
Auswirkungen einer langfristigen fettreichen Ernährung 

und anschließender Ernährungsumstellung 

auf Verhaltensmerkmale und Mikroglia im Mausmodell 

Dissertation 

zur Erlangung des akademischen Grades 

Dr. rer. med. 

an der Medizinischen Fakultät 

der Universität Leipzig 

eingereicht von: M. Sc. Judith Leyh

Geburtsdatum / Geburtsort: 11.03.1989 in Berlin 

angefertigt an / im: der Medizinischen Fakultät der Universität Leipzig /
Institut für Anatomie 

Betreuer: Prof. Dr. med. Ingo Bechmann 

Beschluss über die Verleihung des Doktorgrades vom: 18.07.2023



Inhaltsverzeichnis 

1. Einleitung ............................................................................................................................................. 3 

1.1 Mikroglia ........................................................................................................................................ 3 

1.1.1 Funktion der Mikroglia ........................................................................................................... 3 

1.1.2 Morphologie der Mikroglia .................................................................................................... 5 

1.1.3 Darstellung der Mikroglia mit Iba1 ......................................................................................... 7 

1.2 Automatisierte Klassifizierung und Quantifizierung mikroglialer morphologischer Phänotypen 7 

1.3 Verhaltensphänotypisierung von Mäusen .................................................................................... 8 

1.4 Morbus Alzheimer ......................................................................................................................... 9 

1.5 Adipositas .................................................................................................................................... 10 

1.5.1 Mikrogliale Reaktion auf fettreiche Ernährung und Adipositas ........................................... 11 

1.5.2 Adipositas als Risiko für M. Alzheimer ................................................................................. 13 

1.5.3 Mausmodelle für Adipositas ................................................................................................ 14 

2. Fragestellungen ................................................................................................................................. 16 

3. Publikationen ..................................................................................................................................... 17 

3.1 Classification of Microglial Morphological Phenotypes Using Machine Learning ...................... 17 

3.2 Long-term diet-induced obesity does not lead to learning and memory impairment in adult 

mice ................................................................................................................................................... 39 

4. Zusammenfassung ............................................................................................................................. 81 

5. Literaturverzeichnis ........................................................................................................................... 85 

6. Darstellung des eigenen wissenschaftlichen Beitrags ....................................................................... 97 

7. Erklärung über die eigenständige Abfassung der Arbeit ................................................................... 99 

8. Lebenslauf ....................................................................................................................................... 100 

9. Publikationsliste .............................................................................................................................. 101 

10. Danksagung ................................................................................................................................... 102 



1. Einleitung

1.1 Mikroglia 

Im Gehirn arbeiten nicht nur etwa 100 Milliarden Neuronen, sondern auch Gliazellen, deren 

Gesamtzahl die der Neuronen um das Zehnfache übersteigt und die entscheidend zur 

Gehirnentwicklung und -funktion beitragen 1. Zu diesen nicht-neuronalen Zellen gehören Makroglia 

(Astrozyten, Oligodendrozyten) sowie Mikroglia, wobei letztere etwa 7 % aller Gliazellen ausmachen 

und in jeder Hirnregion zu finden sind 2. Erstmalig visualisiert und detailliert beschrieben wurden 

mikrogliale Zellen vom spanischen Neurowissenschaftler Pío del Río-Hortega im Jahr 1919 3,4. 

Mikroglia sind einzigartige, langlebige Zellen im zentralen Nervensystem (ZNS) und gehören 

zusammen mit den nicht-parenchymalen Makrophagen zum Monozyten-Makrophagen-System 5–7.

Sie stammen von Vorläuferzellen im Dottersack ab und wandern während der Embryogenese aus 

diesem in das Gehirn ein 7,8. Dort bilden sie die erste Linie des Immun- und Verteidigungssystems, 

indem sie fortlaufend die Umgebung mit ihren mobilen Fortsätzen abtasten und schnell sowie 

effektiv Veränderungen und Störungen im ZNS, z. B. durch Infektionen, erkennen und entsprechend 

reagieren können 9. Mikrogliazellen übernehmen neben Abwehrfunktionen (Phagozytose, 

Zytotoxizität, Antigenpräsentation) wichtige Aufgaben zur Aufrechterhaltung der Homöostase im ZNS 

10–12. Sie sind an Gedächtnisfunktionen beteiligt, indem sie synaptische Verbindungen eliminieren

können und bilden damit die Grundlage für Lernprozesse 13. Durch die Hochregulation von 

phagozytischen Funktionen, Änderung ihrer Morphologie und Expression einer Reihe von bioaktiven 

Effektormolekülen können Mikroglia spezifisch auf pathologische Veränderungen reagieren 14. 

1.1.1 Funktion der Mikroglia 

Mikroglia unter physiologischen Bedingungen 

Mikroglia sind im gesamten Parenchym des ZNS lokalisiert, während die nicht-parenchymalen 

Makrophagen in den ZNS umgebenden Kompartimenten wie den Hirnhäuten, dem perivaskulären 

Raum sowie dem Plexus choroideus angesiedelt sind 15,16. Die mikrogliale Zelldichte ist abhängig von 

der jeweiligen Region des ZNS 17. Unter physiologischen Bedingungen wird die Zellpopulation der 

Mikroglia im adulten humanen und murinen Gehirn nicht durch periphere Immunzellen ergänzt, 

sondern bleibt durch eine langsame Selbsterneuerung mittels Proliferation und Zelltod bestehen 18–

23. Mit Hilfe von Einzelzellansätzen wurde die mikrogliale Zellsignatur aufgezeigt. Die Analysen 

offenbarten erhebliche Unterschiede zwischen im ZNS ansässigen Makrophagen- und 

Mikrogliapopulationen. Zusätzlich weisen Mikroglia eine hirnregions- und altersabhängige 

Heterogenität auf 24–27. Im gesunden Zustand zeichnet sich ihr Profil durch eine hohe Expression von

homöostatischen Markern wie TMEM119 (Transmembrane protein 119), P2RY12 (Purinergic 
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receptor P2Y12), SIGLECH (Sialic-acid-binding immunoglobulin-like lectin H) und GPR34 (G protein-

coupled receptor 34) aus 24,28–30. Die Signatur der adulten Mikroglia ist geschlechtsspezifisch, wobei

Mikroglia weiblicher Mäuse neuroprotektive, Mikroglia männlicher Mäuse hingegen eher 

inflammtorische Merkmale aufweisen 31. Mikroglia sorgen während der Entwicklung für das 

synaptische Pruning („Beschneiden, Stutzen“), überwachen im Erwachsenenalter die Funktion von 

Synapsen und eliminieren synaptische Verbindungen, wobei Letzteres die Markierung 

unerwünschter Synapsen durch Komplementfaktoren erfordert. Damit ermöglichen sie 

gedächtnisassoziierte Funktionen wie Lernen und synaptische Plastizität 32–38. Die Eliminierung von

Synapsen ist jedoch auch ein Kennzeichen des Alterns und von neurodegenerativen Erkrankungen 

wie Morbus Alzheimer 39–41. Darüber hinaus bieten Mikroglia ihren benachbarten Zellen trophische

Unterstützung, indem sie neurotrophe Faktoren wie NGF (Nerve growth factor), BDNF (Brain-derived 

neurotrophic Factor), FGF (Fibroblast growth factor) sowie IGF (Insulin-like growth factor) absondern. 

Dadurch regulieren sie die neuronale Funktion und die Synapsenbildung 13,30,42. NGF und BDNF 

können wiederum die Funktionen der Mikroglia beeinflussen 43–48.

Mikroglia unter pathologischen Bedingungen und bei Alterung 

Mikrogliazellen spielen nicht nur während der Entwicklung und im Erwachsenenalter eine 

wesentliche Rolle, sondern haben auch unter pathologischen Bedingungen eine wichtige Bedeutung. 

Als immunkompetente Makrophagen des ZNS können sie mittels ihrer spezialisierten 

Oberflächenrezeptoren Veränderungen in der Umgebung erkennen und Krankheitserreger, 

apoptotische Zellen und Zelltrümmer, Toxine sowie Myelinreste entfernen 11,13,49–52. Damit sorgen sie

für das Abklingen von Entzündungen, was für die Reparatur des Hirnparenchyms notwendig ist 53,54. 

Die mikrogliale Phagozytose von freiem Myelin, welches bei demyelinisierenden Erkrankungen und 

im Alter vermehrt vorliegt, ist Voraussetzung für die Remyelinisierung und die Gewebereparatur 53,55–

57. Mit zunehmendem Alter weisen Mikroglia eine verminderte phagozytäre Kapazität auf und 

akkumulieren übermäßige Mengen von Myelinresten, was zur Bildung von Cholesterinkristallen, zur 

Ruptur der phagolysosomalen Membran und zur Aktivierung von Inflammasomen führt 53,58–61. Der

Abbau von Beta-Amyloid (Aβ) durch Mikroglia nimmt ebenfalls mit fortschreitendem Alter ab und

mikrogliale Zellen scheinen in Zusammenhang mit der Alzheimer-Krankheit beeinträchtigt oder sogar 

dysfunktional zu sein. Sie sind folglich nicht mehr in der Lage, pathologisches Aβ zu beseitigen 62,63.

Die komplexe Rolle der Mikroglia bei neurodegenerativen Erkrankungen wie der Alzheimer- und der 

Parkinson-Krankheit sowie der amyotrophen Lateralsklerose ist Gegenstand laufender umfangreicher 

Forschung 64,65. Die Beteiligung dysfunktionaler Mikroglia wird Studien zufolge auch an 

neuropsychiatrischen Erkrankungen wie Schizophrenie, bipolaren Störungen, Autismus oder 

Depression diskutiert 66,67.  
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Gealterte Mikroglia haben eine reduzierte Selbsterneuerungskapazität und können dysfunktional 

oder seneszent werden 68–70. Seneszente Mikroglia weisen eine erhöhte Expression von p16Ink4a auf 

und sind bei neurodegenerativen Pathologien häufig nachweisbar, während ihre Beseitigung eine 

Gliose und neuropathologische Prozesse verhindern 70. Darüber hinaus sind seneszente Mikroglia 

weniger effizient bei der Aufrechterhaltung der Eisenhomöostase und unterliegen einer oxidativen, 

eisenabhängigen, nicht-apoptotischen Form des Zelltods, der Ferroptose 71–73. Die Geschwindigkeit 

der mikroglialen Motilität verlangsamt sich mit zunehmendem Alter erheblich, was zu einer 

verminderten Überwachung des umliegenden Gewebes, einem beeinträchtigten Kontakt mit 

Synapsen und einer schlechten Erholung nach Verletzungen führt 60,74. Des Weiteren können 

gealterte Mikroglia immunologisch "geprimt" werden, d. h., sie zeigen eine übertriebene 

Entzündungsreaktion auf Stimuli und weisen eine erhöhte Expression von proinflammatorischen 

Zytokinen sowie Antigenpräsentationsmolekülen auf 75.  

Bei neurodegenerativen Erkrankungen verlieren Mikroglia ihr homöostatisches Profil und entwickeln 

eine krankheitsassoziierte Signatur, die durch eine erhöhte Expression von APOE (Apolipoprotein E), 

AXL (Tyrosine-protein kinase receptor UFO), CSF1 (Colony-stimulating factor 1), CLEC7a (C-type lectin 

domain family 7a), CD11c (ITGAX, Integrin subunit alpha X), CST7 (Cystatin F) und BHLHEe40 (Basic 

helix-loop-helix family member E40) gekennzeichnet ist 30,76–81. Mikrogliale Reaktionen im 

Zusammenhang mit neurodegenerativen Erkrankungen können geschlechtsabhängig sein. In einem 

Alzheimer-Mausmodell beispielsweise entwickeln sich Mikroglia weiblicher Mäuse schneller in einen 

aktivierten Zustand als Mikroglia von männlichen Mäusen, in dem sie MHC (Major histocompatibility 

complex)-Klasse II und Alzheimer-Risikogene exprimieren 82. 

Neuroinflammation ist einerseits eine für die Geweberegeneration erforderliche, lebenswichtige und 

schützende Reaktion auf Verletzungen, andererseits beeinträchtigt sie in ihrer chronischen Form 

neuronale sowie gliale Funktionen und wird als ein Merkmal neurodegenerativer Erkrankungen 

angesehen 83–86. Der Übergang mikroglialer Zellen von einem homöostatischen in einen 

krankheitsbedingten Zustand, die Erschöpfung gealterter Mikroglia und die damit verbundene 

gestörte Phagozytose könnten neben zusätzlichen Lebensstilfaktoren die Krankheitsentwicklung 

fördern 81. 

1.1.2 Morphologie der Mikroglia 

Die Morphologie reifer Mikroglia ist im Zustand des Abtastens ihrer Mikroumgebung und unter 

physiologischen Bedingungen durch einen kleinen Zellkörper und lange, sehr feine, stark verzweigte 

Fortsätze gekennzeichnet. Dies ermöglicht den mikroglialen Zellen, das lokale Hirnparenchym auf 

Anzeichen von Infektionen, Traumata, Ischämie, Zell- und Gewebeschäden oder homöostatische 
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Störungen hin zu untersuchen 9,87. In diesem stationären Zustand wurden die stark verzweigten 

Mikroglia früher als "ruhend" beschrieben. Neuere Studien haben allerdings gezeigt, dass diese 

Zellen hochdynamisch sind und demnach vielmehr als "überwachende" Zellen bezeichnet werden 

sollten 88,89. Sogenannte DAMPs (Damage-Associated Molecular Patterns), bei denen es sich um 

Schad- oder Gefahrensignale in Form von freigesetzten Molekülen von Krankheitserregern und 

verletzten Zellen handelt, lösen mikrogliale Immunreaktionen aus. Diese führen zu einer Rückbildung 

der Fortsätze, einer Vergrößerung und Verdickung des Zellsomas sowie einer morphologischen 

Umwandlung von einer verzweigten zu einer aktivierten Morphologie und schließlich zu einer 

amöboiden Zellform 90,91. Amöboide Mikroglia sind durch vollständig eingezogene Fortsätze und ein 

geschwollenes Zellsoma gekennzeichnet 92. Die schnelle morphologische Umwandlung der Mikroglia 

ermöglicht es diesen Zellen, zum Ort der Verletzung zu wandern oder schädliche Ablagerungen und 

Eindringlinge zu phagozytieren 9,87,88. Bemerkenswerterweise besitzen Mikroglia zwischen der 

verzweigten, aktivierten und amöboiden Zellform eine Vielzahl von morphologischen 

Übergangszuständen, die möglicherweise krankheitsspezifische funktionelle Zellzustände 

widerspiegeln. Ihre räumliche Organisation und genaue Rolle im geschädigten oder erkrankten 

Gehirn sind jedoch noch unklar 93–95. In neueren Studien wurde eine weitere Morphologie von 

Mikroglia in Mäusen beschrieben, sogenannte stäbchenförmige Mikrogliazellen, von denen Franz 

Nissl bereits 1899 berichtete 96–100. Stäbchenartige Mikroglia weisen keine planaren Fortsätze auf und 

zeigen eine verringerte Anzahl sekundärer Verzweigungen sowie eine Verengung des Zellsomas 97,101. 

Im Gehirn alter Menschen wurde mit der mikroglialen Dystrophie ein weiterer morphologischer 

Phänotyp beschrieben, der möglicherweise die mikrogliale Seneszenz widerspiegelt 8,18,102,103. Gehirne 

von Alzheimer-Patienten zeigen eine Prävalenz von Mikroglia mit einer dystrophen Morphologie im 

Hippocampus und mehreren kortikalen Bereichen 69,104,105. Kennzeichen dystropher/seneszenter 

Mikroglia sind lysosomale Einschlüsse, unregelmäßig geformte Zellkörper, verkürzte und scheinbar 

fragmentierte Zellfortsätze sowie eine verringerte phagozytotische und makropinozytotische 

Funktion. Dies führt zu verminderten neuroprotektiven Fähigkeiten 56,69,106,107. Die mikrogliale 

Pathologie bei der Alzheimer-Krankheit ist durch eine inhomogene Verteilung vom 

zytoplasmatischen Protein Iba1 charakterisiert. Iba1-positive Verbindungen unterhalb der 

lichtmikroskopischen Auflösung (0,182 µm) lassen die Mikrogliazellen fragmentiert erscheinen 108. 

Morphologische Analysen liefern im Gegensatz zur Einzelzell-RNA-Sequenzierung, die die volle 

Bandbreite mikroglialer Funktionen und phänotypischer Vielfalt hervorhebt sowie diese Zellen 

umfassend auf molekularer Ebene charakterisiert, räumliche Informationen für ein vollständiges 

Verständnis der Hirnhomöostase und der Mechanismen der Krankheitsprogression. Physiologische 

und pathologische Bedingungen, regionale Verteilung, Speziesspezifität, neurologische Erkrankungen 
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und Gewebeverletzungen im ZNS können die Heterogenität und damit die Morphologie der Mikroglia 

beeinflussen 25–27,109–112. 

1.1.3 Darstellung der Mikroglia mit Iba1 

Das Protein Iba1 (Ionized calcium binding adaptor molecule 1) ist mittlerweile der am häufigsten 

verwendete Marker für immunhistochemische Untersuchungen der Mikrogliazellen und wurde 

erstmals 1998 beschrieben 113,114. Dieses kalziumbindende Protein, welches an der 

Membrankräuselung, der Aktinvernetzung und der Phagozytose beteiligt ist, wird von allen 

mikroglialen Subpopulationen 113,115–117 sowie peripheren Makrophagen exprimiert 115,118–120. Es 

markiert allerdings sowohl perivaskuläre als auch meningeale Makrophagen sowie ins Gehirn 

einwandernde myeloide Zellen wie Monozyten. Meningeale und perivaskuläre Iba1-positive 

Makrophagen können aufgrund ihrer Lage innerhalb von Hirnhäuten bzw. Gefäßen identifiziert 

werden. Infiltrierende mit Iba1 markierte Monozyten lassen sich aufgrund ihrer Zellform von den 

verzweigten Mikroglia unterscheiden, können allerdings im Extrazellulärraum des Gehirns auch 

ramifizieren 121. Iba1 ist ein zytoplasmatischer Mikroglia-Marker, der sowohl den Zellkörper als auch 

die Zellfortsätze markiert und somit alle morphologischen Phänotypen der Mikrogliazellen 

zuverlässig anfärbt 106,121. Iba1 fördert die Proliferation sowie Migration von Immunzellen und erhöht 

die Expression von inflammatorischen Zytokinen sowie Chemokinen 122. Trotz seiner häufigen 

Verwendung und Charakterisierung als mikroglialer Aktivierungsmarker sind noch nicht alle 

Funktionen von Iba1 gänzlich bekannt. Obgleich seine Beteiligung an der Phagozytose weitestgehend 

bestätigt ist, zeigten IRF8 (Interferon regulatory factor 8)-defiziente Mikroglia zwar signifikant 

verminderte Iba1-Level, aber keine Defizite bei der Phagozytose 123. IRF8 ist unter anderem ein 

entscheidender Transkriptionsfaktor für die Umwandlung der Mikroglia in deren reaktiven Phänotyp 

und damit ein wichtiger Regulator der mikroglialen Motilität 124,125.  

1.2 Automatisierte Klassifizierung und Quantifizierung mikroglialer morphologischer 

Phänotypen 

Es gibt zahlreiche Studien zur automatischen Erkennung und Quantifizierung von Iba1- oder CD11b-

positiven Zellen im gesunden oder verletzten Gehirn von Nagern 126–135. Die automatisierte 

Klassifizierung mikroglialer morphologischer Phänotypen erfolgte bisher weitestgehend anhand 

ausgewählter quantitativer Parameter wie bspw. der konvexen Hüllfläche, dem Somaumfang, der 

Anzahl, Länge und Verzweigung der Fortsätze, dem Fortsatzvolumen, der Zirkularität, der Solidität, 

der fraktalen Dimension und der Lakunarität (Lückenhaftigkeit) 128,131–133,135–137. Da diese Ansätze 

jedoch aufgrund der naturgemäß begrenzten Anzahl von Kriterien und ihrer manuellen Auswahl 
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während eines einzelnen Experiments das Risiko eines Selektionsbias bergen, sind ausgefeiltere 

Konzepte erforderlich, um die bestmögliche Genauigkeit bei morphologischen Klassifizierungen zu 

erreichen. Im Bereich des maschinellen Lernens, einem Teilbereich der künstlichen Intelligenz, hat es 

in den letzten Jahren rasante Fortschritte gegeben. Das maschinelle Lernen kann automatisiert 

Wissen aus Erfahrung generieren, Lernalgorithmen trainieren, Zusammenhänge identifizieren und 

unbekannte Muster erkennen. Das aus Beispieldaten entwickelte komplexe Modell lässt sich 

anschließend auf einen neuen, potentiell unbekannten Datensatz anwenden, um damit Vorhersagen 

treffen, Prozesse optimieren, komplexe Aufgaben lösen und Ziele erreichen zu können 138. Künstliche 

neuronale Netze gehören zu den Algorithmen maschinellen Lernens und sind dem menschlichen 

Gehirn nachempfunden. Es sind somit abstrahierte Modelle von verbundenen künstlichen Neuronen. 

Weist ein künstliches neuronales Netzwerk besonders tiefe Netzstrukturen auf, wird von Deep 

Learning gesprochen 139. Ein künstliches neuronales Netzwerk setzt sich aus der Eingabeschicht (Input 

Layer), der verborgenen Schicht (Hidden Layer) und einer Ausgabeschicht (Output Layer) zusammen. 

Eine spezialisierte Form des künstlichen neuronalen Netzes ist das gefaltete neuronale Netz 

(Convolutional Neural Network (CNN)), welches besonders effizient mit großen Mengen an 

Eingabedaten arbeiten kann und damit für den Bereich der Bilderkennung besonders gut geeignet ist 

140. Die Funktionsweise des CNN ist biologischen Vorgängen nachempfunden und sein Aufbau ähnelt 

dem visuellen Kortex des Gehirns. Die verborgene Schicht basiert bei CNNs auf einer Abfolge von 

Faltungs- und Poolingoperationen. Bei einer Faltung wird ein Filter zur Extraktion von Bildmerkmalen 

(Kernel) über die Daten gelegt und währenddessen eine Faltung gerechnet, was mit einer 

Multiplikation vergleichbar ist. Die Neuronen werden aktualisiert und die anschließende Einführung 

einer Poolingschicht sorgt für vereinfachte Ergebnisse, sodass ausschließlich wichtige Informationen 

erhalten bleiben. Dies führt zur Minimierung von bspw. zwei- oder dreidimensionalen Eingabedaten. 

Durch die kontinuierliche Fortführung dieses Verfahrens ergibt sich am Ende in der Ausgabeschicht 

ein Vektor, die verbundene Schicht (Fully Connected Layer). Dieser Vektor hat vor allem in der 

Klassifikation eine besondere Bedeutung, da er ebenso viele Neuronen wie Klassen enthält und die 

entsprechende Zuordnung über eine Wahrscheinlichkeit bewertet 139,141,142. Vorteile eines CNN 

gegenüber herkömmlichen nicht gefalteten neuronalen Netzen sind die wesentlich geringere 

Speicheranforderung und die stark verkürzte Trainingszeit. CNNs wurden bereits für Bilder von 

intrazellulären Aktin-Netzwerken 143, Mehrkanal-Einzelzellbilder 144 und zur Charakterisierung Iba1-

immunopositiver Mikroglia beim Schädel-Hirn-Trauma verwendet 135. 

1.3 Verhaltensphänotypisierung von Mäusen 

Messbare Aspekte des Verhaltens bei Mäusen, die Symptome für psychiatrische und neurologische 

Erkrankungen darstellen können, betreffen die Sensorik, Motorik, Emotionalität sowie Lern- und 
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Gedächtnisfähigkeiten 145. Zur Untersuchung der allgemeinen sensorischen und motorischen 

Fähigkeiten können Reflexe wie der Vibrissen-, Ohrmuschel- und Krümmungsreflex verwendet 

werden 146. Für die Analyse des emotionalen Verhaltens wird bei Mäusen häufig ihre Handlungsweise 

in ungewohnten Situationen geprüft. In solchen Situationen stehen sie im Konflikt zwischen Neugier, 

Erkundung der bisher unbekannten Umgebung und der Vermeidung möglicher Gefahren 145. Mit 

Open-Field- (offenes Gelände), Light-Dark-Box- (Helligkeit) oder Elevated-Plus-Maze-Tests (Höhe) 

werden verschiedene Aspekte der Ängstlichkeit untersucht 147. Die am häufigsten verwendeten Tests 

im Zusammenhang mit depressivem Verhalten sind der Forced-Swim- und der Tail-Suspension-Test. 

