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AIBL2: The Australian Imaging, Biomarker & Lifestyle Flagship Study of
Ageing (AIBL) is a similar study to ADNI that focus on the early detection
of Alzheimer’s disease and possible lifestyle interventions. Data was collected
by the AIBL study group. We selected participants with the same diagnoses
as we used in ADNI. The total number of MRI scans was 991 from 583
participants.

FTLDNI3: The Frontotemporal Lobar Degeneration Neuroimaging Ini-
tiative (FTLDNI) was funded through the National Institute of Aging and
started in 2010. The primary goals of FTLDNI were to identify neuroimag-
ing modalities for tracking frontotemporal lobar degeneration (FTLD) and
to assess the value of imaging versus other biomarkers in diagnostic roles.
The Principal Investigator of FTLDNI was Dr. Howard Rosen, MD, at the
University of California, San Francisco. Three variants of frontotemporal
degeneration are differentiated: semantic variant (SV), behavioural variant
(BV), and progressive non-fluent aphasia (PNFA). In our studies, we used all
three variants along with samples of healthy participants. The total number
of MRI scans was 614 from 273 participants.

Table 1 summarizes the sample statistics of the different data sources
we used. We applied the ”t1-linear pipeline” of the Clinica library [21, 4]
to preprocess the raw MRI scans. The pipeline uses the N4ITKmethod for
bias field correction and the SyN algorithm from ANTs to perform an affine
registration for the alignment of each scan to the Montreal Neurological In-
stitute (MNI) reference space. During the execution of the pipeline, some
MRI samples were excluded due to quality checking or some missing infor-
mation. Additionally, each scan was cropped to the size of 169 × 208 × 179
voxels with 1 mm isotropic resolution.

2.4. Proposed contrastive learning pipeline

Our proposed method utilizes 2D coronal slices of the brain and consists of
two modules: a feature extractor and a classification component. The feature
extractor is a convolutional neural network trained without any sample labels
in a self-supervised way. The classification component is a simple neural
network subsequently trained in a supervised way. The proposed architecture
is shown in Figure 1.

2AIBL: https://aibl.csiro.au/
3FTLDNI: https://memory.ucsf.edu/research-trials/research/allftd
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Table 1: Sample statistics of study data per diagnosis state. CN: a cognitively nor-
mal state, AD: dementia due to Alzheimer’s disease, MCI: mild cognitive impairment,
BV: behavioural variant of frontotemporal neurodegeneration, SV: semantic variant of
frontotemporal neurodegeneration, PNFA: progressive non-fluent aphasia, μ: mean, σ:
standard deviation, MMSE: mini-mental state examination, F: female, M: male.

CN AD MCI

ADNI3

Age: μ(σ) 74 (7) 77 (8.3) 74.6 (8)

MMSE: μ(σ) 29.4 (0.7) 20.8 (4.5) 27.9 (1.1)

Sex: F/M 312/221 52/70 140/173

ADNI2

Age: μ(σ) 75.8 (7) 76.2(7.6) 74.6 (7.9)

MMSE: μ(σ) 29.3 (0.7) 21.1(4.3) 27.8 (1.1)

Sex: F/M 110/94 120/163 151/203

AIBL

Age: μ(σ) 73.5 (6.4) 75.4 (7.9) 76.6 (6.5)

MMSE: μ(σ) 29.2 (0.8) 19.5 (5.8) 27.2 (1.3)

Sex: F/M 239/182 51/37 41/62

CN BV SV PNFA

FTLDNI

Age: μ(σ) 64.3 (7.1) 62.1 (5.8) 62.7 (6.8) 68.9 (7.7)

MMSE: μ(σ) 29.7 (0.5) 22.6 (6.2) 22.5 (5.7) 24.9 (5.5)

Sex: F/M 72/58 23/48 14/23 19/16

2.4.1. Plane and slice selection

After executing the t1-linear pipeline of the Clinica library, we obtained
a 3D image for the brain of each participant. Since we used 2D convolutional
operations to reduce the CNN parameter space and model complexity, we re-
quired a 2D representation of the brain. Thus, we selected only the coronal
plane for the present study. We acknowledge that the selection of another
axis could have an effect on predictions, however, our main goal was to inves-
tigate the application of SSL and to compare it with traditional supervised
approaches. Though, each MRI sample had in total 208 coronal slices, we
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considered only 120 coronal slices in the middle. Those slices were the input
candidates for the ConvNeXt CNN that was trained in a self-supervised way.

2.4.2. Feature learning

For the self-supervised learning of the ConvNeXt CNN, we used the
NNCLR [20] method for learning visual representations from the input data
by creating a latent space that constitutes semantic perturbations found in
the actual data. We applied a pipeline of random augmentations to a ran-
domly selected coronal slice for the creation of two views. Examples of such
views are provided in Figure 2. Thus, those two views represent the same
slice of the same brain and should be represented close to each other in the
feature space, while the views of different human brains or the views of the
same participant’s brain recorded in different sessions should lie far apart.
Since NNCLR is just a framework for learning representations from data,
an underlying CNN model, called often a backbone, is an actual feature ex-
tractor. We used the ConvNeXt-tiny architecture [17] as our backbone and
loaded the pre-trained version from the PyTorch library for the initialization
of the backbone’s weights.

2.4.3. Classification component

To utilize the CNN model as a feature extractor we considered only the
output produced by a 2D adaptive average pooling operation after the last
convolutional block (Figure 1 left). Thus, the classification component takes
as input the representations of the MRI scans provided by the convolutional
neural network. The dimension of the extracted feature vector per MRI slice
is 768. Our classification component is a simple neural network consisting
of a single fully-connected layer preceded by a layer normalization (Figure 1
right).

2.4.4. Feature attribution

There exist various methods to derive scores for the importance of input
features with respect to a given prediction. We used the Integrated Gradients
(IG) attribution method that estimates importance scores by approximating
integrated gradients [22]. Specifically, IG considers a straight path from some
baseline to the input and computes the gradients along that path. These
accumulated gradients are called integrated gradients. The baseline is of the
same dimensions as the input data and can, for example, contain the values
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all set to zero. We used the IG implementation provided by the Captum
library4 to calculate attribution maps.

3. Results

3.1. Contrastive learning

We trained a feature extraction model using NNCLR on the ADNI3,
ADNI2, and FTLDNI data for three learning trials. For each trial, we ran-
domly divided data into training and test sets. We used the same training
and test sets for all further experiments. If more than one MRI recording
was available per participant, then we assigned all of the participant’s MRI
scans only to one set, thus avoiding data leakage. This resulted in 10% of
data belonging to a test set. The model was trained for 1000 epochs using a
batch size of 180 samples. The size of the NNCLR queue Q was set to 8192.
We applied three different data augmentation techniques with a probability
of 0.5 to produce views visualized in Figure 2: a horizontal flip (b), cropping
and the consecutive resizing to the original input size (c), and an erasing of
a randomly selected region in input that sets all values in that region to zero
(d). Figure 3 (a) shows the training curve over 1,000 epochs. During the
first epochs, the contrastive loss drops rapidly down, while during the last
epochs it starts slowly to saturate.

3.2. Diagnostic group separation

The classification component was trained for 100 epochs on the same
three training sets that were used to train a feature extractor. We use a
batch size of 64 samples and decay a learning rate with cosine annealing
after each epoch for every 20 epochs. Using this setting we created 3 models
that classify the extracted representations from MRI samples by a ConvNeXt
trained previously via NNCLR into 4 (CN, AD, MCI, BV), 3 (CD, AD,
MCI), and 2 (AD, CN) groups, respectively. Each model was trained and
tested on the three training and test sets. Furthermore, we evaluated our
models on the AIBL dataset, which was not used during training and served
as independent test dataset to assess the generalizability of our approach.
In our proposed architecture only the classification component was trained
since ConvNeXt serves as a feature extractor. However, to compare the

4Captum: https://captum.ai/
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Table 2: Classification results of our proposed architecture, consisting of a ConvNeXt fea-
ture extractor trained in a self-supervised way and a single-layer classification component.
CN: a cognitively normal state, AD: dementia due to Alzheimer’s disease, MCI: mild cog-
nitive impairment, BV: behavioural variant of frontotemporal neurodegeneration, MCC:
Matthews correlation coefficient.

Balanced
accuracy MCC

ADNI2/3 & FTLDNI test set

CN vs AD vs MCI vs BV: 0.59±0.02 0.32±0.01

CN vs AD: 0.81±0.03 0.6±0.05
AIBL (independent sample)

CN vs AD vs MCI: 0.53±0.01 0.29±0.02

CN vs AD: 0.79±0.01 0.58±0.01

results with a supervised approach, we let ConvNeXt—after loading pre-
trained model parameters for ImageNet—to be trained together with the
classification module using the same settings. Figure 3 (b) compares the
training loss curves the two different settings. The classifier that uses the
ConvNeXt feature encoder backbone trained in a self-supervised way on MRI
scans shows lower error rate than using the ConvNeXt backbone with initial
model parameters pre-trained on ImageNet. Therefore, we used only the
ConvNeXt model that was trained on the MRI scans in a self-supervised
way in all following experiments.

Table 2 shows the achieved results of our proposed architecture for the
identification of neurodegenerative disorders using the ConvNeXt feature ex-
tractor trained via NNCLR. To determine if a 3D MRI scan belongs to a
specific diagnostic group, we first derive the latent representation vectors for
100 random coronal 2D slices using feature extractor and then make a pre-
diction for each slice using the classifier (Figure 1). We applied simple voting
procedure in which the most frequently occurring group label determines the
final prediction. In Section 4.1 below, we discuss the achieved results and
compare them with the state of the art.

3.3. Model’s interpretability

The application of machine learning methods in the medical area requires
some interpretability for the model’s decision process. Since the patient’s
treatment depends on the diagnosis, such clinical decision support systems
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should provide more than just a prediction. Thus, we used the Integrated
Gradients (IG) attribution method that calculates importance scores for the
input regions for a specified prediction label. As visible from Figure 4, the
derived attributions provide a rather general indication of important input
regions throughout the brain including primarily the grey and white matter
tissue. More specifically, the model learned to consider widespread input
areas from the temporal and frontal lobe, and the basal ganglia. Notably,
the model successfully learned to not consider tissue outside of the brain, the
skull, or image artifacts in the background around the head.

4. Discussion

4.1. Feature learning

In our proposed method, we rely on signals that are derived from the data
itself rather than on external classification target labels to train a feature ex-
tractor. In Table 3 we compare our proposed method with the state of the
art, that means other studies that report results for AIBL as an independent
validation dataset. Training only a single classification layer on top of the
frozen ConvNeXt model shows competitive results against other supervised
approaches as well as manual expert rating as reported by Qiu et al. [2].
Note that some papers did not report the balanced accuracy measure, thus,
their ”simple” accuracy results might be biased towards the majority class of
cognitively normal people who comprise 80% in AIBL for the group compar-
ison CN vs AD. We could only find one study that reported group separation
results using a self-supervised framework. For the ADNI test data, Ouyang
et al. [11] achieved a balanced accuracy of 81.9% for a multilayer perceptron
classifier when freezing the feature encoder network, and 83.6% when further
finetuning the feature encoder network parameters during training. With
regard to our achieved level of performance, we can conclude that the Con-
vNeXt model learned generalizable features for the subsequent downstream
classification tasks.

In this study, we considered only coronal slices and 2D convolution oper-
ations, which can limit the representational power of the extracted features.
Notably, 3D CNNs have much more parameters than 2D models and, there-
fore, is currently a computationally intractable solution for self-supervised
learning that relies on a very large data corpus, data augmentation, and
many learning iterations as training typically converges much slower than in
supervised learning. More specifically, training our models for 1000 epochs

13



Table 3: Comparison of our proposed method with the state of the art. The results are
provided for studies that used the AIBL dataset for independent evaluation and the group
comparison CN vs AD. CN: a cognitively normal state, AD: dementia due to Alzheimer’s
disease. ‡ Self-supervised learning and simple classifier; † supervised learning; * balanced
accuracy was not reported, ”simple” accuracy is provided instead, which might be biased
towards the majority class (=CN).

Methods trained on
the ADNI data

Balanced accuracy for the
independent AIBL data

‡Our method 0.79±0.01
†Wen et al. 2020 [4] (2D slice-level CNN) 0.756±0.015
†Wen et al. 2020 [4] (3D patch-level CNN) 0.802±0.016
†Wen et al. 2020 [4] (3D subject-level CNN) 0.862±0.016
†Dyrba et al. 2021 [1] (3D subject-level
CNN)

0.82±3.0

†Qiu et al. 2020 [2] (3D patch-level CNN) 0.870±0.022*
†Han et al. 2022 [5] (3D subject-level CNN) 0.865*
†Han et al. 2022 [5] (3D patch-level CNN) 0.875*
Qiu et al. 2020 [2] (neurologists) 0.823±0.094*

on a single NVIDIA Quadro RTX 6000 GPU took on average 1 day and 3
hours. Other recent SSL studies followed similar 2D approaches [13, 14] or
instead drastically downscaled the 3D images to a low 64 × 64 × 64 resolu-
tion [11, 12]. In our future work, to better incorporate plane information,
three CNNs, i.e. each for another plane (axial, coronal, sagittal) could be
combined to learn 3D MRI data representations as recently proposed for su-
pervised models [23]. Alternatively, a Transformer model could be designed
to efficiently process smaller 3D patches of the brain, which would not require
separate CNN models for each patch [2, 4, 5].

4.2. Neural network interpretability

We chose self-supervised learning not only as a method to learn a powerful
feature extractor that can be used for further downstream tasks but also to
learn features of the brain regions that can correlate with a specific neurode-
generative disorder. Though a comprehensive analysis of the salient features
lies out of the scope of our current work, we applied the Integrated Gradients
method to interpret the models and provide insights into the significance of
input regions to predictions (Figure 4). In our future work, we will explore
methods to summarize calculated attributions per brain region to assess if
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specific disease patterns emerge or estimate the correlation between regional
relevance scores and brain regions’ volumes.

4.3. Conclusion

We presented an architecture for the identification of neurodegenerative
disorders from MRI data, consisting of a feature extractor and a classification
component. The feature extractor used the ConvNeXt architecture that was
trained in a contrastive self-supervised way. We showed that a ConvNeXt
trained via the NNCLR method on MRI data can successfully be used as
a feature extractor for subsequent downstream tasks by training only an
additional single-layer neural network component which performs the classi-
fication. The conducted experiments showed similar state-of-the-art results
CNNs trained in a supervised way. We highlighted the possible future work to
increase the performance and interpretability of the proposed methodology.
With this presented approach, we provide not only an additional practical
application of self-supervised learning to MRI data but also insights into the
application of such systems for clinical studies in which the interpretability
of the model’s decision is crucial.
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Figure 1: Illustration of the proposed architecture. A CNN model, trained in a self-
supervised way, extracts features from coronal slices. The classification component learns
to classify neurodegenerative disorders from the extracted features. CNN: convolutional
neural network. LN: layer normalization. Conv: convolutional operation.
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(a) Original (b) Horizontal flip (c) Crop and resize (d) Erasing

Figure 2: Randomly applied data augmentations to the input during training.

(a) Self-supervised ConvNeXt training (b) Classification component training

Figure 3: Loss curves of the models trained for three learning trials. Shaded areas denote
1 standard deviation. (a) Self-supervised training of the ConvNeXt feature extractor net-
work via the NNCLR method. (b) Comparison of the classification component training
following two strategies: with a ConvNeXt feature encoder backbone that was previously
trained on the MRI data using the self-supervised NNCLR method and was not trained
further during classifier training (blue solid line); and a ConvNeXt feature encoder back-
bone with the initial ImageNet model weights loaded and which was trained together with
the classification component (supervised training, red dashed line).
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Figure 4: Calculated attributions using the Integrated Gradients method for one arbitrarily
selected MRI scan that was correctly classified as Alzheimer’s dementia. Green and red
colour highlight pixel contributions to the model’s prediction. The attribution overlay
image was smoothed with a Gaussian kernel σ = 2.5 and thresholded at |ig| < 0.2 to
remove small values and improve visualization.
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A B S T R A C T

Mean diffusivity (MD) measured by diffusion tensor imaging can reflect microstructural alterations of the brain's
gray matter (GM). Therefore, GM MD may be a sensitive marker of neurodegeneration related to Alzheimer's
Disease (AD). However, due to partial volume effects (PVE), differences in MD may be overestimated because of
a higher degree of brain atrophy in AD patients and in cases with mild cognitive impairment (MCI). Here, we
evaluated GM MD changes in AD and MCI compared with healthy controls, and the effect of partial volume
correction (PVC) on diagnostic utility of MD.

We determined region of interest (ROI) and voxel-wise group differences and diagnostic accuracy of MD and
volume measures between matched samples of 39 AD, 39 MCI and 39 healthy subjects before and after PVC.
Additionally, we assessed whether effects of GM MD values on diagnosis were mediated by volume.

ROI and voxel-wise group differences were reduced after PVC. When using these ROIs for predicting group
separation in logistic models, both PVE corrected and uncorrected GM MD values yielded a poorer diagnostic
accuracy in single predictor models than regional volume. For the discrimination of AD patients and healthy
controls, the effect of GM MD on diagnosis was significantly mediated by volume of hippocampus and posterior
cingulate ROIs.

Our results suggest that GM MD measurements are strongly confounded by PVE in the presence of brain
atrophy, underlining the necessity of PVC when using these measurements as specific metrics of microstructural
tissue degeneration. Independently of PVC, regional MD was not superior to regional volume in separating
prodromal and clinical stages of AD from healthy controls.

1. Introduction

Diffusion Tensor Imaging (DTI) allows the examination of micro-
structural cell damage (Uluğ et al., 1999). During the course of Alz-
heimer's Disease (AD), these changes are assumed to predate the mac-
rostructural changes that are observable using volumetric magnetic
resonance imaging (Weston et al., 2015). Therefore, DTI measures
could be used as sensitive markers of AD-related neurodegeneration
and help to identify individuals with prodromal AD. Mean diffusivity
(MD) reflects the average degree of diffusion of water molecules in all
directions. Fractional anisotropy (FA), on the other hand, reflects di-
rectionality of diffusion. As opposed to FA that is mostly used for as-
sessing white matter (WM) fiber tract integrity, MD may also be used to
assess microstructural alterations of the brain's gray matter (GM). An

increase of MD in GM is assumed to reflect the breakdown of micro-
structural barriers to diffusion which would predate volumetric changes
(Weston et al., 2015). Therefore, GM MD could be a valuable measure
of early GM cell damage in AD.

Previous studies on GM MD in AD reported increases of hippo-
campal MD and whole brain GM MD in subjects with mild cognitive
impairment (MCI) as compared to healthy controls (Cherubini et al.,
2010; Eustache et al., 2016; Fellgiebel et al., 2004; Müller et al., 2005;
Scola et al., 2010), as well as in MCI patients that converted to AD
compared to MCI subjects that remained stable over a period of several
years (Douaud et al., 2013; Fellgiebel et al., 2006; Scola et al., 2010;
van Uden et al., 2016). In some studies, hippocampal diffusivity even
demonstrated a higher diagnostic and prognostic accuracy than hip-
pocampal volume (Fellgiebel et al., 2006; Kantarci et al., 2005; Müller
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et al., 2007). Considering MCI a possibly prodromal phase of AD, these
findings corroborate the potential utility of GM MD as an earlier bio-
marker than volumetric changes. However, longitudinal evidence for
the assumed succession of microstructural and macrostructural GM
alterations is still lacking, even though microstructural alterations have
been shown to precede macrostructural changes in the white matter (Ly
et al., 2014).

Regarding the findings on GM MD changes in MCI subjects, one
needs to acknowledge that extensive hippocampus atrophy is already
present in the MCI stage of AD (Shi et al., 2009), probably confounding
the measurement of GM MD values due to partial volume effects (PVE).
Partial volume effects arise when the signal within a cortical voxel does
not purely represent the GM signal at this location, but is confounded
by intermixing signals of surrounding cerebrospinal fluid (CSF) or WM
tissue. In older people and AD patients, the probability of GM voxels to
also contain CSF signal increases due to brain atrophy (Jeon et al.,
2012). Thus, given the high MD signal in CSF, PVE may lead to over-
estimation of differences in GM MD in patients with AD as compared to
healthy controls. In this case, MD would represent the joint effect of
microstructural changes and macrostructural brain atrophy. However,
most of the studies using DTI data of healthy older and AD participants
did not consider PVE at all (Cherubini et al., 2010; Douaud et al., 2013;
Eustache et al., 2016; Müller et al., 2007). One study stated that PVC
was not necessary as the regions of interest (ROIs) were not located at
the surface of the brain (Eustache et al., 2016).

Several approaches for correcting PVE in DTI data have been pro-
posed. Kantarci et al. (2001, 2010) used a dedicated DTI sequence
based on fluid-attenuated inversion recovery (FLAIR) to suppress the
CSF signal during data acquisition. Salminen et al. (2016a, 2016b) re-
computed the MD for each region of interest (ROI) using a customized
diffusion weighted imaging sequence with multiple non-zero b-values
and an extended model to fit the tensor. They could show that the decay
of signal intensity was mono-exponential for b-values ≥ 680, indicating
successful suppression of CSF signal after removal of b ~ 0 data. Both
approaches by Kantarci et al. (2001, 2010) and by Salminen et al.
(2016a, 2016b) are well-grounded, but they require additional MR se-
quences that go beyond current clinical standards, either a FLAIR DTI
sequence or a DTI sequence with more than one non-zero b-value. So
far, three approaches were proposed for post-acquisition partial volume
correction (PVC) of single-shell DTI as used in clinical practice. First,
Rose et al. (2008) proposed to exclude all voxels exceeding a certain
threshold of MD (1300 × 10−6 mm2/s). This fixed threshold, however,
leads to an altered distribution of MD values (Weston et al., 2015).
Second, Pasternak et al. (2009) introduced the method of free water
elimination, consisting of sub-voxel modeling of two tensors: a tissue
and a CSF tensor. However, this method suffers from computational
challenges that require defining regularization parameters and con-
straints on tensor estimates to obtain a unique solution for model fit-
ting. Although Pasternak's approach has been found to reduce CSF
contamination and to improve diffusion measures in white matter fiber
tracts (Berlot et al., 2014; Metzler-Baddeley et al., 2012; Pasternak
et al., 2009), a formal validation of this model is still missing. Ad-
ditionally, differences of the permeability of the cell bodies in gray
matter in comparison to the myelin sheets of the fiber bundles in white
matter may make it necessary to adjust some of the model parameters
when applying this model to gray matter (Pasternak et al., 2009). Third,
Koo et al. (2009) proposed the CSF contamination model. They found a
high consistency of their PVC approach with FLAIR DTI, corroborating
the validity of this post-hoc data correction procedure. Jeon et al.
(2012) successfully applied this CSF contamination model to GM MD
data of young and older participants and participants with AD to correct
for partial volume effects. They found that PVC stronger reduced GM
MD in elder and AD participants than in younger participants, but they
did not examine the potential diagnostic value of corrected GM MD for
AD.

