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Abstract

Many psychiatric disorders are rooted in neurodevelopmental processes. However, achieving
a mechanistic understanding of the developmental sensitivity of mental illness—and how
disruptions to early life processes shape psychiatric symptomatology—remains a central
challenge in psychiatry. This challenge is compounded by the complexity of neurobiological
organization, spanning genes to brain systems, and by the interacting influence of environmental
exposures. This thesis addresses these challenges using two complementary, network-based
approaches under a translational framework: (1) mapping macroscale brain networks in a rat
model to study the causal impact of early life stress (ELS) on normative neurodevelopment,
and (2) characterizing microscale gene co-expression networks in postmortem human brain
tissue to link genetic risk to transcriptomic signatures of psychiatric disorders.

In Chapter 1, I review the literature linking environmental and genetic factors to psychiatric
outcomes, with a focus on how these influences interact across development. I begin with
evidence for the developmental sensitivity of psychiatric risk, then describe the role of early
life stress and how its type and timing shape neurobehavioral phenotypes. I parallel this with
an overview of genetic contributions to psychiatric outcomes, using schizophrenia as a case
study given its high heritability and well-characterized genetic architecture, and introduce
gene-by-environment interactions as a framework for integrating these domains. To address the
complexity of these multiscale interactions, I introduce network-based approaches—specifically,
macroscale magnetic resonance imaging (MRI)-derived brain networks and microscale gene
co-expression networks. Finally, I argue for the utility of animal models, particularly rats, in
experimentally dissecting the causal pathways linking environmental exposures to brain and
behavioral phenotypes.

Chapters 2 and 3 present an in vivo structural MRI study of the impact of ELS on the devel-
oping rat brain using morphometric inverse divergence (MIND), a novel network-based method
for estimating within-subject cortical similarity based on morphometric feature distributions. I
analyzed data from two independent cohorts: a normative developmental cohort scanned at
four postnatal stages (PND 20 [weanling] to 290 [mid-adulthood]), and an experimental stress
cohort in which half the animals experienced repeated maternal separation (RMS) while the
other half were reared normally (Control). All animals were scanned in early adulthood (PND
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63) and in later adulthood (�PND 300) following an additional adult stressor. In Chapter 2, I
define the normative MIND network using magnetization transfer ratio (MTR) and show that
it exhibits complex topological properties and aligns with independent measures of cortical
cytoarchitectonics, mouse spatial transcriptomics, and tract-tracing. The network was highly
reproducible across cohorts. In Chapter 3, I characterize how network similarity changes
through development and aging, identifying a phase of fronto-hippocampal convergence in
early development that diverges in aging. RMS exposure appeared to accelerate normative
neurodevelopmental trajectories, highlighting the embedding of early stress in the dynamic rat
brain network, with limited additional impact of adult stress. These changes were not captured
by univariate MTR or volumetric features, demonstrating the unique insights offered by the
network-level analysis. This work provides novel tools for systems-level study of the rat brain
that can now be used to understand network-based underpinnings of complex lifespan behaviors
and experimental manipulations enabled by this model organism.

Chapters 4 and 5 transition to network-based analyses of bulk transcriptomic data from the
subgenual anterior cingulate cortex (sgACC) of individuals with schizophrenia, bipolar disorder,
major depressive disorder, and non-psychiatric controls. In Chapter 4, I apply weighted gene
co-expression network analysis (WGCNA) to identify modules of co-expressed genes and
assess their associations with psychiatric diagnosis and toxicological exposures. While several
modules were linked to diagnostic status, many were confounded by environmental variables
such as medication. To address this, Chapter 5 employs group regularized canonical correlation
analysis (GRCCA), a multivariate method that integrates gene co-expression structure while
adjusting for confounds. GRCCA identifies a schizophrenia-specific transcriptomic signature,
enriched for genes implicated in common variant risk and characterized by opposing patterns of
immune and neuronal expression. This analysis outperformed traditional differential expression
analyses in both biological enrichment and alignment with known genetic architecture, thus
demonstrating the utility of multivariate approaches for integrating genetic and genomic signals
in legacy data.