Hierbei werden Mäuse für wenige Minuten in eine scheinbar ausweglose Situation gebracht und 

gemessen, ob sie aktiv oder passiv versuchen, diese zu bewältigen. Passivität wird als depressives 

Verhalten gewertet, was die Motivation in Lern- und Gedächtnistests beeinflussen könnte 145,148. Für 

Demenzerkrankungen relevante Lern- und Gedächtnisfunktionen, wie Orientierungsvermögen und 

Arbeitsgedächtnis, werden z. B. in Labyrinthtests wie dem Y-Maze (Kurzzeitgedächtnis) oder dem 

Morris-Water-Maze (Lernen und Langzeitgedächtnis) gemessen 145.  

1.4 Morbus Alzheimer 

Morbus (M.) Alzheimer oder andere Demenzformen spielen laut WHO mit schätzungsweise 

55 Millionen Erkrankten weltweit und 1,6 Millionen allein in Deutschland bereits jetzt eine 

herausragende Rolle 149. Das Bundesministerium für Familie, Senioren, Frauen und Jugend 

prognostiziert für Deutschland bis zum Jahr 2050 einen Anstieg auf 2,8 Millionen Betroffene 150. Der 

progrediente Verlauf einer Demenz stellt eine enorme Herausforderung für betroffene Personen, 

deren Familien und für das Gesundheitssystem dar. Die häufigste Ursache einer Demenz ist die 

irreversible Alzheimer-Erkrankung. Die Neurodegeneration beginnt im transentorhinalen Kortex und 

greift auf andere Hirnregionen über, was sich klinisch mit Gedächtnisverlust, kognitiven 

Beeinträchtigungen sowie Veränderungen in Personalität und Verhalten manifestiert. Die Krankheit 

beginnt jedoch bereits etwa 10 bis 20 Jahre vor dem Auftreten der Symptome und entwickelt sich 

zunächst asymptomatisch über ein langes präklinisches Stadium 151. M. Alzheimer schreitet bei 

Patienten mit leichter kognitiver Beeinträchtigung allmählich zum Prodromalstadium (frühe 

Krankheitsphase) und setzt sich später zu einer leichten, mittelschweren und schließlich schweren 

Demenz fort, die sich in einer zunehmenden Unfähigkeit zur Durchführung alltäglicher Aktivitäten 

äußert 152. Zwei wesentliche neuropathologische Kennzeichen der Alzheimerschen Krankheit im 

Gehirn sind extrazelluläre senile Plaques aus Ablagerungen von Aβ-Peptiden und intrazelluläre 

neurofibrilläre Tangles (NFTs), die durch hyperphosphoryliertes Tau-Protein gebildet werden 151.  
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Ein wichtiger genetischer Risikofaktor für die Entwicklung einer spät beginnenden Alzheimer-

Erkrankung ist das APOE-Gen, das für das Apolipoprotein E (APOE) kodiert. APOE ist ein Bestandteil 

von Plasmalipoproteinen in der Peripherie, in der Zerebrospinalflüssigkeit und in der interstitiellen 

Flüssigkeit des Parenchyms im ZNS 153. Astrozyten und Mikroglia sind die Hauptproduzenten von 

APOE, einem wichtigen Lipidtransportprotein, das eine zentrale Rolle bei der Entwicklung, Erhaltung 

154,155und Reparatur des ZNS spielt . APOE erfüllt wichtige Funktionen beim Cholesterin-

/Lipidtransport, der Immunmodulation, der Synapsenregeneration und es reguliert den Abbau von 

Aβ sowie mehrere wichtige Signalwege 153. Beim Menschen gibt es drei gängige Versionen des APOE-

Gens: das ε2-, das ε3- und das ε4-Allel. APOE ɛ3 ist das häufigste Allel (weltweite Prävalenz: ≈ 79 %) 

und wird nicht mit dem Alzheimer-Risiko in Verbindung gebracht. Personen, die das ε4-Allel (≈ 14 %) 

tragen, haben ein erhöhtes Alzheimer-Risiko, während das Tragen des ε2-Allels (≈ 7 %) schützend 

wirkt 156,157. Einer bevölkerungsbasierten Kohortenstudie zufolge liegt die Lebenszeitinzidenz von 

leichter kognitiver Beeinträchtigung oder Demenz bei 30-35 % für APOE4-homozygote Personen, bei 

20-25 % für APOE4-heterozygote Personen (ε3/ε4 und ε2/ε4) und bei 10-15 % für Nicht-APOE4-

Träger (ε3/ε3, ε3/ε2 und ε2/ε2) 153,158. Verglichen mit Nicht-APOE4-Trägern wird bei heterozygoten 

APOE4-Trägern ein drei- bis fünffach und bei homozygoten APOE4-Trägern ein zehn- bis fünfzehnfach 

erhöhtes Erkrankungsrisiko für M. Alzheimer angenommen. Die Penetranz ist trotz dieses großen 

Effekts unvollständig, denn einige homozygote Träger der APOE4-Genvariante sind auch im sehr 

hohen Alter (> 95 Jahre) nicht in ihrer kognitiven Gesundheit beeinträchtigt. Die Wahrscheinlichkeit, 

dass homozygote Träger des ε4-Allels vor dem 85. Lebensjahr eine Alzheimer-Erkrankung entwickeln, 

beträgt bei Männern 50 % und bei Frauen 60 %. Neben der Homozygotie für das Hochrisikogen 

APOE4 müssen demzufolge zusätzliche Faktoren für die Entwicklung von M. Alzheimer eine Rolle 

spielen 159. Bei der Alzheimer-Pathologie wird APOE von Mikrogliazellen stark hochreguliert, was bei 

Tieren und Menschen mit mikroglialer Aktivierung, erhöhter Gefäßsteifigkeit, gesteigerter vaskulärer 

Aβ-Ablagerung und erhöhten systemischen Entzündungswerten verbunden ist 77,151,160. Kürzlich 

wurde ein großer Einfluss der westlichen Ernährung auf die Entwicklung von M. Alzheimer bei 

APOE4-Trägern gefunden 161. Diese Personen weisen nicht nur ein erhöhtes Risiko für die Entwicklung 

von M. Alzheimer, sondern auch für das metabolische Syndrom, eine Kombination aus Diabetes, 

Bluthochdruck und Adipositas, auf 156,161–163.  

1.5 Adipositas 

Nichtübertragbare Krankheiten wie Herz-Kreislauf- und Atemwegserkrankungen, Krebs sowie 

Diabetes mellitus machen mehr als 70 % der vorzeitigen Todesfälle weltweit aus und sind damit die 

Hauptursache für Sterblichkeit und frühzeitige Erwerbsunfähigkeit 164. Adipositas ist ein 

Hauptrisikofaktor für nichtübertragbare Krankheiten und wird je nach Schweregrad der Erkrankung 
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und Komorbidität mit einer verringerten Lebenserwartung von schätzungsweise 5 bis 20 verlorenen 

Jahren assoziiert 165–168. Die Weltgesundheitsorganisation (WHO) definiert Adipositas als abnorme 

oder übermäßige Fettansammlung, die die Gesundheit beeinträchtigen kann und bei einem Body 

Mass Index (BMI) ≥ 30 kg/m2 diagnostiziert wird. Sie ist durch ein chronisches 

Energieungleichgewicht gekennzeichnet, d. h., die Energieaufnahme übersteigt den 

Energieverbrauch und führt zu einer Gewichtszunahme 169. Übergewicht bei einem BMI über 25 wird 

bereits mit einer höheren Sterblichkeit in Verbindung gebracht und stellt bereits einen Risikofaktor 

für verschiedene Krankheiten wie Stoffwechselkrankheiten (z. B. Typ-2-Diabetes und Fettleber), 

Herz-Kreislauf-Erkrankungen (Bluthochdruck, Herzinfarkt und Schlaganfall), Muskel-Skelett-

Erkrankungen (Arthrose), M. Alzheimer, Depression und einige Krebsarten (z. B. Brust-, Eierstock-, 

Prostata-, Leber-, Nieren- und Dickdarmkrebs) dar. Zudem kann Adipositas zu einer verminderten 

Lebensqualität, Arbeitslosigkeit, geringerer Produktivität und sozialen Nachteilen führen 168. Nach 

Angaben der WHO hat sich die weltweite Prävalenz von Adipositas seit 1975 fast verdreifacht und im 

Jahr 2019 starben etwa 1,5 Millionen Menschen an den direkten Folgen einer Diabeteserkrankung. 

Hochrechnungen zufolge werden im Jahr 2025 21 % der Frauen und 18 % der Männer weltweit 

fettleibig sein 169–172. Umweltfaktoren, die das Ungleichgewicht zwischen Energiezufuhr und -

verbrauch begünstigen, könnten Gründe für diese weltweite Epidemie sein. Studien deuten darauf 

hin, dass eine Zunahme der Menge und der Energiedichte von verzehrten Lebensmitteln, 

insbesondere die gesteigerte Fettaufnahme in der Nahrung, sowie eine Abnahme der körperlichen 

Aktivität für die Zunahme der Adipositas in der Bevölkerung verantwortlich sind 173–176. Zudem 

ergaben epidemiologische Studien eine positive Korrelation zwischen einem erhöhten Fettgehalt in 

der Nahrung und einer erhöhten Inzidenz von Adipositas 177–180. Darüber hinaus wurde in einer 

genomweiten Assoziationsstudie ein Einzelnukleotid-Polymophismus im Gen für Fettmasse und 

Adipositas (FTO) identifiziert, welcher mit einem 1,67-fach erhöhten Risiko für Adipositas im 

Vergleich zu Personen ohne dieses Allel assoziiert ist 175,181. Schließlich könnten auch soziale Faktoren 

eine entscheidende Rolle spielen. Das Risiko einer Person adipös zu werden, erhöht sich um 57 %, 

wenn ein Freund adipös ist oder um 37-40 %, wenn die Person ein adipöses Geschwisterkind oder 

einen adipösen Ehepartner hat 175,182. Angesichts der hohen Zahlen sind große Bemühungen 

erforderlich, um Adipositas zu behandeln sowie die Prozesse, die dieser Krankheit zugrunde liegen, 

besser zu verstehen. 

1.5.1 Mikrogliale Reaktion auf fettreiche Ernährung und Adipositas 

Der funktionale und morphologische Phänotyp von Mikrogliazellen wird durch den westlichen 

Lebensstil und die ernährungsbedingte Adipositas 183,184 sowie durch das Mikrobiom, welches die für 

die Reifung der Mikroglia erforderlichen kurzkettigen Fettsäuren liefert 185, beeinflusst. Mikroglia 
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reagieren auf eine unterschiedlich lang andauernde fettreiche Ernährung in Form einer 

hypothalamischen Mikrogliose, welche durch eine morphologische Aktivierung und Akkumulation 

mikroglialer Zellen sowie Entzündungssignale gekennzeichnet ist 186–188. Bereits ein Tag einer 

fettreichen Ernährung induziert eine Entzündung im Hypothalamus, die sich in einer erhöhten Anzahl 

von Makrophagen/Mikroglia und einer erhöhten mRNA-Expression von proinflammatorischen 

Biomarkern äußert 186. Kürzlich wurde jedoch gezeigt, dass Mikroglia ihren Zellpool ohne signifikante 

Substitution durch zirkulierende Monozyten nach ihrer Etablierung im frühen postnatalen Leben 

beibehalten können, selbst unter den Bedingungen einer chronischen fettreichen Ernährung 189. Eine 

Studie an Nagetieren mit übermäßig fettreicher Ernährung zeigte, dass den mikroglialen Zellen im 

mediobasalen Hypothalamus für Mikroglia spezifische Marker wie TMEM119 und P2RY12 fehlen 188. 

Eine fettreiche Diät induziert zudem die Expression vom mitochondrialen Uncoupling Protein 2 

(UCP2) in hypothalamischen Mikrogliazellen. Dieses Protein spielt eine wichtige Rolle bei der 

Funktion von Mitochondrien wie z. B. der kontrollierten Erzeugung reaktiver Sauerstoffspezies (ROS). 

Einhergehend mit der Überexpression von Ucp2 treten auch funktionelle und morphologische 

Veränderungen in den Mitochondrien von Mikroglia des Nucleus arcuatus auf 190. Neben dem 

Hypothalamus, der eine zentrale Rolle bei der Kontrolle von Appetit und Gewicht innerhalb des ZNS 

einnimmt, hat sich auch gezeigt, dass der Hippocampus, eine für die Gedächtniskonsolidierung und 

den Gedächtnisabruf entscheidende Hirnregion, sehr anfällig für die Auswirkungen von Adipositas 

oder schlechter Ernährung ist 191–194. Eine frühe Belastung mit einer fettreichen Nahrung (P21-60) 

induziert entzündliche Veränderungen im Hippocampus von Mäusen, die eine Zunahme der 

Somafläche von Iba1-positiven Zellen zeigen 195. Eine langfristige fettreiche Ernährung (> 20 Wochen) 

führt auch zu einer Aktivierung mikroglialer Zellen im Hippocampus, einer erhöhten Anzahl von Iba1-

positiven Zellen in diesem Hirnbereich und zu kognitiven Defiziten 184,196–198. Im Gegensatz dazu zeigte 

eine Untersuchung der langfristigen Auswirkungen einer fett- und kohlenhydratreichen Ernährung im 

Hippocampus von Ratten, dass der von Iba1-positiven Zellen bedeckte Flächenanteil nach 

einjährigem Verzehr reduziert war. Außerdem wurde bei dieser Diätform im Vergleich zu den 

Kontrollen keine mikrogliale Hypertrophie, die auf einen aktivierten Zustand hindeutet, festgestellt 

199. 

Obwohl die Adipositas-induzierte mikrogliale Aktivierung bei Nagetieren, insbesondere im 

Hypothalamus und Hippocampus, gut belegt ist, gibt es nur wenige Literaturdaten, die die Folgen 

chronischer Adipositas im menschlichen Gehirn beschreiben. Baufeld und Kollegen (2016) 

identifizierten sowohl bei adipösen als auch bei nicht adipösen Personen ausschließlich im 

Hypothalamus eine mikrogliale Dystrophie/Zytorrhexis, die in ihrem Ausmaß signifikant mit dem BMI 

der untersuchten Personen korrelierte 187. Das Auftreten von dystrophen Mikroglia im menschlichen 

Hypothalamus bei allen untersuchten Individuen könnte auch dem fortgeschrittenen Alter 
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geschuldet sein 187,200. Da Mikroglia langlebige Immunzellen im Gehirn sind und ihre Population 

normalerweise nicht durch aus dem Blut stammende Monozyten ergänzt wird, zeigen sie mit 

zunehmendem Alter Anzeichen von Seneszenz 8,18,103. Gehirne von Alzheimerpatienten zeigen eine 

Prävalenz von Mikroglia mit einer dystrophen/seneszenten Morphologie im Hippocampus und 

anderen kortikalen Bereichen 69,104,105. Selbst im Hypothalamus von Zebrafischen mit 

ernährungsbedingter Fettleibigkeit wurde eine Zunahme dystropher Mikroglia sowie eine mikrogliale 

Aktivierung festgestellt 201. 

Die westliche Ernährung, welche durch eine hohe Zufuhr von gesättigten Fetten und Zucker sowie 

eine geringe Zufuhr von Ballaststoffen charakterisiert ist, trägt mit der chronischen Phagozytose des 

lipidreichen Myelins wahrscheinlich zur Bildung dieses dystrophen/seneszenten Phänotyps in 

Mikrogliazellen und zur Immundysfunktion im normalen gealterten Gehirn bei 56,187.  

1.5.2 Adipositas als Risiko für M. Alzheimer 

Typ-2-Diabetes 202,203, Bluthochdruck 204 und Adipositas 205–207 stellen bedeutende Risikofaktoren für 

neurodegenerative Erkrankungen wie vaskuläre Demenz und M. Alzheimer dar. Neben genetischen 

(nicht modifizierbaren) Risikofaktoren gibt es immer mehr Hinweise darauf, dass modifizierbare 

Umweltfaktoren wie unausgewogene Ernährung und Bewegungsmangel die Entwicklung von M. 

Alzheimer begünstigen, da sie Erkrankungen wie Diabetes, Adipositas, Hypercholesterinämie oder 

Bluthochdruck verursachen 151. Modifizierbare Faktoren machen fast 40 % aller Risikofaktoren für M. 

Alzheimer aus 208,209 und können den Verlauf des präklinischen Stadiums bei asymptomatischen 

Personen bis zur Lebensmitte stark beeinflussen 151. 

Eine Vielzahl an Humandaten belegt einen klaren Zusammenhang zwischen ernährungsbedingter 

Adipositas und dem Auftreten von leichter kognitiver Beeinträchtigung und Demenz 210–213. 

Adipositas erhöht das Risiko eines kognitiven Abbaus und der Entwicklung von M. Alzheimer im 

Erwachsenenalter um ein Vielfaches 214,215. Umfangreiche Metaanalysen beim Menschen bestätigen, 

dass Adipositas im mittleren Lebensalter (45-65 Jahre) im Gegensatz zu Adipositas im späten 

Lebensalter (> 65 Jahre) das Risiko für Demenz und M. Alzheimer signifikant erhöht 207,216–218. Die Art 

der entwickelten Adipositas (metabolisch gesund oder ungesund) scheint eine wichtige Komponente 

für das Risiko einer Alzheimer-Erkrankung zu sein 219. 

Adipöse Personen haben ein verringertes Kortex- und Hippocampusvolumen, einen erhöhten 

Hirnatrophiegrad, eine geringere Leistung bei verschiedenen Gedächtnisaufgaben und Defizite bei 

exekutiven Funktionen 220–223. Eine Gewichtsreduzierung führt bei Menschen mit Adipositas zu 

verbesserten Aufmerksamkeits- und exekutiven Funktionsleistungen 224,225. Eine wichtige und 

kritische Hirnregion für die Gedächtniskonsolidierung und den Gedächtnisabruf ist die 
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Hippocampusformation 192,193, eine Struktur, die nachweislich sehr anfällig für die Auswirkungen von 

Adipositas oder schlechter Ernährung ist 191,194. Mäuse, die mit einer fettreichen Diät gefüttert 

wurden, zeigten eine Gewichtszunahme, die mit erhöhten Aβ-Spiegeln und einer verringerten 

Neurogenese im Hippocampus sowie Defiziten bei kognitiven Aufgaben einherging 184,226–231. Mehrere 

Forschungsarbeiten haben gezeigt, dass Nagetiere, die über Monate hinweg übermäßig viel Fett und 

Zucker zu sich genommen haben, bei Gedächtnisaufgaben, die vom Hippocampus abhängen, 

beeinträchtigt sind 232–235. Ernährungsstudien mit erwachsenen Nagetieren und Menschen weisen 

darauf hin, dass bereits wenige Tage einer fettreichen Ernährung ausreichen, um die Funktion des 

Hippocampus zu beeinträchtigen 191,236–240. Zwei Publikationen berichteten kürzlich, dass eine 

fettreiche Nahrung für 7 bis 9 Tage bei männlichen Ratten im Jugendalter (P20 bis P29) mit einem 

gestörten sozialen Wiedererkennungsgedächtnis und einer beeinträchtigten präfrontalen Plastizität 

einhergeht, was mit einer Störung des vom Hippocampus abhängigen Gedächtnisses und der 

Plastizität verbunden ist 241,242. Mehrere Studien deuten darauf hin, dass eine fettreiche Ernährung in 

der Jugend (P21 bis P60) schädlichere Auswirkungen auf die vom Hippocampus abhängige Plastizität 

und das Gedächtnis hat als eine solche Diät im Erwachsenenalter (ab P61) 243–245. Es gibt auch immer 

mehr Hinweise dafür, dass eine veränderte Hippocampusfunktion bei Adipositas die adaptive 

Entscheidungsfindung in Bezug auf Essen und Ernährung beeinträchtigen kann 246. Darüber hinaus 

deuten zahlreiche Daten darauf hin, dass eine fettreiche Nahrung Signalwege mit schädlichen 

Auswirkungen nicht nur im Hippocampus, sondern auch im Kortex aktivieren kann 247–249.  

Bei ernährungsbedingter Adipositas führen neben anderen Faktoren erhöhte Konzentrationen 

zirkulierender Fettsäuren und ein Anstieg der sezernierten proinflammatorischen Zytokine zu einer 

fortschreitenden systemischen Entzündung, die eine mikrogliale Aktivierung, Endothelschäden und 

eine Störung der Blut-Hirn-Schranke auslöst. Diese Ereignisse führen schließlich zu einer Entzündung 

des Gehirns. Diese Neuroinflammation ist abhängig vom Grad der Adipositas, dem Alter, der 

Zusammensetzung der Ernährung und der untersuchten Struktur des ZNS. Sie führt letztlich 

allmählich zum Verlust von Synapsen und zum Absterben von Neuronen 250,251. 

1.5.3 Mausmodelle für Adipositas 

Erkenntnisse über Gesundheitsprobleme im Zusammenhang mit Adipositas werden hauptsächlich 

aus epidemiologischen Studien am Menschen gewonnen. Für die Untersuchung der molekularen 

Mechanismen bei der Entwicklung von Adipositas und den damit einhergehenden Problemen sind 

Tiermodelle jedoch unverzichtbar. Es stehen zwei Arten von Mausmodellen für Adipositas zur 

Verfügung: genetische und ernährungsbedingte Modelle. Das erste genetische Mausmodell für 

Adipositas war die Agouti-Maus. Sie weist unter anderem Adipositas im Erwachsenenalter, Typ-2-

Diabetes und Hyperleptinämie auf 252. Eine weitere wichtige Entdeckung war die leptindefiziente 
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ob/ob-Maus im Jahr 1949 253. Aufgrund der Schlüsselrolle von Leptin bei der Appetitkontrolle zeigen 

diese Mäuse eine unkontrollierte Nahrungsaufnahme, werden dadurch fettleibig und entwickeln 

einen Diabetes Typ 2. Ähnlich wie die ob/ob-Maus wird die db/db-Maus aufgrund einer Mutation im 

Leptinrezeptorgen adipös, die auch die Leptin-Signalübertragung im Hypothalamus beeinträchtigt 252. 

Neben den genetischen Mausmodellen werden auch Mausmodelle für ernährungsbedingte 

Adipositas verwendet, um den Einfluss von Veränderungen in der Ernährung auf den adipösen 

Phänotyp zu untersuchen 252. Es stehen zahlreiche Futtermittel mit unterschiedlichem Fett- oder 

Zuckergehalt zur Verfügung, um die Gegebenheiten beim Menschen zu imitieren. Da eine fettreiche 

Ernährung beim Menschen zu Adipositas führt und eine positive Korrelation zwischen der 

Fettaufnahme in der Nahrung und dem Auftreten von Fettleibigkeit besteht, konzentrieren sich die 

meisten Studien auf fettreiche Diäten 151,173,174,178,180,231. Außerdem zeigen eine Reihe der bisher 

erwähnten Studien eine spezifische Reaktion der Mikroglia auf eine fettreiche Ernährung, weshalb 

für diese Arbeit das Modell der ernährungsbedingten Adipositas und ein Futter mit 60 % Kalorien aus 

Fett verwendet wurde 183,186–188,254. 
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2. Fragestellungen

Adipositas ist weltweit zu einem der größten Gesundheitsprobleme geworden, das Millionen von 

Menschen betrifft und nicht nur zu verschiedenen Folgeerkrankungen wie Herz-Kreislauf-

Erkrankungen, Diabetes und Krebs beiträgt, sondern auch ein Risiko für M. Alzheimer darstellt. In 

Tiermodellen zeigte sich, dass Mikrogliazellen, die neuroprotektiven und immunkompetenten 

Makrophagen des Gehirns, auf eine fettreiche Ernährung reagieren.  

Die vorliegende Arbeit befasst sich zum einen mit der Entwicklung eines Klassifizierungsverfahrens 

mikroglialer morphologischer Phänotypen und zum anderen mit den Folgen einer langfristigen 

fettreichen Ernährung (24 Wochen) sowie einer anschließenden Ernährungsumstellung für das 

Verhalten und dem Einfluss der Nahrung auf die Morphologie mikroglialer Zellen in verschiedenen 

Hirnregionen von Mäusen. Aus der in der Einleitung dargestellten Studienlage ergaben sich folgende 

Fragestellungen: 

1. Lassen sich verschiedene morphologische Phänotypen der Mikrogliazellen in einem

effizienten, zeitsparenden und objektiven Verfahren klassifizieren und quantifizieren?