The aim of the current study was to evaluate the effect of PVC on

cortical and subcortical gray matter MD changes and their potential
diagnostic utility in AD and MCI. Therefore, we assessed regional and
voxel-wise GM MD changes in AD and MCI compared to cognitively
healthy older controls (HC). To correct the MD values for PVE, we chose
the CSF contamination model proposed by Koo et al. (2009) because it
can be applied on single-shell DTI data post acquisition and it was
previously used for PVC of GM (Jeon et al., 2012). We hypothesized
that people with AD dementia and people with MCI would have higher
MD values than matched healthy controls. Following previous literature
(e.g. Fellgiebel et al., 2004), this effect should be most pronounced in
the left hippocampus. As we assumed that MD alterations were partly
confounded by increased brain atrophy in AD subjects, we expected
that PVC would decrease group differences and diagnostic accuracy of
MD and reduce the correlation between regional MD and volume
measures.

2. Methods

2.1. Sample

We included 117 subjects from the database of the German Center
for Neurodegenerative Diseases in Rostock. Among those subjects, there
were 39 cognitively healthy controls (HC), 39 individuals with AD and
39 subjects with MCI. The subjects were matched according to age,
gender, years of education and imaging protocol, given that two dif-
ferent sequences were used for MRI and DTI acquisition (Table S1 of the
Supplementary material). All diagnoses were made in an inter-
disciplinary team of an experienced neurologist, psychiatrist and neu-
ropsychologist. Diagnosis of AD was made in accordance with the
NINCDS-ADRCA criteria (McKhann et al., 2011) and MCI was diag-
nosed according to the Mayo criteria (Petersen et al., 1999).

All subjects had to fulfill the following criteria: MRI scans that
passed the quality control (see Section 2.2 for details), time interval
between MRI and neuropsychological assessment of at maximum
3 months, no significant neurological, psychiatric or medical condition
(except for MCI or AD), in particular cerebrovascular apoplexy, vas-
cular dementia, subclinical hypothyroidism or substance abuse.
Healthy controls were free of cognitive complaints and scored within
one standard deviation of the age and education adjusted norm in all
subtests of the Consortium to Establish a Registry of Alzheimer's Disease
(CERAD) cognitive battery (Morris et al., 1987).

All subjects or their representatives had given informed consent
according to the declaration of Helsinki. The study was approved by the
ethics committee of the University Medical Center Rostock (HV
2009–0010).

2.2. Image acquisition

All images were acquired using a 3 T scanner (SIEMENS
MAGNETOM Verio). Two different protocols were used for the T1-
weighted MRI and DTI sequences. Detailed imaging parameters can be
found in Table S1 of the Supplementary material. Only scans were in-
cluded that passed quality control by a trained expert who evaluated
ghosting effects, blurring, motion and susceptibility artifacts.

2.3. Processing of MRI and DTI data

Deformation-based analysis of the T1-weighted scans was per-
formed using SPM8 (Wellcome Trust Centre for Neuroimaging, London,
UK, http://www.fil.ion.ucl.ac.uk/spm/) implemented in Matlab 2013b
(Mathworks, Natwick). First, MRI scans were segmented into GM, WM
and CSF partitions using the VBM8 toolbox. Then, the images were
normalized to an aging and AD-specific reference template from a
previous study (Grothe et al., 2013) using the Diffeomorphic Anato-
mical Registration Through Exponentiated Lie (DARTEL) algebra al-
gorithm (Ashburner, 2007) with modulation for non-linear
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transformation components only. Finally, gray matter maps were
smoothed using an 8 mm full width at half maximum (FWHM) kernel.
To verify the sensitivity of our results to the choice of segmentation and
normalization algorithm, we also applied an alternative segmentation
and normalization algorithm on our imaging data using FSL (Version
5.0.9, FMRIB, Oxford, UK, http://www.fmrib.ox.ac.uk/fsl/). All further
analysis steps were identical in both processing pipelines.

DTI data were preprocessed using the diffusion toolbox of FSL.
Automated batch processing of DTI data in FSL was performed using
in-house software. Data was corrected for eddy currents and head
motion. Then, skull stripping was performed using the Brain
Extraction Tool. Diffusion Tensors were fitted to the data with DTIfit,
and the resulting FA and MD maps were coregistered to the T1-
weighted scans.

To correct for PVE caused by CSF in GM voxels, the CSF con-
tamination model (Koo et al., 2009) was used as adapted by Jeon et al.
(2012):

− = ∙ − + ∙ −− −exp bD k λ k exp bD k λ k exp bD k( ( )) ( ) ( ( )) ( ) ( ( ))app GM GM app CSF CSF (1)

with D k( ) being the measured mean diffusivity at a specific voxel k,
λapp−GM(k) and λapp−CSF(k) being the apparent signal fraction
weightings of GM and CSF compartments, b being 1000 s/mm2 and Dcsf
being defined as a constant, 3.0 × 10−3 mm2/s (Pasternak et al.,
2009). The tissue probability maps obtained from the segmentation
algorithm of the T1-weighted scans provided the apparent signal frac-
tion weightings λapp−GM(k) and λapp−CSF(k) (Jeon et al., 2012). Eq. (1)
was solved for DGM and applied to the coregistered MD maps. Potential
WM partial volume effects were excluded by eliminating those voxels
with a FA > 0.2.

Coregistered PVE corrected and uncorrected MD maps were nor-
malized to the aforementioned aging and AD-specific template by ap-
plying the deformation fields obtained for the T1-weighted scans. For
voxel-wise analyses, preprocessed MD and GM maps were spatially
smoothed using an 8 mm FWHM kernel.

2.4. Extraction of gray matter mean diffusivity and volume in regions of
interest

Left and right hippocampi as well as the posterior cingulate cortex
(PCC) were chosen as regions of interest following the literature on
peak differences in regional MD and volumes in AD (Cherubini et al.,
2010; Eustache et al., 2016; Rose et al., 2008). The Harvard-Oxford
structural atlas (Desikan et al., 2006) was warped from MNI space to
the aging and AD-specific reference space using non-linear DARTEL
transformation. This normalized atlas was used to provide anatomical
labels for the examined ROIs. Only those voxels were included that had
a gray matter probability of 50% or higher according to the individual
normalized tissue probability map of the respective participant.
Average regional MD values and volumes were then obtained for each
subject using the normalized data.

2.5. Statistical modeling

Whole-brain voxel-wise comparisons were made using analysis of
covariance (ANCOVA) models in SPM8, with diagnosis as factor and
MRI protocol, age, gender and years of education as covariates. Voxel-
wise effects were assessed at a statistical threshold of p < 0.001, un-
corrected. ROI based analysis of MD and volume was conducted using
linear models in SPSS 21, with diagnosis as main outcome and the
aforementioned covariates (ANCOVA). To determine the effect size of
each factor in the ANCOVA, a partial eta2 was computed. Then, post-
hoc t-tests were performed.

To compare the accuracy of group separation based on corrected
and uncorrected regional MD and regional volume, logistic regression
models including MRI protocol, age, gender and years of education as
covariates were calculated using the glm function in R version 3.3.2 (R

Development Core Team, 2008). The binary outcome to predict was the
diagnosis (MCI vs. HC or AD vs. HC). Models were arranged to either
contain volume, PVE corrected MD or uncorrected MD. To evaluate the
diagnostic utility of the predictors in the logistic regression models, we
calculated areas under the receiver operator characteristic curve (AUC)
for each model and compared the AUC values using bootstrapped CIs
(N= 5000, pROC package in R).

We used partial correlations calculated in SPSS to determine the
correlations between regional MD and regional volumes, controlled for
the covariates MRI protocol, age, gender and years of education. To
compare the resulting correlations, the Williams' test (Williams, 1959)
for dependent correlations was used as implemented in the Psych
package in R. A mediation analysis was performed to determine whe-
ther the relationship of GM MD and diagnosis was mediated by regional
volume (Fig. 1). Separate mediation models were estimated for the
diagnostic subgroups (MCI vs. HC or AD vs. HC) and for PVE corrected
and uncorrected MD values. Age, years of education, gender and MRI
protocol were included as covariates. Direct (c′) and indirect effects
(a ∗ b) were calculated using the PROCESS tool for SPSS by Hayes
(2013), in which logistic regression models were applied for the pre-
diction of diagnostic subgroup. Statistical significance of the direct and
indirect effects was determined using bias-corrected bootstrapped
confidence intervals (CI) with 10,000 repetitions and a CI of 95%.

To assess the sensitivity of our imaging variables (MD and volume)
to the choice of segmentation and normalization algorithm, we corre-
lated the imaging measures resulting from the SPM processing pipeline
with the imaging measures resulting from the FSL pipeline. Also, we
calculated the Pearson correlation of the AUCs resulting from logistic
regression using the SPM imaging values with those resulting from lo-
gistic regression using the FSL imaging values. Thus, we could also
determine the sensitivity of our results to the segmentation and nor-
malization algorithm.

3. Results

3.1. Sample

The diagnostic subgroups did not differ in age and gender but they
did slightly differ in years of education (see Table 1). As expected, the
groups differed in MMSE scores with AD patients having the lowest
scores and healthy controls having the highest scores.

3.2. Whole brain voxel-wise analysis

Without PVC, MD was elevated across wide parts of the cortex in AD
patients compared to healthy controls (Fig. 2). When comparing MCI
cases with healthy controls, increased MD was found in both hippo-
campi. After correcting for partial volume effects, MCI cases and

Fig. 1. Mediation model.
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healthy controls did not differ significantly in GM MD. The comparison
of AD patients with healthy controls still yielded significant results,
with elevated MD in both hippocampi, as well as in the middle and
posterior cingulate cortex (Fig. 2).

3.3. Analysis of covariance (ROI based)

Main effects for diagnosis on MD were found in all three ROIs, re-
gardless of PVC (Table 2). Effect sizes were larger in uncorrected MD
than in PVE corrected MD data. Post hoc tests revealed that the main
effect of diagnosis was driven by the significantly increased MD in the
AD subgroup compared to both healthy controls and MCI subjects. Even
though mean MD values of the MCI group were numerically greater
than in the HC group for all ROIs, none of these differences were sta-
tistically significant.

Main effects for regional volume were found in all ROIs and with
similar effect sizes across ROIs. Post hoc tests showed that this effect
was also mainly driven by decreased volumes in the AD group.
However, a significant difference in the MCI group compared to the
healthy controls was found for the left hippocampus volume (Table 2).

3.4. Logistic regression models for ROIs

The results of the logistic regression models are shown in Table 3.
When discriminating MCI from HC, the models with bilateral hippo-
campal MD or volume yielded AUCs above chance, whereas the AUCs of
the models containing MD or volume of the PCC did not exceed chance
level. When comparing the AUCs of the different models per ROI, the
differences of AUCs between those models containing uncorrected MD,

corrected MD or volume were non-significant (p > 0.05) in the MCI/
HC subgroup.

When discriminating AD from HC, all models yielded significant
AUCs. Comparing the AUCs in this subgroup, the volume models
yielded greater AUCs than the models with PVE corrected MD. Also, the
PVE uncorrected MD models reached significantly greater AUCs than
PVE corrected MD models.

In all diagnostic group comparisons, the AUCs were numerically
greater for the models containing volume as a predictor than those with
MD as a predictor, although the AUCs mostly did not differ sig-
nificantly.

3.5. Correlation analysis (ROI based)

Partial correlations of regional MD values and volumes are shown in
Fig. 3. In each diagnostic group and for all ROIs, the correlation be-
tween GM MD and GM volume was significantly higher in uncorrected
data than in PVE corrected data (all p < 0.001, Williams' Test). In
some cases, the correlations even became non-significant after PVC was
applied. In the PCC, the differences in correlations before and after PVC
were numerically smaller than the differences in both hippocampi
(range of difference: 0.02 to 0.08 in the PCC and 0.16 to 0.39 in the
hippocampi), indicating more severe PVEs in the hippocampus com-
pared to the PCC. In the right hippocampus, the change in correlation
was considerably higher in the MCI subgroup than in the AD and HC
groups. However, this result could not be reproduced when a different
segmentation and normalization algorithm was used (Fig. S2 in the
Supplementary material).

3.6. Mediation analysis

The results of the mediation analysis can be found in Table 4. As
indicated by the bootstrapped CIs, the indirect effect of regional volume
was significant for the discrimination of AD vs. HC, whereas none of the
direct effects of MD were significantly different from zero. When se-
parating MCI from HC, a trend (90% CI) for an indirect effect could be
found in the left hippocampus, equally for PVE corrected and un-
corrected MD. Numerically, the indirect effects were greater for un-
corrected MD than for corrected MD in the bilateral hippocampi, al-
though the CIs clearly overlapped.

Table 1
Sample characteristics.

Diagnosis AD MCI Healthy controls (HC)

No. of participants (women) 39 (21) 39 (21) 39 (21)
Age, mean (SD)1 74.3 (5.1) 74.9 (5.5) 73.3 (5.3)
Years of education,

mean (SD) 2
11.8 (2.7) 12.5 (2.8) 13.2 (2.8)

MMSE, mean (SD)3 22.56 (4.8) 26.92 (1.7) 28.26 (1.0)

1F(2,114) = 0.92, p = 0.4, 2F(2,114) = 2.61, p = 0.08, 3 F(2,114) = 39.18, p < 0.001.

Fig. 2. T-maps of voxel-wise comparisons between the diagnosis subgroups, controlled for age, gender, years of education and MRI protocol. p < 0.001 (uncorrected), x = −22.
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3.7. Alternative segmentation and normalization (FSL)

Detailed results can be found in the Supplementary material (Tables
S2, S3 and Fig. S2). In sum, the Pearson correlations of the MD and
volume values were moderate to strong (r= 0.54 to 0.85) with the
correlation being the lowest in the PVE corrected MD values (Table 5).

The Pearson correlation of the AUCs resulting from the respective
processing pipelines (FSL vs. SPM) was r = 0.86, indicating a high
overall consistency of the results of the logistic regression.

4. Discussion

In the current study, we evaluated GM MD changes and their di-
agnostic utility in AD and MCI when considering partial volume effects.
In line with our hypothesis, our results showed that partial volume
correction led to a decreased size and number of significant clusters in
voxel-wise comparisons when compared to uncorrected MD values.
Similarly, in the ROI-based analyses, PVE corrected MD was sig-
nificantly inferior in separating diagnostic groups compared to

uncorrected MD and volume. Thirdly, we showed that the relationship
of regional GM MD and diagnosis was significantly mediated by re-
gional volume in AD and HC, and that the correlations between re-
gional MD values and volumes in bilateral hippocampi and PCC were
significantly reduced by PVE correction.

The higher correlations of volume with uncorrected MD compared
to PVE corrected MD suggest that uncorrected MD values are con-
founded by atrophy effects resulting in CSF contamination of measured
GM MD values. This finding underscores the necessity to correct for
PVE if microstructural effects independently of atrophy are the outcome
of interest. Our results are in line with a previous study by Jeon et al.
(2012), analyzing the regional correlations between cortical thickness
and MD in AD, older HC and young HC. Cortical thickness is a measure
that is sensitive to changes in gray matter volume, especially cortical
thinning (Hutton et al., 2009). Jeon et al. (2012) found significant
correlations of MD and cortical thickness in uncorrected data in all
subgroups. These correlations decreased significantly in cognitively
healthy older and AD participants when applying PVC. We found a si-
milar pattern when examining correlations between regional GM MD

Table 2
ROI Analysis of uncorrected and corrected MD values and volumes, controlled for age, gender, years of education and MRI protocol.

Mean (SD)
MD in mm2/s × 10−3

Volume in ml

ANCOVA

AD MCI HC F p (unc.) Partial eta2 Post hoc t-tests, p < 0.05

Left hippocampus MD without PVC 1.22 (0.13) 1.15 (0.08) 1.10 (0.08) 14.61 < 0.001 0.21 AD > MCI, AD > HC
MD with PVC 1.05 (0.10) 1.02 (0.072) 0.99 (0.07) 5.59 < 0.01 0.09 AD > HC

AD > MCI†

Volume 3.77 (0.67) 4.44 (0.64) 4.82 (0.51) 30.16 < 0.001 0.35 AD < MCI < HC
Right hippocampus MD without PVC 1.26 (0.13) 1.19 (0.07) 1.15 (0.08) 13.98 < 0.001 0.23 AD > MCI, AD > HC

MD with PVC 1.10 (0.09) 1.07 (0.06) 1.05 (0.06) 4.9 < 0.01 0.08 AD > MCI†

AD > HC
Volume 2.40 (0.48) 2.85 (0.38) 3.02 (0.32) 26.62 < 0.001 0.33 AD < MCI

AD < HC
PCC MD without PVC 1.24 (0.16) 1.14 (0.10) 1.11 (0.09) 19.68 < 0.001 0.26 AD > MCI, AD > HC

MD with PVC 1.05 (0.15) 0.98 (0.10) 0.95 (0.09) 15.46 < 0.001 0.22 AD > MCI, AD > HC
Volume 11. 93 (1.16) 13.51 (1.11) 13.89 (1.29) 28.38 < 0.001 0.34 AD < MCI

AD < HC

† Post hoc comparisons revealed a trend (p < 0.1).

Table 3
Results of the logistic regression analysis, controlled for age, gender, years of education and MRI protocol.

Diagnosis ROI PVC MD Volume

β AUC [95% CI] β AUC [95% CI]

MCI vs. HC Left hippocampus With PVC 0.55† 0.67 [0.54, 0.78] −0.85** 0.72 [0.60, 0.83]
Without PVC 0.65* 0.69 [0.56, 0.81]

Right hippocampus With PVC 0.46 0.64 [0.51, 0.76] −0.62* 0.68° [0.56, 0.80]
Without PVC 0.73* 0.71 [0.59, 0.82]

Posterior cingulate cortex With PVC 0.39 0.63 [0.50, 0.75] −0.32 0.62 [0.49, 0.74]
Without PVC 0.39 0.63 [0.50, 0.75]

AD vs. HC Left hippocampus With PVC 1.07** 0.72 [0.61, 0.83] −2.64*** 0.90°° [0.81, 0.96]
Without PVC 1.89*** 0.82°° [0.72, 0.90]

Right hippocampus With PVC 0.92** 0.71 [0.59, 0.82] −2.22*** 0.87°° [0.78, 0.94]
Without PVC 1.65*** 0.81°°° [0.70, 0.90]

Posterior cingulate cortex With PVC 2.27*** 0.81 [0.70, 0.90] −2.23*** 0.88° [0.80, 0.95]
Without PVC 2.54*** 0.84°° [0.74, 0.92]

AD vs. MCI Left hippocampus With PVC 0.45 0.61 [0.48, 0.73] −1.40*** 0.79°° [0.69, 0.89]
Without PVC 1.07** 0.72°°° [0.60, 0.83]

Right hippocampus With PVC 0.41 0.57 [0.44, 0.70] −1.29*** 0.78°° [0.67, 0.88]
Without PVC 1.06** 0.71°°° [0.59, 0.82]

Posterior cingulate cortex With PVC 1.81*** 0.75 [0.64, 0.86] −1.73*** 0.84° [0.75, 0.92]
Without PVC 2.05*** 0.79° [0.68, 0.89]

Standardized regression weights (β) resulting from logistic regression analysis. The confidence intervals of the area under the receiver operator characteristic curve (AUC) were calculated
using bootstrapping.
Asterisks (*) indicate significance of the standardized regression weights (***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.1¸). Circles (°) indicate significantly larger AUCs compared to
the AUC of the MDPVC model, determined using bootstrapping (°p < 0.1, °°p < 0.01, °°°p < 0.001). None of the other AUCs differed significantly.
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and volume. However, other studies on GM MD in MCI that did not use
PVE correction found no significant correlations between regional vo-
lumes and MD values (Eustache et al., 2016; Müller et al., 2005). Un-
fortunately, these studies did not report the correlation sizes because of
nonsignificant p-values. Also, only zero order correlations were calcu-
lated without adjustment for age, gender or education. In our study, in
the left hippocampus as well as in the PCC, the correlations between
MD and volume were numerically - albeit not significantly - higher in
AD subjects than in MCI subjects and higher in MCI than in HC subjects.
This is in line with the findings that partial volume effects are more
important in brains with stronger atrophy (Jeon et al., 2012). However,
the correlations in the right hippocampus were lowest in MCI subjects.
As this effect could not be reproduced in the repeated analyses using a
different segmentation and normalization pipeline (Fig. S2 in the Sup-
plementary material), we assume that it is an artefact of the segmen-
tation and normalization algorithm (VBM 8).

This is further supported by the fact that in the mediation analysis
following the approach recommended by Hayes (2013), volume was a
significant mediator in the relationship between MD and diagnosis of
AD vs. HC, regardless of PVC. In the left hippocampus, there was also a
trend for this mediation on the group separation of MCI vs. HC. The

findings of the mediation analysis, but also the strong correlation of GM
MD and GM volume in healthy older subjects and subjects with MCI and
AD suggest that changes in uncorrected MD values are largely explained
by changes in brain volume in these populations. A strong correlation
can be expected in MCI and AD, assuming that alterations of both MD
and volume are caused by the same neurodegenerative process. How-
ever, the fact that the mediating effect of volume persisted after PVC
had been applied could be due to brain atrophy that was already too
advanced in these subjects to allow for a sufficient PVE correction. This
would mean that MD value estimation would still partly be driven by
CSF contamination.

Fig. 3. Partial correlations of uncorrected and corrected GM MD values with GM volume, controlled for MRI protocol, age, gender and years of education.
The bars on the left always represent the MD values without PVC, bars on the right represent MD values with PVC.
*indicates significant differences of the partial correlations according to the Williams' test, error bars show confidence intervals (95%) of correlation coefficients.

Table 4
Results of the mediation analysis, controlled for age, gender, years of education and MRI protocol.

Diagnosis ROI PVC Direct Effect (c′)
β [95% CI]

Indirect effect (a ∗ b)
β [95% CI]

MCI vs. HC Left hippocampus With PVC −0.45 [−1.17, 0.28] −0.23† [−0.73, 0.002]
Without PVC −0.53 [−1.44, 0.38] −0.38† [−1.09, 0.01]

Right hippocampus With PVC −0.46 [−1.24, 0.31] −0.17 [−0.56, 0.04]
Without PVC −0.71 [−1.16, 1.06] −0.21 [−1.13, 0.31]

Posterior cingulate cortex With PVC −0.32 [−1.43, 0.79] −0.22 [−0.98,0.24]
Without PVC −0.35 [−1.45, 0.74] −0.22 [−1.01, 0.33]

AD vs. HC Left hippocampus With PVC −0.47 [−1.47, 0.54] −1.28* [−2.43, −0.44]
Without PVC −0.68 [−1.9, 0.54] −1.75*[−3.26, −0.63]

Right hippocampus With PVC 0.35 [−0.55, 1.24] −1.44* [−2.64, −0.65]
Without PVC −0.06 [−1.22, 1.10] −1.74* [−3.72, −0.42]

Posterior cingulate cortex With PVC −0.69 [−2.15, 0.76] −1.83* [−3.32, −0.66]
Without PVC −1.04 [−2.52, 0.44] −1.52* [−2.95, −0.32]

AD vs. MCI Left hippocampus With PVC −0.02 [−0.65, 0.62] −0.51* [−1.07, −0.14]
Without PVC −0.37 [−1.18, 0.44] −0.74* [−1.41, −0.18]

Right hippocampus With PVC 0.05 [−0.52, 0.61] −0.48* [−0.97, −0.15]
Without PVC −0.27 [−1.07, 0.54] −0.77* [−1.54, −0.1]

Posterior cingulate cortex With PVC −0.23 [−1.52, 1.07] −1.61* [−3.23, −0.53]
Without PVC −0.60 [−1.9, 0.70] −1.3* [−2.73, −0.33]

* The 95% CI does not include zero.
† the corresponding 90% CI does not include zero.