Finally, in Chapter 6, I summarize the technical and conceptual contributions of this work,
which may converge on glial-mediated plasticity as a unifying mechanism linking neurodevel-
opmental patterns to psychiatric outcomes. I outline future directions for integrating across
species, modalities, and biological scales to advance our understanding of the developmental
origins of psychiatric disorders.



Table of contents

List of �gures xiv

List of tables xvii

List of Abbreviations xviii

1 Introduction 1

1.1 Developmental sensitivity of psychiatric symptoms . . . . . . . . . . . . . . 1

1.2 Early life environmental exposures modify psychiatric risk . . . . . . . . . . 3

1.2.1 How is early life stress de�ned? . . . . . . . . . . . . . . . . . . . . 3

1.2.2 The developmental timing of stressors impacts outcome . . . . . . . 5

1.3 Genetic predisposition to psychiatric symptoms is developmentally dynamic . 7

1.3.1 The genetic architecture of schizophrenia . . . . . . . . . . . . . . . 7

1.3.2 Developmental dynamics of genetic risk . . . . . . . . . . . . . . . . 8

1.4 Environmental in�uences and genetic risk interact to produce complex phenotypes10

1.4.1 Gene-by-environment interactions . . . . . . . . . . . . . . . . . . . 10

1.4.2 Gene-by-environment correlations . . . . . . . . . . . . . . . . . . . 10

1.5 Network approaches model complex interactions and dynamics . . . . . . . . 11

1.5.1 Network neuroscience . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.5.2 Macroscale: Mapping structural brain network organization using

structural similarity networks . . . . . . . . . . . . . . . . . . . . . 14

1.5.3 Microscale: Characterizing coordinated transcriptomic programs using

gene co-expression networks . . . . . . . . . . . . . . . . . . . . . . 16

1.6 Disentangling causality: The need for model organisms . . . . . . . . . . . . 18

1.6.1 Model organisms are key to unpacking disease etiology . . . . . . . . 18

1.6.2 Rats are a key model organism in neuroscience . . . . . . . . . . . . 19

1.7 Thesis structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2 Describing and validating the rat cortical similarity network 23



Table of contents x

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.2.1 Experimental design . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.2.2 MRI acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.2.3 Image registration . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.2.4 Magnetization transfer ratio calculation . . . . . . . . . . . . . . . . 29

2.2.5 Morphometric Inverse Divergence (MIND) network calculation . . . 30

2.2.6 Edge distance calculation . . . . . . . . . . . . . . . . . . . . . . . . 31

2.2.7 Rat atlas mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.2.8 Cortex type network thresholding . . . . . . . . . . . . . . . . . . . 32

2.2.9 Tract-tracing Jaccard calculation . . . . . . . . . . . . . . . . . . . . 33

2.2.10 Statistical modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.2.11 Rat brain plot construction . . . . . . . . . . . . . . . . . . . . . . . 35

2.2.12 Code availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.3 Methodological considerations: rat structural MRI preprocessing . . . . . . . 36

2.3.1 Rationale . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.3.2 Stages of preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.3.3 Key insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.4 De�ning and describing the normative network . . . . . . . . . . . . . . . . 40

2.4.1 Normative network structure . . . . . . . . . . . . . . . . . . . . . . 40

2.4.2 Normative network topology . . . . . . . . . . . . . . . . . . . . . . 40

2.4.3 Alternative network structures . . . . . . . . . . . . . . . . . . . . . 42

2.5 Network validation and reliability . . . . . . . . . . . . . . . . . . . . . . . 42

2.5.1 Edge-distance relationship . . . . . . . . . . . . . . . . . . . . . . . 44

2.5.2 Cytoarchitectonic similarity . . . . . . . . . . . . . . . . . . . . . . 44

2.5.3 Mouse transcriptomic similarity . . . . . . . . . . . . . . . . . . . . 46

2.5.4 Axonal connectivity and tract-tracing similarity . . . . . . . . . . . . 47

2.6 Cross-cohort reproducibility . . . . . . . . . . . . . . . . . . . . . . . . . . 49

2.7 Chapter summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3 Development and environmental stress sensitivity of the rat network 54