2. Welche Auswirkungen hat eine langfristige fettreiche Ernährung auf die allgemeine

Gesundheit (äußeres Erscheinungsbild, sensorische und motorische Fähigkeiten) und

verschiedene Verhaltensmerkmale (Kurz- und Langzeitgedächtnis, Lernen, Motivation) im

Mausmodell?

3. Weisen Mäuse unter dem Einfluss einer fettreichen Ernährung über einen langen Zeitraum

dystrophe Mikroglia auf?

4. Beeinflusst eine langfristige fettreiche Ernährung die Morphologie der murinen Mikroglia im

Hypothalamus, Hippocampus und Kortex?

5. Sind etwaige Veränderungen nach einer Umstellung von einer fettreichen auf eine normale

Ernährung reversibel?

Für die Bearbeitung der ersten Frage wurden männliche Wildtyp-C57BL/6J-, Leptinrezeptor-

defiziente db/db- und db/+-Mäuse sowie ein Mausmodell des ischämischen Schlaganfalls verwendet. 

Zur Klärung der weiteren Fragestellungen wurden 8 Wochen alte männliche Wildtyp-C57BL/6J-

Mäuse genutzt, denen für 24 Wochen eine normale Diät (11 kcal% Fett) oder eine fettreiche Diät 

(59 kcal% Fett) verabreicht wurde. Um die letzte Frage zu beantworten, wurden ebenfalls 8 Wochen 

alte männliche Wildtyp-C57BL/6J-Mäuse verwendet, die eine Ernährungsumstellung zurück auf 

normales Futter für 4 bzw. 12 Wochen nach unterschiedlich langen Phasen einer fettreichen 

Ernährung (4, 12 oder 24 Wochen) erhalten haben. Im Rahmen dieser Arbeit wurden 

immunhistochemische Färbungen und Immunfluoreszenzfärbungen, Verhaltenstests sowie RT-qPCR-

Analysen durchgeführt. 
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Ingo Bechmann 1 and Karsten Winter 1*
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Germany

Microglia are the brain’s immunocompetent macrophages with a unique feature that

allows surveillance of the surrounding microenvironment and subsequent reactions to

tissue damage, infection, or homeostatic perturbations. Thereby, microglia’s striking

morphological plasticity is one of their prominent characteristics and the categorization of

microglial cell function based on morphology is well established. Frequently, automated

classification of microglial morphological phenotypes is performed by using quantitative

parameters. As this process is typically limited to a few and especially manually chosen

criteria, a relevant selection bias may compromise the resulting classifications. In our

study, we describe a novel microglial classification method by morphological evaluation

using a convolutional neuronal network on the basis of manually selected cells in addition

to classical morphological parameters. We focused on four microglial morphologies,

ramified, rod-like, activated and amoeboid microglia within the murine hippocampus

and cortex. The developed method for the classification was confirmed in a mouse

model of ischemic stroke which is already known to result in microglial activation

within affected brain regions. In conclusion, our classification of microglial morphological

phenotypes using machine learning can serve as a time-saving and objective method

for post-mortem characterization of microglial changes in healthy and disease mouse

models, and might also represent a useful tool for human brain autopsy samples.

Keywords: microglia, morphology, machine learning, stroke, hippocampus, cortex

INTRODUCTION

Microglia serve as the central nervous system (CNS)’s immunocompetent macrophages, which
crucially contribute to homeostasis, plasticity, and learning by taking up pathogens, apoptotic
cells, synaptic remnants, toxins, and myelin debris (Bradl and Lassmann, 2010; Sofroniew
and Vinters, 2010; Goldmann and Prinz, 2013; Parkhurst et al., 2013; Nutma et al., 2020;
Traiffort, 2020). Our current understanding is that these highly specialized brain-resident
immune cells constantly monitor the brain’s microenvironment enabling them to detect

Abbreviations: CNS, central nervous system; CNN, convolutional neural network; DAPI, 4′,6-diamidino-2-phenylindole;
PFA, paraformaldehyde; PBS, phosphate buffered saline; SRI, Schoenen ramification index; BBB, blood-brain barrier;
DAMP, damage-associated molecular patterns; NF-L, neurofilament light; MAP2, microtubule-associated-protein-2; Coll
IV, collagen IV; Iba1, ionized calcium-binding adapter molecule 1; ROI, Regions of interest; CLAHE, contrast limited
adaptive histogram equalization; MCA, middle cerebral artery.
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and respond to tissue damage, infection, or homeostatic
perturbations (Nimmerjahn et al., 2005). In the scanning state
and under physiological conditions, microglial morphology is
characterized by a small cell body and very fine, highly ramified
processes, which allow these cells to screen their local brain
parenchyma for signs of pathogens or cellular damage. In
this steady-state condition, highly branched microglia were
previously described as ‘‘resting’’, but recent studies revealed
them to be greatly dynamic and microglia should rather
be described as ‘‘surveilling’’ cells (Tremblay et al., 2011;
Nimmerjahn, 2012). So-called damage-associated molecular
patterns (DAMPs), which are warning mechanisms in the
form of secreted or released molecules from pathogens and
injured cells, initiate microglial immune responses triggering
process retraction, cell soma size increase and thickening,
and morphological transformation from a ramified toward an
activated morphology and finally to an amoeboid cell form
(Huang et al., 2015; Colonna and Butovsky, 2017). Amoeboid
microglia are characterized by completely retracted processes
and a swollen cell soma (Doorn et al., 2014). The rapid
morphological transformation of microglia enables these cells to
migrate to the site of injury or to phagocytose harmful debris and
invaders (Davalos et al., 2005; Nimmerjahn et al., 2005; Tremblay
et al., 2011). Remarkably, between the two classes at the ends
of the microglial morphology spectrum, of either ramified or
amoeboid cell shape, microglia exhibit a variety of morphological
transition states, which may reflect disease-specific functional
cell states, but their spatial organization and precise role in the
damaged or diseased brain is still unclear (Stence et al., 2001;
Fumagalli et al., 2013; Salamanca et al., 2019). Recent studies
described a fourth morphology of microglia in mice, so-called
rod-like microglial cells, which were already reported by Franz
Nissl in 1899 (Nissl, 1899; Ziebell et al., 2012; Rojas et al., 2014;
Bachstetter et al., 2017; Holloway et al., 2019). Rod-like microglia
do not exhibit planar processes and show a decreased number of
secondary branches as well as narrowing of cell and soma (Ziebell
et al., 2012; Taylor et al., 2014).

Microglial cells are active participants in various pathological
conditions such as neurodegenerative disorders, traumatic brain
injury, and stroke. Ischemic stroke due to obstruction of
blood vessels is a leading cause of morbidity and mortality
worldwide and not only affects neurons, but also the glial
network including microglia (del Zoppo, 2009; Deb et al., 2010;
Campbell et al., 2019). Along with cerebral ischemia a rapid
deramification of microglial cells occurs, while severe ischemic
stroke is accompanied by an intense microgliosis followed by the
production of both neuroprotective and detrimental mediators
(Masuda et al., 2011; Zhao et al., 2017; Zhang, 2019). Activated
microglia may be involved in the progression of the ischemic
lesion, but their precise function during ischemia evolution
remains unclear. While single-cell RNA sequencing recently
highlighted the whole range of microglial functions reflected by
their phenotypic diversity and comprehensively characterized
these cells at the molecular level, it does not provide the spatial
information for a full understanding of brain homeostasis and
disease progression mechanisms. Physiological and pathological
conditions including regional distribution, species specificity,

neurological disorders, and CNS tissue injuries can affect
microglial heterogeneity (Grabert et al., 2016; Galatro et al., 2017;
Gosselin et al., 2017; Soreq et al., 2017; Sousa et al., 2017; Heindl
et al., 2018; Masuda et al., 2020).

There are numerous studies on automated detection and
quantification of Iba1 or CD11b-positive cells in healthy or
injured brain in rodents (Kozlowski and Weimer, 2012; Valous
et al., 2013; Kongsui et al., 2014; Rey-Villamizar et al., 2014;
Johnson and Walker, 2015; Zanier et al., 2015; Ding et al.,
2017; Morrison et al., 2017; York et al., 2018; Kyriazis,
2019). Automated classification of microglial morphological
phenotypes is performed by using quantitative parameters like
convex hull area, soma perimeter, process length, number of

processes, process branching process volume, circularity, solidity,
fractal dimension and, lacunarity (Kongsui et al., 2014; Zanier
et al., 2015; Fernández-Arjona et al., 2017, 2019; Morrison
et al., 2017; York et al., 2018; Kyriazis, 2019). However, as
these approaches hold the risk for a selection bias due to
the naturally limited number of criteria and their manual
selection during a single experiment, more elaborated concepts
are needed to achieve the best possible accuracy inmorphological
classifications.

We here describe a novel classification method for analysis
of microglial phenotypes by morphological evaluation using
machine learning within the murine hippocampus and cortex
with a focus on four microglial morphologies (ramified, rod-
like, activated, amoeboid). In addition to classical morphological
parameters, we used a convolutional neuronal network (CNN)
for the classification of microglial phenotypes on the basis of
manually selected cells. CNNs were already used for phenotype
classification, for example for images of intracellular actin
networks (Oei et al., 2019), multichannel single-cell images (Dürr
and Sick, 2016), and Iba1-immunopositive microglia (Kyriazis,
2019). To confirm a reliable classification of different microglial
morphological phenotypes, we finally applied our developed
method in a mouse model of ischemic stroke which is already
known to result in microglial activation.

MATERIALS AND METHODS

Animals and Diets
The experiments were performed using male wild-type C57BL/6J
mice (n = 36) and leptin receptor-deficient db/db (n = 37)
and Leprdb/+ (db/+) (n = 36) mice as well as male wild-type
C57BL/6J mice which underwent 24 h of transient focal cerebral
ischemia (n = 6) by occlusion of the middle cerebral artery
(MCA) as described in Mages et al. (2021). In our study, the
filament occluding the MCA was retracted after 1 h of ischemia,
and reperfusion was allowed until animals were sacrificed 24 h
after ischemia induction. All animals were kept in the local
animal facility under standard conditions: 12 h dark/light cycle,
group-housed with free access to water and food. We performed
this study in accordance with the guidelines of the Animal
Experimental Committee following the German Animal Welfare
Act as well as the European guidelines (Directive 2010/63/EU)
concerning the protection of laboratory animals. The study was
carried out in compliance with the ARRIVE guidelines. All
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experimental procedures and protocols were authorized by the
local ethics committee of the state of Saxony (Landesdirektion
Sachsen, Leipzig, approval nos. TVV 65/15, TVV 02/17, and TVV
41/17).

Tissue Preparation
Mice were anesthetized with isoflurane (Baxter GmbH,
Unterschleißheim, Germany) and transcardially perfused
with ice-cold phosphate buffered saline (PBS, pH 7.4) and 4%
paraformaldehyde (PFA) in 0.2 M PBS. Brains were carefully
removed from the skull and post-fixed for 24 h in 4% PFA in
0.2 M PBS. Perfused and fixed brains of male wild-type C57BL/6J
mice as well as db/db and db/+ mice were sliced into 20 µm
thick coronal or horizontal floating sections using a vibratome
(Leica VT 1200, Leica Biosystems, Wetzlar, Germany) before
their storage in PBS, containing 0.2% sodium azide, until further
processing. Tissue preparation of C57BL/6J mice subjected to
experimental cerebral ischemia was performed as described in
Mages et al. (2021).

Staining
For staining with rabbit anti-Iba1 (Synaptic Systems, Göttingen,
Germany) to label microglia, floating brain sections were
mounted onto microscopic slides followed by three wash steps
with 0.3% Triton X-100 in 0.02M PBS for 10 min each time.
Then, slices were incubated for 20 min in PBS containing 1.5%
hydrogen peroxide at room temperature in order to quench
the endogenous peroxidase activity. Afterward, brain sections
were washed again three times with 0.3% Triton X-100 in PBS
for 10 min each time, and slices were subsequently pretreated
with 0.5% sodium borohydride in PBS for 30 min to reduce
background staining. Thereafter, slices were thoroughly rinsed
in 0.3% Triton X-100 in PBS and were blocked for 1 h in
PBS blocking buffer containing 5% normal goat serum and
0.3% Triton X-100 at room temperature. Then, brain sections
were incubated with the primary antibody Iba1 (1:500) diluted
in PBS with 5% of normal goat serum. Incubation was done
overnight at 4◦C. The next day, brain sections were rinsed
three times with 0.3% Triton X-100 in PBS and incubated
with the biotinylated goat anti-rabbit IgG secondary antibody
(1:100; Vector Laboratories, Burlingame, CA, USA) for 1 h at
room temperature. After three wash steps with 0.3% Triton
X-100 in PBS for 10 min each time, slices were incubated
with VECTASTAIN Elite ABC HRP Kit (Vector Laboratories,
Burlingame, CA, USA) for 30 min at room temperature.
Thereafter, sections were washed with PBS and 0.05 M Tris,
stained 5 min with the Vector SG HRP substrate (Vector
Laboratories, Burlingame, CA, USA) producing a blue-gray
reaction product, and were thoroughly rinsed in Tris and
distilled water. Finally, brain sections were dried and covered
with Entellan (Toluene; Merck KGaA, Darmstadt, Germany)
and coverslips. For negative controls, the omission of primary
antibodies, under otherwise identical conditions, resulted in the
absence of any labeling (data not shown). A critical step for
successful cell detection and classification was the reduction
of background staining, which we overcame by performing a
pre-treatment with 0.5% sodium borohydride in PBS. Prior

to this, other microglia-specific markers (P2RY12, TMEM119)
were also explored but did not result in desired image quality
regarding the resolution of cell processes and subsequent cell
detection.

To define the ischemic area, which was subsequently used
for microglial classification, the proteins MAP2 (microtubule-
associated protein 2), NF-L (neurofilaments-light chain), and
collagen IV (Coll IV) were used as ischemia-sensitive markers
(Popp et al., 2009; Härtig et al., 2016, 2017; Mages et al.,
2018) in animals which underwent transient MCA occlusion.
In general, fluorescence staining was performed as described in
Mages et al. (2018), whereas following antibodies and dilutions
were used (Mages et al., 2018). Primary antibodies: Rabbit-
anti-neurofilament L (1:200, Synaptic Systems, Göttingen,
Germany); mouse-anti-MAP2 (clone HM-2; 1:500, Sigma,
Taufkirchen, Germany); rabbit-anti-collagen IV (1:100, Merck
Millipore, MD, USA). Secondary antibodies: AlexaFluor488-
donkey-anti-mouse IgG, AlexaFluor586-donkey-anti-rabbit IgG,
AlexaFluor647-donkey-anti-goat IgG, each 1:250, each Thermo
Fisher, Waltham, MA, USA. Brain sections were scanned with
an Axio Scan.Z1 slide scanner (Carl Zeiss Microscopy GmbH,
Jena, Germany) and files were exported using the NetScope
Viewer Pro Software (Net-Base Software GmbH, Freiburg i.
Br., Germany). In line with earlier reports (Härtig et al., 2017;
Mages et al., 2018) the ischemic area was characterized by a
loss of MAP2 (Supplementary Figure 1A), whereas the NF-L-
and Coll IV-related immunofluorescence intensities increased
in these regions compared to the non-ischemic contralateral
hemisphere (Supplementary Figures 1B,C). Supplementary

Figure 1D shows the selected neocortical and hippocampal areas
within the ipsilateral and contralateral hemispheres.

Image Acquisition and Processing
Iba1-stained brain sections were fully digitalized using a digital
slide scanner (Pannoramic Scan II, 3D HISTECH Ltd., Budapest,
Hungary) at 40× magnification and automatically stitched
(Figures 1A–C). The scanner software (Pannoramic Scanner,
version 1.23, 3D HISTECH Ltd., Budapest, Hungary) was
operated in extended focus mode (eight levels with 1 µm
axial distance) to combine images from several adjacent focal
planes into one image with maximum depth of sharpness.
This procedure enables coherent imaging of freely aligned cell
processes within a shallow tissue volume instead of producing
images with interrupted processes from a single focal plane.

Regions of interest (ROIs) were manually selected and
corresponding images were exported from slide scanner data
sets (Case Viewer, version 2.3, 3D HISTECH Ltd., Budapest,
Hungary) with a pixel dimension of 0.122 µm (Figures 1D–F).
Exported images were converted to grayscale and submitted
to contrast limited adaptive histogram equalization (CLAHE;
Heckbert, 1994) using Icy (version 2.0.31, de Chaumont et al.,
2012). The resulting images were imported in Mathematica
(version 11.2, Wolfram Research, Inc., Champaign, IL, USA),
grayscale colors were inverted and tissue area was computed.
Soma detection was performed in two steps. First, a series

1http://icy.bioimageanalysis.org
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FIGURE 1 | Representative overview photomicrographs showing Iba1 staining in coronal (A,C) and horizontal (B) brain sections of male C57BL/6J mice (A) db/+

mice (B) and C57BL/6J mice with ischemia (C). Exemplary regions of interest (ROIs) were manually selected in corresponding images (D–F). Scale bars represent

2,000 µm (A–C) and 1,000 µm (D,E).

of top hat (Gonzalez and Woods, 2016) and Gaussian filter
operations was applied to the inverted images to suppress cell
processes and enhance cell somata. Processed grayscale images
were then binarized using Otsu’s (cluster variance maximization)
thresholding method (Otsu, 1979). The binarized images were
cleared of smaller segments that did not match somata (artifacts
or clumped cell processes) by using an empirically determined
size threshold of 1,500 pixels and the remaining somata were
reconstructed by morphological closing (Gonzalez and Woods,
2016) within a 7.5-pixel radius.

Process detection was performed in a hybrid fashion to
preserve connections between cell somata and cell processes.
In the first step, the inverted images were submitted to local
adaptive segmentation (5-pixel radius) to detect all stained
cells. In the second step, all processes within the inverted
images were amplified by using a ridge-detecting image filter
(‘‘RidgeFilter’’, σ = 5) to enhance local structural coherence
and the resulting images were also submitted to local adaptive
segmentation (5-pixel radius). Both segmented images were
subsequently added and merged with the respective somata
image. Since some processes may appear separated from somata
due to the imaging procedure, an additional reconstruction step
was performed by connecting endpoints of processes to the
respective somata within a 50-pixel radius. In the last step all
images were cleared of processes without connections to any
somata and all cells intersected by the border of the image area
were removed.

The resulting images contained many connected cells which
had to be separated from each other. Centroid coordinates of
all somata were calculated and used as seed pixels for a parallel
flood fill operation. Starting from the seeds this operation fills all
pixels of the detected cells with a unique label, either to the cell
borders or to the filling fronts of connected cells. After this step,
all individual cells of an image were uniquely labeled. All final cell

segmentations along with results of relevant intermediate steps
were examined to ensure proper processing and detection.

For subsequent cell classification, the cells of all images were
cropped from the original image area and exported as binary
masks containing their complete shape (as well as in separate
shapes for soma and processes, respectively) along with their
original grayscale representation from the equalized grayscale
images. Additionally, for visual inspection cell shapes were
submitted to morphological thinning to compute the medial
axes, the so-called skeleton, of all processes which was combined
with the respective somata. Figure 2A shows a schematic
overview of the applied methods.

Cell Classification of Microglial Cells in
Wild-Type C57BL/6J, db/db, and db/+ Mice
Microglial cells express a considerable phenotypic diversity
(Figure 2B). After thorough inspection of all exported cell
images, 1,000 cells per class were manually selected as the
basis for cell classification and the corresponding cell images
were cropped and rescaled to 128 × 128 pixels (Figure 2C).
Images were split into training (70%), validation (15%), and
test (15%) set. The test set was only used for the evaluation of
the trained network. Images belonging to the training set were
submitted to image augmentation (Shorten and Khoshgoftaar,
2019) to expand data diversity and make the classification more
robust (Gao et al., 2017). A series of rotation and reflection
image transforms was applied to each image, and after image
augmentation, 3-fold cross-validation was performed.

A convolutional neural network (CNN) based on the VGG-16
architecture was selected for cell classification (Simonyan and
Zisserman, 2015). The network consisted of 13 convolutional
layers, five max-pooling layers, two fully connected layers,
and a softmax layer of four nodes for the classes amoeboid,
activated, rod-like, and ramified (Figure 2D). ReLU was
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FIGURE 2 | Flow chart of all steps involving the segmentation of microglial cells (A). The spectrum of the phenotypic diversity of microglial cells after segmentation

(B). Random samples from cells that were manually selected as the basis for cell classification (C). The convolutional neural network (CNN) based on the VGG-16

architecture that was used for cell classification (D), along with the performance parameters (log-loss and accuracy) during the training (E) and the confusion matrix

for the test set (F) with an overall accuracy of 95.56%.
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used as an activation function and after each activation,
BatchNormalization was applied for regularization. ‘‘Adam’’
optimizer was used for optimization, the initial learning rate was
set to 0.001, batch size was set to 64, and a dropout rate of 0.5 was
applied to constrain the fully connected layers and to reduce
overfitting. The CNN was trained on an off-the-shelf NVIDIA
GeForce GTX 1080 with 8 GB GPU memory for 250 epochs,
training time took about 5.8 h. The performance parameters
(log-loss and accuracy) are shown in Figure 2E. Averaged values
of the last 50 training rounds were as follows: training loss
0.0497, validation loss 0.2887, and validation accuracy 0.9726.
Subsequently, the test set was submitted to the trained CNN.
Overall accuracy was 95.56%, the confusion matrix is shown in
Figure 2F. While 97.78% of the amoeboid and 97.22% of the
ramified cells were correctly classified, the percentage dropped to
95.56% and 91.67% for activated and rod-like cells, respectively.
The matrix shows that 3.89% of activated cells were misclassified
as rod-like cells, while 8.33% were misclassified vice-versa,
indicating the more prominent phenotype overlap between these
two classes.

Classification and Quantitative Analysis of
Microglial Cells in Ischemia Affected
Regions
Stroke sections were submitted to the same image acquisition
and cell extraction procedure mentioned above. Brain sections
and ROIs were selected based on the ischemia-induced decrease
of MAP2-related and increase of NFL- and Coll IV-related
immunofluorescence intensities within cortical and hippocampal
regions (Supplementary Figure 1). These regions were mirrored
to the contralateral control hemisphere, thus capturing four ROIs
per animal (Mages et al., 2021). The selection was performed
and verified by experienced investigators. Exported cell masks
(soma white, processes gray) were also scaled to 128 × 128 pixels
and submitted to classification. In total 15,786 single cells from
24 stroke ROIs were classified. Individual cells were coded as
labeled regions within the original image area. Labels were
subsequently color-coded according to classification results.
Final images were used for visualization and classification
verification. Subsequently, cells were submitted to quantification
and all calculated parameters are presented in Figure 3.
Parameters include areas (µm2) and perimeters (µm) of whole
cells (Figures 3A,B), their convex hulls (the smallest convex
set of pixels that encloses a cell; Figures 3C,D) and their
somata (Figures 3H,I); cell solidity (the degree to which the
area of a cell fills the area of its convex hull; Figure 3E) and
convexity (the ratio of a cell’s convex hull perimeter to the cell’s
actual perimeter; Figure 3F); circularity of cells and somata
(the roundness, where 1 equals a perfect circle and values
smaller than 1 indicate shapes that increasingly deviate from
the shape of a circle; Figures 3G,J); length (µm) as well as the
number of branch and endpoints (n) of the skeletonized processes
(Figures 3K–M); and the number of cell processes (n; Figure 3N).
The number of cell processes was calculated by subtracting
the dilated soma (3-pixel dilation) from the respective cell and
counting the number of all isolated processes. Furthermore,

all cells were submitted to Sholl analysis (Sholl, 1953) and the
cell’s branching index (Garcia-Segura and Perez-Marquez, 2014;
a measure to distinguish between cells of different ramification
types; Figure 3O), critical radius (µm; the radius with the
maximum number of process crossings; Figure 3P), dendritic
maximum (n; the number of process crossings at the critical
radius; Figure 3Q) and the Schoenen ramification index (SRI,
Schoenen, 1982; a measure of the branching of a cell; Figure 3R)
were calculated. Additionally, for whole images the segmented
image area (%), representing the ratio of segmented pixels within
the total image area (before cell detection), and the cell density
(cells per mm2) were computed.