Table 5
Pearson correlations of the imaging values (MD and volume) resulting from the FSL and
SPM processing pipelines.

Left hippocampus Right hippocampus PCC

MD Without PVC 0.74** 0.77** 0.85**
With PVC 0.54** 0.59** 0.79**

Volume 0.82** 0.82** 0.53**

** p < 0.01.
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Comparing the diagnostic accuracy of MD and volume, regional MD
was not a better indicator for separating AD from HC than regional
volume, as indicated by consistently larger AUCs for volume as a pre-
dictor. This finding contradicts some previous studies on regional gray
matter MD and volume changes in MCI and AD subjects (Fellgiebel
et al., 2006; Kantarci et al., 2005; Müller et al., 2007), but is in line with
recent findings in an independent sample (Brueggen et al., 2015). As
argued there, those studies that found hippocampal MD to be a better
predictor for diagnosis or conversion than hippocampal volume did not
control for gender, age and education. Also, the sample sizes were
smaller than in this recent (Brueggen et al., 2015) and our current
study. Considering the different ROIs, we found that the AUCs for both
volume and MD of the left hippocampus were greater than those of the
right hippocampus and of the PCC. This agrees with a meta-analysis
that showed hippocampal asymmetry in MCI and AD cases (Shi et al.,
2009).

From our findings, we would conclude that GM MD is not a more
useful marker than volume of the hippocampus for detecting prodromal
and clinical stages of AD. We showed that the changes in uncorrected
GM MD values in MCI and AD patients largely reflect the macro-
structural changes in regional brain volume. Although this resulted in a
better diagnostic accuracy compared to the PVE corrected MD values,
only PVE corrected GM MD values constitute a specific marker of mi-
crostructural changes over the course of AD. In contrast to later AD
stages, however, one may expect that MD is a useful marker of a neu-
rodegenerative process at very early disease stages that are not yet
characterized by overt macrostructural brain atrophy, such as pre-
clinical AD, i.e. cortical amyloidosis without clinical symptoms and
limited GM atrophy (Dubois et al., 2014). Also, findings in healthy older
people support the assumption that MD may be more sensitive in
healthy individuals without significant brain atrophy. Carlesimo et al.
(2010) could show that left hippocampal MD was correlated with
cognitive performance in cognitively normal older people. Although not
correcting for PVE, they observed that hippocampal MD predicted
cognitive performance more sensitively than hippocampal volume.
Subsequently, it would be interesting to analyze the relationship of PVE
corrected hippocampal MD and amyloid accumulation in preclinical
AD.

As a limitation, the MCI subjects of our sample were not uniquely
amnestic MCI. Thus, our sample is more heterogeneous than the MCI
subgroups in other studies (Cherubini et al., 2010; Fellgiebel et al.,
2006; Müller et al., 2007; Scola et al., 2010). Second, in our study, we
applied the previously validated CSF contamination model by Koo et al.
(2009). However, if FLAIR DTI or DTI with more than one non-zero b-
value had been available for the sample, DTI maps with suppressed CSF
signal could have been obtained so that additional PVC would have
been unnecessary (Kantarci et al., 2005; Salminen et al., 2016a). Future
studies should assess the impact of different PVC methods on the MD
estimates. The approach by Salminen et al. (2016a, 2016b) may be
especially promising for clinical practice as it does not require addi-
tional scanning time.

In general, as the PVC method by Koo et al. directly uses the seg-
mented maps resulting from VBM8, our results are potentially sensitive
to the choice of segmentation and normalization algorithm. However,
there was a high consistency of findings in PVE corrected MD data
across segmentation/normalization approaches, underscoring the
overall relevance of findings irrespective of the normalization or seg-
mentation pipeline. Future studies should systematically evaluate the
sensitivity of GM MD estimates to the choice of segmentation and
normalization.

5. Conclusion

Evaluating the diagnostic utility of GM MD in AD and MCI, we
found that the effects of MD are being overestimated without PVC when
using the PVC proposed by Koo et al. (2009). Therefore, when

comparing groups with different levels of atrophy, correction for PVE is
indispensable. However, when comparing the diagnostic utility of
corrected and uncorrected regional MD to regional volume, regional
MD was not superior to volume in separating the potentially prodromal
and the clinical stages of AD from matched healthy controls. Future
studies need to test whether PVE-corrected MD may be more useful at
the preclinical stage of AD.
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Figure S1. Partial correlation plots for each ROI and diagnosis subgroup. In these plots,  
“volume” is short for “standardized residuals from regressing volume on covariates (age,  
gender, years of education and MRI protocol) and “MD” is short for “standardized residuals  
from regressing MD on covariates”. 
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3. Results after Segmentation and Normalization using FSL 
 
Quality control revealed incorrect normalization (FNIRT) in 3 subjects, so that sample size for the 
following results is N=38 for each diagnostic subgroup. 

Table S2. ROI Analysis of uncorrected and corrected MD values and volumes resulting from segmentation and 
normalization using FSL. Results are controlled for age, gender, years of education and MRI protocol (N=38 for each 
subgroup) 

 Mean (SD) 
MD in mm²/s x 10-3 
Volume in ml 

ANCOVA 

AD 
 

MCI HC F p 
(unc.) 

partial 
eta² 

Post hoc t-
tests, p<.05 

Left 
Hippocampus 

MD without PVC  1.00 
(.12) 

.89 
(.11) 

.85 
(.09) 

20.01 <.001 .27 AD>MCI, 
AD>HC 

MD with PVC .76 
(.11) 

.72 
(08) 

.72 
(.09) 

2.87 .061 .05  

Volume  3.31 
(.66) 

4.00 
(.60) 

4.33 
(0.46) 

34.59 <.001 .39 HC>MCI>AD 

Right 
Hippocampus 

MD without PVC 1.07 
(.15) 

.93 
(.11) 

.89 
(.09) 

22.81 <.001 .30 AD>MCI 
AD>HC 

MD with PVC .81 
(.12) 

.77 
(.08) 

.75 
(.08) 

3.8 <.05 .07  

Volume 2.88 
(.68) 

3.60 
(.63) 

3.85 
(0.53) 

29.11 <.001 .35 AD<HC 
AD<MCI 

PCC MD without PVC 1.00 
(.13) 

.90 
(.08) 

.88 
(.08) 

14.92 <.001 .22 AD>MCI 
AD>HC 

MD with PVC .75 
(.12) 

.69 
(.07) 

.69 
(.08) 

6 <.01 .10 AD>HC 
AD>MCI 

Volume 13.54 
(1.45) 

14.03 
(1.01) 

14.13 
(1.08) 

3.27 <.05 .06 AD<HC 
AD<MCI† 

† post hoc comparisons revealed a trend (p<.01). 

 

 

 

 

 

 

 

 

 

 



Table S3. Results of the logistic regression analysis using the volume and MD values that resulted from an alternative 
segmentation and normalization algorithm (FSL). Covariates were age, gender, years of education and MRI protocol 
(N=38 for each subgroup). 

Diagnosis ROI PVC MD Volume 
 AUC [95% CI]  AUC [95% CI] 

MCI vs. HC Left 
Hippocampus 

With PVC .01 .62 [.49, .74] -.70 .67* [.54, .79] 
Without 
PVC 

.39 .63 [.50, 75] 

Right 
Hippocampus 

With PVC .06 .61 [.48, .74] -.41 .63 [.49, .75] 
Without 
PVC 

.41 .64 [.52, .77] 

Posterior 
Cingulate 
Cortex 

With PVC .02 .62 [.49, .74] -.15 .63 [.49, .74] 
Without 
PVC 

.15 .62 [.49, .74] 

AD vs. HC Left 
Hippocampus 

With PVC .65* .72 [.60, .83] -3.34*** .93 [.86, .98] 
Without 
PVC 

2.09*** .88 [.80, .95] 

Right 
Hippocampus 

With PVC .74* .73 [.61, .84] -2.88*** .92 [.84, .98] 
Without 
PVC 

2.09*** .87 [.79, .95] 

Posterior 
Cingulate 
Cortex 

With PVC .92** .73 [.62, .84] .62* .71 [.59, .82] 
Without 
PVC 

1.61*** .82 [.71, .91] 

Standardized regression weights  resulting from logistic regression analysis. The confidence intervals of the 
area under the receiver operator characteristic curve (AUC) were calculated using bootstrapping. 
Asterisks (*) indicate significance of the standardized regression weights (***  p<.001, **p<.01, *p<.05, † p<.1).  

 

 

   
Figure S2. Partial correlations of uncorrected and corrected GM MD values with GM volume using imaging measures 
resulting from an alternative segmentation and normalization algorithm (FSL). The partial correlations were controlled 
for MRI protocol, age, gender and years of education (N=38 for each subgroup).  
The bars on the left always represent the MD values without PVC, bars on the right represent MD values with PVC  
* indicates significant differences of the partial correlations according to the Williams’ test, error bars show confidence 
intervals (95%) of correlation coefficients. 
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Background: In monocentric studies, patients with mild cognitive impairment (MCI) and Alzheimer's disease
(AD) dementia exhibited alterations of functional cortical connectivity in resting-state functional MRI (rs-
fMRI) analyses.Multicenter studies provide access to large sample sizes, but rs-fMRImay be particularly sensitive
to multiscanner effects.
Methods: We used data from five centers of the “German resting-state initiative for diagnostic biomarkers”
(psymri.org), comprising 367 cases, including AD patients, MCI patients and healthy older controls, to assess
the influence of the distributed acquisition on the group effects. We calculated accuracy of group discrimination
based onwhole brain functional connectivity of theposterior cingulate cortex (PCC)using pooled samples aswell
as second-level analyses across site-specific group contrast maps.
Results: We found decreased functional connectivity in AD patients vs. controls, including clusters in the
precuneus, inferior parietal cortex, lateral temporal cortex and medial prefrontal cortex. MCI subjects showed
spatially similar, but less pronounced, differences in PCC connectivity when compared to controls. Group dis-
crimination accuracy for AD vs. controls (MCI vs. controls) in the test data was below 76% (72%) based on the
pooled analysis, and even lower based on the second level analysis stratified according to scanner. Only a subset
of quality measures was useful to detect relevant scanner effects.
Conclusions:Multicenter rs-fMRI analysis needs to employ strict quality measures, including visual inspection of
all the data, to avoid seriously confounded group effects.While pending further confirmation in biomarker strat-
ified samples, these findings suggest that multicenter acquisition limits the use of rs-fMRI in AD and MCI
diagnosis.

© 2017 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Criteria for prodromal Alzheimer’s disease (AD) (Albert et al., 2011;
Dubois et al., 2010; Dubois et al., 2007; Dubois et al., 2014) and AD de-
mentia (McKhann et al., 2011) diagnosis include structural imaging

markers, such as MRI based hippocampus volumetry, molecular imag-
ing markers, such as amyloid PET, and functional imaging markers,
such as 18FDG-PET. All these imaging markers have already been evalu-
ated in large multicenter cohorts, such as ADNI, EDSD, NEST-DD and
others (Doraiswamy et al., 2014; Herholz, 2010; Kilimann et al., 2014;
Risacher et al., 2009).

Particularly, FDG-PET has proven a precise predictor of imminent
conversion from mild cognitive impairment (MCI) to AD dementia
(Ito et al., 2015). At the same time, PET imaging is relatively expensive
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and availability of PET scanners is limited. Resting state fMRI (rs-fMRI)
has been discussed as a functional imaging alternative for 18FDG-PET
(Teipel et al., 2015). Decline of default mode network connectivity, a
brain network encompassing key regions of AD pathology such as pos-
terior cingulate, precuneus, inferior parietal lobes, prefrontal cortex and
medial temporal lobes (Fox et al., 2005), has been shown in AD demen-
tia and MCI patients compared to age matched controls in a range of
studies (Chhatwal et al., 2013; Greicius et al., 2004; Thomas et al.,
2014). Results on diagnostic accuracies are mixed, ranging from 62%
to N90% group separation of MCI or AD dementia cases from healthy
control cases in monocenter studies (Dyrba et al., 2015b; Koch et al.,
2012). Such variation across studies likely not only reflects differences
in the cohorts, but also variation in acquisition parameters of rs-fMRI se-
quences between studies. High variability of group discrimination
across sites, however, would severely diminish the value of rs-fMRI as
an imaging biomarker of AD.

Multicenter studies in healthy people revealed high variability of
task related functional MRI image properties, such as transient signals,
smoothness and the shape of the hemodynamic response function,
even when multicenter data stemmed from the same brand and
model of scanners (Zou et al., 2005). Consistent with these findings,
test-retest reliability studies of rs-fMRI suggest high intra-individual
variability of resting state connectivity even in healthy people repeated-
ly scanned at the same scanner (Chen et al., 2015; Jovicich et al., 2016;
Lin et al., 2015; Meindl et al., 2010; Orban et al., 2015; Shirer et al.,
2015), including long-term evaluation after more than 12 months
(Blautzik et al., 2013; Chou et al., 2012; Guo et al., 2012). Multiscanner
evaluation suggests high variability of signal-to-noise and contrast-to-
noise ratios, particularly when using field strengths of 3T and higher
(Jovicich et al., 2016; Lin et al., 2015;Magnotta et al., 2006). In an explic-
it linear model, center accounted for a large amount of variance across
voxel-wise resting state connectivity (Suckling et al., 2012).

Several rs-fMRI multicenter studies have investigated alterations of
functional connectivity in AD and other neuropsychiatric conditions,
but without consideration of multiscanner effects (Esslinger et al.,
2011) even though protocols differed between sites in some studies
(Chhatwal et al., 2013; Demertzi et al., 2015; Martucci et al., 2015;
Sripada et al., 2014; Thomas et al., 2014). Some of these studies used
the same scanner type across sites (Demertzi et al., 2015; Esslinger et
al., 2011; Thomas et al., 2014), but some did not (Chhatwal et al.,
2013; Martucci et al., 2015; Sripada et al., 2014).

Several studies reported techniques to reduce inter-scanner
variability, mostly, however, in data from healthy people. One
study probed a wide range of processing steps to reduce test-retest
variability (Shirer et al., 2015). Another study comparing different
connectivity metrics found most stable results for cross-correlation
as compared to cross-coherence and partial cross-correlation
(Fiecas et al., 2013). Two studies in healthy adults and young people
at risk of psychosis, respectively, used scanner as a covariate in a
second-level linear ANOVA model (Anticevic et al., 2015; Biswal et
al., 2010), another study in healthy adults used conjunction analysis
across scanners (Long et al., 2008). Only one previous study explicit-
ly modelled center effects in healthy older people and MCI cases
using a meta-analysis of between group effects across four different
cohorts (Tam et al., 2015).

Here, we used rs-fMRI data of people with AD dementia, MCI and
healthy older controls from the “German resting-state initiative for
diagnostic biomarkers” (www.psymri.org) collected at five sites to
compare previously employed measures of scan quality across sites
(Jenkinson et al., 2002; Yan et al., 2013a), determine the effect of mul-
ticenter acquisition on between group effects, and assess diagnostic
accuracies from different univariate analysis approaches. We expect-
ed to find large heterogeneity of between group effects that would
likely impair the use of multicenter rs-fMRI data as diagnostic
biomarker for AD.We used thewidely established structural measure
of hippocampus volume that has been found to be stable against

multicenter effects (Ewers et al., 2006) as an internal benchmark for
the functional connectivity metric.

2. Material and methods

The original data set consisted of 367 rs-fMRI scans that have been
retrieved retrospectively from five sites within the framework of the
“German resting-state initiative for diagnostic biomarkers” (www.
psymri.org). After a first round of visual quality check, 350 rs-fMRI
datawere retained, whereas 17 scanswere dropped due to severe prob-
lemswith scan quality, incomplete scans or scans covering only parts of
the brain. From the remaining 350 scans, all 100 scans from one site
(site V) were rated as borderline quality due to severe susceptibility ef-
fects and subsequent analyses were conducted both with and without
the scans from this site. Distribution of demographic characteristics of
participants across sites is summarized in Tables 1 and 2; the number
of participants per scanner is shown in supplementary table 1.

The retained data included scans from 84 patients with clinically
probable AD according to NINCDS-ADRCA criteria (McKhann et al.,
1984), 115 individuals fulfilling Mayo criteria of amnestic MCI
(Petersen et al., 1999) and 151 healthy elderly control individuals. All
participants were free of any significant neurological, psychiatric, or
medical condition (except for AD or MCI in patients), in particular cere-
brovascular apoplexy, vascular dementia, depression, or subclinical hy-
pothyroidism, as well as substance abuse. Healthy controls were
required to have no cognitive complaints and scored within one stan-
dard deviation of the age and education adjusted norm in all subtests
of the Consortium to Establish a Registry of Alzheimer’s Disease
(CERAD) cognitive battery (Morris et al., 1989).

Written informed consent was provided by all subjects, or their rep-
resentatives. The studywas approved by local ethics committees at each
of the participating centers, and has been conducted in accord with the
Helsinki Declaration of 1975.

Table 1
Demographic characteristics, all sites

AD MCI Controls

No. cases (women)1 84 (46) 115 (59) 151 (82)
Age (SD) [years]2 72.0 (9.0) 72.6 (8.0) 69.0 (7.8)
MMSE (SD), number3 22.4 (4.4), 84 26.7 (1.8), 115 28.9 (1.0) 115
MoCA (SD), number4 – 22.7 (3.0), 22 26.4 (2.1), 19
education (SD) [years]5 10.9 (2.4) 12.4 (3.3) 12.9 (3.1)

MMSE – Mini Mental State Examination (Folstein et al., 1975)
MoCA – Montreal Cognitive Assessment (Nasreddine et al., 2005)

1 Not significantly different between groups, χ2 = 0.315, 2 df, p = 0.85.
2 Significantly different between groups, F(2, 347) = 7.5, p b 0.001.
3 Significantly different between groups, Kruskal Wallis Test, p b 0.001.
4 Significantly different between groups, Kruskal Wallis Test, p b 0.001.
5 Significantly different between groups, F(2, 323) = 11.4, p b 0.001.

Table 2
Demographic characteristics, one site excluded.

AD MCI Controls

No. cases (women)1 53 (31) 79 (43) 118 (61)
Age (SD) [years]2 72.4 (8.8) 74.8 (6.0) 70.4 (6.2)
MMSE (SD), number3 22.5 (4.4), 53 26.5 (1.8), 79 28.8 (1.0) 97
MoCA (SD), number4 – 22.7 (3.0), 22 26.4 (2.1), 19
education (SD) [years]5 11.4 (2.1) 13.0 (3.4) 13.6 (3.1)

MMSE – Mini Mental State Examination (Folstein et al., 1975)
MoCA – Montreal Cognitive Assessment (Nasreddine et al., 2005)

1 Not significantly different between groups, χ2 = 0. 689, 2 df, p = 0.71.
2 Significantly different between groups, F(2, 247) = 9.8, p b 0.001.
3 Significantly different between groups, Kruskal Wallis Test, p b 0.001.
4 Significantly different between groups, Kruskal Wallis Test, p b 0.001.
5 Significantly different between groups, F(2, 246) = 9.73, p b 0.001.
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2.1. Imaging and data acquisition

Data were obtained from five different 3.0 Tesla MRI scanners. Ac-
quisition parameters for the rs-fMRI sequences are given in Table 3. In
one center (site I), the subjects were instructed to keep their eyes
open, whereas in the remaining centers (sites II-V) all subjects were re-
quested to close their eyes, relax, but not to fall asleep. Functional MRI
was based on echo-planar imaging using scan durations between 6
and 9min for the rs-fMRI sequence. The number of acquired time points
was between 120 and 240 with a voxel size ranging from 2 × 2 × 2.6 up
to 3.28 × 3.28 × 4.4 mm3 (Table 3). Anatomical scans were obtained
from all scanners with an isotropic resolution of 1 mm3 during the
same session.

2.2. MR processing

The anatomical T1-weighted image for each participant was seg-
mented into gray matter, white matter, and cerebrospinal fluid (CSF)
partitions of 1.5 mm isotropic voxel-size using the tissue prior free seg-
mentation routine of theVBM8-toolbox (Gaser et al., 1999) that extends
Statistical Parametric Mapping (SPM8) (Friston et al., 2007). The
Diffeomorphic Anatomical Registration Through Exponentiated Lie al-
gebra (DARTEL) algorithm (Ashburner, 2007) was applied to normalize
the T1-weighted graymatter andwhitematter partitions to theMontre-
al Neurological Institute (MNI) reference coordinate system using the
default brain template included in VBM8. Individual flow-fields
resulting from the DARTEL registration to the reference template were
used to warp the gray matter segments. Voxel values of the warped
gray matter segments were only modulated for the non-linear compo-
nent of the deformation field, thus accounting at this step for differences
in head size which are modeled by the affine component of the
transformation.

FunctionalMRI data processingwas carried out usingData Process-
ing Assistant for Resting-State fMRI (DPARSF 3.2) (Chao-Gan and Yu-
Feng, 2010), considering the recommendations from a recent systemat-
ic evaluation of processing alternatives (Shirer et al., 2015). After the re-
moval of the first six images to account for gradient field stabilization,
the rs-fMRI data was slice time corrected and realigned to the temporal
mean image. Slice time correction addresses the problem that, for func-
tional MRI, the 3D image of one time point is typically obtained by ac-
quiring a series of 2D slices, with each slice being acquired one after
another within the full period of one repetition time, for instance
three seconds (Table 3). Thus, different slices of one 3D image measure
the brain activity at a slightly different moment in time (Sladky et al.,
2011). Slice time correction compensates for phase shifts in the time se-
ries signal using the cardinal sine interpolation based on the fast Fourier
transform (Sladky et al., 2011). Sladky et al. found that this correction
step improved the stability of estimates and magnitude of effects ob-
tained from event-related and block design paradigms in task-based
functional MRI (Sladky et al., 2011). It is also commonly applied to rs-
fMRI data for both approaches seed-based functional connectivity and
independent component analysis (Dyrba et al., 2015b; Koch et al.,
2012; Meindl et al., 2010; Power et al., 2014; Yan et al., 2013b), which
assess the correlation or homogeneity of the time series signal of remote
brain regions or voxels. Controversially, previous studies only found
minor, non-significant effects of applying slice time correction to rs-
fMRI data (Shirer et al., 2015; Wu et al., 2011). These observations
may be due to the subsequent step of bandpass filtering, which elimi-
nates high-frequency components of the data with a wavelength of
less than ten seconds and, thus, reduces the influence of slight short-
term inaccuracies. The anatomical T1-weighted image for each partici-
pant was coregistered to the mean functional image. The deformation
fields generated by DARTEL from the anatomical T1-weighted images
were used to project the functional scans from each subjects’ native
image space into the MNI reference space. We combined this step
with the reslicing of all functional data to an isotropic resolution of 3 Ta
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mm. The subsequent nuisance regression included covariates of head
movement (rotation, translation, and derivatives) and the mean time
courses for the global brain signal, the white matter segment signal,
and the CSF segment signal. Although global signal regression was
found to introduce negative correlations (Murphy et al., 2009; Shirer
et al., 2015), studies consistently reported that it effectively reduces
the signal-to-noise ratio (Power et al., 2014; Shirer et al., 2015; Yan et
al., 2013a). Recently, Shirer et al. evaluated the influence of global signal
regression on group separation but only found a minor, non-significant
effect (Shirer et al., 2015). Subsequently, the images were band-pass fil-
tered using the frequency band0.1–0.01Hz and smoothed using a 6mm
full-width-at-half-maximum(FWHM)Gaussian kernel. Ventral posteri-
or cingulate cortex (PCC) functional connectivity maps were calculated
using a spherical seed with 4 mm radius, which was set at MNI position
0,-53,26 (Hedden et al., 2009). Finally, Pearson correlation coefficients
of the signal time courses were adjusted to be normally distributed
using Fisher's Z-transform (Fisher, 1915): z = 0.5 ln [(1 + r)/(1− r)].