3.1 Normative developmental changes . . . . . . . . . . . . . . . . . . . . . . . 54

3.2 Early life environmental stress perturb adult cortical similarity networks . . . 57

3.2.1 Impact of repeated maternal separation on network structure . . . . . 57

3.2.2 Relationship between RMS and development . . . . . . . . . . . . . 57

3.3 Adult stress effects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.4 Stress effects on volume and MTR . . . . . . . . . . . . . . . . . . . . . . . 61



Table of contents xi

3.4.1 Brain-wide volumetric differences in RMS vs controls . . . . . . . . 61

3.4.2 Brain-wide MTR differences in RMS vs controls . . . . . . . . . . . 63

3.4.3 Comparing RMS effects across features . . . . . . . . . . . . . . . . 63

3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

3.6 Chapter summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4 Network-based analysis of postmortem transcriptomics using weighted gene co-

expression network analysis 67

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.2.1 Samples and RNA sequencing . . . . . . . . . . . . . . . . . . . . . 69

4.2.2 Raw data preprocessing . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2.3 Toxicology multiple correspondence analysis . . . . . . . . . . . . . 71

4.2.4 Differential gene expression analysis . . . . . . . . . . . . . . . . . 71

4.2.5 Generation of gene and transcript co-expression modules . . . . . . . 71

4.2.6 Characterizing the enrichment of co-expression modules . . . . . . . 72

4.2.7 Developmental trajectory analysis . . . . . . . . . . . . . . . . . . . 73

4.2.8 WGCNA module eigengene analysis . . . . . . . . . . . . . . . . . . 73

4.2.9 Canonical Correlation Analysis . . . . . . . . . . . . . . . . . . . . 74

4.2.10 Gene set validation and characterization . . . . . . . . . . . . . . . . 75

4.2.11 Code availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.3 Methodological considerations . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.3.1 Bulk transcriptomic data preprocessing . . . . . . . . . . . . . . . . 77

4.3.2 WGCNA module detection . . . . . . . . . . . . . . . . . . . . . . . 80

4.4 WGCNA results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.4.1 Weighted gene co-expression network analysis results . . . . . . . . 81

4.4.2 Module eigengene analysis . . . . . . . . . . . . . . . . . . . . . . . 82

4.5 Limitations of WGCNA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.6 Chapter summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

5 Group regularized canonical correlation analysis identi�ed a neuro-immune axis

of transcriptomic dysregulation within the subgenual anterior cingulate cortex in

schizophrenia 87

5.1 Group regularized canonical correlation analysis methodological considerations 87

5.1.1 Hyperparameter selection . . . . . . . . . . . . . . . . . . . . . . . 88

5.1.2 Optimizing variance explained . . . . . . . . . . . . . . . . . . . . . 89

5.1.3 Weight calculation . . . . . . . . . . . . . . . . . . . . . . . . . . . 89



Table of contents xii

5.2 GRCCA identi�ed a robust link between gene expression and schizophrenia . 89

5.3 Biological enrichments of group regularized canonical correlation analysis results90

5.3.1 Schizophrenia risk gene enrichment . . . . . . . . . . . . . . . . . . 90

5.3.2 Biological enrichments of GRCCAresults . . . . . . . . . . . . . . . 92

5.3.3 Co-expression patterns of signi�cant group regularized canonical cor-

relation analysis genes . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.4 Group structure sensitivity analyses . . . . . . . . . . . . . . . . . . . . . . 94