NC (Nearest Centroid) Classification
To demonstrate the differences between CNN classification and
conventional parameter-based classification, we applied an NC
classification method to various parameter combinations
(Figure 4). Morphological parameters of all manually
selected cells that were used for the training of the CNN
were calculated.

Initially—and to demonstrate the approach—we considered
combinations consisting of only two parameters. Figure 4 shows
results for the following combinations: cell area/skeleton length

(A–E), cell perimeter/soma perimeter (F–J), cell circularity/soma

circularity (K–O). In the first step, scatter plots for parameter
values of all manually selected cells were generated using a color
scheme for the indication of the four classes (Figures 4A,F,K;
ramified microglia: blue, rod-like microglia: orange, activated
microglia: red, amoeboid microglia: gray). Class centroids
(median values of the current parameters) were calculated
for all four classes and added to the scatter plots (black
dots). Subsequently, scatter plots were also generated for
the same parameter combinations of all CNN classified cells
(Figures 4B,G,L). NC classification was performed for all
already CNN classified cells by calculating the distance of
their parameter combinations to all four class centroids and
assigning the class of the nearest centroid. The resulting NC
clusters were also presented as scatter plots (Figures 4D,I,N)
along with the four class centroids. Classification results were
compared (Figures 4E,J,O) and the degree of conformity
of both methods was determined by calculating the portion
of consistently (sum of diagonal matrix values) to all
(sum of all matrix values) classified cells. Additionally, the
generated matrices were tested regarding their symmetry
using the exact symmetry test for paired contingency tables
(‘‘nominalSymmetryTest’’) from the ‘‘rcompanion’’ package
for R. Classification differences between the two methods were
also illustrated using an exemplary image section with the
color coding from CNN classification (Figure 4R) and color
codings from NC classifications (Figures 4C,H,M). Correlation
analysis was performed for all two-parameter combinations
using Spearman’s rank correlation coefficient to characterize
the distribution of parameter points of all CNN classified cells.
Scatter plots and respective regression lines of selected parameter
combinations are shown in Supplementary Figure 3. The
degree of conformity (upper triangular matrix) and correlation
coefficients (lower triangular matrix) of all two-parameter
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FIGURE 3 | Illustrations and formulas of all morphological parameters used for quantification of microglial cells (inspired by Fernández-Arjona et al., 2017).

Parameters based on area (A,C,H), perimeter (B,D,I), combinations of area and perimeter (E,F,G,J), skeleton (K,L,M), processes (N), and Sholl analysis (O,P,Q,R).

combinations are shown in Figure 5A. Another correlation
analysis was performed to investigate a potential association
between the degree of conformity (CNN vs. NC classification)
and the absolute correlation coefficient, or more precisely to
answer the question whether NC classification accuracy can be
correlated to the distribution of parameter points within the
parameter space (Figure 5B).

Similar analyses (NC classification, degree of conformity, and
test for matrix symmetry) were performed for combinations
ranging from three up to 17 parameters (131,054 combinations
in total; Figure 5C). The parameter SRI was omitted from all
analyses since it could not be calculated for each cell (division
by zero for cells with no processes). Furthermore, a number
of parameter combinations, as well as singular parameters
whose presence resulted in highest degrees of conformity, were
identified.

Statistical Analysis
Statistical analysis was performed with IBM SPSS Statistics
(version 22, IBMCorp., Armonk, NY, USA) and R (version 3.6.1;
R Core Team2). Images were separated into analysis groups. For
each group, the number of cells per class were counted, relative
class proportions were calculated and respective stacked bar
charts were generated. Group comparisons of class percentages
were performed using the non-parametric density equality test
(Li et al., 2009; ‘‘ndpdenq’’, 999 bootstrap replications) from
the ‘‘np’’ package for R. Descriptive statistics were calculated
and box plots were generated. Data were tested for normal
distribution using the Shapiro-Wilk Test (segmented image
area and cell density) and Kolmogorov-Smirnov Test (grouped
parameter data), and group comparisons were performed using
KruskalWallis andMann-Whitney-U tests. To adjust the p-value

2http://www.R-project.org

for multiple comparisons, post hoc Bonferroni correction was
performed. The number of analyzed animals is indicated as
‘‘n’’ in the figure legend. Data are presented as the median
and interquartile range (IQR). Significance was set as follows:
p < 0.05 ∗, p < 0.01 ∗∗, p < 0.001 ∗∗∗, p < 0.0001 ∗∗∗∗.

RESULTS

Class Percentage of Microglial
Morphological Phenotypes
We trained the CNN with microglial cells of different mouse
strains, male wild-type C57BL/6J mice, db/db, and db/+ mice,
to obtain and cover a wide variety of microglial morphological
phenotypes. Subsequently, we examined our microglial
classification method in a mouse model of experimental cerebral
ischemia (24 h after ischemia induction) known for microglial
activation in the area of ischemic tissue damage (Härtig et al.,
2017; Zhang, 2019). Figure 6 shows representative images of
Iba1 staining within the control neocortex (Figure 6A), ischemic
neocortex (Figure 6B), control hippocampus (Figure 6C),
and ischemic hippocampus (Figure 6D). Ischemia-affected
regions in the hippocampus and neocortex presented more
activated and rod-like Iba1-positive cells (which most probably
correspond to microglia rather than infiltrated cells such
as monocytes/macrophages at day one after experimental
stroke; Jian et al., 2019; Rajan et al., 2019; Han et al., 2020)
compared to the relevant brain areas within the contralateral
hemisphere (Figures 6A′–D′). Classification of microglial
morphological phenotypes using our neural network machine
learning method confirmed the qualitative analysis of microglial
phenotypes by morphological evaluation after staining with
Iba1. Total class percentages within the ischemic neocortex
and hippocampus were significantly different compared to
the control neocortex or hippocampus (Figure 7A; control
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FIGURE 4 | Differences between CNN classification and NC (nearest centroid) classification for various parameter combinations. Scatter plots with respective class

centroids (black points) of all manually selected cells (A,F,K). Scatter plots of all cells after CNN classification (B,G,L) with regression line. Scatter plots of all cells with

initial class centroids (black points) after NC classification (D,I,N). Comparison of CNN and NC classification results with degree of conformity and p-value from exact

symmetry test for paired contingency tables (E,J,O,P,T). Example image section with color-codings for CNN classification (R) and NC classifications (C,H,M,Q,S).

Ramified microglia are depicted in blue, rod-like cells in orange, activated microglial cells in red, and amoeboid cells in gray.

neocortex vs. ischemic neocortex ∗, control hippocampus
vs. ischemic hippocampus ∗). Individual class percentages in
the neocortex revealed significant increases of activated and
rod-like microglial cells and a simultaneous decrease of ramified
microglia within the ischemia-affected hemisphere compared to
the control hemisphere. Amoeboid Iba1-positive cells did not
differ between the ischemic and non-ischemic neocortex, as they
were virtually absent (Figure 7B; activated microglia control vs.
ischemic neocortex ∗∗, rod-like microglia control vs. ischemic
neocortex ∗∗, ramified microglia control vs. ischemic ∗∗).
Similarly, the percentages of activated and rod-like microglial
cells within the ischemic hippocampus were significantly
enhanced, whereas the amount of ramified microglia was
lower compared to the control hippocampal area (Figure 7C;
activated microglia control vs. ischemic hippocampus ∗∗,
rod-like microglia control vs. ischemic hippocampus ∗, ramified

microglia control vs. ischemic hippocampus ∗∗). In contrast to
the neocortex, we also detected a significant increase in amoeboid
microglial cells within the ischemic hippocampus compared
to the control hippocampus (Figure 7C, amoeboid microglia
control vs. ischemic hippocampus ∗). The segmented image
area did not reveal any differences within the neocortical and
hippocampal regions (Supplementary Figure 2). Normalized
microglial cell density (cells per mm2) was significantly
enhanced within the ischemic hippocampus compared to the
control hippocampal area and a slight trend was observed in the
neocortex (Figure 7D).

Quantification of Morphological
Parameters
Eighteen morphological parameters (cell area, cell perimeter,

convex hull area, convex hull perimeter, cell solidity, cell convexity,
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FIGURE 5 | Degree of conformity (CNN vs. NC classification; upper triangular matrix) and correlation coefficients (correlation for the distribution of all cell’s parameter

points within the parameter space; lower triangular matrix) of all two-parameter combinations (A). Linear regression analysis between the degree of conformity (CNN

vs. NC classification) and the absolute correlation coefficient (distribution of all cell’s parameter points within the parameter space) for all two-parameter combinations

(B). Ranges of conformity values for 2–17 parameter combinations (C). Circles represent outliers and asterisks represent extreme values.

FIGURE 6 | Representative images of Iba1 staining within the control neocortex (A), ischemic neocortex (B), control hippocampus (C), and ischemic hippocampus

(D) on the left side, and the appropriate microglial cell segmentation on the right side (A′–D′). Ramified microglia are depicted in blue, rod-like cells in orange, and

activated microglial cells in red. Amoeboid microglial cells are not present in the depicted sections due to their low occurrence (n = 80; see Supplementary Table 2).

cell circularity, soma area, soma perimeter, soma circularity,

skeleton length, skeleton branch points and endpoints, cell

processes, branching index, critical radius, dendritic maximum,

SRI) were measured for each detected Iba1-positive cell
(n = 15786).

Firstly, we looked at all Iba1-positive cells within control
and ischemic areas of the neocortex and hippocampus
(Supplementary Table 1). Microglia within control and
ischemic-affected hemispheres differed significantly regarding
the morphological parameters. We found lower values for cell
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FIGURE 7 | Total class percentage of microglial morphological phenotypes in control and ischemia-affected regions. Class percentage of ramified, rod-like,

activated, and amoeboid microglia within the control neocortex, ischemic neocortex, control hippocampus, and ischemic hippocampus (A). Individual class

percentage of the four microglial morphological phenotype classes in the neocortex (B) and in the hippocampus (C). Normalized microglial cell density in control and

ischemia-affected regions (D). n = 6 animals and about 16,000 analyzed cells. ***p < 0.001; **p < 0.01; *p < 0.05.

area, perimeter, convex hull area, soma area, skeleton length,
branch and endpoints, branching index, dendritic maximum

as well as SRI within the control and ischemic hippocampus
compared to control and ischemic neocortex. Microglial cell
convexity and circularity were greater in the hippocampus than
in the neocortex. Control and ischemic areas in both brain
regions showed differences in the morphology of microglial
cells. Microglia had larger cell perimeters, convex hull areas, soma

circularities, skeleton lengths, skeleton branch and endpoints,
higher branching indices, and SRI within the control hemisphere
compared to the ischemic-affected hemisphere (Supplementary

Table 1).
To test whether our neural network machine learning method

adequately classifies microglial cells into the four morphological
phenotype groups, we merged all microglial cells of each
morphological class within both control and ischemic brain
regions. Supplementary Table 2 summarizes the 18 selected
morphological parameters for amoeboid, activated, rod-like and
ramified microglial cells. As expected, amoeboid microglia were
characterized by the smallest values for cell area, perimeter,
convex hull area, soma area, skeleton length, branch and
endpoints, branching index, and SRI compared to the other
morphological phenotypes. Amoeboid microglia’s cell solidity

and circularity showed high values. The classified activated
phenotype of microglia had a smaller cell area, perimeter, and
convex hull area and also fewer skeleton branches and endpoints

than ramified and rod-like microglial cells. Ramified microglia
typically exhibit small somata and fine ramifications, which was
demonstrated by a small soma area, big cell convex hull area,
long skeleton length as well as a high branching index. Rod-like
microglial cells projected similar skeleton lengths, branch and
endpoints than ramified microglia, but exhibited a higher cell

and soma area (Supplementary Table 2). All four morphological
classes of microglia were significantly different among each other
regarding the selected parameters.

After Fernández-Arjona et al. (2019) had recently categorized
activated microglial cells according to their morphometric
parameters, we further looked at the activated morphotype in
more detail (Fernández-Arjona et al., 2019). Ischemic-affected
regions displayed more activated microglial cells, which showed
smaller cell and soma area, cell perimeter, convex hull area,
skeleton length, and branching index in the control area compared
to the ischemic-affected corresponding area (Figures 8A–E,
Supplementary Tables 3, 4). Activated microglial cells within
the ischemic neocortex showed larger cell and soma areas,
cell perimeters and convex hull areas, skeleton lengths, and
higher branching indices compared to the ischemic hippocampus
(Figures 8A–E, Supplementary Tables 3, 4).

Cell area of all microglial cells positively correlated with
soma area, cell perimeter, convex hull area, skeleton length,
but not with cell solidity (Supplementary Figures 3A–E). Cell
perimeter positively correlated with convex hull area, skeleton
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length, and slightly negatively with cell solidity (Supplementary

Figures 3F–H). Convex hull area positively correlated with
skeleton length and is negatively associated with cell solidity

(Supplementary Figures 3I,J). Control areas of both brain
regions did not differ among each other concerning the above-
mentioned six morphological parameters with the exception of
cell area, cell perimeter, convex hull area, and skeleton length

for ramified and rod-like cells (Figures 8A,C–E). Amoeboid
microglia did not show any differences at all. We observed that
rod-like microglia’s cell and soma area as wells as cell solidity

are enhanced within the ischemic hemisphere compared to the
control hemisphere (Figures 8A,B,F). In general, ramified cells
exhibited small soma areas, big cell perimeters, and long skeleton
lengths (Figures 8A,C,E).

Microglial cell area is expected to increase due to
activation and soma enlargement yielding higher values of this
morphological parameter for rod-like and activated microglia.
The cell perimeter is estimated to be higher in ramified and
rod-like cells. A decrease is characteristic of fewer ramifications.
The more ramified is the microglial cell, the bigger is the convex
hull area, thus leading to a smaller cell solidity. An increase of
this parameter reveals the tendency of microglial cells to be more
compact. Cell circularity is expected to be higher for amoeboid
microglia. Typically, highly ramified microglia have a greater
skeleton length, many branches and endpoints. The branching

index is an additional measurement of microglial branching
complexity. For instance, a small ramified microglial cell and
an activated microglial cell may have a similar cell volume,
but the activated microglia occupy more of its surrounding,
therefore the branching index measure will be smaller. SRI

constantly increases from an amoeboid toward an activated and
rod-like morphology and to a ramified cell type (Figure 8 and
Supplementary Table 2).

Since microglial cells are three-dimensional objects, the main
limitation of our study is the two-dimensional way of image
acquisition and subsequent image processing that does not
properly allow to include all fine ramifications of different focal
planes and can lead to underestimated cell parameters such
as area, perimeter, or skeleton length for instance. Further, the
thickness of brain slices is important to enable the analysis
of entire microglial cells, each of which has its own territory
of about 15–30 µm. Thin sections limit the accuracy of
describing three-dimensional microglial morphology (Heindl
et al., 2018). In line with Zanier et al. (2015), we used 20 µm
and additionally 30 µm thick slices to ensure the detection
of many no overlapping microglial cells (Zanier et al., 2015).
Another just recently published study used even thinner brain
sections of 7 µm thickness (Ding et al., 2017). We had problems
to properly separate Iba1-positive cells from each other using
thicker sections.

Comparison of CNN and NC Classification
The comparison of CNN and NC classification revealed detailed
information regarding the relationship between individual
morphological parameters. Figure 4 and Supplementary

Figure 3 show some selected scatter plots and Figure 5A

(lower triangular matrix) provides correlation coefficients for

all two-parameter combinations. Some parameters are closely
related to each other (darker colored matrix cells; positively
correlated: cell perimeter and skeleton length, negatively
correlated: cell perimeter and cell circularity), while others
show very weak correlation (lighter colored matrix cells; cell
area and cell solidity). Parameters with close relationships
and therefore strong absolute correlation coefficients express
narrow spatial distributions near the regression line (Figure 4B).
Parameters with weak to negligible absolute correlation
coefficients tend to express broad and (but not always) less
overlapping distributions (Figures 4G,L). NC classification is
based on predefined centroids and cannot generate overlapping
classes by design, which is a major pitfall for this approach.
Therefore, NC classification results strongly depend on the
shape and location of their respective point distributions in
parameter space. This is also reflected in the comparison of CNN
and NC classification in terms of their actual results: strongly
correlating parameters show lower degrees of conformity
(Figure 4E: 44.97%), while weakly correlating parameters
show higher degrees of conformity (Figure 4O: 76.44%).
Figure 5A (upper triangular matrix) provides values for the
degree of conformity for all two-parameter combinations. As
for correlation coefficients, these values are also emphasized
with a color scheme and a certain pattern in relation to the
matrix diagonal can be perceived. Correlation analysis of the
degree of conformity (CNN vs. NC classification) and the
absolute correlation coefficients revealed a moderate negative
correlation (Figure 5B; r = −0.512, p ≤ 0.001). In addition to
the numerical comparison of both approaches, color-coded cell
images were also generated. Figure 4R shows a section with color
coding according to CNN classification. Color codings after NC
classification are also presented for the following combinations:
cell area and skeleton length (Figure 4C), cell perimeter and
soma perimeter (Figure 4H) as well as cell circularity and
soma circularity (Figure 4M). Lower degrees of conformity
result in greater deviations from the CNN color-coding and
classification differences are distributed across all four classes
with one recognizable accumulation: NC classification tends to
classify a larger proportion of activated cells as rod-like cells
(Figures 4E–O).

A clear limitation of the CNN classification approach
presented in this study was the number of cells that were
selected for the training of the neural network. Although
image augmentation was performed to dramatically increase
the number of images for the training and validation set, this
procedure may not fully replace the addition of cells with
a completely different morphology. To counteract subjective
influences during the manual selection of training images, this
procedure was performed by four experienced investigators
resulting in a more diverse set of cells belonging to the four
classes—although this approach might have introduced too
much morphological variability and overlap. These two factors
may have attributed to misclassification and might be addressed
to increase overall classification accuracy.

All possible combinations with more than three and up
to 17 parameters (131,054 combinations in total, SRI was
omitted from all analyses) were also investigated (Figure 5C).
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FIGURE 8 | Quantitative analysis of six morphological parameters of classified microglial cells within control and ischemic neocortex and hippocampus. Cell area

(A), soma area (B), cell perimeter (C), cell convex hull area (D), skeleton length (E), and cell solidity (F). cNCX, control neocortex; iNCX, ischemic neocortex; cHC,

control hippocampus; iHC, ischemic hippocampus. Circles represent outliers and asterisks represent extreme values.

Analyses revealed a peak degree of conformity at 77.21% with
remaining NC overclassification of activated cells as rod-like cells
(Figure 4P). However, the respective color-coding (Figure 4Q)
largely resembles the CNN color-coding (Figure 4R). NC
classification of all 17 parameters showed only a medium degree
of conformity at 55.68% (Figure 4T), the respective color-coding
is shown in Figure 4S. Certain parameters and combinations
thereof are involved in NC classifications with higher—or
even highest—degrees of conformity: cell solidity, cell convexity,
cell circularity, soma perimeter, soma circularity, and critical

value. Combinations of up to eight parameters could result in
conformities of more than 75% (always with the participation of
the parameters listed in the previous sentence), peak conformities
of combinations with more parameters rapidly declined to less
than 60%. The lowest conformities ranged down to 35.81% with
parameters such as skeleton branch points, skeleton endpoints or
dendritic maximum.

DISCUSSION

We can successfully confirm that our developed classification
method of microglial morphological phenotypes works well by
using a mouse model of transient MCA occlusion, which is
one of the models that most closely simulate human ischemic
stroke and is probably the most frequently used model in
experimental stroke research (Engel et al., 2011; Fluri et al.,
2015). Since microglial activation within the ischemia-affected
brain regions has been well established (del Zoppo, 2009;
Härtig et al., 2017; Zhang, 2019), this model was used as a

positive control to confirm a reliable detection of activated
microglia by using the established machine learning method.
In our study, we did not analyze neurons, but we assumed
that neuronal damage or neuronal death is likely in ischemia-
affected regions where microglia show activation processes to
engulf cellular debris. Here, we showed that ischemia-affected
regions in the hippocampus and neocortex presented more
activated and rod-like microglial cells and consequently less
ramified microglia compared to the relevant brain areas within
the contralateral hemisphere. Michalski et al. (2017) recently
demonstrated that Iba1-staining density and intensity were
strongly increased in the ischemic core and ischemic border
zone compared to the control area located at the contralateral,
non-affected hemisphere (Michalski et al., 2017). This is in
line with our data, which exhibit an increased microglial cell
density in ischemia-affected brain regions. After an ischemic
stroke, the blood-brain-barrier (BBB) is compromised (Latour
et al., 2004; Sandoval and Witt, 2008; Krueger et al., 2015,
2017) and a BBB leakage coincides with an increased number
of activated glial cells (Kuntz et al., 2014). Thus, a failing of
the BBB integrity is followed by an infiltration of peripheral
immune cells including neutrophils, lymphocytes, dendritic
cells, and macrophages (microglia-derived and monocytes-
derived macrophages) into the ischemic brain tissue (Kim
and Cho, 2016; Jian et al., 2019). According to Rayasam
et al. (2018), microglia in the CNS and peripheral immune
cells are recruited to the ischemic hemisphere inducing an
inflammatory response after stroke (Rayasam et al., 2018). Upon
an ischemic event, microglial cells are the first responders and
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become activated within 30 min after cerebral ischemia (Rupalla
et al., 1998), peak at 2–3 days post-stroke, and persist for
several weeks (Denes et al., 2007; Gelderblom et al., 2009).
Activated microglia and monocytes/macrophages are similar in
morphology and function, but recent studies in rodent models
of transient cerebral ischemia reported that microglia dominate
the ischemic brain at day 1 and 2 after ischemia. For instance,
on day 1, only a small fraction of monocytes/macrophages
was determined (<3%; Jian et al., 2019; Rajan et al., 2019;
Han et al., 2020). Thus, the here detected higher microglial
cell density within ischemia-affected brain regions after 1 day
of transient ischemia is predominantly provoked by resident
microglial cells of the activated and rod-like morphotypes.
However, at this point, the given data cannot provide any
conclusion on the temporal evolution of microglia phenotypes
post-stroke and the time course of the alterations will have
to be investigated (Mages et al., 2021). Furthermore, it cannot
be ruled out that activated Iba1-positive cells might also
include monocytes/macrophages.

Our findings show that the segmented image area did not
reveal any differences within the neocortical and hippocampal
regions. This parameter reflects the proportion of segmented
pixels—or the raw count of all stained structures—within the
image area before cell detection. The values are comparable
since the tissue volume is evenly permeated by cells and their
processes as the task of microglial cells is to evenly monitor
the tissue. But their number and distribution depend on the
activation state of the microglial cells. In slides with high
cell density, the cell territories are smaller. There we found
a larger proportion of somata with connected processes as
well as fewer processes belonging to somata located outside
the imaged tissue slice. These images are characterized by a
larger share of activated and rod-like cells with comparatively
larger somata and shorter processes. In slides with low cell
density, the cell territories are larger. There we found a
smaller proportion of somata with connected processes as well
as more processes belonging to somata located outside the
imaged tissue slice. These images are characterized by a larger
share of ramified cells with comparatively smaller somata and
longer processes.

For verification of our classification method of microglial
morphological phenotypes, we analyzed several morphological
parameters of about 16,000 Iba1-positive cells in accordance
with recently published studies (Kongsui et al., 2014; Zanier
et al., 2015; Fernández-Arjona et al., 2017, 2019). Comparing
studies of Zanier et al. (2015) and Fernández-Arjona et al.
(2017, 2019) with our work showed that the cell area of our
classified group of activated microglial cells is highly distributed
in different brain regions and is not bigger than ramified cell’s

area on average (Zanier et al., 2015; Fernández-Arjona et al.,
2017, 2019). Here, we also examined rod-like microglial cells
showing bigger cell areas. Activated and rod-like microglia in
sum have bigger cell areas than ramified cells. In line with
all studies including analysis of morphological parameters for
microglial cells, we confirmed for instance larger cell perimeters

and convex hull areas as well as smaller cell soma areas for
ramified microglia.