2.3. Extraction of hippocampus volumes

Amask for the hippocampus was obtained bymanual delineation of
the hippocampus in the reference template (Grothe et al., 2012) using
the interactive software package Display (McConnell Brain Imaging
Centre at the Montreal Neurological Institute) and a previously de-
scribed protocol for segmentation of the medial temporal lobe
(Pruessner et al., 2000). Individual gray matter volumes of the hippo-
campuswere extracted automatically from thewarped graymatter seg-
ments by summing up the modulated gray matter voxel values within
hippocampus ROI in the reference space.

3. Statistics

3.1. Quality control measures for scanner effects

We compared previously employed scan characteristics across scan-
ners and diagnostic groups, including:

• Framewise displacement (FD) – mean and percentage above thresh-
old (0.5 mm) (Jenkinson et al., 2002; Power et al., 2012; Power et
al., 2014; Yan et al., 2013a)

• Temporal signal-to-noise ratio (tSNR) (Marcus et al., 2013; Welvaert
and Rosseel, 2013)

• Standardized DVARS – root mean square of change in signal intensity
from one time point to the next (Power et al., 2012)

• Percentage of outlier voxels (Zuo et al., 2014)
• Foreground to background energy ratio (FBER) (Zuo et al., 2014)
• Fractional amplitude of low frequency fluctuations (fALFF) (Yan et al.,
2013b).

Additionally, we compared the regional correlations between PCC
and anterior medial prefrontal cortex (aMPFC) time courses between
scanners and groups, based on spherical seed regions with a radius of
4 mm at MNI coordinates 0, −53, 26 (PCC) (Hedden et al., 2009) and
−6, 52, −2 (aMPFC) (Andrews-Hanna et al., 2010).

To limit the number of measures, we decided not to use some previ-
ously employedmeasures (Zuo et al., 2014), such as entropy focus crite-
rion (EFC) (Atkinson et al., 1997), image smoothness (IS) (Zuo et al.,
2014), or ghost-to-signal ratio (GSR). The GSR needsmanual interaction
for the definition of the area of ghost artifacts in native subject space and
was obsolete for the detection of poor scan quality as our scans
underwent visual inspection. We excluded EFC and IS which target
strong blurring, motion, and noise and become redundantwhen includ-
ing tSNR, percentage of outlier voxels, FD, and FBER.

A description of the quality measures can be found in the supple-
mentary material section.

3.2. Spatial pattern of group differences

Wedetermined differences in voxel-wise correlations of PCC activity
between AD patients and controls and between MCI patients and con-
trols using two different univariate approaches to take scanner effects
into account:

• First, we determined group differences using a fixed effects linear
model with diagnosis and scanner as independent factors, henceforth
referred to as pooled analysis with scanner covariate. Significant clus-
ters were identified with at least 10 voxels passing the uncorrected
threshold of p b 0.01.

• Secondly, we used a second level analysis with linear models of be-
tween group differences at the first level and a one-sample t-test of
the between group effects across the 3 scanners for AD vs. control
comparison and 5 scanners for the MCI vs. control comparison at the
second level. Significant clusters were identified with at least 10
voxels passing the uncorrected threshold of p b 0.01.

Additionally, we assessed the spatial coherence of voxel-wise group
differences between single scanners using conjunction analysis (Friston
et al., 2005). Conjunction analysis resembles an ANOVA model for de-
tecting group effects for more than two groups, but allows setting a
threshold k to define the minimum number of effects, so that a second
level group effect is considered to be present in a given voxel if a signif-
icant group difference had been found for at least k individual scanners
(Friston et al., 2005). With our data, the value of k could range from 1,
indicating an effect for at least one single scanner, to 5, indicating that
a group effect must be present for each of the five scanners.

3.3. Accuracy of group discrimination

We defined regions of interest (ROI) as those brain regions that
showed significant group differences in the voxel-based compari-
sons of AD or MCI and healthy control subjects. Specifically, we
binarized the statistical maps thresholded at p b 0.01 as described
above for each statistical approach (i.e., pooled analysis, and second
level analysis) yielding 2 (statistical approach) × 2 (AD vs. controls
and MCI vs. controls) = 4 different ROIs. For each of these ROIs, we
extracted averaged Fisher's Z-transformed correlation coefficients.
To this end, the individual voxel-wise correlation maps in MNI stan-
dard space were multiplied by the thresholded binary ROIs, and the
voxel values within each ROI were averaged for each individual
scan, yielding scalar markers as predictors in linear logistic regres-
sion analyses.

To obtain an estimate of the accuracy of group discrimination for
each modality and analysis technique, we used block-wise cross valida-
tion with repeated random sampling, based on Gaussian-distributed
random numbers generated in R. We repeatedly split the data set into
63.2% of training data and 36.8% of test data. For each of the repeatedly
drawn training samples, the logistic regression parameters were esti-
mated and subsequently applied to the remaining test data set. Classifi-
cation accuracy, sensitivity, and specificity as well as area under the
receiver operating characteristic curves were recorded for each test
data set. The entire cross-validation process was iterated 1000 times
to determine the variability of the estimates of accuracy across runs.
We determined nonparametric bootstrap confidence intervals with
the 2.5 and 97.5 percentiles defining the lower and upper limits of the
confidence interval ((Efron and Tibshirani, 1993), Chapter 13). Logistic
regression analysis was calculated in R, using function glmwith the pa-
rameter 'family' = binary.

To define a benchmark for the effect size of group discrimination,we
repeated the bootstrapped determination of the area under the receiver
operating characteristic curves for the widely established measure of
hippocampus volume, averaged across left and right hemispheres.

186 S.J. Teipel et al. / NeuroImage: Clinical 14 (2017) 183–194



3.4. Scanner effects

We employed variance component analysis using libraries “nlme”
and “ape” in R with the function “varcomp” to determine the effect of
scanner on functional connectivity, with diagnosis as fixed effect covar-
iate and scanner as randomeffect covariate.We determined the propor-
tion of variance attributable to scanner relative to the variance
attributable to error. Variances were scaled to sum to 1.

4. Results

4.1. Quality control measures for scanner effects

Framewise displacement showed comparable displacements across
sites, both in mean values as well as in percentage of framewise dis-
placement N0.5 mm. Similarly, the foreground-to-background energy
ratio, the fractional amplitude of low frequency fluctuations in PCC,
and the mean functional connectivity between PCC and anterior medial
prefrontal cortex indicated no outlying center (Supplementary Fig. 1 to
5). When looking at single sites, differences between diagnostic groups
showed a general trend in the expected direction that only occasionally
reached statistical significance. For instance, cognitively impaired pa-
tients showed slightlymore headmotion than controls (Supplementary
Fig. 1) and lower temporal signal-to-noise ratio (supplementary figure
6). Meanwhole brain temporal signal-to-noise ratio, themean percent-
age of outlier voxels, and standardized DVARS identified an outlier in
the site V data, with significantly decreased tSNR and standardized
DVARS, and increased number of outlier voxels in the healthy control
group compared to the MCI and AD group (Supplementary Figs. 6 to
8), one-sided Wilcoxon tests, p b 0.01. Site II showed a significantly re-
duced tSNR compared to the other sites (Supplementary Fig. 6), two-
sided t-test, p b 0.001; but this systematic bias was evenly distributed
across all subject groups.

4.2. Spatial pattern of group differences

We found group differences between AD patients and controls and
between MCI patients and controls both in the pooled data analysis as
well as the second level analysis only at an uncorrected level of signifi-
cance of p b 0.01, but no effects at an uncorrected p-value of 0.001. Func-
tional connectivity of the PCC was smaller in AD and MCI cases
compared to controls when the data of site V were removed from the
analysis. Peak areas of group effects were located in the mid temporal
cortex, anterior cingulumand inferior parietal cortex (including angular
gyrus) for the AD vs. control comparison, and in the precuneus, middle
cingulate cortex, insula cortex, fusiform gyrus and medial temporal
lobes (including amygdala and parahippocampal cortex) for the MCI
vs. controls comparison (Figs. 1 and 2). The conjunction analysis re-
vealed small clusters in only few regions when setting the minimum
number of effects to k = 2, i.e. when group effects were significant in
data from at least two scanners (data not shown). For the MCI vs. con-
trols comparison, no cluster survived when the number of effects k
was N2. When the data of site V were included in the analysis, effects
were in the opposite direction with larger functional connectivity in
the AD and MCI cases compared to controls (data not shown).

4.3. Accuracy of group discrimination

These analyses were only conducted in the sample without includ-
ing the data of site V. The distribution of MCI and control cases was rel-
atively well balanced across the four sites. Since the distribution of AD
cases was imbalanced across sites, the analyses for the AD vs. control
comparisons were repeated across all sites and across the only two
sites with a balanced number of AD cases and controls.

For the AD vs. controls comparison, mean AUCs in the test data
ranged from 74% for the second level data to 82% for the pooled data,
and accuracies ranged from 69% for the second level data to 76% for

Fig. 1. AD vs. control comparison Group effects of PCC functional connectivity differences between AD patients and controls, using (Panel a) a fixed effect analysis pooling all scans across
scanners with scanner as covariate, and (Panel b) a second level analysis with scanner as second level factor. Significant cluster of at least 10 voxel passing an uncorrected threshold of
significance of p b 0.01, are projected onto an anatomical MRI scan in MNI space. Numbers in the upper left corner of each image slice indicate the MNI z-coordinate, i.e. the axial
section in MNI space. Color bars represent color coding for Cohen's d effect size estimates (Cohen, 1977) for the pooled analysis, and T values for the second level analysis, respectively.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

187S.J. Teipel et al. / NeuroImage: Clinical 14 (2017) 183–194



the pooled data (Table 4 and Figure 3). For theMCI vs. controls compar-
ison, AUCs (accuracies) ranged from 71% (66%) for the second level data
to 81% (72%) for the pooled data (Table 4 and Figure 4).

For comparison, the AUCs for left and right averaged hippocampus
volume were 86% [2.5/97.5th percentile confidence interval 77%/95%]
for the AD vs. controls comparison, and 74% [2.5/97.5th percentile confi-
dence interval 65%/84%] for the MCI vs. controls comparison.

To determine if levels of accuracy measures (AUC and overall
accuracy) differed significantly between the values derived from
the pooled vs. the 2nd level data, we used the degree of overlap
between confidence intervals of the bootstrapped cross-validation
data following Afshartous' rule (Afshartous and Preston, 2010).
This rule considers the correlation of accuracy measures between
samples and the ratio of the standard errors of the accuracy
measures of both samples. Following this approach, neither AUCs
nor overall accuracies were significantly different between the
pooled and the 2nd level test data for the AD vs. controls and the
MCI vs. controls comparisons, respectively, at a two tailed signifi-
cance level of p b 0.05.

4.4. Scanner effects

Excluding site V, for the AD vs. control comparison, the proportion of
variance attributable to scanner relative to the error variance was 6.6%
across all sites and 6.3% for the two sites with balanced group distribu-
tion, and was 5.1% for the MCI vs. control comparison.

5. Discussion

In a relatively largemulticenter data set of retrospectively pooled rs-
fMRI data we found spatially restricted differences in PCC whole brain
functional connectivity between AD patients and controls and MCI pa-
tients and controls, both in a pooled analysis and a second level analysis
stratified according to scanner. The effects were in the expected direc-
tion with connectivity smaller in AD/MCI than in controls when remov-
ing the data of one site that had failed on visual data inspection, the
quality assessments for tSNR and the standardized DVARS, but met all
other quality assessments employed. Our findings lead to two major
conclusions: Multicenter rs-fMRI using seed based functional

Fig. 2.MCI vs. control comparison Group effects of PCC functional connectivity differences betweenMCI patients and controls, using (Panel a) a fixed effect analysis pooling all scans across
scanners with scanner as covariate, and (Panel b) a second level analysis with scanner as second level factor. Significant cluster of at least 10 voxel passing an uncorrected threshold of
significance of p b 0.01, are projected onto an anatomical MRI scan in MNI space. Numbers in the upper left corner of each image slice indicate the MNI z-coordinate, i.e. the axial
section in MNI space. Color bars represent color coding for Cohen's d effect size estimates (Cohen, 1977) for the pooled analysis, and T values for the second level analysis, respectively.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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connectivity has limited accuracy in the discrimination of AD and MCI
cases from controls, and requires careful data quality checks beyond
evaluation of global quality metrics, including visual inspection of all
the data.

The regional distribution of diagnostic group effects in PCC connec-
tivity found in the subset of data passing the visual quality check resem-
bles the results in previous monocenter studies that reported reduced
connectivity in MCI or AD within the posterior cingulate gyrus, inferior
parietal lobes and medial temporal lobes (Balthazar et al., 2014;
Binnewijzend et al., 2012; Chhatwal et al., 2013; Greicius et al., 2004;
Koch et al., 2012; Thomas et al., 2014). Overall, the effect sizes of
group differences were small, with regional effects passing only an un-
corrected level of p b 0.01. This finding suggests that multiscanner var-
iability decreases between group effects in functional connectivity. This
interpretation is supported by the contribution of 5.2% to 6.6% of the
overall variability by scanner related variance in the variance compo-
nent analysis. In addition, the poor overlap of between group effects
across scanners in the conjunction analysis indicatesmajor confounding
of group differences by multiscanner variability.

Levels of diagnostic accuracy ranged between 69% based on second
level analysis and 76% based on pooled analysis for the AD vs. control
comparisons and 66% and 72% for the MCI vs. control comparisons, re-
spectively, in our study. These values are at the lower range of those pre-
viously reported from monocenter studies that involved small samples
and failed to employ a cross-validation analysis (Balthazar et al., 2014;
Koch et al., 2012).They are, however, close to previous estimates from
the test data of cross-validated monocenter studies (Dyrba et al.,
2015b). It is important to note that the benchmark for assessing perfor-
mance of a technique is the cross-validated accuracy in the test data, not
the accuracy in the training data. According to this benchmark, ourmul-
ticenter study is at the level of accuracy of monocenter studies. Thus, al-
though the use of multicenter data increases the degrees of freedom of
the test statistics it did not increase the power of group discrimination
due to confounding inter-scanner variance. Onehas to consider, howev-
er, that the identification of the peak areas that were included in the ac-
curacy estimation was not part of the cross-validation so that effects
may be slightly overestimated.

The levels of accuracy for functional connectivity in our study were
below the levels of accuracy for hippocampus volume, one of the best

established imaging markers of AD to date (for review see (Teipel et
al., 2013)), reaching 86% and 74% AUC for the AD vs. controls compari-
son, respectively. For the MCI vs. controls comparison, the mean AUC
for pooled data functional connectivity (81%) was numerically higher
than the AUC for hippocampus (74%). The confidence interval of the
hippocampus AUC, however, was largely contained within the confi-
dence interval of the functional connectivity measures, suggesting that
the functional connectivity measures were not significantly more accu-
rate for the MCI vs. controls discrimination than the easily accessible
hippocampus volumetry.

The results were clearly sensitive to scan quality. Whenwe included
the large data set of site V that had severe susceptibility artifacts, the di-
rection of the group differences was inverted. When we considered the
global scan quality measures, the tSNR (Marcus et al., 2013) and stan-
dardized DVARS (Power et al., 2012) suggested that insufficient signal
in the healthy control group was driving this effect. Interestingly,
other metrics employed in other multiscanner data pooling activities,
including the intrinsic functional connectivity for two key areas of the
DMN (Zuo et al., 2014), fractional ALFF (Yan et al., 2013b; Zuo et al.,
2014), foreground to background energy ratio (Zuo et al., 2014), or sub-
ject headmotion (Jenkinson et al., 2002; Power et al., 2012; Power et al.,
2014; Yan et al., 2013a), were inconspicuous for these data, suggesting
that determining tSNR (Marcus et al., 2013), standardized DVARS
(Power et al., 2012), and visual inspection of all the data are indispens-
able formultiscanner data pooling. This is relevant since large scale data
pooling efforts such as the PCP Quality Assessment Protocol
(preprocessed-connectomes-project.org/quality-assessment-protocol/
index.html) and the 1000 functional connectomes project (Yan et al.,
2013b; Zuo et al., 2014) focus on the detection and correction of spatial
displacements and headmotion thatwere inconspicuouswith the site V
data.

Despite the high relevance of multiscanner variability of rs-fMRI
data (Jovicich et al., 2016; Lin et al., 2015; Magnotta et al., 2006), the
largemajority of studies onmulticenter rs-fMRI in neuropsychiatric dis-
eases did not take multiscanner effects into account, even if protocols
differed between sites (Chhatwal et al., 2013; Demertzi et al., 2015;
Esslinger et al., 2011; Martucci et al., 2015; Sripada et al., 2014;
Thomas et al., 2014). Regional effects of groupdifferences strongly over-
lapped between a fixed effect analysis, including scanner as covariate,
and a second level analysis stratified according to scanner, but were
more extended for the pooled analysis. Numerically, group discrimina-
tion was smaller based on the second level analysis compared to the
pooled analysis, albeit this difference was not statistically significant. A
second level analysis of voxel-wise functional connectivity using
Fisher's z-transformed correlation coefficients resembles a center-wise
voxel-based meta-analysis (Teipel et al., 2012) that determines voxel-
wise effect size within sites and then assesses the confidence level of
the voxel-wise effect size estimates across sites. Such an approach has
been used in one previous study across four cohorts of 129 MCI cases
and 99 controls (Tam et al., 2015). The main outcome of this previous
study were Cohen's d (Cohen, 1977) effect size estimates that ranged
between 0.10 to 0.48, representingmoderate effect sizes of MCI vs. con-
trol differences in regions of interests that were empirically derived
from proximity metrics without a priori region selection. These moder-
ate effect sizes agree with the effect sizes of group differences below
Cohen's d = 1 in our peak voxel analysis (figures 1a and 2a).

An interesting question is the effect ofmulticenter acquisition on be-
tween subjects variability in trajectories of intra-individual change from
longitudinal studies. Evidence here is still very limited. One recent study
evaluated reproducibility of rs-fMRI connectivity across 13 different
scanners at baseline and 7 to 60 days of follow-up in five healthy people
per site (Jovicich et al., 2016), including different scanner types and ven-
dors. In this study site differences in test-retest-variability of PCC con-
nectivity were marginally not significant (p b 0.06). This finding
suggests that multicenter acquisition not only introduces higher vari-
ability of between group differences as shown in our current study,

Table 4
Group discrimination in the test sample

AD vs. controls

AUC pooled
all

AUC pooled
sub

AUC 2nd level
all

AUC 2nd level
sub

Mean 0.816 0.822 0.739 0.757
Lower CI 0.73 0.721 0.63 0.635
Upper CI 0.898 0.918 0.836 0.87

Ac pooled all Ac pooled sub Ac 2nd level all Ac 2nd level sub
Mean 0.761 0.738 0.708 0.688
Lower CI 0.667 0.634 0.619 0.585
Upper CI 0.841 0.854 0.794 0.805

MCI vs. controls
AUC pooled
all

AUC 2nd level
all

Mean 0.805 0.713
Lower CI 0.719 0.617
Upper CI 0.885 0.803

Ac pooled all Ac 2nd level all
Mean 0.72 0.662
Lower CI 0.644 0.575
Upper CI 0.808 0.74

Ac – Accuracy.
AUC – Area under the ROC curve.
sub - subsample from two scanners with matched numbers of AD patients and controls.
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Fig. 3. Areas under ROC and accuracy for AD vs. control comparisons Box plots of AUC and accuracy levels from cross-validation logistic regression. Levels of AUC (Panel a) and accuracy
(Panel b) were determined using bootstrapped logistic regression models on the discrimination between AD patients and controls following a pooled analysis with center covariate
(“pooled”), and a second level analysis with center as second level factor (“2nd level”), respectively. Analyses were repeated, using all AD and control data (“all”) as well as only data
from a subset of centers where number of AD cases and controls was matched between centers (“sub”).
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Fig. 4. Areas under ROC and accuracy for MCI vs. control comparisons Box plots of AUC and accuracy levels from cross-validation logistic regression. Levels of AUC (Panel a) and accuracy
(Panel b) were determined using bootstrapped logistic regression models on the discrimination between MCI patients and controls following a pooled analysis with center covariate
(“pooled”), and a second level analysis with center as second level factor (“2nd level”), respectively.
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butmay introduce additional noise into the assessment of trajectories of
intra-individual change.

We need to consider several limitations of our study. First, the scan
protocols were different between scanners. This is not the case in a pro-
spectively planned cohort studywith a unified protocol. Still, even in ab-
sence of a harmonized protocol previous studies have pooled rs-fMRI
data in studying neuropsychiatric diseases so that these findings are
pertinent to the present state of research. More homogeneous acquisi-
tion parameters may amend some of the scanner effects but at the
same time limit the usefulness of multicenter acquisition in routine
care, where differences in scanner type and manufacturer will not
allow perfect alignment of scanning parameters across sites. We care-
fully checked the image quality of each single scan by visual inspection.
As a result, we excluded the data of site V. The remaining data had high
image quality upon visual inspection, consistent with the results of the
quality metrics employed. Still, the combination of data from different
scanning protocols and scanner resulted in high inter-scanner variabil-
ity despite sufficient intra-scanner scan quality. In future, we plan to de-
termine the effects of multiscanner acquisition from an ongoing
prospectivemulticenter study inMCI, AD, and healthy controls that em-
ploys a harmonized rs-fMRI protocol across sites. Although we expect
that the multicenter effects may be smaller in such a harmonized
study, we still anticipate that multiscanner effects will limit accuracy
of group discrimination. Secondly, different preprocessing protocols
may be useful to reduce multiscanner variation. Here, we employed a
preprocessing protocol that was oriented on the recommendations
from a systematic evaluation of processing steps (Shirer et al., 2015),
and used cross-correlation as connectivity metric that has been found
more stable than other connectivity metrics, such as cross-coherence
and partial cross-correlation, in a previous study (Fiecas et al., 2013).
We did, however, not systematically explore other processing steps
and connectivity metrics. Thirdly, group discrimination accuracy can
never perform better than the reference standard. The reference stan-
dard in our study for AD andMCI definition lacked CSF or PET biomarker
evidence formost cases, but data came from expert centers experienced
in the early diagnosis of AD andMCI. Still, a final judgment of the added
value of rs-fMRI for AD diagnosis must await systematic evaluation of
diagnostic accuracy in multicenter data from biomarker stratified cases.