5.4.1 Alternative WGCNA solutions . . . . . . . . . . . . . . . . . . . . . 95

5.4.2 Random gene module assignments . . . . . . . . . . . . . . . . . . . 96

5.4.3 RCCA results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

5.5 Comparison to traditional differential gene expression analysis . . . . . . . . 99

5.5.1 Schizophrenia-control differential gene expression analysis results . . 99

5.5.2 Biological enrichments of differentially expressed genes . . . . . . . 102

5.6 Transcript-level analysis results . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

5.8 Chapter summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

6 Discussion and next steps 110

6.1 Network approaches enhance our understanding of neurodevelopmental disorders110

6.1.1 Hypothesis 1: MRI-derived networks reveal the effects of early life

stress in the rat cortex. . . . . . . . . . . . . . . . . . . . . . . . . . 110

6.1.2 Hypothesis 2: Gene co-expression networks capture genetic risk for

schizophrenia in the human subgenual anterior cingulate cortex. . . . 113

6.2 Glial-mediated plasticity as a cross-scale framework for developmental sensitivity114

6.2.1 Glial mechanisms of myelination and synaptic remodeling . . . . . . 115

6.2.2 Macro- and micro-scale measures of glial dynamics . . . . . . . . . . 115

6.3 Next steps: linking species and scales . . . . . . . . . . . . . . . . . . . . . 117

6.3.1 Molecular programming of macroscale network changes in the post-

mortem rat brain . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

6.3.2 Brain-wide network changes resulting from developmental perturba-

tions in humans . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

6.4 Final thoughts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

6.4.1 From statistical associations to clinical applications . . . . . . . . . . 120

6.4.2 Towards reproducible and replicable scienti�c research . . . . . . . . 123

6.4.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

References 125



Table of contents xiii

Appendix A Additional �gures for Chapters 2 and 3 170

Appendix B Additional �gures for Chapters 4 and 5 179



List of �gures

1.1 Conceptual framework of this thesis . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Simple schematic of a small-world network . . . . . . . . . . . . . . . . . . 13

1.3 Complementary approaches to understand environmental and genetic in�uences

on neurodevelopment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.1 Two independent experimental cohorts to assess reliability and validity of

rat MRI similarity networks as measures of developmental and stress-related

changes in cortical microstructural networks . . . . . . . . . . . . . . . . . . 28

2.2 The stages and timeline of rat MRI data access and preprocessing . . . . . . . 38

2.3 Structure of the normative rat cortical microstructural network . . . . . . . . 41

2.4 Graph-based metrics of the normative network . . . . . . . . . . . . . . . . . 43

2.5 MIND-based similarity is higher among regions of the same cortical type . . 45

2.6 The normative MIND network aligns with spatial gene expression similarity

de�ned in the mouse brain . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.7 The normative MIND network re�ects axonal connectivity . . . . . . . . . . 50

2.8 The normative MIND network re�ects similarity of axonal connectivity . . . 51

2.9 The normative MIND network is conserved across cohorts . . . . . . . . . . 52

3.1 The normative rat cortical connectome generally increases in similarity in early

development and decreases in similarity in aging . . . . . . . . . . . . . . . 55

3.2 Repeated maternal separation alters young adult network structure . . . . . . 58

3.3 The relationship between normative developmental change and RMS-induced

network perturbations in early adulthood . . . . . . . . . . . . . . . . . . . . 59

3.4 The impact of adult stress on network structure, given the presence or absence

of RMS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.5 Adult stress effect sizes were positively but non-signi�cantly related to RMS

effect sizes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.6 The impact of repeated maternal separation on MTR and volume . . . . . . . 62