Microglial cells are sensitive to fluctuations in blood flow and
its reduction leads to a significant decrease in process activity and
results in noticeable deramification and increased cell soma size
(Masuda et al., 2011). Indeed, after ischemia, microglia tend to
retract their fine, highly ramified processes leading to a reduced
skeleton length what we have shown for all microglial cells within
the ischemic neocortex and hippocampus as well as for activated
compared to ramified cells. Reduced branching indices and SRI

in ischemic compared to control regions confirmed this issue.
In contrast to Zanier et al. (2015), we distinguish between four

different morphological classes of Iba1-stained cells in addition
to an observation of all microglial cells after ischemia in control
and ischemic-affected brain regions. The authors showed higher
measurements for cell area and cell perimeter of CD11b-positive
cells after transient MCA occlusion compared to naive mice. In
line, we also used 20 µm thick brain slices for the analysis of
microglial morphology (Zanier et al., 2015).

It has been recently shown by Fernández-Arjona et al.
(2019) that, after injection of the enzyme neuraminidase
within the lateral ventricle, activated microglial cells within the
hypothalamus can be clustered in four different morphotypes
characterized by various morphological parameters and IL-1β
expression levels. Here, we were unable to cluster activated
microglia due to strong overlapping between different value
ranges of morphological parameters, which can be an argument
for morphological classification and against pure quantification.
Moreover, the authors analyzed 150 activated cells, whereas we
examined thousands of Iba1-positive cells. Clustering with fewer
microglial cells showing extreme morphological characteristics
of the activated morphotype is more efficient than with
numerous microglia classified by their probability. We should
also take into account the heterogeneity of microglial cell density
and morphology across different brain regions. Microglial
cell morphology is affected by the cellular architecture of
specific brain areas. Fernández-Arjona et al. (2017) suggested
the consideration of the brain location for future microglial
morphological classification (Fernández-Arjona et al., 2017,
2019).

While the classification of microglial cells solely based on
parameters from quantitative analysis has been proven to be a
successful approach (Kongsui et al., 2014; Zanier et al., 2015;
Fernández-Arjona et al., 2017, 2019; Morrison et al., 2017; York
et al., 2018; Kyriazis, 2019), our results show that parameter
values may differ considerably within individual classes. There
partially is a wide spread in parameter values caused by the
biological variance and it needs to be considered that the highest
probability is pivotal for the final morphological classification of
microglial cells.

Small morphological differences can indicate an incipient
change in the activation state of microglial cells. Such changes
are detectable by a CNN and could give an indication of
pathological processes in the brain. While our CNN covers
four morphological states, it is not yet known if different
activation states are physiologically relevant. Furthermore,
transitions between different phenotypes are fluent and
subtle. While classification based on four discrete classes
provides a good distinction of these phenotypes, there
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is some latitude with regard to the morphology within
these individual classes. There are differences in parameter
expressions between different brain regions (activated
microglia in the cortex differ from activated microglia in
the hippocampus). Application of continuous scoring models
like embedding visualization such as t-Distributed Stochastic
Neighbor Embedding could be much more sensitive to even
smaller morphological changes which should be explored in
further studies.

CNN-based cell classification offers a powerful and
interesting alternative to parameter-based cell classification.
There are a number of morphological and topological parameters
that are widely used to characterize microglial cells—some of
them are basic properties (cell area, skeleton length, etc.), while
others are combinations of multiple parameters (circularity,
branching index, etc.). While we have presented 18 parameters
in our study, there are many more that can be computed—and
some parameters might be more significant for classification in a
specific context than others.

Although the focus of this study is CNN-based cell
classification, we also applied NC classification—a conventional
parameter-based approach. While CNN classification is purely
based on the shape of the cells, NC classification requires a
set of morphological parameters that have to be computed
prior to classification. As we have shown, it is not easy to
determine a parameter set that is best suited for this task, since
stronger parameter correlations may result in lower degrees of
classification conformity. Without a thorough examination of all
parameters for their interrelationships, it is not possible to make
accurate predictions regarding their discriminatory power—but
this would reach far beyond the scope of this study. While
we have found potential parameter combinations and could
compile a superficial ranking at best, the resulting classification
quality is still inferior to results from CNN classification. Since
NC classification is based on predefined centroids and class
membership is assigned due to minimum centroid distances,
different cluster shapes or sizes are not taken into account.
Furthermore, this approach cannot generate overlapping classes
by design, which—considering the high interpenetration of class
point clusters—is a major strength of CNN classification. The
NC approach also classifies a larger proportion of activated
cells as rod-like cells, indicating a lower discriminatory power
between these two classes. Due to the broad distribution of
amoeboid cell parameters (cell circularity and soma circularity)
or the strong overlap with clusters of the other three classes (cell
area and skeleton length), amoeboid cells consistently show the
highest number of NC misclassification in terms of their relative
count. This is especially precarious regarding the low number of
amoeboid cells within the images of our study.

Since it might be difficult to find suitable parameter
combinations and specify thresholds for the assignment of cells
to classes, we advocate for cell classification based on cell
phenotype followed by quantitative analysis for morphological
characterization. Cell classification based on CNNs does not
require any parameters or combinations thereof, it is solely
based on the cell’s shape represented as an image matrix. Deep
learning-based approaches are becoming more accessible to

researchers due to rapid technical progress and training CNNs on
current graphics hardware with powerful GPUs gets increasingly
time- and cost-efficient.

For the calculation of morphological parameters, a fully
automatic approach was implemented and adapted to the
characteristics of segmented cells. Manual analyses might be
slightly better suited in cases of heterogeneous image quality or
during interactive detection and reconstruction of interrupted
cell processes, but they also greatly depend on the experience
and endurance of the investigator. While automatic approaches
require extensive testing and might introduce systematic errors,
they are much faster than manual analyses and provide objective
repeatability.

The proposed classification approach can be also applied
to other staining and image acquisition setups as long as four
key criteria are met: (1) staining quality and contrast must be
sufficiently good to ensure reliable cell segmentation; (2) image
resolution must be high enough to allow separation of cell
processes during segmentation procedure; (3) tissue thickness
must be chosen adequately to acquire (a) enough volume with
a sufficient number of microglia showing an adequate amount
of processes, while (b) avoiding overpopulated volumes with
excessively interconnected network of ambiguously assignable
cell processes; and (4) all segmented cells have to be adapted to
match the input criteria for the CNN if an already trained CNN
exists.

In the next step, we want to analyzemicroglia in scanned serial
sections for 3D reconstruction and additionally in human brain
tissue. Moreover, the morphological classification using machine
learning can be transferred to other cell types like astrocytes and
neurons.

In conclusion, our newly established classification method
of microglial morphological phenotypes using machine learning
represents an objective, unbiased and time-saving procedure that
can serve as a powerful tool for post-mortem characterization
of microglial changes in disease mouse models, and probably
human brain autopsy samples.
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Abstract

Obesity arising from excessive dietary fat intake is a risk factor for cognitive decline, demen-

tia and neurodegenerative diseases, including Alzheimer’s disease. Here, we studied the

effect of long-term high-fat diet (HFD) (24 weeks) and return to normal diet (ND) on behav-

ioral features, microglia and neurons in adult male C57BL/6J mice. Consequences of HFD-

induced obesity and dietary changes on general health (coat appearance, presence of

vibrissae), sensory and motor reflexes, learning and memory were assessed by applying a

phenotypic assessment protocol, the Y maze and Morris Water Maze test. Neurons and

microglia were histologically analyzed within the mediobasal hypothalamus, hippocampus

and frontal motor cortex after long-term HFD and change of diet. Long periods of HFD

caused general health issues (coat alterations, loss of vibrissae), but did not affect sensory

and motor reflexes, emotional state, memory and learning. Long-term HFD increased the

microglial response (increased Iba1 fluorescence intensity, percentage of Iba1-stained area

and Iba1 gene expression) within the hypothalamus, but not in the cortex and hippocampus.

In neither of these regions, neurodegeneration or intracellular lipid droplet accumulation was

observed. The former alterations were reversible in mice whose diet was changed from

HFD to ND. Taken together, long periods of excessive dietary fat alone do not cause learn-

ing deficits or spatial memory impairment, though HFD-induced obesity may have detrimen-

tal consequences for cognitive flexibility. Our data confirm the selective responsiveness of

hypothalamic microglia to HFD.

1. Introduction

The consumption of a high-fat diet (HFD) and consequent obesity are associated with numer-

ous disorders, including cardiovascular diseases, cancer, and metabolic disturbances such as in

glucose metabolism and insulin resistance, as well as accumulation of adipose tissue [1–4].

Further, (diet-induced) obesity has been described to be linked with cognitive deficits and
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access to water and food. Young adult male mice (8 weeks (wks) old) were fed with a normal

diet (ND) (11 kcal% fat, 53 kcal% carbohydrates, 36 kcal% protein; V1124-300, ssniff Spezial-

diäten, Soest, Germany) for 8, 16, 24, and 28 wks or a high-fat diet (HFD) (59 kcal% fat, 26

kcal% carbohydrates, 15 kcal% protein; E15772-34, ssniff Spezialdiäten GmbH, Soest, Ger-

many) for 24 wks or received a dietary change back to ND for 4 or 12 wks after different peri-

ods of HFD (4, 12, 24 wks). Laboratory animals were divided into the following ten groups: 8

wks ND (n = 12), 4 wks HFD + 4 wks ND (n = 12, one animal died before the probe trial two

of the MWM has been conducted), 16 wks ND (n = 24), 4 wks HFD + 12 wks ND (n = 12), 12

wks HFD + 4 wks ND (n = 12 each), 24 wks ND (n = 18), 12 wks HFD + 12 wks ND (n = 12),

24 wks HFD (n = 18), 28 wks ND (n = 12), 24 wks HFD + 4 wks ND (n = 12) (Fig 1A). Body

weight was measured weekly during the whole experiment and daily during behavioral testing.

For analysis of the consequences of diet or dietary change we set the following thresholds for a

minimal weight gain compared to ND: 25% for 24 wks HFD, 20% for 24 wks HFD + 4 wks ND

and 10% for 12 wks HFD + 4 wks ND. Mice which did not reach the threshold were excluded

from analysis. All animal experiments were approved by the local state and university authori-

ties. We performed this study in accordance with the guidelines of the Animal Experimental

Committee following the German Animal Welfare Act as well as the European guidelines

(Directive 2010/63/EU) concerning the protection of laboratory animals. All experimental

procedures and protocols were authorized by the local ethics committee of the state of Saxony

(Landesdirektion Sachsen, Leipzig, approval no. TVV 41/17).

2.2 Behavioral phenotyping

Behavioral testing was accomplished in a silent, separate room (dim illumination, constant

temperature (23˚C) and humidity) during the active phase of the animals. Mice had one hour

to adjust to the testing room before experiments started. Tests were video-recorded and ana-

lyzed later using Video Mot2 software or evaluated and scored directly by an experienced

researcher. All behavioral tests were conducted and analyzed by the same experimenter

blinded to conditions. After each trial, all testing devices were cleaned with 70% ethanol. An

overview of behavioral tests is illustrated in Fig 1B. Memory tests were performed first, fol-

lowed by tests that required repeated handling. All animals and groups mentioned in 2.1

passed through all behavioral tests described below.

Ymaze test. We investigated working and spatial memory following HFD or dietary

change using a three-armed horizontal maze (each arm 5 cm x 25 cm) made of white opaque

Plexiglas. Test details can be found in Landmann et al. (2019) [51]. Mice were placed in the

center of the testing arena and had the liberty to explore the environment freely over 7 min,

while the trial was video-recorded from above. Videos were converted to images using FFmpeg

(Version 3.3.9, https://ffmpeg.org) and image processing was performed using Mathematica

(Version 11.3, Wolfram Research Inc., Champaign, IL, USA). Mice were automatically

detected. Based on all mouse positions the Y maze shape was reconstructed, all three arm end

points as well as the central junction were automatically detected and the three maze arms

were labeled. Mouse positions were assigned according to the labeled arms and respective

sequential durations of stay of the mouse within the arms were calculated based on the frame

rate. The percentage of spontaneous alternations between arms was calculated as follows:

[number of alternations/ (total number of arm entries) − 2)] � 100 [52].

Morris Water Maze test. Applying the Morris Water Maze test (MWM) we studied learn-

ing and long-term memory adapted from previous studies [53, 54]. The set-up consisted of a

swimming pool made of white opaque Plexiglas (diameter 120 cm, height 60 cm) with a

removable transparent platform (diameter 10 cm, height 20 cm, 1 cm below the water surface).
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Fig 1. Effect of age, diet and dietary change on body weight and liver tissue. (A) Experimental groups and feeding period. (B)
Experimental set-up and sequence of behavioral tests. Mice had 14 days to adapt until diet (ND or HFD) started. Study began
with sensitive and cognitive tests (Y maze andMWM test) and terminated with SHIRPA, shorter reflex and tail suspension tests.
For histochemical analysis, mice were sacrificed on day 14. (C) Body weight and (D) weight gain of C57BL/6J mice fed with
HFD and/or ND for varying wks. (E) Representative liver sections stained for β-catenin and hematoxylin frommice maintained
on HFD and/or ND for varying wks, scale bar corresponds to 50 μm. (F) Quantification of percentage of lipids in β-catenin- and
hematoxylin-stained liver sections and (G) quantitative analysis of the proportion (grouped according to size) of lipid droplets
in hepatocytes revealed a long-termHFD-induced hepatic steatosis in mice. Data are presented as mean values and error bars
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The water temperature was kept constantly at 23–24˚C. Water was made opaque by non-toxic

white water color. The testing area was separated from the experimenters’ location and the

other animals by an opaque folding screen. Animals in the swimming pool were video-

recorded from above and tracked automatically (Video Mot2). Initially, we performed a habit-

uation and a control phase to evaluate comparability of data due to visual and motoric capabil-

ities between young and old as well as slim and obese mice (Fig 1B). After the Y maze test,

mice were placed three times for 10 sec each onto the platform in the swimming pool for habit-

uation to the water. If the mouse jumped into the water, the animal was carefully guided back

to the platform. In the control session (three days), the location of the platform hidden under-

neath the water surface was indicated by a high contrast check mark. In the following acquisi-

tion phase over four days, mice should find the hidden platform using visual cues at the border

of the basin. Each mouse was tested in three trials (max. 60 sec each) and was placed under red

light between the trials. At day 10, after the training phase, memory retention was tested in

probe trial one, where the platform was removed. After two days without training mice were

tested again in probe trial two (Fig 1B). Fecal pellets and odors were removed from the water

after each trial and water was changed daily.

SHIRPA. We followed a modified SHIRPA protocol (SmithKline Beecham, Harwell,

Imperial College, Royal London Hospital, phenotype assessment) to assess general health of

mice after different types and periods of nutrition. Mice’s appearance and behavior were evalu-

ated using following parameters and scores: palpebral closure (0 = eyes open; 1 = eyes closed),

coat appearance (0 = tidy, well groomed; 1 = shaggy, dirty), skin color (0 = blanched, 1 = pink,

2 = deep red), whiskers (0 = absent, 1 = present), tail elevation (0 = dragging, 1 = horizontal

extension, 2 = elevated/straub tail), body position (0 = inactive, 1 = active, 2 = excessively

active), head tremble (0 = no reaction, 1 = mild shaking, 2 = strong shaking), gait (0 = fluid

movement, 1 = irregular, anomalies), touch escape (0 = no reaction, 1 = reaction to touch,

2 = strong reaction to touch/jumps or flees prior), lacrimation (0 = absent, 1 = present), defe-

cation (0 = absent, 1 = present), vocalization (0 = none, 1 = vocal) and biting (0 = none,

1 = present in response to handling). In order to evaluate the effect of diet or dietary change,

we measured the body weight.

General reflexes. General sensory and motor abilities were estimated by the following

reflexes: vibrissae reflex (0 = no reaction, 1 = reaction to whisker touch, 2 = strong reaction to

whisker touch), pinna reflex (0 = no reaction, 1 = reaction to pinna touch, 2 = strong reaction

to pinna touch) and writhe reflex (0 = absent, 1 = present) [51].

Tail suspension test. As described by Cryan et al. (2005), mice were suspended by the tail

and video-recorded for three min to analyze their behavior to escape (learned helplessness)

[55]. Thereby, we evaluated how emotionally stable and stress-resistant animals were, which

could influence their performance in cognitive tasks. Time and latency spending active or

inactive were measured. Each mouse was tested once and placed back in the home cage at the

end. Video processing was conducted exactly as described for the Y maze experiments. Mice

were automatically detected and change in segmented mouse size between consecutive frames

was considered as an activity marker. Phases of activity and inactivity were automatically

detected and durations were calculated based on the frame rate.

indicate SD; 8 wks ND n = 11 [5], 4 wks HFD + 4 wks ND n = 12 [5], 16 wks ND n = 24 [6], 4 wks HFD + 12 wks ND n = 12 [6],
12 wks HFD + 4 wks ND n = 8 [6], 24 wks ND n = 30 [12], 12 wks HFD + 12 wks ND n = 12 [6], 24 wks HFD n = 10 [6), 28 wks
ND n = 12 [6], 24 wks HFD + 4 wks ND n = 7 [6]; in brackets, the number of animals used for liver analysis; (C, D): One-way
ANOVA,Welch-ANOVA, unpaired t test, Kruskal-Wallis test; (F): Mann-Whitney test, unpaired t test; ���� p< 0.0001; ���

p< 0.001; �� p< 0.01.

https://doi.org/10.1371/journal.pone.0257921.g001
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2.3 Tissue preparation

At the end of the feeding experiments mice were anesthetized with isoflurane (Baxter GmbH,

Unterschleißheim, Germany) and transcardially perfused with ice-cold phosphate buffered

saline (PBS, pH 7.4) and 4% paraformaldehyde (PFA) in 0.2 M PBS. Brains were carefully

removed from the skull and post-fixed for 24 hours in 4% PFA in 0.2 M PBS before their stor-

age in PBS, containing 0.2% sodium azide, until further processing. Livers of mice were col-

lected for further analysis.

2.4 Histopathological assessment of liver tissue

Liver tissue was fixed with 4% PFA in 0.2 M PBS, dehydrated in graded ethanol series, dealco-

holized in xylene and paraffin embedded. Paraffin blocks were sliced into five μm sections,

stained with mouse anti-β-catenin (1:500; BD Transduction Laboratories, Franklin Lakes,

New Jersey, USA) and counterstained with hematoxylin solution.

Whole β-catenin-stained sections were fully digitized at 20x magnification using a digital

slide scanner (Pannoramic Scan II, 3D HISTECH Ltd., Budapest, Hungary). The scanner soft-

ware (Pannoramic Scanner, version 1.23, 3D HISTECH Ltd., Budapest, Hungary) was oper-

ated in extended focus mode (three levels with 0.8 μm axial distance) to combine images from

several adjacent focal planes into one image with maximum depth of sharpness. Regions of

interest (ROIs) within the specimen were exported from slide scanner data sets (CaseViewer,

Version 2.3, 3D HISTECH Ldt., Budapest, Hungary) as PNG images with pixel dimensions of

0.243 μm.

For quantification of hepatic lipid accumulation, PNG images were imported into Mathe-

matica (Version 12.0, Wolfram Research Inc., Champaign, IL, USA) and tissue masks were

computed using global thresholding (t = 0.7). These masks contained the tissue itself along

with holes representing small and/or scattered lipid accumulations, fully formed vacuoles, ves-

sels as well as artifacts like cuts, fissures or incisions. Almost all lipid accumulations and vacu-

oles could be detected automatically by using empirically determined size thresholds (200< t

< 4000) as well as a roundness parameter (bounding disk coverage> 0.53) for the characteri-

zation of these holes. Masks of all remaining structures were superimposed onto the original

images and these automatically generated pre-selections were inspected and corrected by hand

using GIMP (Version 2.10.2, The GIMP team, http://www.gimp.org). Total tissue area and

area of lipid accumulations or vacuoles were counted, and ratios were calculated. Furthermore,

areas of all individual lipid accumulations and vacuoles were calculated and averaged per

image.

2.5 Fluorescence labeling

For immunofluorescence staining with rabbit anti-Iba1 (ionized calcium-binding adaptor

molecule 1; Synaptic Systems, Göttingen, Germany) to label microglia and guinea pig anti-

NeuN (Synaptic Systems, Göttingen, Germany) to label neurons, perfused and fixed mouse

brains were sliced into 50 μm thick coronal floating sections using a vibratome (Leica VT

1200, Leica Biosystems, Wetzlar, Germany). After three washing steps with 0.3% Triton X-100

in PBS for 10 min each time, slices were blocked for one hour in PBS blocking buffer contain-

ing 5% normal goat serum and 0.3% Triton X-100 at room temperature. Afterwards, coronal

brain sections were incubated with the primary antibodies Iba1 (1:500) and NeuN (1:200)

diluted in PBS with 1% of normal goat serum. Incubation was done overnight at 4˚C. The next

day, slices were rinsed three times with 0.3% Triton X-100 in PBS and incubated with the sec-

ondary antibodies goat anti-guinea pig Alexa Fluor 488 (1:200) (Thermo Fisher Scientific,

Waltham, Massachusetts, USA) and goat anti-rabbit Alexa Fluor 568 (1:250) (Thermo Fisher

PLOS ONE Long-term diet-induced obesity does not lead to learning and memory impairment in mice

PLOSONE | https://doi.org/10.1371/journal.pone.0257921 September 29, 2021 6 / 33

44

http://www.gimp.org
https://doi.org/10.1371/journal.pone.0257921


Scientific) for 2 hours at room temperature. Thereafter, sections were washed with PBS,

stained five min with 40,6-diamidino-2-phenylindole (DAPI; Thermo Fisher Scientific) and

were thoroughly rinsed in PBS. Finally, brain sections were mounted onto microscope slides

and covered with Fluorescence Mounting Medium (DAKO, Agilent, Santa Clara, California,

USA) and coverslips. For negative controls, the omission of primary antibodies, under other-

wise identical conditions, resulted in the absence of any labeling.

2.6 Oil Red O staining

Perfused and fixed mouse brains were sliced with a vibratome (Leica VT 1200, Leica Biosys-

tems, Wetzlar, Germany) into 20 μm thick coronal floating sections for Oil Red O Staining.

Brain sections were washed three times with PBS for five min each time followed by incubation

with 60% isopropanol for five min. Thereafter, slices were stained with Oil Red O solution

[60% Oil Red O stock solution (5 mg/ml isopropanol)/40% water] for 15 min and washed

once again three times with PBS for five min each time. Following a short incubation with 40%

isopropanol, brain slices were thoroughly rinsed in PBS and counterstained with hematoxylin

solution for one min. Finally, brain sections were mounted onto microscope slides and cov-

ered with Glycergel mounting medium (DAKO, Agilent, Santa Clara, California, USA) and

coverslips.

2.7 Image acquisition and quantification of fluorescence staining

Microscopic images of Iba1 and NeuN staining were captured with a confocal microscope

(LSM 700, Zeiss, Jena, Germany) applying a 20×/0.5 NA objective at constant exposure times

within hypothalamic, hippocampal and neocortical regions. Confocal z-stack images were

acquired using the ZEN 2 (blue edition) software (Zeiss) and an interval size of 2.0 μm for a

total range of 30 μm (n = 16 optical slices per animal, 6–12 animals per condition). All in all,

five ROIs, the mediobasal hypothalamus, the CA1 and CA3 region, the dentate gyrus, and the

frontal motor cortex were acquired for each animal to quantify Iba1 and NeuN immuno-

signals. Two ROIs per animal within the mentioned brain areas were analyzed in coronal

brain sections at Bregma -1.7 mm. Fluorescence intensity and staining area measurements of

z-stack maximum intensity projections were processed using ImageJ software (National Insti-

tutes of Health, Bethesda, MD, USA). The percent area occupied by Iba1- or NeuN-immuno-

positive cells per ROI was measured after a threshold adjustment of the images. The total

staining intensity was expressed by integrated density (mean gray value x area) using the ROI

manager and the background subtraction function of ImageJ. The reactive state of microglial

cells is frequently measured by fluorescence intensity of Iba1 or by percentage of Iba1-stained

area [37, 45, 56–59].