In summary, we found spatially restricted group differences in rest-
ing state functional connectivity in AD patients and MCI patients com-
pared to controls, limited by high multiscanner variability. The
accuracy of group discrimination resembled findings from previous
monocenter studies using a training/test data set approach, encouraging
the conclusion that rs-fMRI at least when using seed based functional
connectivity metrics may play a limited role in early diagnosis of AD
orMCI. The discrimination accuracy in the test data did not reach the in-
ternal benchmark set by the established marker of hippocampus
volumetry. This conclusion needs further corroboration in biomarker
qualified multicenter cohorts. From a practical viewpoint, studies
pooling multicenter rs-fMRI data should employ careful data quality
checks that need to include tSNR, standardized DVARS, and visual in-
spection of all the data besides other established global metrics, and
should use explicitmodelling of scanner effects such as provided by sec-
ond level models or center-based meta-analysis when focusing on uni-
variate approaches. Potential usefulness of multivariate non-linear
approaches such as provided by machine learning algorithms that
were successfully employed in reducing multiscanner effects for struc-
tural connectivity data (Dyrba et al., 2015a; Dyrba et al., 2013) is anoth-
er open area of research.
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Supplementary Table 1: Number of subjects per site stratified by diagnosis. 

Diagnosis Site I Site II Site III Site IV Site V Total 

HC 19 40 41 18 33 151 

MCI 22 23 18 16 36 115 

AD – 41 – 12 31 84 

 

 

Description of quality measures 

Several metrics have been used in the literature to quantify functional scan quality. This 
section provides a brief description of the metrics and their interpretation. 
 

Framewise displacement (FD) 
Framewise displacement (FD) measures the amount of head motion from one time point to 
the next (Jenkinson et al., 2002; Power et al., 2012; Power et al., 2014; Yan et al., 2013a). 
Several approaches have been proposed to integrate the translation and rotation information 
(Jenkinson et al., 2002; Power et al., 2012; Van Dijk et al., 2012), see (Yan et al., 2013a) for 
a detailed comparison. The mean FD provides the information how much head movement is 
present averaged over the whole acquisition time. In contrast, the percentage above a 
certain threshold provides the proportion of time points in which (strong) motion occurred. 
We used Jenkinson’s method (Jenkinson et al., 2002) as this metric was reported to provide 
most similar results compared to the more complex voxel-based estimation of head motion 
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(Yan et al., 2013a). Power et al showed that significant within-subject changes in correlations 
are detectable already at FD of 0.2 mm and are very pronounced at a FD of 0.5 mm (Power 
et al., 2014). They also showed that global signal regression reduces the effect of head 
motion on functional connectivity by zero-centering of motion-related signal intensity (Power 
et al., 2014). Patients with mild cognitive impairment or dementia are expected to move more 
during MRI acquisition than healthy subjects (Haller et al., 2014). 
 
Temporal signal-to-noise ratio (tSNR) 
The temporal signal to noise ratio (tSNR) is calculated as the mean signal over time divided 
by the standard deviation over time in each voxel (Van Dijk et al., 2012; Welvaert and 
Rosseel, 2013). The average tSNR for the whole brain represents the common variability of 
the BOLD signal, which increases in case of strong artifacts, for instance arising from head 
motion (Welvaert and Rosseel, 2013). Healthy subjects are expected to have a higher tSNR 
than patients with mild cognitive impairment or Alzheimer’s dementia due to the higher 
variability of the BOLD signal in patients and the amount of motion in patients (Haller et al., 
2014). 
 
Standardized DVARS 
DVARS measures the root mean square of change in signal intensity from one time point to 
the next (Power et al., 2012). D refers to temporal derivative of timecourses, and VARS 
refers to root mean square variance over voxels. DVARS is a measure of how much the 
intensity of a brain image changes in comparison to the previous time point. Nichols 
proposed a standardized version of DVARS to allow for a comparison across subjects and 
sites1. Standardized DVARS is scaled by the temporal standard deviation and temporal 
autocorrelation so that it is approximately 1 if there are no artifacts in the functional data1. 
The mean value derived from the voxels of the whole brain is provided. This measure is used 
to detect scan artifacts that are not necessarily related to head motion (Power et al., 2012; 
Power et al., 2014). 
 
Percentage of outlier voxels 
The mean percentage of outliers quantifies the fraction of outlier voxels within the whole 
brain (Zuo et al., 2014). Outlier voxels are defined as voxel intensity strongly deviating from 
the temporal median value2, for instance due to scanner noise or short-term head movement 
(Power et al., 2014). Fewer outliers mean better signal quality (Zuo et al., 2014). As motion is 
increased in patients compared to controls (Haller et al., 2014), more outlier voxels are 
expected in the patient groups. 
 
Foreground to background energy ratio (FBER) 
The foreground to background energy ratio estimates the mean amplitude of the BOLD 
signal within the whole brain compared to the mean amplitude of the signal outside of the 
brain, for instance arising from noise signal or ghosting (Zuo et al., 2014). Values also 
depend on the size of the field of view (FOV) defined for the fMRI sequence. Thus, sites 
cannot be compared directly. Higher values indicate a clearer signal and fewer ghosting 
artifacts (Zuo et al., 2014). 

                                                           
1 Nichols, 2013, Notes on Creating a Standardized Version of DVARS, 
http://www2.warwick.ac.uk/fac/sci/statistics/staff/academic-
research/nichols/scripts/fsl/standardizeddvars.pdf 
2 See 3dToutcount in AFNI, https://afni.nimh.nih.gov/pub/dist/doc/program_help/3dToutcount.html 
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Fractional amplitude of low frequency fluctuations (fALFF) 
The fractional amplitude of low-frequency fluctuations (fALFF) measures the sum of 
amplitudes in the low-frequency range 0.1–0.01 Hz compared to the sum of amplitudes of 
the whole frequency spectrum (Zou et al., 2008). Thus, it can be used as a measure of 
intrinsic brain activity within a certain brain region (Han et al., 2011). To be able to compare 
subjects and sites, absolute fALFF values need to be scaled to Z score using whole brain 
mean and standard deviation (Yan et al., 2013a). Patients with Alzheimer’s dementia and 
mild cognitive impairment were found to have a lower ALFF in the posterior cingulate cortex 
compared to healthy controls (Han et al., 2011; Wang et al., 2011). 

 

Mean functional connectivity 

Functional connectivity is commonly defined as the Pearson correlation of the signal time 
course between two segregated brain regions (Greicius et al., 2004). For a statistical 
analysis, these values are commonly standardized to be normal distributed using Fisher’s z-
transform (Yan et al., 2013a). The functional connectivity between the posterior cingulate 
cortex and the anterior medioprefrontal cortex was reported to be significantly reduced in 
Alzheimer’s dementia compared to healthy subjects (Koch et al., 2012). Complementary to 
voxel-wise statistics, the region-of-interest-based analysis allows the quantification of the 
variability of the functional connectivity across diagnostic groups and sites. 

 

Supplementary figures legends 

Supplementary Figure 1: Mean framewise displacement  
The mean framewise displacement measures the amount of head motion during the scan. 
Jenkinson’s method (Jenkinson et al., 2002) was used to combine translation and rotation 
estimates, as this metric was reported to provide most similar results compared to the more 
complex voxel-based estimation of head motion (Yan et al., 2013a).  
 
Supplementary Figure 2: Percentage framewise displacement > 0.5 mm  
The percentage of framewise displacement greater than 0.5 mm measures the proportion of 
time points in which head motion is strong enough to introduce pronounced artifacts into the 
BOLD signal (Power et al., 2014). 
 
Supplementary Figure 3: Foreground to background Energy Ratio  
The foreground to background energy ratio estimates the mean amplitude of the BOLD 
signal within the whole brain compared to the mean amplitude of the signal outside of the 
brain, for instance arising from noise signal or ghosting. Values depend on the size of the 
field of view and cannot be directly compared between sites. The field of view for site III was 
larger than that for the other sites and included parts of the neck. Severe ghosting artifacts 
were present in site V. 
 
Supplementary Figure 4: Fractional amplitude of low frequency fluctuations in PCC  
The fractional amplitude of low-frequency fluctuations (fALFF) measures the sum of 
amplitudes in the low-frequency range 0.1–0.01 Hz compared to the sum of amplitudes of 
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the whole frequency spectrum. Fractional ALFF maps were obtained from the normalized 
and detrended functional scans. To be able to compare subjects and sites, absolute fALFF 
values were scaled to Z score using whole brain mean and standard deviation (Yan et al., 
2013a). The figure shows scaled fALFF of the posterior cingulate cortex (PCC), obtained 
from a spherical ROI at MNI coordinate 0, -53, 26with a radius of 4 mm (Hedden et al., 
2009).  
 
Supplementary Figure 5: Mean functional connectivity between PCC and anterior 
medioprefrontal cortex  
Functional connectivity represents the Fisher’s z-transformed Pearson correlation of the 
signal time course between the posterior cingulate cortex (PCC) and the anterior 
medioprefrontal cortex (aMPFC). It was obtained using two spherical ROI at MNI coordinates 
0, -53, 26 (PCC) (Hedden et al., 2009) and -6, 52, -2 (aMPFC) (Andrews-Hanna et al., 2010), 
each with a radius of 4 mm. 
 
Supplementary Figure 6: Mean temporal signal to noise ratio  
The temporal signal to noise ratio (tSNR) is calculated as the mean signal over time divided 
by the standard deviation over time in each voxel. The average tSNR for the whole brain 
represents the common variability of the BOLD signal, which increases in case of strong 
artifacts, for instance arising from head motion (Welvaert and Rosseel, 2013). 
 
Supplementary Figure 7: Mean percentage of outlier voxels  
The mean percentage of outlier voxels was estimated for the whole brain using the program 
3dToutcount included in the AFNI software library. 
 
Supplementary Figure 8: Standardized DVARS  
DVARS measures the rate of change of the BOLD signal across the entire brain at each 
frame of data compared to the previous time point. DVARS aims to detect short-scale 
changes that indicate fMRI quality problems that are not related to motion (Zuo et al., 2014). 
The standardized version of DVARS is normalized to the temporal standard deviation and 
autocorrelation in order to allow a comparison between subjects and sites (Zuo et al., 2014). 
It is approximate one if there are not artifacts in a dataset. 
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The large number of multicollinear regional features that are provided by resting state

(rs) fMRI data requires robust feature selection to uncover consistent networks of

functional disconnection in Alzheimer’s disease (AD). Here, we compared elastic net

regularized and classical stepwise logistic regression in respect to consistency of

feature selection and diagnostic accuracy using rs-fMRI data from four centers of the

“German resting-state initiative for diagnostic biomarkers” (psymri.org), comprising 53

AD patients and 118 age and sex matched healthy controls. Using all possible pairs

of correlations between the time series of rs-fMRI signal from 84 functionally defined

brain regions as the initial set of predictor variables, we calculated accuracy of group

discrimination and consistency of feature selection with bootstrap cross-validation. Mean

areas under the receiver operating characteristic curves as measure of diagnostic

accuracy were 0.70 in unregularized and 0.80 in regularized regression. Elastic net

regression was insensitive to scanner effects and recovered a consistent network of

functional connectivity decline in AD that encompassed parts of the dorsal default

mode as well as brain regions involved in attention, executive control, and language

processing. Stepwise logistic regression found no consistent network of AD related

functional connectivity decline. Regularized regression has high potential to increase
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diagnostic accuracy and consistency of feature selection from multicollinear functional

neuroimaging data in AD. Our findings suggest an extended network of functional

alterations in AD, but the diagnostic accuracy of rs-fMRI in this multicenter setting did

not reach the benchmark defined for a useful biomarker of AD.

Keywords: regularization, diagnostic imaging, feature selection, functional magnetic resonance imaging (fMRI),

Alzheimer’s disease

INTRODUCTION

Many studies have identified altered functional connectivity
networks in resting state examinations of Alzheimer’s disease
(AD) patients compared to controls using functional imaging
techniques such as FDG-PET or resting state functional MRI (rs-
fMRI) (for a recent review see Teipel et al., 2016). Typically AD
dementia impairs functional connectivity in the default mode
network (DMN; Greicius et al., 2004), but AD pathological
changes and ensuing functional disruptions have been shown
to extend beyond the regions of the DMN (Agosta et al., 2012;
Grothe et al., 2016).

To identify the network characteristics of AD-related changes
in functional imaging data, most studies have employed stepwise
or multiple linear regression approaches (Agosta et al., 2012;
Koch et al., 2012; Sheline and Raichle, 2013). However, features
from rs-fMRI and other functional imaging data are often highly
collinear across regions, and linear regression approaches are
known to be highly sensitive toward collinearity (James et al.,
2013; Section 3.3.6). In the presence of a high number of features
relative to the number of available observations (Tibshirani,
2011) and when features are collinear (Hoerl and Kennard,
1970; Tibshirani, 1996), regularization techniques have been
established for dimension reduction and feature selection. More
recently, regularized models, using an elastic net penalty (Zou
and Hastie, 2005; Zou and Zhang, 2009), have been applied
to multimodal neuroimaging studies to reduce the effect of
multicollinearity on feature selection (Trzepacz et al., 2014;
Teipel S. J. et al., 2015; Schouten et al., 2016; de Vos et al., 2016).

Here, we used rs-fMRI data from a multicenter study to
compare accuracy of group separation, as well as stability
of regional feature selection and ensuing identification of
cortical networks discriminating AD patients and controls
between cross-validated regularized logistic regression with an
elastic net penalty and classical stepwise logistic regression.
We hypothesized that elastic net logistic regression would lead
to more generalizable feature selection and more consistent
network identification than classical stepwise logistic regression.
Of note, the principles of these methods, except the elastic net
penalty, represent textbook knowledge from statistical learning
literature, but adoption of these methods to the burning
issue of highly collinear features in neuroimaging research is
still slow.

MATERIALS AND METHODS

For the current study, we used data from 53 patients with
clinically probable AD according to NINCDS-ADRCA criteria

(McKhann et al., 1984) and 118 healthy elderly control
individuals that have been retrieved retrospectively from four
sites within the framework of the “German resting-state
initiative for diagnostic biomarkers” (http://www.psymri.org).
Distribution of demographic characteristics of participants across
sites is summarized in Table 1.

All participants were free of any significant neurological,
psychiatric, or medical condition (except for AD in patients),
in particular cerebrovascular apoplexy, vascular dementia,
depression, or subclinical hypothyroidism, as well as substance
abuse. Healthy controls were required to have no cognitive
complaints and scored within one standard deviation of the age
and education adjusted norm in all subtests of the Consortium
to Establish a Registry of Alzheimer’s Disease (CERAD) cognitive
battery (Morris et al., 1989).

Written informed consent was provided by all subjects,
or their representatives. The study was approved by local
ethics committees at each of the participating centers, and
has been conducted in accord with the Helsinki Declaration
of 1975.

Imaging and Data Acquisition
The data used in this study were obtained from four different
3.0 Tesla MRI scanners. Acquisition parameters for the rs-fMRI
sequences are given in Table 2. In one center (site I), the subjects
were instructed to keep their eyes open, whereas in the remaining
centers (sites II-IV) all subjects were requested to close their
eyes, relax, but not to fall asleep. Functional MRI was based on
echo-planar imaging using scan durations between 6 and 8.7 min
for the rs-fMRI sequence. The number of acquired time points
was between 120 and 200 with a voxel size ranging from 2 × 2
× 2.6 up to 3.28 × 3.28 × 4.4 mm3 (Table 2). For anatomical
reference, high-resolution T1-weighted gradient echo sequences

TABLE 1 | Demographic characteristics.

AD Controls

No. cases (women)a 53 (31) 118 (61)

Age (SD) [years]b 72.4 (8.8) 70.4 (6.2)

MMSE (SD), numberc 22.5 (4.4), 53 28.8 (1.0) 97

MoCA (SD), number – 26.4 (2.1), 19

Education (SD) [years]d 11.4 (2.1) 13.6 (3.1)

MMSE, Mini Mental State Examination (Folstein et al., 1975); MoCA, Montreal Cognitive

Assessment (Nasreddine et al., 2005).
aNot significantly different between groups, χ

2
= 0.68, 1 df, p = 0.41.

bNot significantly different between groups, t = 1.67, 169 df, p = 0.96.
csignificantly different between groups, Mann-Whitney U-test, p < 0.001.
dsignificantly different between groups, t = −4.72, 168 df, p < 0.001.
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TABLE 2 | Scanner characteristics.

Center Model Manufacturer TR TE Volumes Voxel size Gap

[s] [s] [mm3] [mm]

I TrioTim Siemens 2.61 0.030 200 3 × 3 × 3.6 0.6

II Verio Siemens 3 0.030 120 2 × 2 × 2.6 0.6

III Verio Siemens 2.58 0.030 180 3.5 × 3.5 × 3.5 0

IV Trio Siemens 3 0.030 120 3.28 × 3.28 × 4.4 0.4

with an isotropic resolution of 1 mm3 were also obtained from all
scanners during the same session.

MR Processing
Functional MRI data processing was carried out using Data
Processing Assistant for Resting-State fMRI (DPARSF
3.2) (Chao-Gan and Yu-Feng, 2010), considering the
recommendations from a recent systematic evaluation of
processing alternatives (Shirer et al., 2015). After the removal
of the first six images to account for gradient field stabilization,
the rs-fMRI data was slice time corrected and realigned to
the temporal mean image. The anatomical T1-weighted image
of each participant was coregistered to the mean functional
image and subsequently segmented into gray matter, white
matter, and cerebrospinal fluid (CSF) partitions using the Voxel-
based Morphometry (VBM8) toolbox (Gaser et al., 1999) that
extends Statistical Parametric Mapping (SPM8) (Friston et al.,
2007). The Diffeomorphic Anatomical Registration Through
Exponentiated Lie algebra (DARTEL) algorithm (Ashburner,
2007) was applied to normalize the T1-weighted images to the
Montreal Neurological Institute (MNI) reference coordinate
system using the default brain template included in VBM8. The
deformation fields generated by DARTEL were used to project
the functional scans from each subjects’ native image space
into the MNI reference space. We combined this step with the
reslicing of all functional data to an isotropic resolution of 3
mm. The subsequent nuisance regression included covariates
of head movement (rotation, translation, and first and second
order derivatives) and the mean time courses for the global
brain signal, the white matter segment signal, and the CSF
segment signal. Although global signal regression was found
to introduce negative correlations (Murphy et al., 2009; Shirer
et al., 2015), studies consistently reported that it effectively
increases the signal-to-noise ratio (Yan et al., 2013; Power
et al., 2014; Shirer et al., 2015). Recently, Shirer et al. evaluated
the influence of global signal regression on group separation
but only found a minor, non-significant effect (Shirer et al.,
2015). Subsequently, the images were band-pass filtered using
the frequency band 0.1–0.01 Hz. For each individual the time
series of signal was extracted for each of the 84 functionally
defined regions of the Greicius atlas (Shirer et al., 2012).
Pearson’s correlation coefficients were computed for the
3486 possible pairs of correlations between these 84 regions
(Shirer et al., 2012). Finally, Pearson correlation coefficients
of the signal time courses were adjusted to be normally
distributed using Fisher’s Z-transform (Fisher, 1915): z = 0.5 ln
[(1+r)/(1–r)].

Statistical Analysis
Demographic Characteristics
Baseline demographic characteristics were compared between
AD and control cases using parametric and non-parametric tests
as required: age and years of education were compared between
groups using Student’s t-test, gender distribution using Chi2

test, and neuropsychological test results using non-parametric
Mann-Whitney U-test.

Prediction of Group Membership
We compared two regression models for prediction of group
membership (AD vs. controls) in respect to two outcomes, (i)
the accuracy of prediction as determined by the area under
the receiver operating characteristics curve (AUC), and (ii) the
consistency of feature selection.

The two regression models encompassed:

1. bidirectional (backward and forward) stepwise unpenalized
logistic regressions using the function step in R (The R
Foundation for Statistical Computing). The function weights
the choices via the Akaike information criterion (AIC), which
takes account of the total number of fitted parameters.

2. penalized logistic regression models with an elastic net
penalty, as determined using the R package glmnet (available
at http://cran.r-project.org/web/packages/glmnet/index.
html). Elastic net regression is controlled by two parameters,
(i) alpha, which sets the degree of mixing between two
types of regularized regression, namely ridge regression
(regularization by squared L2 norm; alpha = 0) and the
Lasso (Least Absolute Shrinkage and Selection Operator,
regularization by L1 norm; alpha = 1), and (ii) lambda,
defining the strength of regularization (Friedman et al., 2010).
Alpha was selected to be 0.5, corresponding to a full elastic net
penalty, which minimized the partial likelihood deviance of
the model (see Figure 1). Lambda was determined using grid
search with 100-fold cross-validation. The optimal lambda
was determined as the mean across 100 iteratively determined
lambda values minimizing the deviance of the model. The
optimal lambda value was determined for each bootstrap
iteration in the training data and applied to the test data as
defined below. Details of this method can be found in the
appendix.

Both models were determined using strict cross-validation
procedures. Random samples of 2/3 of the data were drawn
1000 times to train the prediction models (training data). For
both regression models, the prediction accuracy was determined
using the remaining 1/3 as test data. Parameter optimization,
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FIGURE 1 | Selection of alpha parameter for penalized logistic regression. Misclassification error plotted against the range of lambda values (plotted on a

logarithmic scale) for different values of α for a penalized logistic regression on the rs-fMRI data. Numbers on top of each graph indicate the number of selected

variables. Error bars indicate the bootstrapped standard deviation for the misclassification error for each lambda value. The left bottom plot shows the different

deviance curves on a unified scale, indicating that α = 0.5 yields the lowest deviance together with α = 0, corresponding to a ridge regression model.

i.e., selection of optimal lambda and (stepwise) feature selection,
was conducted in the training data and subsequently applied
to the test data. Prior to model building, the feature space
was restricted through determining the set of variables which
correlate with diagnosis with a Pearson’s correlation coefficient
of |r| > 0.35 in the training data, resulting in an average number
of 36 included predictor variables across the bootstrapped
repetitions.

In a second analysis, dummy coded center variables
were forced as additional variables into the models to
determine the effect of center on model accuracy and feature
selection.

To check for multicollinearity of the stepwise logistic
regression models, we determined the variance inflation factor
(VIF) (Belsley, 1991) for each independent variable on the set
of the remaining independent variables using the function vif
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in R package “car” (available at https://cran.r-project.org/web/
packages/car/index.html).

RESULTS

Demographic Characteristics
Demographic characteristics are summarized in Table 1. AD
patients and controls were not significantly different in age
(t = 1.67, 169 df, p= 0.96) or sex distribution (Chi2 = 0.68, 1 df,
p= 0.41). Both groups differed significantly in years of education
(t = −4.72, 168 df, p < 0.001), with less years of education in
the AD cases, and, as expected, AD patients scored significantly
lower than healthy controls in the MMSE score (p < 0.001).

Prediction of Group Membership
The median VIF across all stepwise regression models and
variables was 86, indicating a very high collinearity in the large
majority of models. Mean area under the ROC curves in the
test samples was 70% for the stepwise selection, and 80% for the
elastic net regression models for the discrimination between AD
cases and controls. The mean AUC and corresponding 2.5/97.5
percentile confidence intervals for both models are shown in
Figure 2. The selected features are shown in Table 3 for both
models, with seven features selected in at least 50% of 1000
cross-validation repetitions for the elastic net and two features
selected for the stepwise logistic regression model. Figures 3, 4
show the frequency distribution of feature selection, suggesting
that features were more homogeneously and more often selected
in the cross-validation repetitions for the elastic net compared to

FIGURE 2 | Areas under the ROC curves for stepwise and elastic net

logistic regression. AUC and 2.5/97.5 percentile confidence intervals for

stepwise logistic regression without scanner (step.) and with scanner forced

into the model (step. plus), and for elastic net logistic regression without

scanner (EN) and with scanner forced into the model (EN plus).

the stepwise logistic regression models, with a median value of 10
features with the stepwise regression and 22 features in the elastic
net regression.