List of �gures xv

4.1 A schematic overview of the analysis pipeline . . . . . . . . . . . . . . . . . 69

4.2 Schematic of analysis design for canonical correlation analyses . . . . . . . . 76

4.3 Toxicology multiple correspondence analysis results . . . . . . . . . . . . . . 79

4.4 WGCNA module biological enrichments . . . . . . . . . . . . . . . . . . . . 83

4.5 WGCNA module associations with phenotypes as determined by module eigen-

gene analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.6 Risk gene enrichment in WGCNA modules . . . . . . . . . . . . . . . . . . 86

5.1 Group regularized canonical correlation analysis identi�ed a linear association

between schizophrenia and gene expression . . . . . . . . . . . . . . . . . . 91

5.2 Group regularized canonical correlation analysis identi�ed a neuro-immune

gradient of gene expression associated with schizophrenia . . . . . . . . . . 93

5.3 WGCNA modules enriched for signi�cant GRCCA genes . . . . . . . . . . . 95

5.4 GRCCA results across different WGCNA solutions . . . . . . . . . . . . . . 97

5.5 GRCCA results across random gene groupings . . . . . . . . . . . . . . . . 98

5.6 A direct comparison of RCCA and GRCCA results . . . . . . . . . . . . . . 100

5.7 A comparison of traditional schizophrenia-control DGE analysis and GRCCA

results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

5.8 Transcript-level GRCCA results . . . . . . . . . . . . . . . . . . . . . . . . 103

5.9 Alternative splicing patterns revealed by transcript-level GRCCA . . . . . . . 104

5.10 GRCCA results are correlated with expression gradients in the single-cell

schizophrenia literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

A.1 Normative developmental cohort subject scans by timepoint . . . . . . . . . 170

A.2 A schematic diagram of the rat neuroimaging preprocessing pipeline con-

structed using AFNI tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

A.3 Example quality control images in the axial plane . . . . . . . . . . . . . . . 172

A.4 Normative changes in MTR throughout the lifespan . . . . . . . . . . . . . . 173

A.5 Alternative normative network structures considered . . . . . . . . . . . . . . 174

A.6 Edge-distance bins for structured permutations . . . . . . . . . . . . . . . . 174

A.7 An illustrative example of nodal strength slope (Ds) calculation for each ROI . 175

A.8 Nodal strength at each timepoint of the ten frontal-hippocampal regions with

signi�cant developmental changes . . . . . . . . . . . . . . . . . . . . . . . 175

A.9 Relationships among stress effects across features . . . . . . . . . . . . . . . 176

A.10 Sex differences in the response of nodal strength to repeated maternal separation

and adult stress . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

B.1 Transcript �ltering criteria for inclusion in downstream analyses . . . . . . . 181



List of �gures xvi

B.2 Covariate regression from transformed raw count data . . . . . . . . . . . . . 182

B.3 Selecting WGCNA parameters for module assignment . . . . . . . . . . . . 183

B.4 Top Gene Ontology terms associated with each WGCNA modules . . . . . . 184

B.5 All associations between WGCNA module principal components and covariates

of interest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

B.6 Gene-level GRCCA covariate weights . . . . . . . . . . . . . . . . . . . . . 186

B.7 Vector of all signi�cant GRCCA genes . . . . . . . . . . . . . . . . . . . . . 186

B.8 Comparison between current study DEGs and Akula et al. (2021) DEGs . . . 187



List of tables

2.1 Rat cohort timepoints and sample sizes . . . . . . . . . . . . . . . . . . . . . 30

4.1 (G)RCCA Model Inputs and Outputs . . . . . . . . . . . . . . . . . . . . . . 75

A.1 Comparison across available rat brain MR atlases. . . . . . . . . . . . . . . . 178

B.1 Covariate summary statistics by diagnostic group. . . . . . . . . . . . . . . . 180



List of Abbreviations

ABCD Adolescent Brain Cognitive Development (study)