For quantitative analysis of microglial morphology, original confocal z-stack images were

imported into Mathematica and maximum intensity projections of the Iba1 channels were

computed. Microglia cells were automatically detected using a previously developed approach

[60]. In brief, images were contrast enhanced, Iba1-positive structures (somata and processes)

were segmented and all somata were identified. Processes not connected to any somata were

removed and all interconnected microglia cells were separated from each other based on a par-

allel flood fill operation starting from the soma centroids. ROIs were drawn onto the maxi-

mum intensity projections and used for the masking of all detected cells. Remaining cells

within the respective regions were uniquely labelled. Further, microglial cells were submitted

to quantification and 17 parameters were calculated for each detected Iba1-positive cell

(n = 9186). Parameters include cell areas (μm2) and perimeters (μm) of whole cells, their convex

hulls (the smallest convex set of pixels that encloses a cell) and their soma; cell solidity (the
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degree to which the area of a cell fills the area of its convex hull) and convexity (the ratio of a

cell’s convex hull perimeter to the cell’s actual perimeter); circularity of cells and soma (the

roundness, where one equals a perfect circle and values smaller than one indicate shapes that

increasingly deviate from the shape of a circle); length (μm) as well as number of branch and

end points of the skeletonized processes; and the number of cell processes. Furthermore, all cells

were submitted to Sholl analysis [61] and the cell’s branching index [62] (a measure to distin-

guish between cells of different ramification types), critical radius (μm) (the radius with the

maximum number of process crossings) and dendritic maximum (the number of process

crossings at the critical radius) were calculated. Values for each parameter were averaged for

all images of one animal to define the value per animal and per group, respectively. Addition-

ally, for whole images the microglial cell density (cells per mm2) was computed.

2.8 Image acquisition and quantification of Oil Red O staining

The staining of lipid droplets in coronal brain sections using Oil Red O solution was fully digi-

tized using the same digital slide scanner and image export procedures mentioned above (see

2.4). The only exception was that the extended focus mode was set to 30 levels with 1.2 μm

axial distance at 40x magnification to combine images from several adjacent focal planes into

one image with maximum depth of sharpness resulting in exported PNG images with pixel

dimensions of 0.122 μm.

For quantification of lipid droplets, PNG images were imported into Mathematica, white-

balanced and submitted to color deconvolution resulting in separate images for red (Oil Red

O) and blue (hematoxylin) staining. Red images were background-corrected (ten pixel wide

Gaussian filter), lipid droplets were segmented using local adaptive thresholding (100 pixel

wide radius) and specks smaller than ten pixels were removed. Blue images were adjusted for

brightness and gamma, nuclei were segmented using global thresholding (threshold value

0.15) followed by morphological closing (three pixel radius), and specks smaller than 200 pix-

els were removed. Due to the varying quality of Oil Red O staining segmented droplets were

manually corrected using GIMP to remove tissue artifacts when necessary. Total tissue area,

cell area, droplet area and red signal intensity were counted and ratios were calculated.

2.9 Quantitative RT-qPCR

Hypothalamus, hippocampus and frontal cortex were quickly dissected from the brain of mice

fed with ND or HFD for 24 wks after transcardial perfusion with ice-cold phosphate buffered

saline (PBS, pH 7.4). Brain tissue was flash-frozen in liquid nitrogen and stored at −80˚C until

RNA isolation.

RNA isolation and cDNA synthesis: Messenger RNA (mRNA) of the hypothalamus, hippo-

campus and prefrontal murine cortices was isolated using RNeasy Mini Kit (Qiagen, Hilden,

Germany) according to manufacturer’s instructions. Reverse transcription was performed

with the ProtoScript First Strand Synthesis Kit (New England Biolabs, Frankfurt amMain,

Germany) using 1 μg total RNA as template.

RT2 Profiler™ PCR array: Gene expression of Iba1 was analyzed using a RT2 Profiler™ PCR

array. Primers were synthesized by the manufacturer Qiagen and are adsorbed on the bottom

of each well in a 96-well microplate, one primer pair per well. Each PCR array plate includes

three housekeeping genes (Actb, Gapdh, B2m) as well as controls for genomic DNA contami-

nation, reverse transcription efficiency and general PCR performance. Thermal cycling and

fluorescence detection were performed using the CFX96 Touch Real-Time PCR Detection Sys-

tem from Bio-Rad Laboratories GmbH (Feldkirchen, Germany). The utilized temperature

protocol includes an initial melting for 10 min at 95˚C, 40 cycles of amplification (15 s at 95˚C,
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1 min at 60˚C) followed by a melt curve. Relative gene expression was calculated using the

ΔΔCt method (2-ΔΔCt). All Ct values of target cDNAs were normalized to the average of three

housekeeping genes.

2.10 Statistical analysis

Behavioral data were tested for normal distribution using the D’Agostino & Pearson test. Non-

parametric data (scored parameters or parameters not following a normal distribution) were

analyzed by the Kruskal-Wallis test followed by Dunn’s method for multiple comparisons or

the Mann-Whitney test. For parametric data (following a normal distribution) one-way

ANOVA and unpaired t test (equal SDs) or Welch-ANOVA andWelch’s t test (unequal SDs),

and for multifactorial data two-way ANOVA were performed using Tukey’s method for multi-

ple comparisons. Immunohistochemical data of liver tissue were tested for normal distribution

using the Kolmogorov-Smirnov test and validated by Mann-Whitney (non-parametric) or

unpaired t test (parametric). Data of immunofluorescence staining were tested for normal dis-

tribution using the Shapiro-Wilk test and were analyzed by one-way ANOVA followed by

Tukey’s method for multiple comparisons, unpaired t test or Welch-ANOVA followed by

Dunnett’s method for multiple comparisons. The qPCR data was tested for normal distribu-

tion using the Shapiro-Wilk test and differences between the ND and HFD group were vali-

dated by an unpaired t test. Analysis of data was performed separately within age-matched (4

sub-analyses: 8 wks ND vs. 4 wks HFD + 4 wks ND; 16 wks ND vs. 4 wks HFD + 12 wks ND

vs. 12 wks HFD + 4 wks ND; 24 wks ND vs. 12 wks HFD + 12 wks ND vs. 24 wks HFD; 28 wks

ND vs. 24 wks HFD + 4 wks ND) as well as diet-matched (3 sub-analyses: 8 vs. 16 vs. 24 vs. 28

wks ND; 4 wks HFD + 4 wks ND vs. 12 wks HFD + 4 wks ND vs. 24 wks HFD + 4 wks ND; 4

wks HFD + 12 wks ND vs. 12 wks HFD + 12 wks ND) groups. We compared age-matched

mice to analyze the impact of diet and dietary change as well as diet-matched mice to examine

the effect of age on behavioral features, microglia and neurons. For better clarity, only signifi-

cant results of age-matched groups are presented in the figures and significant results of diet-

matched groups are shown in S1 Table. GraphPad Prism 9.2.0 (GraphPad Software, San

Diego, CA, USA) was applied to perform statistical analyses of behavioral and histological

data. Statistic details are given in the figure legends, result section and S1 Table. Number of

analyzed animals is indicated as “n” in the figure legend. Data are presented as mean ± SD. Sta-

tistical significance was determined as follows: p< 0.05 �, p< 0.01 ��, p< 0.001 ���,

p< 0.0001 ����.

3. Results

3.1 HFD and dietary change have an effect on body weight and liver tissue

As expected, diet had a highly significant effect on mice’s body weight and animals benefited

significantly from a dietary change back to ND after HFD exposure (Fig 1C; S1 Table, ll. 1–3).

Thereby, even a short period of four wks ND following a long-term HFD of 24 wks revealed a

positive effect on the body weight (Fig 1C; unpaired t test, p = 0.0024; S1 Table, l. 4). Further,

we observed a strong effect of age on body weight as well (S1 Table, ll. 5–7). Older mice fed

with ND gained significantly more body weight compared to younger animals (Fig 1D; S1

Table, l. 12).

To control the effectiveness of HFD, we performed staining of liver tissue with β-catenin
and hematoxylin and found an increase in lipid accumulation after long-term HFD compared

to mice fed with ND (Fig 1E and 1F; Mann-Whitney test, p = 0.0022; S1 Table, l. 15) as shown

before [63, 64]. Mouse liver tissue in ND groups and groups that received short- and mid-term

HFD (four and 12 wks) followed by a dietary change back to ND exhibited the typical
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hepatolobular architecture and hepatocytes displayed their normal polygonal shape showing

distinctive nuclei along with no signs of steatosis (Fig 1E). In contrast, we observed high

amounts of lipid droplets (macrovesicular steatosis) after long-term HFD in liver tissue. How-

ever, already four wks ND after 24 wks HFD significantly improved the livers’ fat content, but

these mice exhibited even more lipid droplets in hepatocytes than their age-matched control

group (Fig 1E and 1F; unpaired t test, p< 0.0001, Mann-Whitney test, p< 0.0022; S1 Table, ll.

16–17). Moreover, lipid droplet sizes showed a shift of hepatic lipid droplets toward smaller

ones in mice that received long-term HFD followed by a dietary change. Long-term HFD

alone also leads to hepatic lipid droplets of enormous size (Fig 1G).

3.2 Long periods of HFD lead to general health issues without modification
of reflexes

General health parameters and basic reflexes were observed following the SHIRPA protocol

(Fig 2). Long-time HFD caused impairment of the coat compared to age-matched control ani-

mals, which manifested in weak and scrubby fur with bare spots (Fig 2A; Kruskal-Wallis test,

p = 0.0124; S1 Table, l. 18). In contrast, HFD shorter than 24 wks did not lead to obvious dif-

ferences (Fig 2A). Interestingly, already a change of diet from 12 wks HFD to 4- or 12-wks ND

rescued this effect (Fig 2A). Similarly, only mice receiving HFD for 24 wks showed signifi-

cantly less vibrissae compared to control mice (Fig 2B; Kruskal-Wallis test, p< 0.0001; S1

Table, l. 19). Further, a longer change to ND after mid-term HFD led to preservation of the

vibrissae, while a short change of diet after long-term HFD was not sufficient (Fig 2B; Mann-

Whitney test, p = 0.0036; S1 Table, l. 20). No differences were observed concerning the general

activity (Fig 2C) or the touch escape reactivity (Fig 2D). Further, no obvious differences exist

according to the appearance of the eyes, skin, tail and gait or fecal pellets after HFD or dietary

change compared to ND (S1A–S1E Fig). In addition, young and old mice as well as animals on

HFD and ND showed a similar sensory reactivity testing for the vibrissae (Fig 2E), of the pinna

(Fig 2F) and a moderate motor reactivity indicated by the writhe reflex (S1F Fig).

3.3 HFD has no effect on short-termmemory

A potential effect of diet and dietary change on short-term memory was studied applying the

Y maze test. Number of spontaneous alternations neither differed significantly between diets

or after dietary change nor between young and old mice (Fig 3A). Further, we found no differ-

ence in the number of double arm visits (errors) regarding diet/dietary change or age (Fig 3B).

Analysis revealed a significant effect of diet/dietary change on activity between mice being 12

wks on HFD followed by 12 wks of ND compared to age-matched mice on ND and HFD (Fig

3C; One-way ANOVA, p = 0.0021; S1 Table, l. 22). Further, there was a significant effect of age

in both control and HFD groups on general activity, indicated by a decreasing number of total

arm entries in the maze (Kruskal-Wallis test, p< 0.0001; One-way ANOVA, p = 0.0129; S1

Table, ll. 23–24). There was a strong effect of HFD as well as dietary change and age on body

weight, though a short period of ND after long-term HFD did not rescue the phenotype (Fig

3D). Therefore, we conclude that there is no effect of long-term HFD on working memory.

3.4 Learning is not affected by diet

Analyzing the control phase of the MWM test revealed no main effect of diet or dietary change

or age on learning performance (Fig 4A). Latencies to find the target quadrant were signifi-

cantly higher in mice on long-term HFD compared to age-matched mice on mid-term HFD

followed by a return to ND on day one and two as well as on day three in comparison to age-

matched control mice (Fig 4A; Two-way ANOVA, day p< 0.0001, diet p = 0.0003, interaction
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Fig 2. HFD leads to general health issues. (A-D) SHIRPA analysis was used to estimate general health of mice after
ND or HFD. (A) Long-termHFD led to problems with the coat and (B) the loss of vibrissae, while there was more
variance, but no significant difference after HFD in (C) general activity and (D) touch escape. Normal sensory reflexes
as the (E) vibrissae and the (F) pinna reflex were observed in all groups irrespective of diet or age. Data are presented as
mean values and error bars indicate SD; 8 wks ND n = 11, 4 wks HFD + 4 wks ND n = 12, 16 wks ND n = 24, 4 wks
HFD + 12 wks ND n = 12, 12 wks HFD + 4 wks ND n = 7, 24 wks ND n = 30, 12 wks HFD + 12 wks ND n = 12, 24 wks
HFD n = 10, 28 wks ND n = 12, 24 wks HFD + 4 wks ND n = 8; Kruskal-Wallis test, Mann-Whitney test; ����

p< 0.0001; �� p< 0.01; � p< 0.05.

https://doi.org/10.1371/journal.pone.0257921.g002
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p = 0.0432; S1 Table, l. 34). However, mice fed with ND for 24 wks took more time to find the

target quadrant than mice being 12 wks on HFD followed by 12 wks of ND. On all days,

decreased latencies to find target quadrant and platform were observed for mice receiving 12

wks ND after 12 wks HFD compared to age-matched mice on ND or HFD (Fig 4A and 4B).

Almost all groups showed an improvement in learning performance regarding the latency to

find target quadrant and platform (Fig 4A and 4B; S1 Table, ll. 31–63). We found no effect of

diet or dietary change on activity, but an impact of age on total distance in ND and HFD

groups (Fig 4C; S1 Table, ll. 64–81). Therefore, we assumed similar preconditions of age-

matched mice regarding vision, motor function and learning for lean and adipose mice.

The training phase was used to estimate the learning performance after different diets or

dietary change. The significant main effect of diet/dietary change according to the latency to

find the target quadrant counted for day one only (Fig 4D; S1 Table, ll. 82–90). Similarly, youn-

ger animals initially showed a shorter latency to find the target quadrant (S1 Table, l. 91). Fur-

ther, there was no main effect of diet on the latency to find the platform and an improvement

Fig 3. HFD has no effect on short-termmemory in the Y maze test. (A) Spontaneous alternations were not affected by diet/dietary change. (B) No
difference in the number of double arm visits (errors) regarding diet/dietary change was found. (C) Analysis of total arm entries revealed a significant
effect of diet. (D) Mice gained more weight after longer HFD or rather lose weight after dietary change fromHFD to ND. Data are presented as mean
values and error bars indicate SD; 8 wks ND n = 11, 16 wks ND n = 24, 24 wks ND n = 30, 28 wks ND n = 12, 4 wks HFD + 4 wks ND n = 12, 12 wks
HFD + 4 wks ND n = 8, 4 wks HFD + 12 wks ND n = 12, 12 wks HFD + 12 wks ND n = 12, 24 wks HFD n = 13, 24 wks HFD + 4 wks ND n = 9; (C)
One-way ANOVA, (D) One-way ANOVA,Welch-ANOVA, unpaired t test; ���� p< 0.0001; �� p< 0.01; � p< 0.05.

https://doi.org/10.1371/journal.pone.0257921.g003
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in learning performance was observed in all groups with the exception of the study’s youngest

group on ND showing consistently short latencies to find the platform from day one (Fig 4E;

S1 Table, ll. 94–111). Again, we observed a significant effect of age within ND and HFD groups

on the first day (S1 Table, ll. 106, 109). However, the learning performance did not differ

between groups (S1 Table, ll. 107, 110). Additionally, we found no main effect of diet/dietary

change on total distance and all groups with the exception of the study’s youngest group on

ND increased similarly until day four (Fig 4F; S1 Table, ll. 112–123). The main effect of age on

the total distance was limited to the first and third day within HFD groups and did not differ

until the end of training (S1 Table, ll. 124–129). In line with the control phase, the training

phase showed no differences of diet/dietary change or age on overall learning performance.

3.5 HFD-induced obesity does not lead to long-termmemory deficits, but
may alter cognitive flexibility

In probe trial one, we observed no effect of diet/dietary change on time spent in the target

quadrant and all groups of mice showed a significant discrimination between the target and

the opposite quadrant (Fig 5A; S1 Table, ll. 130–141). In contrast, mice with increasing age

spent more time in the target and respectively less time in the opposite quadrant within HFD

groups (S1 Table, ll. 142–147). Further, there was no effect of diet/dietary change or age on the

latency to find the target quadrant (Fig 5B). Total distance decreased in mice on long-term

HFD compared to age-matched control groups (Fig 5C; One-way ANOVA, p = 0.0006; S1

Fig 4. Learning is not affected by HFD. Before performing the MWM test, mice had three days to find the marked platform underneath the water by
using visual information (control phase). (A) Diet had an effect on the latency to find the target quadrant. (B) We observed an effect on the latency to
find the platform only on the first day regarding diet. (C) The motor activity was not affected by diet and general learning performance did not differ
with respect to diet/dietary change. After the control phase, mice were trained for four days to perform the MWM test (acquisition phase). (D) Latency
to find the target quadrant differed for some groups on day one and four, but learning did not change due to diet. (E) Latency to find the platform
underneath the water surface showed no effect of diet. Performance up to day four did not differ relative to diet. (F) Motor activity was similar for mice
on different diets. Data are presented as mean values and error bars indicate SD; 8 wks ND n = 12, 16 wks ND n = 24, 24 wks ND n = 30, 28 wks ND
n = 12, 4 wks HFD + 4 wks ND n = 12, 12 wks HFD + 4 wks ND n = 7, 4 wks HFD + 12 wks ND n = 12, 12 wks HFD + 12 wks ND n = 12, 24 wks HFD
n = 11, 24 wks HFD + 4 wks ND n = 9; Two-way ANOVA; ��� p< 0.001; �� p< 0.01; � p< 0.05.

https://doi.org/10.1371/journal.pone.0257921.g004
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Table, l. 148). The motor activity also decreased with age within ND and HFD groups (S1

Table, ll. 149–150). As expected, mice receiving HFD gained significant more weight than

mice on ND and animals benefited significantly from dietary change (Fig 5D; S1 Table, ll.

151–154). Body weight enhanced also with increasing age independent of diet (S1 Table, ll.

155–157). No effect of diet/dietary change or age was found relative to the latency to find the

platform location. In sum, we found no effect of diet/dietary change on test performance, but

observed a negative effect of age within ND and HFD groups. However, our data revealed a

strong effect of diet/dietary change and age on body weight. Further, long-term HFD and

advanced age also resulted in decreased motor activity.

In a second probe trial, we observed no overall effect of diet/dietary change on time spent

in the target or opposite quadrant. However, mice fed with HFD for 24 wks stayed significantly

longer in the target quadrant compared to age-matched control groups (Fig 6A; two-way

ANOVA, quadrant p< 0.0001, diet p = 0.3411, interaction p< 0.0001; S1 Table, ll. 164–166).

Just as in probe trial one, we observed no effect of diet and age relative to the latency to find

Fig 5. Diet-induced obesity causes no impairment of memory.Memory retention (probe trial one) was tested after four days of training in the MWM
test. (A) Diet/dietary change had no effect on the time mice spent in quadrants, while older animals spent more time in the target quadrant. (B) No
effect was found regarding the latency to find the target quadrant. (C) Motor activities were reduced in mice receiving 24 wks of HFD compared to age-
matched control mice. (D) Diet had a significant effect on body weight and mice benefited from a change to ND after HFD. Data are presented as mean
values and error bars indicate SD; 8 wks ND n = 12, 16 wks ND n = 24, 24 wks ND n = 30, 28 wks ND n = 12, 4 wks HFD + 4 wks ND n = 12, 12 wks
HFD + 4 wks ND n = 7, 4 wks HFD + 12 wks ND n = 12, 12 wks HFD + 12 wks ND n = 12, 24 wks HFD n = 11, 24 wks HFD + 4 wks ND n = 8; (A):
Two-way ANOVA, (B, C, D): One-way ANOVA, Welch-ANOVA, unpaired t test; ����; p< 0.0001; ��� p< 0.001; �� p< 0.01; � p< 0.05.

https://doi.org/10.1371/journal.pone.0257921.g005
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Fig 6. HFD leads to intact long-termmemory, but may impair cognitive flexibility.Memory retention (probe trial two) was tested
again after two days without any training in the MWM test. (A) Time mice spent in the target quadrant was significantly increased in
mice receiving 24 wks of HFD compared to age-matched control mice. (B) No effect of diet was observed relative to the latency to find the
target quadrant. (C) Diet had an effect on motor activity. (D, E) Dietary change showed a shorter latency to find the platform location and
a significant effect on the entries of the platform location. Data are presented as mean values and error bars indicate SD; 8 wks ND n = 12,
16 wks ND n = 12, 24 wks ND n = 18, 28 wks ND n = 12, 4 wks HFD + 4 wks ND n = 12, 12 wks HFD + 4 wks ND n = 7, 4 wks HFD + 12
wks ND n = 12, 12 wks HFD + 12 wks ND n = 12, 24 wks HFD n = 10, 24 wks HFD + 4 wks ND n = 8; (A): Two-way ANOVA, (C): One-
way ANOVA, (D, E): Kruskal-Wallis test; ���� p< 0.0001; ��� p< 0.001; �� p< 0.01; � p< 0.05.

https://doi.org/10.1371/journal.pone.0257921.g006

PLOS ONE Long-term diet-induced obesity does not lead to learning and memory impairment in mice

PLOSONE | https://doi.org/10.1371/journal.pone.0257921 September 29, 2021 15 / 33

53

https://doi.org/10.1371/journal.pone.0257921.g006
https://doi.org/10.1371/journal.pone.0257921


the target quadrant (Fig 6B). The motor activity was significantly reduced after long-term

HFD of 24 wks compared to age-matched control animals (Fig 6C; One-way ANOVA,

p = 0.0016; S1 Table, l. 173) and showed a significant effect of age within ND and HFD groups

(S1 Table, ll. 174–175). Further, we observed a reduced latency and significant more entries of

the platform location in mice with a short ND time after 12 wks of HFD compared to four wks

of HFD followed by a longer ND period, while there was no effect of age (Fig 6D and 6E; Krus-

kal-Wallis test, latency p = 0.0164, entries p = 0.0052; S1 Table, ll. 176–177).

In sum, our investigations revealed no effect of diet/dietary change, but of age on memory

performance with a strong effect of age and diet/dietary change on body weight. While we

observed no effect of diet or age relative to the platform location during the first probe trial,

there was an effect of dietary change in the probe trial two.

3.6 HFD has no consequences for the emotional state

In order to test whether HFD-induced obesity leads to alterations of the emotional condition

(e.g. motivation), we conducted the tail suspension test. Healthy mice are meant to try to

escape by active movements, when fixed and suspended by their tails. In our study no effect of

diet/dietary change on activity was detected, while older mice within ND groups were more

active in this test (S2A Fig; S1 Table, ll. 183–184). However, we observed no difference of diet/

dietary change or between mice of different age according to the latency to inactivity (S2B

Fig). Therefore, we conclude that there are no consequences of HFD on the emotional state in

mice.

3.7 Increased microglial activation after long periods of HFD in the
hypothalamus

We performed immunostaining on coronal brain sections of the youngest mice (8 wks ND vs.

4 wks HFD + 4 wks ND), animals that received mid-term HFD followed by a dietary change

back to ND for the same period of time (24 wks ND vs. 12 wks HFD + 12 wks ND), older mice

on long-term HFD (24 wks ND vs. 24 wks HFD) and with dietary change (28 wks ND vs. 24

wks HFD + 4 wks ND) to assess the effect of diet/dietary change on microglial and neuronal

morphology in the hypothalamus (n = 6–12 mice per condition). Microglial response deter-

mined by Iba1 signal intensity increased after 24 wks of HFD (Fig 7A and 7B; Welch-ANOVA,

p = 0.0069; S1 Table, l. 178). Similarly, the area covered by Iba1-positive cells was significantly

enhanced after 24 wks of HFD compared to ND for 24 wks (Fig 7C; One-way ANOVA,

p = 0.0003; S1 Table, l. 180). Interestingly, long-term HFD (24 wks) followed by a dietary

change back to ND resulted in lower Iba1 fluorescence intensity and smaller area of Iba1-posi-

tive cells (Fig 7B and 7C; S1 Table, ll. 179, 181). Short- and mid-term HFD (four and 12 wks)

followed by a dietary change back to ND did not lead to higher fluorescence intensities and

percentage of Iba1-stained area compared to age-matched control mice (Fig 7B and 7C). How-

ever, we could detect a trend towards higher fluorescence intensity and percentage of stained

area with Iba1 after 12 wks on HFD followed by 12 wks on ND and 24 wks on HFD followed

by four wks on ND compared to 24 wks on ND (Fig 7B and 7C). Indeed, in mice fed with ND

or HFD followed by dietary change, we predominantly observed the ramified form of micro-

glia exhibiting small somata and fine ramifications, while in the hypothalamus of mice on

long-term HFD, many microglial cells displayed an activated morphology with thickened pro-

cesses and bigger cell bodies. Number of Iba1-positive cells was slightly elevated following

long-term HFD, but the difference between 24 wks on ND and 24 wks on HFD was not signifi-

cant (Fig 7D; One-way ANOVA, p = 0.1164). Further, hypothalamic expression of mRNA

encoding Iba1 increased by 25% in mice fed a HFD for 24 wks (S3 Fig; Two-tailed unpaired t
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test, p = 0.0328; S1 Table, l. 185). We did not observe morphological alterations in neurons

within the mediobasal hypothalamus after a dietary change or a long-term HFD (Fig 7A and

7E). In summary, long periods of HFD increased microglial activation within the mediobasal

hypothalamus without effects on neuronal morphology and NeuN-stained areas as a substitute

for cell numbers.