When we repeated the analyses with dummy coded center
covariates forced into the models, AUC was 81% for the elastic
net penalty, and selected features above 50% frequency were
unchanged. For the stepwise regression, AUC decreased to 68%,
and no feature was selected with a frequency above 45%.

DISCUSSION

In accordance with our hypothesis, we found more accurate
group discrimination between AD dementia cases and controls
and more homogeneous feature selection from resting state
fMRI data when using regularized logistic regression with an
elastic net penalty compared with a classical stepwise logistic
regression. These findings support the notion that regularized
regression is superior to classical stepwise feature selection
for dealing with highly collinear multidimensional functional
imaging data. The features retrieved from penalized regression
point to alterations of an extended functional network in
mild AD dementia, compromising the dorsal DMN, but also
key regions for language processing, object recognition and
attention.

As illustrated by the high VIF with a median value of
86 (values above five are considered indicative for serious
multicollinearity; Belsley, 1991), the regional rs-fMRI values
exhibited a high degree of collinearity that compromised
unbiased feature selection and determining the relevance of
single features. The problem of dealing with multidimensional,
multicollinear data is well-known in the statistical literature
under the term of “the curse of dimensionality” (Bellman, 1961).
Penalized regression has been developed since the 1940s to deal
with this problem, encompassing techniques like ridge regression
(Hoerl, 1970), the Lasso (Tibshirani, 1996), and more recently
elastic net regression (Zou and Hastie, 2005), which combines
both regularization techniques within the same model. Different
to ridge regression, and similar to the Lasso, elastic net regression
not only shrinks the feature coefficients but sets some of the
coefficients to zero, thus reducing the dimensionality of the
feature space. Different to the Lasso, elastic net regression is
designed to select highly correlated features as a group rather
than selecting only a single feature out of such a set of highly
correlated variables, thus preserving a potentially meaningful
correlation structure of the original feature space (Zou and
Hastie, 2005).

Previous neuroimaging studies have successfully applied
elastic net regression to multimodal neuroimaging data for
feature selection for dementia prediction in subjects with mild
cognitive impairment (MCI), and AD cases (Trzepacz et al.,
2014; Teipel S. J. et al., 2015; de Vos et al., 2016). A previous
study has applied this approach to rs-fMRI data of people with
mild to moderate AD dementia from one scanner (Schouten
et al., 2016), reaching 77% accuracy in the mild AD subgroup.
In our multicenter study, cross-validated accuracy of 80%
discrimination between AD cases and controls from elastic net
regression was higher than the accuracy in this previous study
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TABLE 3 | Selected features.

Frequency [%] Anatomical regions Functional networks (Shirer et al., 2012)

FEATURES FROM ELASTIC NET

94.5 Left/right gyrus temporalis superior Auditory network

87.1 Right gyrus frontalis superior <-> left gyrus occipitalis medialis Basal ganglia network <-> visuospatial network

79.8 Left gyrus frontalis medialis <-> bilateral precuneus Anterior salience network <-> precuneus network

69.9 Left/right precentral gyrus Sensorimotor network

68.7 Right gyrus frontalis inferior <-> cingulate gyrus body Anterior salience network <-> dorsal DMN

60.9 Right gyrus angularis <-> right gyrus frontalis medialis Dorsal DMN <-> right executive control network

59.9 Bilateral anterior cingulate gyrus/ left gyrus frontalis superior/left gyrus

frontalis medialis <-> left lobulus parietalis inferior/superior

Dorsal DMN <-> left executive control network

FEATURES FROM STEPWISE LOGISTIC REGRESSION

56.9 Left/right precentral gyrus Sensorimotor network

53.8 Right gyrus frontalis superior <-> left gyrus occipitalis medialis Basal ganglia network <-> visuospatial network

FIGURE 3 | Feature selection frequency plot. Frequency of selected

features (based on 1000 bootstrap iterations) for elastic net and stepwise

logistc regression. Please note that the x-axis represents the features that

were sorted according to their frequency independently within each model.

Therfore, the same position on the x-axis does not indicate the same feature

for the elastic net and the stepwise logistic regression models, respectively.

(Schouten et al., 2016), but still lower than results from previous
monocenter studies lacking cross-validation (Koch et al., 2012;
Balthazar et al., 2014). Our findings level of accurcy agrees
with estimates from previous cross-validated monocenter studies
using non-linear machine learning techniques for classification
(Challis et al., 2015; Dyrba et al., 2015). One recent study yielded
100% group discrimination between 20 AD patients and 20
controls using support vector machine classification (Khazaee
et al., 2015). From the method description, however, the feature
selection prior to cross-validated machine learning was based on
the entire data set and was not part of the cross-validation.

FIGURE 4 | Number of features selected per model. Histograms plotting

the frequency with which a number of features was selected across all

bootstrapping iterations for elastic net (blue) and stepwise logistc

regression (red).

Features selected by the elastic net regression were more
consistent across repeated cross-validations than features
selected by stepwise regression. Previous research on rs-fMRI in
AD dementia has often focused on the DMN regions (Greicius
et al., 2004; Koch et al., 2012; Balthazar et al., 2014). This
approach reduces potential problems from collinearity through a
priori feature selection. At the same time, it restricts the analysis
to a single preselected functional network. Using elastic net
regression, we retrieved the dorsal part of the DMN as key part of
altered functional connectivity in AD. This agrees with previous
analyses based on preselected DMN regions (Greicius et al., 2004;
Koch et al., 2012; Balthazar et al., 2014) and underscores the
overall validity of our approach. In addition, we found decreased
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functional connectivity in AD in the superior temporal gyrus,
a region that is involved in language processing (Zhuang et al.,
2014), and prefrontal parts of the salience network, prefrontal
and parietal components of executive control networks, as
well as the medial occipital gyrus as part of the ventral visual
stream involved in object recognition (Teipel et al., 2007) and
recognition of limb movements (Astafiev et al., 2004). These
findings support the extended nature of AD pathology affecting
several higher order cognitive networks, as previously found
in topographic lesion driven studies (Grothe et al., 2016) and
rs-fMRI analysis in small samples of 12 to 16 AD cases and
12–22 controls (Zhou et al., 2010; Agosta et al., 2012; Dai et al.,
2012), and one large scale study (Brier et al., 2012). Different
to two of these previous studies (Zhou et al., 2010; Agosta
et al., 2012), we found only reductions, but no increases of
functional connectivity in AD. This difference may have two
possible causes. The first possible cause would be different
severity of disease within the dementia stage of AD. However,
the MMSE scores were similar between the AD cases of our and
the previous studies. Another cause may be the different metric
used as prediction features: we used correlation between regions
irrespective of preselected networks, whereas the previous
studies used regional loadings on independent components
associated with specific functional networks (Agosta et al., 2012;
Zhou et al., 2010).

Compared with elastic net regression, stepwise regression
yielded only 70% accuracy. In addition, selection of the most
relevant features was much less consistent across the 1000
iterations, compromising only two functional connections
between sensorimotor and visuospatial regions, and no
connection involving the DMN. These findings suggest that
feature selection in step-wise regression was more sensitive to
multicollinearity, where small differences in explained variance
drive almost arbitrarily selection of a single feature among a set
of highly collinear variables (Farrar and Glauber, 1967).

Stepwise logistic regression was sensitive to scanner effects,
with a slight drop in prediction accuracy and a further loss of
consistency in feature selection when scanner was forced into
the model. In contrast, elastic net regression was insensitive
to scanner effects; both accuracy of group discrimination and
frequency of feature selection were unaffected when we repeated
the analyses with scanner forced into the cross-validated models.
This finding is of particular relevance given the sensitivity of
rs-fMRI data to multiscanner effects, as has been reported in
test-retest studies of rs-fMRI even in healthy people repeatedly
scanned at the same scanner (Meindl et al., 2010; Chen et al.,
2015; Lin et al., 2015; Orban et al., 2015; Shirer et al., 2015;
Jovicich et al., 2016), including long-term evaluation after more
than 12 months (Chou et al., 2012; Guo et al., 2012; Blautzik
et al., 2013). Moreover, the use of multiple scanners typically
results in high variability of signal-to-noise and contrast-to-noise
ratios, particularly when using field strengths of 3T and higher
(Magnotta et al., 2006; Lin et al., 2015; Jovicich et al., 2016).

We need to consider two main limitations of our study.
First, the scan protocols were different between scanners.
Multiscanner acquisition helps to increase sample size, a problem
of many previous monocenter studies. In addition, estimates

of accuracy derived from multicenter data may more easily
generalize to future use of an imaging technology in routine care
than estimates derived from single center data acquisition. We
employed preprocessing steps that had been shown in a previous
study to reduce multiscanner effects (Shirer et al., 2015), and
used cross-correlation of regional signal time series which in a
previous study had yielded more stable results across scanners
than other connectivity metrics, such as cross-coherence or
partial cross-correlation (Fiecas et al., 2013). Secondly, the
reference standard in our sample was a clinical diagnosis of
AD dementia, but independent PET or CSF based biomarker
validation was not available in the majority of cases. Data came
from expert centers experienced in the early diagnosis of AD.
Still, a final judgment of the added value of rs-fMRI for AD
diagnosismust await systematic evaluation of diagnostic accuracy
in multicenter data from biomarker stratified cases.

In summary our findings point to an extended network of
functional disconnection, including the dorsal DMN, but also
involving functional networks employed in attention, object
recognition and language processing. In a multicenter sample
of AD and control cases, elastic net regression yielded cross-
validated diagnostic accuracy that approached, but did not reach,
the benchmark for a useful biomarker of AD (Consensus-Group,
1998); diagnostic approaches based on stepwise regression came
not even close to this benchmark. These findings question the
future wide-spread use of rs-fMRI as a stand-alone diagnostic
marker of AD (Teipel S. et al., 2015). This does not exclude
an important role of rs-fMRI as add-on diagnostic marker
(Dai et al., 2012) and to identify mechanisms of functional
disconnection and resilience in future prospective studies. Our
data suggest that regularized regression should be preferred over
still more widely used but less robust stepwise feature selection to
retrieve homogeneous and stable estimates of altered functional
networks in AD.
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Appendix: Penalized regression 
The following description except the elastic net penalty follows the description of penalized 
regression in James et al. (1, Chapter 6.2).  
To address the curse of dimensionality (2), the parameter estimate  from the classical linear 
regression model 

 

with the number of cases  and number of features , has been constrained by various penalty 
terms with different ensuing characteristics of the estimates of the  coefficients. 
The penalty terms decrease fit variance at the cost of increasing bias. Through the variance-bias 
trade-off, overall fit of a penalized parameter estimate can be improved over the simple least 
square estimation of the parameter without penalization. 
In 1970, Hoerl and Kennard (3) introduced the ridge penalty, with an L2 quadratic penalty 

 

with the tuning parameter , and the shrinkage penalty , and the number of features 
. This penalty shrinks the magnitude of all coefficients, but sets no coefficient exactly to zero. 

As a result, it increases prediction accuracy, but has limited model interpretability in the presence 
of a high number of features. 
In 1996, Tibshirani (4) described the Least Absolute Shrinkage and Selection Operator 
(Lasso), which is characterized by an L1 (absolute value) penalty, 

 

with the tuning parameter , the shrinkage penalty , and number of features . 
The Lasso forces some of the coefficients to become zero, so that it provides both shrinkage and 
subset selection. The fit for the Ridge regression is superior to the Lasso if many variables are 
truly related to the outcome, whereas the fit of the Lasso is superior to the Ridge if only few 
variables are truly related to the outcome. 
For collinear data, which are characterized by subgroups of features with high intercorrelation, 
such as has to be expected in brain imaging data with hubs that are interconnected in partly 
overlapping networks, the Lasso has the unfavorable characteristics that it selects only one 
among a group of highly correlated features. In addition, if , i.e. the number of features is 
larger than the number of cases, the Lasso selects at most  variables.  
To overcome these limitations, in 2005, Zou and Hastie (5) introduced the elastic net penalty 
that was extended to non-linear regression, such as logistic regression, in 2010 (6). Elastic net 
penalty regression features both, the L2 norm (quadratic) Ridge and the L1 norm Lasso penalty 
that are governed by an additional parameter , 
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If , the elastic net penalty becomes the Ridge penalty, while if , the elastic net 
penalty becomes the Lasso penalty. In addition, in simulated data, the elastic net penalty has 
been shown to select or discard highly correlated features as a group (5). 
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Supplementary Material

Comorbidities and Medication

To give an overview of the comorbidities and medication, we listed the 

diagnoses and drugs in relevant categories (Supplementary Tables 1 and 2). The data refer to the 

conditions at the first examination date (DELCODE baseline) [1].

Overall four participants had a clinical history of stroke, but no current symptoms and no 

visible lesions in the MRI scans (T1, T2 and fMRI). Two participants had a polyneuropathy 

diagnosis, one suffered from restless legs syndrome and one had an unclassified disorder of the

Supplementary 

Table 1 (line 4). Interestingly, eight participants had a history of depression, while 18 subjects 

were treated with antidepressants (17 with regular antidepressants, one with Quetiapine). This is 

not surprising when considering the frequent subscription of antidepressants through non-

psychiatrists [2]. No participant fulfilled criteria of current major depression (see below). One 

person (healthy control) was diagnosed with generalized anxiety. A total of 36 participants 

reported substituted hypothyroidism as preexisting condition, but 43 subjects took

Levothyroxine, hence we conclude the difference is caused by incomplete declaration from 

subjects. 

Supplementary Table 2 gives an overview of the medication of all subjects. 17 subjects 

were treated with antidementia drugs (6 with Rivastigmine, 5 with Donepezil, 4 with 

Galatamine, 1 with Memantine; 1 was treated with Rivastigmine and Memantine). Two 

participants with MCI diagnosis were also treated with anti-dementia drugs. With regard to 

current references and clinical practice [3], the medication of those two subjects was ceased 



during the ongoing trial. Other preparations with effect to the central nervous system included

Gingko biloba, Levodopa, Pregabalin, and Gabapentin as well as Beta blockers. The listing of 

other potentially relevant drugs, such as proton-pump inhibitors or Statins is given in the lower 

part of Supplementary Table 2 a a

primary anticholinergic effect (e.g., the antimuscarinergic drug Solifenacin) and drugs with 

anticholinergic side-effects (e.g., Cetirizine). Please note that participants can appear multiple

times in the table. On average, participants took 2.6 drugs with the most drugs in the dementia 

group (3.7). Only 37 participants did not take any drugs regularly.

Supplementary Methods

We repeated the functional connectivity analysis using the support vector machine 

(SVM) as classifier. We applied a radial basis kernel function to allow for nonlinear projections 

to the decision space. Optimal values for the two parameters cost factor C and radial basis width 

in the range C = 10-1, 100 4 -10, 2-9 2

based on tenfold cross-validation. As for the elastic net models, within the cross-validation 

procedure, the feature space was restricted to include approximately 100 of most informative 

features, determined as the set of variables which correlated with t

correlation coefficient of an absolute value higher than the 97.5th percentile. Cross-validation 

was repeated 1,000 times to assess the stability of group separation.
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Supplementary Table 1. Summary of comorbidities

HC SCD MCI AD Total of each class
Neurological diseases 3 5 8

History of stroke 1 3 4
Others1 2 2 4

Psychiatric diseases 1 4 2 2 9
History of depression (currently remitted) 4 2 2 8
History of anxiety disorder (currently remitted) 1 1

Hypothyroidism (substituted) 14 15 3 4 36

Total of each group 15 22 5 11 53

Number of participants diagnosed with relevant diseases sorted by clinical classifications.
1 includes: peripheral neuropathy, restless legs, unclassified disorder of the peripheral nervous system
HC, healthy controls; SCD, subjective cognitive decline; MCI, mild cognitive impairment; AD

Supplementary Table 2. Overview of medication

HC SCD MCI AD Total of each class
Dementia treatment 2 18 20

Acetylcholinesterase inhibitors 1 16 17
NMDA-antagonists 1 2 3

Psychiatric medication 2 8 5 4 19
Antidepressants 2 8 5 2 17
Low potential antipsychotics 2 2

Others with known effect to CNS1 7 1 3 11

Beta blockers 14 19 11 8 52

Others
Anticholinergic drugs 2 4 1 7
Levothyroxine 14 21 3 5 43
NSAIDs 1 2 1 4
Proton-pump inhibitors 5 10 3 3 21
Statins 9 21 14 6 50

Number of participants treated with relevant drugs, sorted by drug category. Participants can appear multiple times (for different 
drug categories).
HC, healthy controls; SCD, subjective cognitive decline; MCI, mild cognitive impairment; AD, Alzheim
1Gingko biloba, Levodopa (restless legs), pregabalin, gabapentin



Supplementary Fig. 1. Comparison of the AUC for functional connectivity based on different atlases 
using elastic-net penalized logistic regression



Supplementary Fig. 2. Comparison of the AUC for functional connectivity based on different atlases 
using support vector machine classification
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Supplement Methodology (Full methods) 
Design 
This was a two-center prospective, observational cross-sectional and longitudinal study conducted 
between April 2011 and August 2013. The local ethics committees of both universities approved the 
study (Rostock: A 2011 56; Magdeburg: 75/11) and all subjects gave written informed consent prior to 
their inclusion. 

Participants 
We recruited 182 German participants in Rostock and Magdeburg, Germany. Persons with a history of 
brain injury, epilepsy or psychiatric illness were excluded. Control participants were screened for 
cognitive impairment using the Montreal Cognitive Assessment, and excluded if they scored below 26 
out of total 30. 70 healthy controls and 112 patients diagnosed with ALS using the revised El Escorial 
criteria were included 1 (Supplemental Fig. 1). ALS cases were classified into ALS without 
cognitive/behavior impairments (ALScn), ALS with cognitive impairment (ALSci), ALS with behavior 
impairment (ALSbi), ALS with cognitive and behavioural impairments (ALScbi) and ALS with 
frontotemporal dementia (ALS-FTD) following the Strong and Rascovsky criteria2,3. Demographic 
details can be found in Table 1 

Clinical and neuropsychological measures   
Cognitive testing. Participants underwent full neuropsychological examination in the executive, 
memory, visuospatial and fluency domains, for details see Kasper, Schuster, Machts, Bittner, Vielhaber, 
Benecke, Teipel and Prudlo 4. Where necessary, we corrected cognitive tests for motor impairment 5. 
We calculated the patients’ standardized z-scores based on the controls’ means and standard deviations; 
z scores ≤ -2 were considered as impaired performance.  

Behavioural assessment. For behavioural classification, we relied on clinical observations and proxy-
rated Frontal Systems Behavior Scales 6. Ratings were transformed to T-scores based on published 
norms, with T≥65 reflecting behavioural impairment.  

Motor impairment. We used the revised ALS-Functional Rating Scale ALSFRS-R, 7, and calculated 
patients’ progression rate δ as: (48-current ALSFRS-R score)/months since disease onset. Participants 
with δ≥0.5 were classified as “fast progressors” (n=56). Participants with δ<0.5 were considered “slow 
progressors” (n=38).  

MRI acquisition and processing 
MRI scanning was performed with two 3T Siemens Magnetom VERIO scanners (Erlangen, Germany) 
using a 32-channel head coil; one single scanner at each site (Rostock and Magdeburg, Germany). High-
resolution T1-weighted anatomical images were acquired using the magnetization-prepared rapid 
gradient echo (MPRAGE) sequence with the following parameters: 256x256 image matrix with 192 
sagittal slices, FOV 250x250x192mm, voxel size 1x1x1mm³, echo time 4.82ms, repetition time 2500ms, 
and flip angle 7°. The anatomical T1-weighted images were segmented into grey matter, white matter 
and cerebrospinal fluid partitions using the SPM12 toolbox in Matlab 2019a. Then, the Diffeomorphic 
Anatomical Registration Through Exponentiated Lie (DARTEL) algebra algorithm 8 was used in 
combination with a custom brainAgeR brain template to normalize the T1-weighted images to the 
Montreal Neurological Institute (MNI) reference coordinate system. The estimated deformation fields 
were subsequently applied to the grey matter segments to bring them in MNI space as well, followed by 
modulation to preserve the total amount of grey matter and smoothing with an 8 mm Gaussian kernel 
for the voxel-based morphometry analysis. In phantom tests according to the American College of 
Radiology guidelines 9, both sites’ scanners met the criteria for geometric accuracy, high contrast spatial 
resolution, slice thickness accuracy, slice position accuracy, image intensity uniformity, percent signal 
ghosting and low contrast object detectability.  
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Brain Age model and predicted Brain Age Difference (PAD) 

For Brain Age estimation, we used the brainageR toolbox version 2.1 available at 
https://github.com/james-cole/brainageR. This model is implemented in R (https://www.r-project.org/), 
and had been trained on n= 3377 healthy individuals and validated on 857 people. For the prediction of 
Brain Age, it follows an automated pipeline starting with T1-weighted image segmentation and 
normalized using SPM12 and smoothing with an 4 mm Gaussian kernel. Then, the spatially normalized 
grey and white matter segments as well as cerebrospinal fluid segments were loaded into R, masked to 
exclude voxels with less than 30% tissue/fluid probability, and vectorized to apply a principal 
component transform. The transformed data was then entered in the pretrained Gaussian progress 
regression model to obtain the predicted brain age. Finally, the predicted age was subtracted from the 
chronological age to calculate the “predicted brain age difference” (PAD): 

Predicted age difference (PAD) = Estimated Brain Age – Chronological Brain Age 
While a positive PAD indicates an older appearing brain, a negative score suggests a younger appearing 
brain. 

Voxel-based analysis of group differences 
Complementarily, we performed a whole brain voxel-based morphometry analysis for which the 
normalized and smoothed grey matter maps were analyzed using Statistical Parametric Mapping 
(SPM12; http://www.fil.ion.ucl.ac.uk/spm).  

First, we run a linear regression model correlating the PAD scores with gray matter volume to determine 
potential regional pattern of atrophy driving the PAD score. We conducted this analysis separately for 
the healthy controls and the ALS patients. 

Furthermore, we performed group comparisons to investigate the brain volume differences between 
different clinical subgroups. On one side, we investigated the between group differences between the 
healthy controls, the ALS non-impaired (ni) and the ALS impaired groups through a full factorial model 
design. Here, ALS impaired group included the Strong subgroups bi, ci, cbi, and bv-FTD. Notably, the 
contrast vector was weighted by the size of these cognitive subgroups such that each patient was equally 
weighted. On the other side, a two-sample T-test design was run between ALS fast and slow progressors, 
dichotomized by a monthly decline of ALSFRS-R ≥0.5. 

All voxel-based analyses were controlled for total intracranial volume (TIV), chronological age, sex and 
site as these were potential nuisance variables. The statistical threshold for the analyses was set to an 
uncorrected p<0.001 and only clusters with at least 50 voxels extent were retained in the results.  