ACE adverse childhood experience

ADHD attention-de�cit/hyperactivity disorder

ASD autism spectrum disorder

AS Adult stress

BD bipolar disorder

BH Benjamini-Hochberg

BP biological process

CC cellular component

CNS central nervous system

CNV copy number variant

CV coef�cient of variation

DGE differential gene expression

DTI diffusion tensor imaging

ELS early life stress

FDR false discovery rate

GO gene ontology

GRCCA group canonical correlation analysis



List of Abbreviations xix

GSEA gene set enrichment analysis

GWAS genome-wide association study

HPA hypothalamus-pituitary-adrenal [axis]

HPC high-performance computing [platform]

ID intellectual disability

L2FC log2 fold change

LV latent variable

LoF loss-of-function [variant]

MAGMA Multivariate Analysis of Genomic Annotation

MCA multiple correspondence analysis

MDD major depressive disorder

MF molecular function

MIND Morphometric INverse Divergence

MSN morphometric similarity network

MTR magnetization transfer ratio

NES normalized enrichment score

OB olfactory bulb

OPC oligodendrocyte precursor cell

PCA principal components analysis

PD proton density

PLS partial least squares

PND post-natal day

PRS polygenic risk score

PTSD post-traumatic stress disorder



List of Abbreviations xx

RG receiver gain

RMS repeated maternal separation

SCN structural covariance network

SCZ schizophrenia

SNP single nucleotide polymorphism

SVD singular value decomposition

VST variance stabilizing transformation

WES whole exome sequencing

WGCNA Weighted Gene Co-expression Network Analysis

WHS Waxholm Space atlas

WKT well-known text

dlPFC dorsolateral prefrontal cortex

qSVA quality surrogate variable analysis

sgACC subgenual anterior cingulate cortex



Statement of Authorship

The work presented inChapters 2-5is based on material from preprint manuscripts written

during my PhD and submitted to peer-reviewed journals. The analyses in these studies were

principally designed and implemented by me, with the contributions of co-authors listed below.

Chapter 2 andChapter 3

Smith, R. L., Sawiak, S. J., Dorfschmidt, L., Dutcher, E. G., Jones, J. A., Hahn, J. D.,

Sporns, O., Swanson, L. W., Taylor, P. A., Glen, D. R., Dalley, J. W., McMahon, F. J., Raznahan,

A. R., Vértes, P.V.*, Bullmore, E. T.* (2024). "Development and early life stress sensitivity of

the rat cortical microstructural similarity network."Under Review.

*P.E.V. contributed equally to this work with E.T.B.

Data analysis:R.L.S.; Visualization: R.L.S.; Conceptualization:R.L.S., F.J.M., A.R.,

P.E.V., E.T.B.;Methodology:R.L.S., S.J.S., E.G.D., J.W.D., P.E.V., E.T.B.;Investigation:

S.J.S., E.G.D., J.A.J.;Data curation: R.L.S., S.J.S., L.D., E.G.D., J.A.J., P.A.T., D.R.G.,

J.W.D.;Software implementation:R.L.S., S.J.S., L.D., P.A.T., D.R.G.;Writing - original draft:

R.L.S., F.J.M., A.R., P.E.V., E.T.B.;Writing - review and editing:R.L.S., S.J.S., L.D., E.G.D.,

J.A.J., J.D.H., O.S., L.W.S., P.A.T., D.R.G., J.W.D., F.J.M., A.R., P.E.V., E.T.B.;Supervision:

F.J.M., A.R., P.E.V., E.T.B.;Project administration:J.W.D., P.E.V., E.T.B.

Chapter 4 andChapter 5

Smith, R. L., Mihalik, A., Akula, N., Auluck, P. K., Marenco, S., Raznahan, A., Vértes, P.

V., McMahon, F. J. (2025). "A neuro-immune axis of transcriptomic dysregulation within the

subgenual anterior cingulate cortex in schizophrenia."Under Review.