Fig 7. Increased microglial activation after long periods of HFD in the hypothalamus. (A) Representative confocal images of double-labeled
immunofluorescence staining for Iba1 (red) and NeuN (green) within the mediobasal hypothalamus of male wild-type C57BL/6J mice fed with ND for
eight wks, HFD for four wks followed by ND for four wks and ND or rather HFD for 24 wks. Nuclei were counterstained with DAPI. Scale bar
corresponds to 50 μm; 3v, third ventricle. (B) Fluorescence intensity measurements of Iba1, (C) quantification of percentage of area covered by Iba1 and
(E) NeuN-immunoreactive profiles and (D) number of Iba1-immunoreactive cells revealed a microgliosis in response to long-termHFD exposure
without effects on neurons. Data are presented as mean values and error bars indicate SD; 8 wks ND n = 6, 4 wks HFD + 4 wks ND n = 6, 24 wks ND
n = 12, 12 wks HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND n = 6, 24 wks HFD + 4 wks ND n = 6; (B): Welch-ANOVA, unpaired t test, (C):
One-way ANOVA, unpaired t test; ��� p< 0.001; �� p< 0.01; � p< 0.05.

https://doi.org/10.1371/journal.pone.0257921.g007
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3.8 HFD-induced obesity does not alter cortical and hippocampal
morphology

There were no differences regarding fluorescence intensity and percentage of area of both Iba1

and NeuN immunosignals between the analyzed groups within the frontal motor cortex (S4A–

S4C and S4E Fig). Number of Iba1-postive cells was not altered after diet/dietary change com-

pared to age-matched mice (S4D Fig). Similarly, we found no alterations within hippocampal

areas CA1, CA3 and dentate gyrus after HFD exposure and dietary change compared to age-

matched control groups (Fig 8A–8I). Microglial cell density within hippocampal areas did not

change neither after diet/dietary change nor with age (S5 Fig).

A more detailed quantitative analysis of microglial morphology in hippocampal brain

regions revealed that in CA1, microglial cell area, perimeter, convex hull area and skeleton

length were significantly elevated in animals that received mid-term HFD followed by a dietary

change back to ND for the same time period compared to age-matched mice (S6A–S6C and

S6F Fig; One-way ANOVA, A) p = 0.0240, B) p = 0.0305, C) p = 0.0226, F) p = 0.0349; S1

Table, ll. 186–189). On the other hand, averaged microglial cell solidity and soma size did not

differ significantly between relevant groups in CA1 (S6D and S6E Fig). CA3 and hilar regions

did not show significant alterations in morphological parameters of microglial cells after diet/

dietary change (S6G–S6R Fig). However, microglial cell area, perimeter, convex hull area and

skeleton length were also slightly elevated in animals that received mid-term HFD followed by

a dietary change back to ND for the same time period compared to age-matched mice (S6G–

S6I, S6L–S6O and S6R Fig). Microglial cells in these mice had slightly bigger cells of the rami-

fied morphology showing similar cell solidities and soma size areas, but also longer skeleton

lengths and higher branching indices compared to age-matched control mice leading to bigger

cell area, perimeter and convex hull area (S6G–S6R Fig; S2 Table). In general, ramified micro-

glial cells have smaller soma areas, bigger cell perimeters and longer skeleton lengths than acti-

vated microglia. Microglial cell and soma area are expected to increase due to activation and

soma enlargement yielding higher values of these morphological parameters for activated

microglia. Soma size area was not higher in the group that received mid-term HFD followed

by a dietary change back to ND for the same time period (S6K and S6Q Fig). Microglia of

these mice had larger cell perimeters, which is estimated to be higher in ramified cells and its

decrease is characteristic of fewer ramifications (S6L and S6R Fig). Increasingly ramified cells

have larger convex hull areas and lower cell solidity. An increase of this parameter, also known

as cell occupancy, reveals the tendency of microglial cells to be more compact indicating the

transition toward activation. Cell circularity is expected to be higher for activated microglia.

Typically, highly ramified microglial cells have a greater skeleton length, as well as many

branch and end points. The branching index is an additional measurement of microglial

branching complexity. For instance, a small ramified microglial cell and an activated micro-

glial cell may have a similar cell volume, but the activated state occupies more of its surround-

ing, therefore the branching index measure will be smaller. Various important morphological

parameters (or their appropriate combination) which indicate microglial activation did not

differ in hippocampal regions between relevant groups [60]. Quantification of microglial mor-

phological parameters revealed the most significant changes in the frontal cortex with age, but

not with diet/dietary change (S6S–S6X Fig). Within cortical regions, microglia of older mice

showed higher values for cell area (S1 Table, ll. 190–191; S2 Table), cell perimeter (S1 Table, ll.

192–193; S2 Table), convex hull area (S1 Table, ll. 194–195; S2 Table) and skeleton length (S1

Table, ll. 196–197; S2 Table). There were no detectable changes in relevant morphological

parameters indicating microglial activation neither with age nor with diet/dietary change.
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Fig 8. HFD-induced obesity does not alter hippocampal morphology. (A, D, G) Representative confocal images of
double-labeled immunofluorescence staining for Iba1 (red) and NeuN (green) within the hippocampus, in particular
CA1 and CA3 regions and dentate gyrus of male wild-type C57BL/6J mice fed with ND for eight wks, HFD for four
wks followed by ND for four wks and ND or rather HFD for 24 wks. (B, E, H) Quantification of the area stained by
Iba1 and (C, F, I) NeuN revealed no differences in hippocampal morphology in mice on HFD compared to ND-fed
mice. Scale bar corresponds to 25 μm. Data are presented as mean values and error bars indicate SD; 8 wks ND n = 6, 4
wks HFD + 4 wks ND n = 6, 24 wks ND n = 12, 12 wks HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND n = 6,
24 wks HFD + 4 wks ND n = 6.

https://doi.org/10.1371/journal.pone.0257921.g008
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Taken together, we conclude that brains of mice on ND and HFD have similar structural

features within the frontal motor cortex and the hippocampus. Quantitative analysis of mor-

phological parameters of microglial cells reveals no microglial activation within the hippocam-

pus and cortex after long-term HFD.

3.9 Long-term HFD does not lead to lipid droplet accumulation and
histological changes in the hippocampus

In order to find out whether dietary lipids reach the brain and accumulate there over time, we

analyzed coronal brain sections stained with Oil Red O of the study’s youngest group 8 wks

ND vs. 4 wks HFD + 4 wks ND and the oldest group 24 wks ND vs. 24 wks HFD undergoing

the longest period of HFD without dietary change. Oil Red O-stained droplets were predomi-

nantly distributed in the hippocampus, in particular in CA1, CA3 and hilar regions. However,

lipid droplet accumulation did not increase in CA1 and CA3 neurons and hilar areas in HFD-

fed mice compared to ND-fed mice (Fig 9A, 9C and 9E). Further, Oil Red O intensity of

stained lipid droplets did not differ between ND- and HFD-fed mice (Fig 9B, 9D and 9F). Cal-

culated ratios (lipid droplets per cell, per tissue, per cell area, and per tissue area) did not reveal

any differences in lipid droplet accumulation neither after a long period of HFD nor with age

(S7 Fig). Furthermore, ND- and HFD-fed mice had a normal histological appearance and neu-

ronal distribution in CA1 and CA3 hippocampal regions (Fig 9A, 9C and 9E). Overall, results

Fig 9. Long-term HFD does not lead to lipid droplet accumulation and histological changes in the hippocampus. (A, C, E) Representative
photomicrographs showing Oil Red O stained CA1, CA3 and hilar regions of male wild-type C57BL/6J mice fed with ND for eight wks, HFD for four
wks followed by ND for four wks, ND or rather HFD for 24 wks. (E) Scale bar corresponds to 25 μm. Graphs display (B) Oil Red O intensity in CA1,
(D) CA3 and (F) hilar regions. Dietary lipids do not accumulate within the hippocampus due to HFD. Data are presented as mean values and error bars
indicate SD; 8 wks ND n = 4–5, 4 wks HFD + 4 wks ND n = 5–6, 24 wks ND n = 6, 24 wks HFD n = 6.

https://doi.org/10.1371/journal.pone.0257921.g009
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of Oil Red O staining suggested that long-term HFD does not cause structural damage in CA1

and CA3 neuronal cells.

4. Discussion

4.1 Long periods of HFD induce microglial activation in the hypothalamus,
but not in the hippocampus

Previous studies already reported about inflammatory microglial responses to variable dura-

tions of HFD in the hypothalamus, where microglia, the CNS analogs of macrophages, and

astrocytes are involved in body weight homeostasis and obesity [37, 45, 65, 66]. However,

hypothalamic inflammation and microgliosis, characterized by rapid morphological changes

and microglial inflammatory signals, have been found to occur very early in response to a fat-

dense diet [45, 66–69]. A study byWaise et al. (2015) showed that even one day of HFD

induced inflammation in the hypothalamus exhibiting increased numbers of macrophages/

microglia and upregulated mRNA expression levels of proinflammatory biomarkers [69]. Fur-

ther, it was recently demonstrated that microglia, bone-marrow derived macrophages, may

maintain their pool without significant substitution by circulating monocytes after their estab-

lishment in early postnatal life, even under conditions of chronic HFD feeding [70]. Here, for

immunofluorescence labeling of microglial cells in hypothalamic sections, we used Iba1,

which is a molecular marker for active microglia participating in membrane ruffling and

phagocytosis [59]. Iba1 is also known to increase the expression of inflammatory chemokines

and cytokines [71]. In our study, we found that long periods of HFD lead to microglial activa-

tion within the mediobasal hypothalamus. Interestingly, a dietary change after four, 12 and 24

wks of HFD back to ND rescued this effect already observed in the aforementioned HFD feed-

ing studies for short- and mid-term HFD exposure (Valdearcos et al., 2014, 2017; Baufeld

et al., 2016). Berkseth and colleagues (2014) previously reported that hypothalamic gliosis asso-

ciated with 16 wks HFD exposure is largely reversible in rodents, consistent with reversal of

the HFD-induced obesity phenotype [72]. This study also demonstrated that POMC neuronal

cell number did not differ between ND, HFD, HFD/ND groups. Here, the activation of micro-

glial cells after long-term HFD did not coincide with morphological alterations or signs of

degeneration of neurons within the mediobasal hypothalamus. Unfortunately, the morpholog-

ical analysis failed within the hypothalamus due to many overlapping cells and inadequate

detection of cell bodies. However, this brain area was not the focus of our study and our results

from Iba1 signal intensity and stained area quantification after HFD exposure are largely con-

firmatory of published studies [37, 45]. In contrast to our findings in the hypothalamus

responsible for appetite and weight control, we did not discover morphological changes in

microglia and neurons of the hippocampus, a brain region required for memory and learning,

after long-lasting HFD exposure. In line, Agrimi et al. (2019) showed that 18 wks of HFD did

not modify the morphology of the hippocampal formation in adult mice [73]. However, it was

previously demonstrated that consumption of HFD during the juvenile period impaired hip-

pocampal morphology and function, as reviewed by Del Olmo and Ruiz-Gayo (2018) [74].

Also, early exposure to HFD induces inflammatory changes in the mouse hippocampus [75].

In this study, six wks of HFD in three-wks-old C57BL/6J male mice increased Iba1-positive

cells’ soma area in the hilus and stratum radiatum when comparing to ND. Here, we focused

on CA1, CA3 and dentate gyrus/hilar regions, where no microglial activation after long peri-

ods of HFD was observed. Hence, the starting age and duration of HFD need to be considered

regarding the evaluation and comparison of microglial responses in specific brain regions.
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4.2 HFD-induced obesity has no effects on hippocampal morphology and
lipid droplet contents

Adequate nutritional status and dietary intake are essential for healthy brain functioning.

Emotions, behavior, cognitive processes, neuroendocrine functions and synaptic plasticity can

be affected by excessive nutritional intake with possible detrimental outcome on neuronal

physiology. Lipids, in particular, have important effects on neuronal structure and function

[76]. It is known that in metabolic diseases and during aging lipid droplets, which are cyto-

plasmic non-polar lipids with lipophilic constitutive proteins on their surface, accumulate in

many organs including the liver, muscle and brain. Lipid droplets were identified in menin-

geal, cortical and neurogenic brain regions corresponding to distinct cellular phenotypes,

including astrocytes, microglial and neuronal cells, during aging by Shimabukuro et al. (2016)

[77]. In our study, we assessed the consequences of HFD-induced obesity on lipid droplet con-

tent in the brain using Oil Red O staining. Lipid droplets were predominantly distributed in

the hippocampus in ND- and HFD-fed mice, but there was no evidence of an increased lipid

droplet accumulation in CA1, CA3 and hilar regions after long-lasting HFD exposure. Thus,

our results indicate that the lipid droplet contents within the hippocampus do not increase by

long-term HFD and lipid droplets do not accumulate in hippocampal regions and neurons

with age. In contrast to our findings, Zhao et al. (2017) described a slight increase in lipid con-

tents by Oil Red O staining in CA3 of the hippocampus in apolipoprotein E-deficient (ApoE

-/-) mice after receiving HFD for 12 wks [78]. Unfortunately, quantitative analysis between

ND and HFD is missing in this study. Further, they observed neuronal loss in the CA3 pro-

voked by hyperlipidemia. In line, CA1 region was not affected by mid-term HFD exposure.

The disagreements regarding the CA3 region are probably caused by the usage of the ApoE

knockout mouse line, a suitable model to study hyperlipidemia, which is a risk factor for

neurodegenerative diseases, including Alzheimer’s disease. ApoE, the most abundant apolipo-

protein in the CNS, is particularly implicated in cholesterol efflux and microglial phagocytosis.

A review by Loving and Bruce (2020) suggested that increased ApoE production in microglia

is a response to increased intracellular cholesterol accumulation [79]. The diet composition is

another important aspect that needs to be considered when comparing feeding studies in gen-

eral. In the study of Zhao et al. (2017), diet consisted of 10% lard, 2% cholesterol and 0.5% cho-

lic acid [78], whereas our experimental diet, characterized by extremely high amounts of fat

with middle-chain saturated fatty acids (coconut oil), contained 20.3% crude protein, 35.5%

crude fat, 0.1% crude fiber, 5.3% crude ash, 0.2% starch, 17.0% sugar and no additional choles-

terol. Maya-Monteiro and colleagues recently showed that lipid droplets accumulate in the

hypothalamic third ventricle wall layer with similar heterogeneous distributions in human and

mouse [80]. The HFD used in this study also contained high carbohydrates (17 kcal% protein,

42 kcal% carbohydrate, and 41 kcal% fat as well as a high-fructose corn syrup sweetened bever-

age), whereas our experimental diet consisted of less carbohydrates and more fat (59 kcal% fat,

26 kcal% carbohydrates, 15 kcal% protein). In contrast to our lipid staining, the authors used

immunofluorescence labeling of the specific lipid droplet protein PLIN2 to visualize and quan-

tify lipid droplets.

Moreover, in addition to histological analysis, we aimed to study effects after long-term

HFD (24 wks) on general health, emotional state, learning and memory in mice. Further, we

wanted to analyze potential improvement of health and behavioral performance after the

diet has been changed back to a ND, which has hardly been described in the literature so far

[72, 81].
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4.3 Long-term HFD and obesity lead to health issues, without affecting
reflexes or the emotional state in mice

It is known that a fat-dense diet and obesity can cause impairments of general health such as

metabolic alterations and cardiac dysfunction [73, 82–84]. Using the SHIRPA protocol and

body weight we assessed the consequences of long-term HFD and obesity, as well as dietary

change, on appearance in mice. Here, we found that applying a fat-dense diet for mid- and

long-term increased the body weight significantly. Further, a change of diet back to ND, after

having HFD before, revealed a positive effect on the body weight and hepatic lipid accumula-

tion. Long-term HFD led also to weak and scrubby fur and bare spots, which is an indication

for health problems in animals. Interestingly, already a short dietary change to ND helped to

avoid this consequence. Similarly, mice on long-term fat-dense diet showed significant more

vibrissae loss, while already 12 wks of ND were sufficient for preservation of the whiskers. Loss

of vibrissae is often a result of conflicts within the group of mice housed together [85–87].

Thus, long-term HFDmay facilitate antisocial behavior and increase aggression, which can

also affect general health later on. SHIRPA analysis indicated no differences in aggression

toward the experimenter, while social behavior was not studied here. Future studies could

apply the intruder paradigm with animals of the same group to investigate whether HFD

increases aggression. Interestingly, we observed no further differences between mice on HFD

compared to ND relative to eyes, skin, tail, gait, general activity or the touch escape. Also, sen-

sory and motor reflexes were without any pathological findings, which is important to evaluate

results from other behavioral tests. As an association between obesity and depression had

already been described [88–90], we asked whether obese mice following HFD develop depres-

sive-like features. A study by Vagena et al. (2019) with C57BL/6J mice showed that already

three wks of fat-dense diet cause depressive-like behavior in the tail suspension and the forced

swim test [91]. In order to test whether depressive-like behavior influences the motivation in

cognitive and memory tests, we applied the tail suspension test as well. However, our data

showed no evidence for depressive-like behavior in this test. Together, we could rule out that

the motivation or performance in other behavioral tests were influenced by alterations of the

emotional state, severe motor problems or constraints of sensory reflexes.

4.4 Diet-induced obesity has no effect on learning and memory, but may
influence cognitive ability

Many studies describe a link between obesity and learning deficits, memory and cognitive

impairments, as well as an increased risk for dementia and Alzheimer’s disease [83, 92, 93].

Unfortunately, most studies refer to different study designs, applied tests and parameters to

evaluate a diet-induced memory impairment. To assess an effect of long-term HFD and dietary

change on working memory, which depends on hippocampal effort [94], we applied the Y

maze test. Animals with impaired working memory show increased number of errors and

altered spontaneous alternations in this test [95, 96]. Our study revealed no effect of HFD, die-

tary change or age on short-term memory regarding these parameters. But, a stable effect of

age on activity was found in both HFD and ND groups, showing a decreasing number of arm

entries. In line, Agrimi et al. (2019) described that 18 wks of HFD alone did not impair spatial

memory in the Y maze test [73]. To develop cognitive deficits other co-existing risk factors

such as psychosocial stress were needed. Also, no differences in the Y maze test were found in

mice, whose mothers received HFD during gestation [97].

Further, learning and memory were analyzed using the MWM test. Thereby, we conducted

a control phase, where mice were trained to swim to the labeled platform underneath the

water first, which is in contrast to many other studies. This phase was used to evaluate the
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qualification of obese mice to pass the test regarding vision, motor function and learning, com-

pared to lean mice. In the control and in the acquisition phase, where mice were trained to

find the platform underneath the water by visual cues in the environment, we observed no

effect of diet or dietary change. Only initial effects were found relative to age. Similar to the

control phase, performance improved over testing days and training revealed no effect of diet/

dietary change or age on overall learning. Therefore, we could assure that aged-matched mice

receiving ND and HFD possessed similar preconditions regarding vision, motor function and

learning in the MWM test.

Directly after the acquisition phase, memory retention was tested in probe trial one in

which the platform was removed. Analyzing latency and time in the target quadrant revealed

no effect of diet or dietary change on test performance. As we observed also no effect of diet or

age according to the latency to find the platform location, we suppose even long-term HFD

does not cause memory impairment. Besides, long-lasting HFD and high age can affect the

motor performance in mice. However, age-dependent effects were not the focus of our study.

As before, we observed no effect of diet or dietary change on memory performance in probe

trial two, performed after two days without any training. Contrary, in the second probe trial a

tendency in latency and a difference in platform entries were found for mice on dietary

change. Mice on longer HFD (12 wks HFD + 4 wks ND) seemed to stick to the old platform

location learned during training, while age-matched mice on shorter HFD (4 wks HFD + 12

wks ND) rather ignored the previous platform location. Mice may have learned from the expe-

rience in probe trial one that the platform is not at the same position and could be located else-

where. Further, compared to age-matched groups, mice on long-term HFD (24 wks) spent

more time in the target quadrant, where the platform was supposed to be. Indeed, it could be

more efficient to check other quadrants and use another searching strategy. According to this,

we hypothesize that the cognitive flexibility and memory extinction may be impaired by HFD,

so that these mice stick to their old searching strategy and prefer the known platform location

[98–100]. In line, a study byWoo et al. (2013), measuring cognitive function-related proteins

such as NGF (nerve growth factor) and BDNF (brain-derived neurotrophic factor), suggested

a decrease in plasticity and cognitive function in the brain of rats maintained on HFD [101].

Further, they indicated enhanced protein and mRNA expression levels after dietary change.

Supporting our data, Jurdak et al. (2008) showed that sugar-induced obesity leads to

impairment in spatial learning and memory in the MWM in young rats, while fat-induced

obesity is not sufficient for behavioral alterations [102].

Comparing studies of diet-induced obesity effects on learning and memory impairment

showed a high discrepancy with reference to species, sex, age, analyzed parameters, applied

tests, and particularly the feeding paradigm such as diet (high-fat, high-sugar or combined

diets, start and duration). In terms of mouse line, a study with APP23 mice, a model for Alz-

heimer´s disease, 12-month-old animals fed for 12 wks with HFD showed a learning deficit in

the acquisition phase as well as a negative memory effect in the probe test of MWM compared

to ND [103]. Further, Jones et al. (2019) studied the effect of HFD-induced obesity and the

apolipoprotein E4 (APOE4), both high risk factors for Alzheimer´s disease [3]. In contrast,

they found no behavioral effect on spatial memory in the Barnes maze in APOE3 and APOE4

knock-in mice, after being on HFD for 12 wks. With regards to parameters in the MWM, Guo

et al. (2020) used the distance during training and probe trial observing an obesity-induced

memory reduction after 12 wks of HFD in mice [104]. In our study, we adducted this parame-

ter rather to describe motor effort or activity. For evaluating memory impairments, the latency

to find the target quadrant in the probe trial, directly after the acquisition phase, is used in

most studies.
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The effect of starting age and timing of HFD on the outcome of the study has been shown by

Di Meco and Praticò (2019), where maternal fat-dense nutrition during gestation in mice had

positive effects on brain health of the offspring in later life [97]. According to this, aged mice

showed less tau pathology and caspase-3 activation in the brain. Additionally, they observed an

improvement of learning and memory performance in the MWM test. Further, studies by Boi-

tard et al. (2012, 2015) previously reported that mid-term exposure (8–12 wks) to HFD during

adolescence, but not at adulthood, was linked to altered hippocampal function [105, 106], sup-

porting the significance of starting age and duration of obesogenic diet for hippocampal-depen-

dent memory. In line, other studies also proposed that HFD applied after the age of 8 wks did

not induce harmful effects on spatial memory consolidation and spatial flexibility [23, 24].

Further differences in testing memory impairment are found relative to the applied test par-

adigm and the type of memory investigated. Gainey et al. (2016) described memory

impairment using the Novel Object Recognition (NOR) and the Object Location Recognition

(ORL) test already after one and three wks of HFD compared to low-fat diet in C57BL/6J mice

[92]. The authors described this hippocampal-independent behavior which rapidly occurs

after short-term HFD and normalizes with age. In line with our data, they state that hippocam-

pal-sensitive memory develops not before long-term HFD. Next to the duration of the HFD,

the composition can vary a lot between suppliers. However, most impact has the type of diet.