Statistical Analysis 
As classical null hypothesis significance testing only enables us to reject the null hypothesis that there 
are no effects of clinical presentation on PAD, we opted for Bayes factor hypothesis testing (BFHT) 
using an analysis of covariance. This Bayesian approach allows for the estimation of the likelihood of 
such effects given the observed data and, hence, more directly infer and compare the actual effects. 
Specifically, we compared the effects of Strong profile, progressor type, phenotype, onset type, disease 
duration until MRI scanning, and age at disease onset, while controlling for age at MRI, sex and 
recruitment location by adding them to the null model. We conducted one multi-factorial analysis of 
covariance (ANCOVA) which compared all these effects against one another, and against the corrected 
null hypothesis model. A priori, we assumed all models to be equally likely.  

We applied default Jeffreys-Zellner-Siow (JZS) priors, with the seed set to 84293. Please see Table 2 for 
a summary of the statistical measures we will be reporting.  All Bayesian analyses were conducted in 
Jeffreys’s Amazing Statistics Program (JASP, 0.14.3). JASP was set to report the corrected null model 
on top, and to compare all other models against it using BF10. Bayes factors do not require thresholding 
akin to p<.05 to determine statistical significance: instead they fall on a continuum ranging from support 
for the null hypothesis via no support for either hypothesis to support for the alternative hypothesis10. 
Additionally, we can add qualitative descriptors by stating that BF10>100 constitutes “extreme evidence” 
for H1, BF10>30 constitutes “very strong” evidence for H1, BF10>10 constitutes “strong” evidence for H1 
and BF10>3 constitutes “moderate” support for H1. 
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Supplementary Figures 

 
Supplementary Figure 1: Flow chart of the study population. 
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Supplementary Figure 2: Predicted brain age difference (PAD) is increased in 
cognitively/behaviorally impaired ALS patients also if patients without meeting El 
Escorial criteria are excluded. (A) There was no difference in PAD in ALS patients per se. 
(B) Cognitive/behavioral impairment increased PAD score significantly, while the difference 
between ALScn and HC prevailed when uncertain El Escorial types were excluded 
(BF10=7.71). (C) Chronological age and predicted brain age correlated strongly and had a very 
narrow credible interval, suggesting a homogeneous, reliable effect. 
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Supplementary Figure 3: Predicted brain age difference (PAD) is increased in 
cognitively/behaviorally impaired ALS patients also if patients with monogenetic ALS 
forms were excluded. (A) There was no difference in PAD in ALS patients per se. (B) 
Cognitive/behavioral impairment increased PAD score significantly, while the difference 
between ALScn and HC prevailed when genetic variants were excluded (BF10=7.30). (C) 
Chronological age and predicted brain age correlated strongly and had a very narrow credible 
interval, suggesting a homogeneous, reliable effect. 
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Supplementary Figure 5: PAD score is a stable parameter. PAD did neither correlate with 
disease duration until timepoint of the MRI measurement (=baseline) (A) nor with age at onset 
(B).  
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Supplementary Figure 6: Correlation of PAD with brain maps showed that motor cortex 
only partially caused the increased PAD score in ALS. (A-B) Significant clusters are 
displayed with color map representing T-score values on slices in axial, coronal and sagittal 
orientation, focusing on the precentral gyrus. Age-associated atrophy pattern in healthy elderly 
people (A) and disease-associated atrophy pattern in ALS patients (B) shows involvement of 
motor cortex and non-motoric regions in both. Same tresholds are used as for Figure 4. 
Represented current location (cross of lines) represents R/L precentral gyrus, respectively. Note 
the different maximum T-value and cluster size of the precentral gyrus in ALS and Controls. 
Disease-associated atrophy pattern in ALS showed larger effect (cluster size) in motor cortex. 
Furthermore, in ALS patients, significant more regions contributing to the PAD deviance, 
mainly in frontotemporal structures. (C-D) These frontobasal structures contributed to PAD 
deviance in ALSi patients (ALS impaired < cognitively normal (C) and ALS impaired < healthy 
controls (D)).  
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Supplementary Material 

A Foundations of Markov random fields 
Probabilistic graphical models combine probability theory and graph theory towards an 

intuitive and powerful formalism for modeling and solving inference problems in various scientific 
and engineering fields. The structure of Markov random fields is defined by an undirected graph 

, with the set of nodes �  representing random variables, and the set of 
undirected edges 
representing statistical associations between each pair of 
variables (Supplementary Figure 1). The model holds an 
independence assumption, commonly referred to as local 
Markov property, which imposes that a variable is 
conditionally independent from any other variable given 
its direct neighbors. For example, in Supplementary 
Figure 1, node  is conditionally independent from 
given its neighbors and , formally , 
while node is conditionally dependent on the three 
other nodes ,  and . 

A.1 Classical Markov random field for discrete data 
A Markov random field can be written as a log-linear model 

, with  being the joint probability of finding that the random variables  take on 
particular values. In general, the feature functions can represent arbitrary types of associations. But 
here, for reasons of convenience, the feature functions shall be limited to represent either unary 
indicator functions  representing the discrete state of a random variable  (0=pathologic, 
1=normal) or binary indicator functions representing value combinations of two connected nodes  
and . The weights  set the model parameters that are being estimated by the model fitting 
algorithm and which subsequently can be converted to provide probabilities of individual variable’s 
states or the statistical associations between two variables. In Supplementary Figure 1, let the 
random variables  and each have two discrete states  and . Then, the edge  is 
represented by four weights that is one weight for each combination of 
states of the two nodes:  In case of the edge , the weights might 
correspond to the empirical contingency table for the two random variables  and  as the node 

 is separated from the rest of the graph. Note that in general the weights deviate from just 
calculating frequencies of observations in the training data as the whole graphical network is taken 
into account by the parameter estimation algorithm. In particular, the parameter estimation 
algorithm infers the partial correlation of two connected variables given their direct neighbors [1, 2]. 
The partition function is the sum over all possible assignments of 
values to the network’s random variables  and is used as normalization constant. The 
partition function  can be seen as the computational bottleneck of the algorithm as it needs to 
iterate over all possible realizations of random variables, which is in general computationally 
expensive. However, modern computers provide enough resources to analyze the relatively small 
networks that can be derived for multimodal imaging data in a region of interest approach. Common 
tasks and applications for Markov random fields include (i) modeling of the graph structure, 
obtained, for instance, from prior knowledge or hypotheses, (ii) parameter learning of the weights  
using an iterative optimization algorithm maximizing the model likelihood for a given training 
dataset, and (iii) inference to obtain the probabilities for the network or partial configurations for 
another dataset. A more extended formal definition of Markov random fields can be found in Wang, 
et al. [3] and Koller and Friedman [4, Ch. 4]. 

Supplementary Figure 1. Simple Markov random 
field model. 
Vertices  represent random variables and 
edges represent statistical associations between 
two variables. 
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A.2 Gaussian graphical models for continuous normal data 
An alternative class of models sometimes referred to as Gaussian Markov random fields or 

more commonly Gaussian graphical models assess the interaction between several normally 
distributed variables: . Therefore, the inverse covariance matrix 

 is estimated, commonly called information or precision matrix. If a pair of variables 
conditionally independent, that means when the partial correlation between the two variables is 
zero when correcting for all the other variables, this will be reflected as a zero entry in the precision 
matrix [4, Ch. 7.1]. The objective function for being minimized is given as 

, with the log-likelihood of the data , and the sample covariance matrix  [5, Ch. 17.3.1, 
Formula 17.11]. To overcome the problem of dimensionality when there are only few samples 
available in comparison to a much higher number of variables, Gaussian graphical models typically 
apply a sparsity assumption and only determine the most likely interactions between variables. 
When considering large networks with a high number of variables, matrix inversion may be much too 
costly and vulnerable to noise in the specific sample [6-8], such that regularization approaches are 
commonly used to apply the sparsity constraint on the entries of the precision matrix [6-8]. For 
example, the graphical lasso employs the objective function , 
with  being the  norm of , that is the sum of absolute values of the elements of , and the 
penalty parameter  that controls sparsity [5, Ch. 17.3.2, Formula 17.21]. The negative of  
provides a convex optimization problem that is efficiently solvable using iterative optimization 
approaches, such as gradient descent algorithms [5, Ch. 17.3.2]. These techniques have been applied 
previously for genomic data analysis [8, 9] and functional connectivity analysis based on resting-state 
functional MRI [10]. A more extended formal definition of Markov random fields can be found in 
Hastie, et al. [5, Ch. 17.3] and Koller and Friedman [4, Ch. 7.3]. 

B Markov random field modeling 
The Markov random field analyses were performed using the Undirected Graphical Modeling 

(UGM) toolbox (http://www.cs.ubc.ca/~schmidtm/Software/UGM.html, release 2013) implemented 
in MATLAB R2013a (MathWorks, Natick, MA, USA). UGM allowed the modeling of arbitrary discrete 
undirected graphical models and implemented various exact and approximate algorithms for 
parameter estimation (training) and inference. The weight vector was estimated using the iterative 
quasi-Newton gradient-descending limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm 
[11], an expectation–maximization algorithm that was applied for each of the different Markov 
random field models individually. To assess the stability of the model likelihood and individual 
parameters, we used tenfold cross-validation approach with 1�000 repetitions. The algorithm 
estimated both the distribution of states for single nodes, as well as the associations between 
connected nodes by adjusting the edge weights, such that the model likelihood was maximized with 
respect to the observed correlation patterns of the training data. In this approach, maximum 
likelihood estimation represented a convex optimization problem such that the iterative model 
fitting algorithm converged at the optimal set of parameters [4, p.948]. To reduce the number of 
model parameters, we simplified the edge weights to represent the probability of concordance and 
discordance of the two connected nodes instead of using the full conditional probability table. To 
summarize the estimated concordance/discordance between two nodes, we used the phi coefficient 

, which is mathematically identical to the Pearson correlation coefficient for two binary variables. 
Finally, the model likelihood was obtained for the independent test data. To compare the model fit 
we calculated the differences of log-likelihood for the validation proportion of the data for each 
iteration of the cross-validation. Therefore, we ensured that the cross-validation training/test sets 
were identical for all analyses. Using the difference of the log-likelihood (equal to the ratio of 
likelihood) is commonly used in the likelihood ratio test, which employs the test statistic 

, with the likelihood  for two models  and  In our 
case we did not estimate the level of confidence for  using the chi-square distribution, but directly 
took the proportion of cross-validation iterations with  as an empirical P-value [12]. 
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Alzheimer’s disease (AD) is characterized by a sequence of pathological changes, which

are commonly assessed in vivo using various brain imaging modalities such as magnetic

resonance imaging (MRI) and positron emission tomography (PET). Currently, the most

approaches to analyze statistical associations between regions and imaging modalities

rely on Pearson correlation or linear regression models. However, these models are prone

to spurious correlations arising from uninformative shared variance and multicollinearity.

Notably, there are no appropriate multivariate statistical models available that can easily

integrate dozens of multicollinear variables derived from such data, being able to utilize

the additional information provided from the combination of data sources. Gaussian

graphical models (GGMs) can estimate the conditional dependency from given data,

which is conceptually expected to closely reflect the underlying causal relationships

between various variables. Hence, we applied GGMs to assess multimodal regional brain

alterations in AD. We obtained data from N = 972 subjects from the Alzheimer’s Disease

Neuroimaging Initiative. The mean amyloid load (AV45-PET), glucose metabolism (FDG-

PET), and gray matter volume (MRI) were calculated for each of the 108 cortical and

subcortical brain regions. GGMs were estimated using a Bayesian framework for the

combined multimodal data and the resulted conditional dependency networks were

compared to classical covariance networks based on Pearson correlation. Additionally,

graph-theoretical network statistics were calculated to determine network alterations

associated with disease status. The resulting conditional dependency matrices were

much sparser (≈ 10% density) than Pearson correlation matrices (≈ 50% density).

Within imaging modalities, conditional dependency networks yielded clusters connecting

anatomically adjacent regions. For the associations between different modalities, only

few region-specific connections were detected. Network measures such as small-

world coefficient were significantly altered across diagnostic groups, with a biphasic u-

shape trajectory, i.e., increased small-world coefficient in early mild cognitive impairment

(MCI), similar values in late MCI, and decreased values in AD dementia patients

compared to cognitively normal controls. In conclusion, GGMs removed commonly
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shared variance among multimodal measures of regional brain alterations in MCI and

AD, and yielded sparser matrices compared to correlation networks based on the

Pearson coefficient. Therefore, GGMs may be used as alternative to thresholding-

approaches typically applied to correlation networks to obtain the most informative

relations between variables.

Keywords: Alzheimer’s disease, mild cognitive impairment, conditional dependency networks, Gaussian graphical

models, graph-theoretical analysis, small-world network

1. INTRODUCTION

Alzheimer’s disease (AD) is characterized by a range of
pathological brain alterations that can be assessed in vivo using
various neuroimaging methods, including MRI and PET. Several
studies suggest that information obtained from combining
different imaging modalities could provide reliable markers of
cerebral reserve capacity and might be used to predict and
monitor the evolution of AD and its relative impact on cognitive
domains in pre-clinical, prodromal, and dementia stages of AD
[see e.g., reviews (Teipel S. et al., 2015; Teipel et al., 2016)].
However, there is still an unmet need for appropriate analysis
methods for assessing statistical associations between individual
brain regions and between different pathology markers derived
from multiple neuroimaging modalities.

Up to date, multimodal studies employ one of the
following approaches:

(i) Correlation of pathologymaps on a voxel level (La Joie et al.,
2012; Altmann et al., 2015; Grothe and Teipel, 2016);

(ii) linear regression analysis with a-priori specified regions-of-
interest (Buckner et al., 2005; Seeley et al., 2009; Villain et al.,
2010; Kljajevic et al., 2014; Chang et al., 2015; Grothe et al.,
2016; Teipel and Grothe, 2016);

(iii) stratification of subjects into distinct groups (e.g., amyloid
positive/negative) to compare differences in other imaging
modalities (Buckner et al., 2005; Kljajevic et al., 2014; Grothe
et al., 2016);

(iv) comparison of graph-theoretical measures and statistics
between modalities (Stam et al., 2006; Buckner et al., 2009;
Zhou et al., 2012; Sepulcre et al., 2013, 2017); and

(v) estimation of generative models for comparing spreading
mechanisms of amyloid-β deposition and its contribution
to neurodegeneration (Dyrba et al., 2017; Iturria-Medina
et al., 2017; Torok et al., 2018).

Commonly employed statistical models, such as linear regression
analysis, provide limited ability to assess the interactions between
dozens of variables in the same model, as they cannot derive
reliable estimates regarding the individual contribution of highly
collinear predictors and suffer from variance inflation (Dormann
et al., 2013). Calculation of covariance/connectivity matrices
based on the Pearson correlation between each pair of variables
has led to practical problems in deriving meaningful results, i.e.,
these matrices are commonly thresholded to an a-priori defined
density and binarized (Buckner et al., 2009; Zhou et al., 2012;
Sepulcre et al., 2013). More recently, summary statistics based

on graph-theory have been proposed (Watts and Strogatz, 1998;
Stam et al., 2006) and are currently widely applied (Buckner et al.,
2009; Zhou et al., 2012; Sepulcre et al., 2013, 2017). However, this
approach has been criticized, as for instance, group differences in
small-worldness of the brain network might be sensitive to the
specific density threshold (Hlinka et al., 2017; Mårtensson et al.,
2018).

We suggest the application of Gaussian graphical models
(GGMs), which are able to estimate the partial correlation
between various multicollinear predictors (Hastie et al., 2013,
chapter 7.3). GGMs yield sparse conditional dependency
matrices, that are conceptually expected to closer reflect the
underlying causal relationships (Koller and Friedman, 2009,
chapter 21.7; Bontempi and Flauder, 2015). This makes GGMs
an interesting candidate for studying properties of the brain
network; an example is illustrated in Figure 1. The partial
correlation derived from GGMs is conceptually similar to the
partial correlation obtained from a series of linear regression
models, which estimate the statistical association of the
dependent and independent variables while controlling for the
confounding variables. Additionally, GGMs extend this concept
by estimating the partial correlation matrix as a set of coupled
regression problems, in contrast to separate regression problems
modeled by traditional linear regression (Meinshausen and
Bühlmann, 2006; Hastie et al., 2013, chapter 7.3). Technically,
GGMs are naively realized by matrix inversion of the covariance
matrix. In more robust and efficient approaches, regularization
techniques (Meinshausen and Bühlmann, 2006; Ravikumar et al.,
2011; Ryali et al., 2012; Cai et al., 2013; Wang et al., 2016) or
efficient sampling schemes (Mohammadi and Wit, 2015, 2019)
are applied.

In this paper, we tested the applicability and clinical utility of
GGMs to reveal the conditional dependency structure between
regional pathology measures. For this purpose, we assessed inter-
regional statistical associations within and between three main
imaging markers of Alzheimer’s disease using GGMs based on
a whole-cortex parcellation of the brain. The assessed imaging
markers included amyloid-β deposition (florbetapir/AV45-PET),
glucose metabolism (FDG-PET), and gray matter volume (T1-
weighted MRI). Based on our previous results with only six
representative brain regions (Dyrba et al., 2017), we hypothesized
that regional amyloid deposition has low contribution to gray
matter atrophy, whereas hypometabolism was expected to be
stronger related to atrophy. Further, we expected a few hub-nodes
influencing pathology in other regions. For graph-theoretical
measures, we expected a linear trajectory of decreasing clustering
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FIGURE 1 | Simple example for spurious correlations. (A) True dependency graph. The node u is statistically independent from v given the node dis, formally

p(u, v|dis) = p(u|dis)p(v|dis). (B) Pearson correlation matrix, showing a “spurious” correlation between nodes u and v. Notably, when considering only u and v alone,

the independence assumption does not hold; formally p(u, v) �= p(u)p(v). (C) Partial correlation matrix derived from Gaussian graphical models. Using this model, we

can approximately recover the underlying dependency structure, with u ⊥ v|dis �⇒ cor(u, v|dis) = 0.

coefficient and increasing path length with stronger disease
severity, as previously reported in the literature for connectivity
analyses based on Pearson correlation (He et al., 2008; Yao et al.,
2010; Li et al., 2012; Morbelli et al., 2012; Tijms et al., 2013;
Pereira et al., 2016; John et al., 2017; Titov et al., 2017).

2. MATERIALS AND METHODS

2.1. Study Participants
Data were obtained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (http://adni.loni.usc.edu). The ADNI
was launched in 2003 by the National Institute on Aging, the
National Institute of Biomedical Imaging and Bioengineering,
the Food and Drug Administration, private pharmaceutical
companies, and non-profit organizations, with the primary goal
of testing whether neuroimaging, neuropsychological, and other
biological measurements can be used as reliable in vivo markers
of Alzheimer’s disease pathogenesis. A complete description of
ADNI and up-to-date information is available at http://www.
adni-info.org. For this study, 529 subjects with amnestic mild
cognitive impairment (MCI), 189 patients with Alzheimer’s
dementia (AD), and 254 cognitively healthy control subjects
(CN) were selected from the ADNI-GO, ADNI-2, and ADNI-
3 extensions of the ADNI project, based on the availability of
concurrent structural MRI, FDG-PET, amyloid-sensitive AV45-
PET, and neuropsychological assessments. In ADNI, two MCI
subgroups exist, which only differ by the less severe impairment
of memory function for early MCI (EMCI) compared to late MCI
(LMCI) subjects. Detailed inclusion criteria for the diagnostic
categories can be found at the ADNI website (http://adni.loni.
usc.edu/methods, ADNI2 manual page 27). Demographics and
neuropsychological profiles of the different diagnostic groups are
summarized in Table 1.

2.2. Imaging Data and Feature Extraction
ADNI-GO/2 MRI, FDG- and AV45-PET data were downloaded
from the ADNI image archive. ADNI-GO/2 MRI data were
acquired on multiple 3T MRI scanners using scanner-specific
T1-weighted sagittal 3D MP-RAGE/IR-SPGR sequences. To
increase signal uniformity across the multicenter scanner
platforms, original T1 acquisitions underwent standardized
image preprocessing correction steps (http://adni.loni.usc.edu/

TABLE 1 | Sample characteristics.

CN EMCI LMCI AD

Sample size (female) 254(130) 309(135) 220(93) 189(80)

Age (SD) 75.4± 6.6 71.6± 7.5* 74.1± 8.1 75.0± 8.0

Education (SD) 16.4± 2.7 16.0± 2.6 16.2± 2.8 15.9± 2.7

MMSE (SD) 29.1± 1.2 28.3± 1.6* 27.6± 1.9* 22.6± 3.2*

Delayed recall (SD) 7.6± 4.1 5.7± 4.0* 3.2± 3.7* 0.8± 1.9*

Gender distribution did not differ significantly between groups (P = 0.15, chi-square test).

Asterisks indicate significant difference between groups (P < 0.05) based on pairwise

two-sample t-test with CN as reference group. CN, cognitively healthy elderly controls;

EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s dementia;

MMSE, Mini-Mental State Examination; delayed recall, number of remembered words out

of a 15-item wordlist of the Rey Auditory Verbal Learning Test.

methods/mri-tool/mri-pre-processing/). FDG- and AV45-PET
data were acquired on multiple instruments of varying
resolution and following different platform-specific acquisition
protocols. Similar to the MRI data, PET data in ADNI were
also subject to standardized image preprocessing correction
steps, with the aim of increasing data uniformity across the
multicenter acquisitions (http://adni.loni.usc.edu/methods/pet-
analysis-method/pet-analysis/). Imaging data were processed by
using statistical parametric mapping (SPM8, Wellcome Centre
for Human Neuroimaging, University College London) and the
VBM8 toolbox (Structural Brain Mapping Group, University of
Jena) implemented in MATLAB R2013b (Math-Works, Natick,
MA) as previously described in Grothe et al. (2016) and Grothe
and Teipel (2016). First, MRI T1 scans were segmented into
gray matter, white matter, and cerebrospinal fluid partitions
using the segmentation routine of the VBM8 toolbox. Then, the
resulting gray matter and white matter segments were spatially
normalized to an aging/AD-specific reference template (Grothe
et al., 2013) using the DARTEL algorithm. Additionally, voxel
values of the normalized gray matter segments were modulated
for volumetric changes introduced by the high-dimensional
normalization, such that the total amount of gray matter volume
present before warping was preserved. Each subject’s FDG- and
AV45-PET scans were rigidly coregistered to the corresponding
skull-stripped T1 scan. Then, the PET scans were corrected
for partial volume effects using a three-compartment model
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and the MRI-derived tissue segments (Müller-Gärtner et al.,
1992; Gonzalez-Escamilla et al., 2017). Corrected PET scans
were spatially normalized (without modulation) by applying the
deformation fields of the T1-weighted scans. All original data
and normalized scans were visually inspected to ensure a high
quality of the data. Subsequently, mean gray matter volumes
and mean FDG-/AV45-PET uptake values were calculated for
108 cortical and subcortical regions defined by the Harvard-
Oxford atlas (Desikan et al., 2006) after projecting the atlas to
the aging/AD-specific reference space and removing voxels with
a gray matter probability of <50% in the aging/AD template.
Finally, regional gray matter volumes were proportionally scaled
by total intracranial volume (TIV), regional FDG-PET values
were proportionally scaled to pons uptake, and regional AV45-
PET values were proportionally scaled to whole-cerebellum
uptake. To be able to directly compare the different modalities,
all regional values were normalized using the congitively normal
subjects as reference group (La Joie et al., 2012). As described
previously (Dyrba et al., 2017), we used the so-called W-
scores, which are analogous to Z-scores but are adjusted for
specific covariates; age, gender, and education in the present
case. Like Z-scores, W-scores have a mean value of 0 and a
standard deviation of 1 in the control group, and values of
+1.65 and −1.65 correspond to the 95th and 5th percentiles,
respectively. To calculate the W-scores, regression models were
estimated for the control group using age, gender, and education
as independent variables and the mean value of each region
as dependent variable. Then, W-scores were computed using
W = (xij − eij)/sres,j; with xij being the ith subject’s raw value
for region j; eij being the value expected for region j in the
control group for the ith subject’s age, gender, and education;
and sres,j being the standard deviation of the residuals for region
j in controls.