Data analysis:R.L.S.;Visualization:R.L.S.;Conceptualization:R.L.S., A.M., A.R., P.E.V.,

F.J.M.;Methodology:R.L.S., A.M., N.A.;Software implementation:R.L.S., A.M.;Data cura-



List of Abbreviations xxii

tion: N.A., P.K.A., S.M., F.J.M.;Writing - original draft: R.L.S., A.R., P.E.V., F.J.M.;Writing -

review and editing:R.L.S., A.M., N.A., P.K.A., S.M., A.R., P.E.V., F.J.M.;Supervision:A.R.,

P.E.V., F.J.M.;Project administration:N.A., P.K.A., S.M., F.J.M.

Due to these contributions, work presented inChapters 2-5is presented in the plural form

of a �rst-person narrative ("we"), whileChapters 1and6 are presented in the singular form

("I"). The above contributions do not affect the status of this thesis as being principally my own

work.



Chapter 1

Introduction

1.1 Developmental sensitivity of psychiatric symptoms

Mental health disorders are among the top ten leading causes of global disease burden, affecting

an estimated 970 million people worldwide and imposing an economic burden of approximately

USD 5 trillion (Arias et al., 2022; GBD 2019 Mental Disorders Collaborators, 2022). Address-

ing this challenge requires a deeper understanding of the origins of mental illness, which can

inform the development of effective screening and treatment strategies.

Neurodevelopmental processes have emerged as a critical source of psychiatric vulnerability,

as many mental health disorders �rst manifest in early life, particularly during adolescence—a

period marked by profound physical, cognitive, and behavioral changes (Kalin, 2023; Paus et al.,

2008). Brain structural features, as measured by magnetic resonance imaging (MRI), exhibit

the most dynamic changes from the mid-late fetal period through early childhood (Bethlehem

et al., 2022), de�ning a critical and sensitive period of neurodevelopment (Meredith, 2015;

Paus et al., 2008; Soto et al., 2024). According to the "moving parts get broken" framework,

brain regions and circuits that undergo the most dynamic developmental changes are also most

vulnerable to disruption (Paus et al., 2008).

Both environmental stressors and genetic predispositions contribute to this developmental

sensitivity (Fig 1.1A; Kalin (2023)), but how these factors interact to shape cognitive and behav-

ioral outcomes remains poorly understood. A mechanistic understanding of this developmental

vulnerability is essential for identifying when and where risk factors exert the greatest impact

on brain maturation—ultimately informing earlier detection and more effective intervention

strategies.

In this chapter, we synthesize current evidence on how environmental stress and genetic

risk factors in�uence neurodevelopmental trajectories and contribute to psychiatric symptoms

(Fig 1.1A). We highlight the importance of network-based methods for modeling multiscale,
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interacting systems (Fig 1.1B) and the value of animal models in establishing mechanistic

causality. We close by introducing two central hypotheses that guide this thesis, offering a

translational framework to address key questions in developmental psychiatry research.

Fig. 1.1Conceptual framework of this thesis. A)Cognitive and behavioral outcomes, including those altered
in psychiatric disorders, emerge from dynamic interactions between genetic predispositions and environmental
exposures across development. Genetic variation in�uences brain development primarily via transcriptomic
processes, while environmental factors, including prenatal exposures, act on both the genome (through epigenetic
mechanisms) and the transcriptome (by modulating gene expression). Arrows indicate not only these directed
in�uences but also the reciprocal feedback loops: behavior and brain activity can, in turn, reshape environmental
contexts and modify gene expression, creating a dynamic, bidirectional system across development.B) Network
models are used to characterize interactions across biological scales—from macroscale brain systems (e.g.,
structural MRI networks) to microscale gene (co-expression) networks—highlighting the reciprocal feedback
between molecular and systems-level organization. Here, the gene co-expression network is represented by the
schematic on the right.
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1.2 Early life environmental exposures modify psychiatric

risk

A key line of evidence linking psychiatric symptoms to neurodevelopment is that early life

stress (ELS; also referred to as early life adversity) is a robust and well-replicated predictor

of psychiatric illness (Edwards et al., 2003; Gilbert et al., 2009; Norman et al., 2012; Teicher

et al., 2022). This presents a widespread public health concern: a 2023 survey of U.S. adults

found that 63.9% report experiencing at least one adverse childhood experience (ACE), and