A rather western diet, meaning a high-fat high-sugar diet (HFHSD), has been described to

lead to cognitive impairment in humans and memory deficits in rodents [93]. In this study,

even short-term HFHSD rapidly affected place recognition, but not object recognition mem-

ory in rats. Further, a dietary change back to ND recovered from this deficit. According to Jur-

dak et al. (2008) the brain seems to be more susceptive to sugar, leading rapidly to alterations

in insulin and glucose metabolism causing cognitive impairment [102].

In conclusion, already mid-term HFD leads to a significant increase in body weight, which

implicates further problems in general health. It has been shown that dietary change back to

ND improves body weight and the appearance in mice. Here, long-term HFD alone does not

cause learning deficits or spatial memory impairment in the Y maze and in the MWM test.

However, long periods of excessive dietary fat intake increase microglial responses within the

mediobasal hypothalamus, but not in the hippocampus showing neither neuroanatomical

alterations nor dietary lipid accumulation, as is the case in the liver. HFDmay have detrimental

consequences for cognitive flexibility and mice may benefit from dietary change. Especially the

type of diet—high-fat, high-sugar (sugar types) or western diet (containing high levels of fat

and sugar)—and the precise diet composition are crucial for data interpretation and thus for

therapeutic consequences of metabolic as well as cognitive diseases. In order to understand the

correlation of different risk factors for cognitive impairment and Alzheimer’s disease, it is nec-

essary to compare similar diets and test paradigms to investigate the underlying mechanisms.

Supporting information

S1 Fig. HFD does not lead to other general health issues. (A-E) SHIRPA analysis was used to

estimate general health of mice after ND or HFD. (A) Long-term HFD did not lead to prob-

lems with eyes, (B) skin, (C) tail and (D) gait, or (E) fecal pellets. (F) Young and old mice as

well as animals on HFD and ND showed a moderate motor reactivity indicated by the writhe

reflex. Data are presented as mean values and error bars indicate SD; 8 wks ND n = 11, 4 wks

HFD + 4 wks ND n = 12, 16 wks ND n = 24, 4 wks HFD + 12 wks ND n = 12, 12 wks HFD + 4

wks ND n = 7, 24 wks ND n = 30, 12 wks HFD + 12 wks ND n = 12, 24 wks HFD n = 10, 28

wks ND n = 12, 24 wks HFD + 4 wks ND n = 8.

(TIF)
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S2 Fig. Emotional state is not altered following long-term HFD.Depressive-like behavior

following HFD was investigated applying the tail suspension test. (A) No effect of diet/dietary

change was found on activity. (B) The latency to inactivity did not differ relative to diet. Data

are presented as mean values and error bars indicate SD; 8 wks ND n = 12, 16 wks ND n = 24,

24 wks ND n = 30, 28 wks ND n = 12, 4 wks HFD + 4 wks ND n = 12, 12 wks HFD + 4 wks

ND n = 7, 4 wks HFD + 12 wks ND n = 12, 12 wks HFD + 12 wks ND n = 12, 24 wks HFD

n = 10, 24 wks HFD + 4 wks ND n = 9.

(TIF)

S3 Fig. Upregulated hypothalamic Iba1 expression following long-term HFD. Relative

mRNA expression levels of Iba1 in the hypothalamus, hippocampus and cortex of mice fed

with ND or HFD for 24 wks. Data are presented as mean values and error bars indicate SD; 24

wks ND n = 3, 24 wks HFD n = 3; unpaired t test; � p< 0.05.

(TIF)

S4 Fig. Long periods of HFD do not induce microglial activation in the frontal motor cor-

tex. (A) Representative photomicrographs of double-labeled immunofluorescence staining for

Iba1 (red) and NeuN (green) within the frontal motor cortex of male wild-type C57BL/6J mice

fed with ND for eight wks, HFD for four wks followed by ND for four wks and ND or rather

HFD for 24 wks. Nuclei were counterstained with DAPI. Scale bar corresponds to 25 μm. (B)

Fluorescence intensity measurements of Iba1, (C) quantification of percentage of stained area

with Iba1 and (E) NeuN and (D) number of Iba1-immunoreactive cells revealed no effect of

HFD on microglial and neuronal morphology in the frontal cortex. Data are presented as

mean values and error bars indicate SD; 8 wks ND n = 6, 4 wks HFD + 4 wks ND n = 6, 24 wks

ND n = 12, 12 wks HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND n = 6, 24 wks HFD

+ 4 wks ND n = 6.

(TIF)

S5 Fig. HFD-induced obesity does not alter microglial density in the hippocampus.Micro-

glial cell density did not change neither after diet/dietary change nor with age in CA1 (A) and

CA3 (B) regions and dentate gyrus (C) of male wild-type C57BL/6J mice fed with ND for eight

wks, HFD for four wks followed by ND for four wks and ND or rather HFD for 24 wks. Data

are presented as mean values and error bars indicate SD; 8 wks ND n = 6, 4 wks HFD + 4 wks

ND n = 6, 24 wks ND n = 12, 12 wks HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND

n = 6, 24 wks HFD + 4 wks ND n = 6.

(TIF)

S6 Fig. Quantitative analysis of six morphological parameters of microglial cells reveals no

microglial activation within the hippocampus and cortex after long-term HFD compared

to age-matched control mice.Quantification of (A, G, M, S) microglial cell area, (B, H, N, T)

cell perimeter, (C, I, O, U) cell convex hull area, (D, J, P, V) cell solidity, (E, K, Q, W) soma

area and (F, L, R, X) skeleton length in CA1 and CA3 regions, dentate gyrus and frontal motor

cortex of male wild-type C57BL/6J mice fed with ND for eight wks, HFD for four wks followed

by ND for four wks, HFD for 12 wks followed by ND for 12 wks, ND or rather HFD for 24

wks, ND for 28 wks and HFD for 24 wks followed by ND for four wks. At least 180 cells per

group were used for quantification. Data are presented as mean values and error bars indicate

SD; 8 wks ND n = 6, 4 wks HFD + 4 wks ND n = 6, 24 wks ND n = 12, 12 wks HFD + 12 wks

ND n = 6, 24 wks HFD n = 6, 28 wks ND n = 6, 24 wks HFD + 4 wks ND n = 6; One-way

ANOVA; � p< 0.05.

(TIF)
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S7 Fig. Long-term HFD does not lead to lipid droplet accumulation within the hippocam-

pus. Lipid droplets (A) per cell, (B) per tissue, (C) per cell area, (D) and per tissue area did not

reveal any differences in lipid droplet accumulation neither after a long period of HFD nor

with age in CA1, CA3 and dentate gyrus hippocampal regions. Data are presented as mean val-

ues and error bars indicate SD; 8 wks ND n = 4–5, 4 wks HFD + 4 wks ND n = 5–6, 24 wks

ND n = 6, 24 wks HFD n = 6.

(TIF)

S1 Table. Statistical analyses for all figures including statistical significances. The table

shows relevant results of statistical tests.

(DOCX)

S2 Table. Morphological parameters of microglial cells within the hippocampus and cortex

in mice after HFD and/or ND exposure for varying weeks.

(DOCX)
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S1 Fig. HFD does not lead to other general health issues. (A-E) SHIRPA analysis was used to estimate 
general health of mice after ND or HFD. (A) Long-term HFD did not lead to problems with eyes, (B) 
skin, (C) tail and (D) gait, or (E) fecal pellets. (F) Young and old mice as well as animals on HFD and ND 
showed a moderate motor reactivity indicated by the writhe reflex. Data are presented as mean 
values and error bars indicate SD; 8 wks ND n = 11, 4 wks HFD + 4 wks ND n = 12, 16 wks ND n = 24, 
4 wks HFD + 12 wks ND n = 12, 12 wks HFD + 4 wks ND n = 7, 24 wks ND n = 30, 12 wks HFD + 12 wks 
ND n = 12, 24 wks HFD n = 10, 28 wks ND n = 12, 24 wks HFD + 4 wks ND n = 8. 
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S2 Fig. Emotional state is not altered following long-term HFD. Depressive-like behavior following 

HFD was investigated applying the tail suspension test. (A) No effect of diet/dietary change was 

found on activity. (B) The latency to inactivity did not differ relative to diet. Data are presented as 

mean values and error bars indicate SD; 8 wks ND n = 12, 16 wks ND n = 24, 24 wks ND n = 30, 28 wks 

ND n = 12, 4 wks HFD + 4 wks ND n = 12, 12 wks HFD + 4 wks ND n = 7, 4 wks HFD + 12 wks ND n = 12, 

12 wks HFD + 12 wks ND n = 12, 24 wks HFD n = 10, 24 wks HFD + 4 wks ND n = 9. 

S3 Fig. Upregulated hypothalamic Iba1 expression following long-term HFD. Relative mRNA 

expression levels of Iba1 in the hypothalamus, hippocampus and cortex of mice fed with ND or HFD 

for 24 wks. Data are presented as mean values and error bars indicate SD; 24 wks ND n = 3, 24 wks 

HFD n = 3; unpaired t test; * p < 0.05. 
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S4 Fig. Long periods of HFD do not induce microglial activation in the frontal motor cortex. (A) 
Representative photomicrographs of double-labeled immunofluorescence staining for Iba1 (red) and 
NeuN (green) within the frontal motor cortex of male wild-type C57BL/6J mice fed with ND for eight 
wks, HFD for four wks followed by ND for four wks and ND or rather HFD for 24 wks. Nuclei were 
counterstained with DAPI. Scale bar corresponds to 25 μm. (B) Fluorescence intensity measurements 
of Iba1, (C) quantification of percentage of stained area with Iba1 and (E) NeuN and (D) number of 
Iba1-immunoreactive cells revealed no effect of HFD on microglial and neuronal morphology in the 
frontal cortex. Data are presented as mean values and error bars indicate SD; 8 wks ND n = 6, 4 wks 
HFD + 4 wks ND n = 6, 24 wks ND n = 12, 12 wks HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND 
n = 6, 24 wks HFD + 4 wks ND n = 6. 
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S5 Fig. HFD-induced obesity does not alter microglial density in the hippocampus. Microglial cell 
density did not change neither after diet/dietary change nor with age in CA1 (A) and CA3 (B) regions 
and dentate gyrus (C) of male wild-type C57BL/6J mice fed with ND for eight wks, HFD for four wks 
followed by ND for four wks and ND or rather HFD for 24 wks. Data are presented as mean values 
and error bars indicate SD; 8 wks ND n = 6, 4 wks HFD + 4 wks ND n = 6, 24 wks ND n = 12, 12 wks 
HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND n = 6, 24 wks HFD + 4 wks ND n = 6. 
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S6 Fig. Quantitative analysis of six morphological parameters of microglial cells reveals no 

microglial activation within the hippocampus and cortex after long-term HFD compared to age-

matched control mice. Quantification of (A, G, M, S) microglial cell area, (B, H, N, T) cell perimeter, 
(C, I, O, U) cell convex hull area, (D, J, P, V) cell solidity, (E, K, Q, W) soma area and (F, L, R, X) skeleton 
length in CA1 and CA3 regions, dentate gyrus and frontal motor cortex of male wild-type C57BL/6J 
mice fed with ND for eight wks, HFD for four wks followed by ND for four wks, HFD for 12 wks 
followed by ND for 12 wks, ND or rather HFD for 24 wks, ND for 28 wks and HFD for 24 wks followed 
by ND for four wks. At least 180 cells per group were used for quantification. Data are presented as 
mean values and error bars indicate SD; 8 wks ND n = 6, 4 wks HFD + 4 wks ND n = 6, 24 wks ND 
n = 12, 12 wks HFD + 12 wks ND n = 6, 24 wks HFD n = 6, 28 wks ND n = 6, 24 wks HFD + 4 wks ND 
n = 6; One-way ANOVA; * p < 0.05. 
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S7 Fig. Long-term HFD does not lead to lipid droplet accumulation within the hippocampus. Lipid 
droplets (A) per cell, (B) per tissue, (C) per cell area, (D) and per tissue area did not reveal any 
differences in lipid droplet accumulation neither after a long period of HFD nor with age in CA1, CA3 
and dentate gyrus hippocampal regions. Data are presented as mean values and error bars indicate 
SD; 8 wks ND n = 4–5, 4 wks HFD + 4 wks ND n = 5–6, 24 wks ND n = 6, 24 wks HFD n = 6. 
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4. Zusammenfassung

Nach Angaben der Weltgesundheitsorganisation (WHO) hat sich die Prävalenz von Adipositas seit 

1975 nahezu verdreifacht, wofür neben der genetischen Disposition Sozial- und Umweltfaktoren wie 

die Kombination aus gesteigerter Fettaufnahme über die Nahrung sowie eine Abnahme der 

körperlichen Aktivität verantwortlich sind 172,174,255. Der Verzehr einer fettreichen Nahrung und 

Adipositas sind mit zahlreichen Krankheiten wie Herz-Kreislauf-Erkrankungen, Krebs, Störungen des 

Glukosestoffwechsels und Typ-2-Diabetes verbunden 168,256–259. Darüber hinaus geht eine 

(ernährungsbedingte) Adipositas mit kognitiven Defiziten und einem erhöhten Risiko für 

neurodegenerative Erkrankungen, einschließlich der Alzheimer-Krankheit, einher, indem 

Entzündungen im Gehirn verstärkt und die Gehirnalterung beschleunigt werden 210,246,260. Der 

westliche Lebensstil und die ernährungsbedingte Adipositas beeinflussen zudem den funktionalen 

und morphologischen Phänotyp von Mikrogliazellen 183,184. Mikroglia sind immunkompetente 

Makrophagen des zentralen Nervensystems (ZNS), die das Hirnparenchym fortlaufend mit ihren 

hochdynamischen und mobilen Zellfortsätzen auf Gewebeschäden, Infektionen oder homöostatische 

Störungen hin überwachen. Indem sie Krankheitserreger, apoptotische Zellen, synaptische 

Überreste, Toxine und Myelintrümmer aufnehmen, tragen Mikrogliazellen entscheidend zur 

Homöostase, Plastizität und zum Lernen bei 11,13,51,52,261,262. Die auffällige morphologische Plastizität 

der Mikroglia ist eine der herausragenden Eigenschaften dieser Zellen und die Kategorisierung der 

Funktion von Mikrogliazellen auf Grundlage der Morphologie ist gut etabliert. Häufig wird eine 

automatische Klassifizierung der morphologischen Phänotypen von Mikrogliazellen anhand 

quantitativer Parameter vorgenommen. Diese Ansätze sind allerdings auf einige wenige und vor 

allem manuell ausgewählte Kriterien beschränkt, was das Risiko eines Selektionsbias birgt und die 

resultierenden Klassifizierungen beeinträchtigen kann.  

Im ersten Teil dieser Arbeit wurden Mikroglia mit Hilfe eines maschinellen Lernansatzes vier 

morphologischen Kategorien (verzweigt, stäbchenförmig, aktiviert, amöboid) zugeordnet. Hierfür 

wurde ein neuronales Faltungsnetzwerk (Convolutional Neural Network (CNN)) mit manuell 

ausgewählten Mikrogliazellen im Hippocampus und Kortex verschiedener Mausstämme (C57BL/6J-, 

db/db- und db/+-Mäuse) angewendet. Die entwickelte Methode zur Klassifizierung mikroglialer 

morphologischer Phänotypen wurde in einem Mausmodell des ischämischen Schlaganfalls, bei dem 

nachgewiesenermaßen Mikrogliazellen in den betroffenen Hirnregionen aktiviert sind 263–265, 

überprüft und bestätigt. Die vom ischämischen Schlaganfall betroffenen Areale im Hippocampus und 

Neokortex wiesen mehr aktivierte und stäbchenförmige Mikrogliazellen und folglich weniger 

verzweigte Mikroglia auf als die relevanten Hirnareale der kontralateralen Hemisphäre. Bereits kleine 

morphologische Unterschiede in Mikrogliazellen sind mit Hilfe eines CNNs nachweisbar und können 
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auf eine beginnende Veränderung des Aktivierungszustands von Mikrogliazellen und damit auf 

pathologische Prozesse im Gehirn hinweisen. Zur weiteren Verifizierung dieser auf einem CNN 

basierenden Klassifizierungsmethode wurden zahlreiche morphologische Parameter (u. A. Zellfläche, 

Zellumfang, konvexe Fläche und Umfang der Zellhülle, Zellsolidität, Zellkonvexität, Zellzirkularität, 

Fläche und Umfang des Somas, Somazirkularität, Anzahl und Länge der Fortsätze, Verzweigungs- und 

Endpunkte der Fortsätze) von etwa 16.000 Iba1-positiven Zellen gemessen und quantitativ analysiert. 

Damit kann im Anschluss an die Klassifizierung eine detaillierte morphologische Charakterisierung 

der Mikrogliazellen erfolgen. Übereinstimmend mit vorangegangenen parameterbasierten Studien 

wurden beispielsweise größere Zellflächen für aktivierte und stäbchenförmige Mikroglia sowie 

kleinere Somaflächen für verzweigte Mikroglia bestätigt. 

Im Gegensatz zur konventionellen parameterbasierten Klassifizierung, bei der vor Einteilung der 

Zellen in morphologische Klassen ausgewählte Parameter berechnet werden müssen, erfordert die 

auf einem CNN basierende Klassifizierung keine Parameter oder eine Kombination von diesen, 

sondern lediglich Bildausschnitte einzelner Zellen. Beim Vergleich beider Klassifizierungsmethoden 

wurde deutlich, dass sich die Festlegung geeigneter Parameterkombinationen und Schwellenwerte 

als schwierig gestaltet, da es teils sehr große Überlappungen von Parameterwerten zwischen den 

einzelnen Klassen gibt. Damit bietet die CNN-Klassifizierung, die sich ausschließlich auf den 

morphologischen Phänotyp stützt, eine leistungsstarke Alternative zur parameterbasierten 

Klassifizierung. 

Die im Rahmen dieser Arbeit entwickelte Methode zur Klassifizierung und Quantifizierung 

morphologischer Phänotypen von Mikrogliazellen erfordert einerseits eine komplexe 

Bildvorbereitung (einschließlich Kontrastausgleich, Detektion von Soma und Fortsätzen, 

Zellrekonstruktion und -trennung), bevor das maschinelle Lernmodell für jede beliebige Hirnregion 

anwendbar ist. Andererseits vermag die Methode effizient, zeitsparend und objektiv postmortale 

mikrogliale Veränderungen in gesunden und kranken Tiermodellen sowie zukünftig für 

Hirnautopsieproben von Menschen zu charakterisieren. 

Im zweiten Teil der Arbeit wurden die Auswirkungen einer langfristigen fettreichen Ernährung auf 

Verhaltensmerkmale, Mikroglia und Neuronen bei Mäusen und etwaige reversible Effekte nach einer 

Ernährungsumstellung untersucht. Hierfür wurden 8 Wochen alte männliche C57BL/6J-Mäuse 

genutzt, bei denen für 24 Wochen eine normale Diät (11 kcal% Fett), eine fettreiche Diät (59 kcal% 

Fett) oder ein Ernährungswechsel durchgeführt wurde. Die Folgen der ernährungsbedingten 

Adipositas und der Ernährungsumstellung für den allgemeinen Gesundheitszustand 

(Fellbeschaffenheit, Vorhandensein von Vibrissen), die sensorischen und motorischen Fähigkeiten, 

das Lernen sowie das Gedächtnis wurden anhand eines angepassten Protokolls zur Bewertung des 
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Phänotyps sowie unter Verwendung von Y-Maze-, Morris-Water-Maze- und Tail-Suspension-Tests 

untersucht. Neuronen und Mikroglia wurden im mediobasalen Hypothalamus, im Hippocampus und 

im frontalen motorischen Kortex nach einer langfristigen fettreichen Ernährung sowie einer 

anschließenden Ernährungsumstellung histologisch analysiert. 

Eine gesteigerte mikrogliale Reaktion (erhöhte Iba1-Fluoreszenzintensität, gesteigerter Anteil der 

Iba1-gefärbten Fläche und höhere Genexpression von Iba1) auf eine 24-wöchige fettreiche 

Ernährung war auf den Hypothalamus begrenzt und bestätigte vorangegangene Studien. Die 

detaillierte quantitative Analyse der mikroglialen Morphologie unter Verwendung des im ersten Teil 

dieser Arbeit beschriebenen und für Fluoreszenzaufnahmen angepassten Ansatzes zeigte bei 

Mikrogliazellen im Kortex und Hippocampus adipöser Mäuse keine Veränderungen in relevanten 

morphologischen Parametern. Eine Vergrößerung von Zell- und Somafläche oder eine verringerte 

Länge der Fortsätze der Mikrogliazellen hätte z. B. auf einen aktivierten morphologischen Phänotyp 

hingedeutet. In keiner der drei analysierten Hirnregionen wurden dystrophe Mikrogliazellen, eine 

Neurodegeneration oder eine Anhäufung intrazellulärer Lipidtröpfchen, wie in der Leber untersucht 

und nachgewiesen, beobachtet.  

Eine fettreiche Ernährung für 24 Wochen führte zu allgemeinen Gesundheitsproblemen in Form von 

Fellveränderungen (struppiges Fell mit kahlen Stellen) und Vibrissenverlust. Sensorische oder 

motorische Fähigkeiten und der emotionale Zustand (z. B. Motivation) adipöser Mäuse waren nicht 

eingeschränkt verglichen mit altersentsprechenden Kontrollmäusen (normale Ernährung oder 

kürzere Zeit auf fettreicher Ernährung mit anschließender Ernährungsumstellung). Dadurch konnte 

ausgeschlossen werden, dass die Motivation oder Leistung in den weiteren Verhaltenstests durch 

Veränderungen des emotionalen Zustands, schwere motorische Probleme oder eingeschränkte 

Reflexe beeinflusst wurde. Das Kurz- und Langzeitgedächtnis der Versuchstiere war durch eine lang 

anhaltende fettreiche Ernährung nicht beeinträchtigt. Mäuse, denen für längere Zeit eine fettreiche 

Ernährung verabreicht wurde, hielten allerdings im Vergleich zu Kontrolltieren beim Morris-Water-

Maze-Test an ihrer alten Suchstrategie fest, indem sie den alten, bekannten Standort der Plattform 

bevorzugten, anstatt andere Quadranten zu überprüfen. Die ernährungsbedingte Adipositas hatte 

demzufolge bei Mäusen dieser Studie, die ab einem Alter von 8 Wochen eine fettreiche Ernährung 

erhielten, zwar keine Defizite beim Lernen und Langzeitgedächtnis zur Folge, könnte aber die 

kognitive Flexibilität beeinflusst haben.  

Mäuse profitierten erwartungsgemäß hinsichtlich ihres Gewichts von einer Ernährungsumstellung 

auf eine normale Diät. Eine morphologische Aktivierung mikroglialer Zellen im mediobasalen 

Hypothamus, wie nach 24 Wochen fettreicher Diät beobachtet, wurde bei Mäusen, die nach einer 
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24-wöchigen fettreichen Ernährung auf eine normale Ernährung für 4 Wochen umgestellt wurden,

nicht beobachtet und war demnach reversibel. 

Zusammenfassend wurde festgestellt, dass lange Zeiträume mit übermäßigem Fett in der Nahrung 

allein keine Lerndefizite oder Beeinträchtigungen des räumlichen Gedächtnisses verursachen, 

obwohl eine ernährungsbedingte Adipositas nachteilige Folgen für die kognitive Flexibilität haben 

kann und Mäuse von einer Ernährungsumstellung profitieren. Keine Defizite im Kurz- und 

Lachzeitgedächtnis nach einer langfristigen fettreichen Ernährung stehen nicht im Einklang mit 

Ergebnissen anderer Studien 232–235, was auf unterschiedliche Diäten, abweichendes Alter der Mäuse 

oder Überinterpretation zurückzuführen sein könnte. Insbesondere die Art der Nahrung – fettreich, 

zuckerreich oder die westliche Ernährungsform mit hohem Fett- und Zuckergehalt – sowie die 

genaue Zusammensetzung des Futters sind entscheidend für die Interpretation von Daten und somit 

für die therapeutischen Konsequenzen für Stoffwechselerkrankungen und kognitive Störungen. Zum 

besseren Verständnis des Zusammenhangs unterschiedlicher Risikofaktoren für neurodegenerative 

Erkrankungen wie M. Alzheimer und zur Untersuchung der zugrunde liegenden Mechanismen im 

Mausmodell ist es nach Betrachtung der aktuellen Studienlage notwendig, den Fokus auf die 

Futterzusammensetzung und das Alter bei Beginn der Fütterungsstudie zu legen.  
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