2.3. Statistical Modeling
Graphical models provide an effective way for describing
statistical patterns in multivariate data and for estimating the
conditional dependency between the various brain regions
and imaging modalities based on GGMs (Lauritzen, 1996;
Mohammadi and Wit, 2015). For data following a multivariate
normal distribution, undirected GGMs are commonly used.
In these graphical models, the graph structure is directly
characterized by the precision matrix, i.e., the inverse of the
covariance matrix: non-zero entries in the precision matrix show
the edges in the conditional dependency graph. Notably, simple
inversion of the covariance matrix usually does not work in real
world data sets, as already slight noise in the empirical data
causes the precision matrix to contain almost no zero entries.
To overcome this problem, regularization techniques or efficient
sampling algorithms have been proposed that reduce the effect
of noise by additionally employing a sparsity assumption and,
thus, only detect the most probable conditional dependencies.
For our analyses, we employed a computationally efficient
Bayesian framework implemented in the R package BDgraph.
More specifically, this framework implements a continuous-time
birth-death Markov process for estimating the most probable
graph structure and edge weights that correspond to the
observed partial correlations (Mohammadi andWit, 2015, 2019).
For this study, BDgraph was substantially extended by multi-
threaded parallel processing and marginal pseudo-likelihood
approximation to speed up computations.

2.4. Experimental Setup
First, we estimated GGMs based on the combined data of EMCI,
LMCI, and AD patients to study the conditional dependency
between brain regions and modalities. Second, we estimated
GGMs for each diagnostic group separately to assess alterations

FIGURE 2 | Pearson correlation matrix (left) and partial correlation matrix (right) for the three imaging modalities (left hemisphere data only) estimated for the

combined data of EMCI, LMCI, and AD patients. For better readability, each individual block of the partial correlation matrix is shown in Figures 3–5 and

Figures S2–S4. EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s dementia.
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FIGURE 3 | Partial correlation matrix for amyloid-β deposition in the left hemisphere estimated for the combined data of EMCI, LMCI, and AD patients. Averaged over

10 repetitions. Associations of lowest magnitude were not present in all iterations. EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s

dementia; amy, amyloid-β.

of the graph structures. For the combined model, regional W-
scores of all MCI and AD patients (N = 718) and all three
imagingmodalities were entered. Initially, we took all 108 cortical
and subcortical regions included in the Harvard-Oxford atlas
(Desikan et al., 2006) into consideration, corresponding to P =

3 ∗ 108 = 324 variables. The sampling process included
1,000,000 burn-in iterations1, starting from a random estimate
for the inverse covariance matrix and converging to estimates
with higher posterior probability giving the training data. The
burn-in iterations were then discarded, and subsequently 150,000
sampling iterations followed to obtain the estimates for the
inverse covariance matrix. Because results were showing a strong
left–right hemisphere symmetry, we repeated model estimation
including only the 54 regions in the left hemisphere (P =

1For Markov chain Monte Carlo (MCMC) methods, burn-in refers to the practice

of discarding an initial portion of the Markov chain sample, so that the chain can

reach a stationary distribution. Thus, the effect of randomly chosen initial values

on the posterior inference is minimized.

3 ∗ 54 = 162 variables) to increase model stability. From the
final model we set a probability threshold of Pavg > 0.5 for
selecting the edges, with the notion that a specific edge was
considered to be present if it existed in at least half of all model
iterations (Madigan et al., 1996). For the second analysis of group
differences, we estimated individual GGMs for each group based
on the multimodal data of the left hemisphere. Sampling was
again performed with 1,000,000 burn-in iterations followed by
150,000 sampling iterations.

For comparison, these analyses were also repeated (i) using
data of the right hemisphere to validate the results and (ii) using
the traditional approach of constructing correlation networks
based on the Pearson correlation coefficient.

2.5. Graph-Theoretical Analyses
To assess group differences of the estimated graph structure
we calculated the three graph-theoretical measures that are
most commonly reported in the literature; clustering coefficient,
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characteristic path length, and their ratio, the small-world
coefficient. The path length quantifies the distance of connections
between two nodes along the shortest path. The weighted
characteristic path length is the average minimum distance
between a node i ∈ N and all other nodes, Li =

∑
j∈N,j�=i dij/(n−

1), where dij =
∑

auv∈gi↔j
ωuv is the shortest weighted path length

between i and j, gi↔j defines the shortest path, and ωuv defines
the distance between two nodes. Here, the distance matrix was
defined as � = 1 − abs(�), that is one minus the absolute
pair-wise partial correlation as derived from the GGMs or the
absolute Pearson coefficient, respectively (Rubinov and Sporns,
2010). The weighted clustering coefficient indicates the inter-
connectedness of neighboring nodes Ci = 2ti/(ki(ki − 1)), where
ti = 0.5

∑
j,h∈N(ωijωihωjh)

1/3 is the geometric mean of triangles

around node i, and where ki =
∑

j∈N aij is the number of nodes

connected to node i (Onnela et al., 2005; Rubinov and Sporns,
2010). ki is often referred to as the degree of the node i, and the
link status aij = 1 if node i is connected to another node j, or
aij = 0 otherwise. The small-world coefficient is defined as the

ratio of the clustering coefficient C and characteristic path length
L in comparison to a random network, S = (C/Crand)/(L/Lrand),
with S
 1 in small-world networks (Rubinov and Sporns, 2010).
To simplify calculations, we omitted defining a random network
to estimate Crand and Lrand, and directly took the ratio Si = Ci/Li
for group comparisons. Notably, we later report the distribution
of graphmeasures for single regions, as the dependencymeasures
were derive from the whole group of subjects. Graphmetrics were
compared between diagnostic groups using analysis of variance
(ANOVA) and Tukey’s honest significant difference tests.

3. RESULTS

3.1. Conditional Dependency of

Alzheimer’s Pathology
The conditional dependency matrix obtained using the GGM
approach for all region of the left hemisphere is given in Figure 2

(right). For the partial correlation between all pairs of brain
regions, we obtained 960 significant associations (7% network

FIGURE 4 | Partial correlation matrix for glucose metabolism in the left hemisphere estimated for the combined data of EMCI, LMCI, and AD patients. Averaged over

10 repetitions. Associations of lowest magnitude were not present in all iterations. EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s

dementia; metab, glucose metabolism.
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FIGURE 5 | Partial correlation matrix for gray matter volume in the left hemisphere estimated for the combined data of EMCI, LMCI, and AD patients. Averaged over

10 repetitions. Associations of lowest magnitude were not present in all iterations. EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s

dementia; vol, gray matter volume.

density) surviving the posterior probability threshold of P > 0.5
(see Figure S1 showing the probability of links). For comparison,
the Pearson correlation matrix is given in Figure 2 (left). We
obtained approximately 6,000 significant Pearson correlations
(P < 0.05, Bonferroni corrected), corresponding to a network
density of 46% of the total number of possible edges.

For intra-modal associations, i.e., within the same imaging
modality, brain regions directly adjacent to each other formed
smaller clusters of high partial correlation around the main
diagonal (Figures 3–5). When considering inter-modal
associations, i.e., between different imaging modalities, we
obtained a consistent pattern of significant positive intra-regional
conditional dependency for the pairs amyloid-β deposition and
metabolism with a mean partial correlation of ρ = 0.21 for 43
significant associations. These are visible as the higher intensities
in the diagonal of Figure S2. Between amyloid-β and gray
matter volume as well as between metabolism and gray matter
volume, only few significant intra-regional associations were
found (Figures S3, S4).

3.2. Group Comparison of the Graph

Structures
When estimating separate models for each diagnostic group
based on the multimodal data, graph structures derived from
Pearson and partial correlation matrices (Figures 6–8) both
differed in their density, leading to significant alterations of
the clustering coefficient, characteristic path length, and small-
world coefficient (Figure 9 and Figure S9). Detailed graph
statistics stratified by individual regions and diagnostic groups
are provided in Figures S5–S7.

We observed a biphasic trajectory of the graph measures.
This means that the clustering coefficient and small world
coefficient initially increases when comparing early MCI and CN
participants (Figure 9). When Alzheimer’s disease progresses,
i.e., in the lateMCI and dementia groups, bothmeasures decrease
again, with lateMCI being approximately on the same level as CN
participants (Figure 9). The characteristic path length showed a
similar pattern across groups, but with inverted directionality. All
blocks showed significant differences in mean between groups,
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FIGURE 6 | Partial correlation matrix for amyloid-β in the left hemisphere by group. Averaged over 10 repetitions. Associations of lowest magnitude were not present

in all iterations. CN, cognitively healthy elderly controls; EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s dementia; amy, amyloid-β.

one-way analysis of variance (ANOVA), df = 215, F ≥

4, p < 0.01, η
2

≥ 0.055. Detailed results are provided
in Table S2. P-values for Tukey’s honest significant difference
tests are provided in Table 2 and Table S1. Graph statistics
obtained from the right hemisphere data (Figure S8) were largely
consistent with strongest agreement for the characteristic path
length metric.

4. DISCUSSION

4.1. Conditional Dependency Between

Brain Regions
The GGMs estimated the strongest conditional dependencies
mainly within imaging modalities. We expected adjacent brain

regions to form clusters with high inter-cluster similarity for
amyloid-β deposition (Figure 3), as it is known to have low
variability in spatial distribution and, therefore, is often used as
a dichotomic variable after applying a certain threshold to the
global amyloid tracer uptake (Chételat et al., 2013; Landau et al.,
2013; Grothe et al., 2017) or as four-stage variable derived from
a linear spreading pattern (Grothe et al., 2017; Sakr et al., 2019).
We also found such clustering patterns formetabolism (Figure 4)
and gray matter volume (Figure 5), matching previous studies
on metabolism and gray matter covariance networks based on
Pearson correlation (Yao et al., 2010; Carbonell et al., 2016;
Pereira et al., 2016) or principal component analysis (Di and
Biswal, 2012; Spetsieris et al., 2015; Savio et al., 2017). Clusters of
high covariance have been found in the lateral andmedial parietal
lobe, lateral frontal lobe, and lateral and medial temporal lobe,
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FIGURE 7 | Partial correlation matrix for glucose metabolism in the left hemisphere by group. Averaged over 10 repetitions. Associations of lowest magnitude were

not present in all iterations. CN, cognitively healthy elderly controls; EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s dementia; metab,

glucose metabolism.

and had been associated with simultaneous growth during brain
development, functional co-activation, and axonal connectivity
in the literature (Gong et al., 2012; Alexander-Bloch et al., 2013).

Our analyses yielded only few and relatively weak associations
between different modalities (Figures S2–S4), except for the
direct intra-regional dependency between amyloid-β and
metabolism as well as between amyloid and gray matter volume
(diagonal of Figures S2, S4), which matched our previous
analysis with six selected regions of interest (Dyrba et al., 2017).
The positive dependency between amyloid-β and metabolism
was strongest in the early MCI group and matches previous
results for partial correlation obtained from linear regression
models (Altmann et al., 2015). This previous study reported a

markedly reduced number and strength of negative associations
between regional amyloid-β andmetabolism when correcting for
global amyloid load. They concluded that the negative association
between amyloid deposition and metabolism is more related
to the global amyloid level than to the distinct regional level.
The pattern of intra-regional dependency between amyloid-β
and metabolism as well as between amyloid-β and gray matter
volume was strongest in the early MCI group, which could refer
to the early phase of the disease and, therefore, a high variation in
regional amyloid-β deposition and a strong contribution of the
amyloid level on both metabolism and volume (Drzezga et al.,
2011; Carbonell et al., 2016). Notably, conditional dependencies
between metabolism and volume were obtained only for few
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FIGURE 8 | Partial correlation matrix for gray matter volume in the left hemisphere by group. Averaged over 10 repetitions. Associations of lowest magnitude were not

present in all iterations. CN, cognitively healthy elderly controls; EMCI/LMCI, early and late amnestic mild cognitive impairment; AD, Alzheimer’s dementia; vol, gray

matter volume.

regions including hippocampus and putamen, but not for
other expected regions such as posterior cingulate cortex
(Teipel and Grothe, 2016) (Figure S3).

4.2. Alterations of Graph Measures
Various studies reported a network disruption of AD in
comparison to cognitively healthy controls for gray matter
volume (He et al., 2008; Yao et al., 2010; Li et al., 2012;
Tijms et al., 2013; John et al., 2017) and glucose metabolism
(Morbelli et al., 2012; Titov et al., 2017), and intermediate
levels for volume in MCI (Yao et al., 2010; Pereira et al.,
2016); which we could replicate in our sample (Figure S9).
However, it has to be noted that for Pearson correlation matrices

usually high thresholds are applied to obtain sparser graphs.
Chung et al. (2016) and Voevodskaya et al. (2017) reported a
high influence of the selected graph density threshold on the
graph measures, leading to divergent increases and decreases
of the global clustering coefficient metric. To circumvent such
problems, we used weighted versions of the graph measures
(Rubinov and Sporns, 2010) and proposed GGMs to obtain
sparse conditional dependency matrices. Our results suggest
that graph statistics for regional dependency networks follow
a biphasic trajectory in the course of AD, a pattern that was
recently also reported for cortical thinning and mean diffusivity
(Montal et al., 2018) and resting-state fMRI connectivity
(Schultz et al., 2017).
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FIGURE 9 | Comparison of graph statistics for the partial correlation matrices of the left hemisphere stratified by diagnostic group and image modality. Estimates

based on Gaussian graphical models using multimodal neuroimaging data. The distribution of the weighted clustering coefficient, characteristic weighted path length,

and small-world coefficient for individual brain regions is shown. Boxes display median, first and third quartile of the distributions, and whiskers indicate

±1.5×interquartile range. All blocks showed significant differences in mean between groups, one-way analysis of variance (ANOVA), df = 215, F > 4, p < 0.01.

P-values for Tukey’s honest significant difference tests are given in Table 2. CN, cognitively healthy elderly controls; EMCI/LMCI, early and late amnestic mild cognitive

impairment; AD, Alzheimer’s dementia; amy, amyloid-β; metab, glucose metabolism; vol, gray matter volume.

In the current study, the EMCI group displayed the strongest
alterations of network structure with an increase of the
clustering coefficient, which may relate to the process of amyloid

accumulation taking place in several regions simultaneously in
this group increasing the intra-cluster correlation. For amyloid-
β and volume, LMCI subjects showed a clustering coefficient
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TABLE 2 | P-values for the group comparison of partial correlation graph statistics (Figure 9).

Amyloid-β Metabolism Volume

EMCI LMCI AD EMCI LMCI AD EMCI LMCI AD

Clustering coefficient CN 0.167 0.999 0.178 0.323 0.021 0.718 0.009 0.977 0.999

EMCI 0.183 < 0.001 0.630 0.031 0.030 0.012

LMCI 0.162 < 0.001 0.990

Path length CN 0.264 < 0.001 0.630 0.015 0.001 0.357 0.106 0.664 0.005

EMCI 0.189 0.922 0.884 < 0.001 0.667 < 0.001

LMCI 0.044 < 0.001 < 0.001

Small-world coefficient CN 0.101 0.940 0.301 0.184 0.002 0.701 0.011 0.967 0.987

EMCI 0.313 < 0.001 0.411 0.011 0.042 0.029

LMCI 0.096 < 0.001 0.999

Adjusted P-values from Tukey’s honest significant difference tests, controlling for family-wise error rate within each comparison block. CN, cognitively healthy elderly controls; EMCI/LMCI,

early and late amnestic mild cognitive impairment; AD, Alzheimer’s dementia.

and small-world coefficient comparable to controls, in contrast
to metabolism, where this group showed strongest deviation
from the other groups (Table 2). The lowest alterations of graph
measures were obtained for the gray matter network.

GGMs were recently applied as clustering algorithm for
brain networks in a few other single-modality applications.
de Vos et al. (2017) found them useful for increasing
group separation between AD and controls compared to
classical Pearson correlation networks in resting-state functional
connectivity. Titov et al. (2017) compared metabolic networks
for the differential diagnosis between AD and frontotemporal
lobar degeneration (FTLD). They also proposed an algorithm
to estimate if an individual subject shows a more AD or
FTLD pattern of regional metabolism. Munilla et al. (2017)
systematically evaluated the influence of the number of subjects
and the regularization strength on the GGM stability and
graph structure. They found that the estimated GGM graph
structure and small-world coefficient converged to a stable level
when including 40 or more subjects in their study sample. For
regularization-based approximation of GGMs, they showed that
the probability of an edge to exist in the estimated graph structure
almost linearly corresponds to the magnitude of their partial
correlation. Thus, this finding confirms our initial decision, that
sampling-based Bayesian estimation of the graph structure might
be more useful for detecting even low associations.

4.3. Limitations
It has to be noted that our methodological framework can
currently only be applied as a group statistic but not for
individual subjects. Therefore, GGMs can be used for exploratory
analyses as alternative to Pearson correlation networks, and may
aid generating new hypotheses about the interrelation of clinical
variables or feature selection. Then, derived hypotheses can be
validated using classical statistical methods such as regression or
mediation analysis.

Another limitation is the high uncertainty in the statistical
model to estimate the partial correlations. This is due to the
theoretically hard problem of matrix inversion on the one
hand, and due to the high number of possible graph edges in

comparison to the sample size on the other hand. Thus, the
model might be fragile with respect to the obtained values and
requires large training samples to get stable results. Here, we
repeated the model estimation on the whole data for ten times to
observe the effect on model stability, which was yielding largely
consistent results for strong links with high partial correlation,
but getting more variable for weaker links with low partial
correlation. Replicating the results using the right hemisphere
data also yielded largely consistent results with highest agreement
for the characteristic path length metric. Apparent deviation in
clustering coefficient and consequently in small-world coefficient
(= ratio of both) might be explained by the asymmetry of the
brain and the lateralization reported for Alzheimer’s disease in
the literature (e.g., stronger left hippocampus atrophy in ADNI)
(Grothe and Teipel, 2016; Wei, 2018). However, our findings still
need to be replicated in independent cohorts.

We observed a saturation of the conditional dependency
network when adding many variables. This means, the model
parameters might strongly change when having only few
variables in the model and adding another variable; in contrast
to very stable estimates of larger models with dozens of variables,
which are hardly altered when adding another variable. Actually,
this problem is well-known for linear regression models and
related to multicollinearity in the data (O’brien, 2007; Dormann
et al., 2013; Teipel S. J. et al., 2015). Recent developments in
stochastic block models may help to overcome these limitations,
as they try to infer the underlying clustering block structure and
separately estimate statistical associations within and between
clusters (Sun et al., 2014; Hosseini and Lee, 2016).

4.4. Conclusion
We applied GGMs to assess inter-modal and inter-regional
dependencies of high-dimensional multimodal neuroimaging
data of AD-related brain alterations. Our results showed that
conditional dependency networks estimated by GGMs provide
useful information within imaging modalities and could be
used as alternative to Pearson-correlation networks. Nonetheless,
GGMs did not detect some expected associations between
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modalities and, therefore, may have limited applicability for
large-scale data with dozens of variables.
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Figure S2. Partial correlation matrix for amyloid-β deposition and glucose metabolism in the left
hemisphere estimated for the combined data of EMCI, LMCI and AD patients. Averaged over ten
repetitions. Associations of lowest magnitude were not present in all iterations.
EMCI/LMCI: early and late amnestic mild cognitive impairment, AD: Alzheimer’s dementia, amy:
amyloid-β, metab: glucose metabolism.
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Figure S3. Partial correlation matrix for glucose metabolism and gray matter volume in the left
hemisphere estimated for the combined data of EMCI, LMCI and AD patients. Averaged over ten
repetitions. Associations of lowest magnitude were not present in all iterations.
EMCI/LMCI: early and late amnestic mild cognitive impairment, AD: Alzheimer’s dementia, metab: glucose
metabolism, vol: gray matter volume.
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Figure S4. Partial correlation matrix for amyloid-β deposition and gray matter volume in the left
hemisphere estimated for the combined data of EMCI, LMCI and AD patients. Averaged over ten
repetitions. Associations of lowest magnitude were not present in all iterations.
EMCI/LMCI: early and late amnestic mild cognitive impairment, AD: Alzheimer’s dementia, amy:
amyloid-β, vol: gray matter volume.
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Figure S5. Comparison of weighted clustering coefficient stratified by brain region, diagnostic group and
modality for the partial correlation matrices of the left hemisphere. Averaged over ten repetitions.
CN: cognitively healthy elderly controls, EMCI/LMCI: early and late amnestic mild cognitive impairment,
AD: Alzheimer’s dementia, amy: amyloid-β, metab: glucose metabolism, vol: gray matter volume.
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Figure S6. Comparison of characteristic path length stratified by brain region, diagnostic group and
modality for the partial correlation matrices of the left hemisphere. Averaged over ten repetitions.
CN: cognitively healthy elderly controls, EMCI/LMCI: early and late amnestic mild cognitive impairment,
AD: Alzheimer’s dementia, amy: amyloid-β, metab: glucose metabolism, vol: gray matter volume.
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Figure S7. Comparison of small-world coefficient stratified by brain region, diagnostic group and modality
for the partial correlation matrices of the left hemisphere. For better readability, individual values were
upscaled by a factor of 1,000. Averaged over ten repetitions.
CN: cognitively healthy elderly controls, EMCI/LMCI: early and late amnestic mild cognitive impairment,
AD: Alzheimer’s dementia, amy: amyloid-β, metab: glucose metabolism, vol: gray matter volume.
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Figure S8. Comparison of graph statistics for the partial correlation matrices of the right hemisphere
stratified by diagnostic group and image modality. Estimates based on Gaussian graphical models using
multimodal neuroimaging data. The distribution of the weighted clustering coefficient, characteristic
weighted path length, and small-world coefficient for individual brain regions is shown. Boxes display median,
first and third quartile of the distributions, and whiskers indicate ±1.5×interquartile range.
CN: cognitively healthy elderly controls, EMCI/LMCI: early and late amnestic mild cognitive impairment,
AD: Alzheimer’s dementia, amy: amyloid-β, metab: glucose metabolism, vol: gray matter volume.
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Figure S9. Comparison of graph statistics for the Pearson correlation matrices of the left hemisphere
stratified by diagnostic group and image modality. The distribution of the weighted clustering coefficient,
characteristic weighted path length, and small-world coefficient for individual brain regions is shown. Boxes
display median, first and third quartile of the distributions, and whiskers indicate ±1.5×interquartile range.
Prior to calculating the graph measures, the correlation matrices were thresholded such that correlations
with p > 0.05, i.e. approximately r < 0.12, were set to zero.
CN: cognitively healthy elderly controls, EMCI/LMCI: early and late amnestic mild cognitive impairment,
AD: Alzheimer’s dementia, amy: amyloid-β, metab: glucose metabolism, vol: gray matter volume.
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