17.3% report four or more (Swedo, 2023). Approximately one-third of adult-onset psychiatric

disorders, particularly mood disorders, are attributable to childhood maltreatment (McLaughlin,

2018; Sedlak and Ellis, 2014). Such maltreatment is associated with a three- to fourfold

increased risk for anxiety and depression (Hughes et al., 2017), as well as earlier onset, greater

severity, higher suicide risk, greater comorbidity, and poorer treatment response (Angelakis

et al., 2019; Teicher and Samson, 2013).

1.2.1 How is early life stress de�ned?

ELS typically includes childhood maltreatment (e.g., physical or sexual abuse, witnessing

interparental violence) and neglect (emotional or physical) (Edwards et al., 2003; Norman

et al., 2012). Conceptually, ELS can be de�ned through two primary frameworks: (1) a general

model, in which diverse stressors are grouped as a broad, heterogeneous category; and (2) a

speci�city model, which assumes that different types of stressors confer distinct neurobiological

and psychological effects (Smith and Pollak, 2020). Both approaches have generated valuable

insight into the developmental impact of ELS.

In support of the general model, both animal and human studies demonstrate that stress

exposure—regardless of the speci�c type—leads to chronic activation of the stress response

system, including the hypothalamus-pituitary-adrenal (HPA) axis, immune signaling, and

autonomic nervous system function (Ganzel et al., 2010). HPA axis activation culminates in

the release of glucocorticoids, steroid hormones that can act as transcription factors and bind to

receptors widely distributed throughout the brain, especially in the hippocampus, prefrontal

cortex, and amygdala (Lupien et al., 2009). When chronically elevated, glucocorticoid levels

can impair synaptic plasticity and contribute to cognitive de�cits and affective dysregulation

(Ganzel et al., 2010). In addition to HPA dysregulation, ELS induces persistent changes in

immune function, including elevated pro-in�ammatory cytokines, which may mediate risk for

mental health outcomes (Miller et al., 2011).
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These stress-related changes in neural circuitry are observable at the macroscale. Neuroimag-

ing and histological studies in both humans and animals consistently report structural alterations

in the hippocampus, prefrontal cortex (PFC), and amygdala, as well as disrupted functional

connectivity between prefrontal and subcortical regions (Ganzel et al., 2010; Smith and Pollak,

2020). A recent study using UK Biobank data provided direct evidence for the mediation of

effects of childhood treatment on adult brain structure via alterations in immune, metabolic,

and psychosocial systems (Orellana et al., 2024). Though moderate amounts of stress can be

adaptive (Ganzel et al., 2010), early foundational work demonstrated the cumulative nature of

ELS: greater exposure to adverse events corresponds to greater risk of mental illness (Felitti

et al., 1998), a �nding since replicated and expanded upon across multiple longitudinal cohorts

(Harms et al., 2017; Sousa et al., 2018; Young et al., 2019).

However, ELS is not a unitary construct, and growing evidence underscores the importance

of distinguishing between different types of early stressors. Experimental work in animal

models shows that distinct forms of stress yield distinct neurobiological outcomes (Goldstein,

2010; Pacák and Palkovits, 2001). One prominent framework for conceptualizing these differ-

ences is the threat versus deprivation model, in which "threat" encompasses the presence of

harmful experiences like physical or sexual abuse, while "deprivation" refers to the absence of

expected environmental inputs such as caregiving, cognitive stimulation, or adequate nutrition

(Busso et al., 2017; Sheridan and McLaughlin, 2014). These dimensions are hypothesized

to in�uence mental health risk through partially distinct neurobiological mechanisms. For

instance, there is more consistent evidence that "threat" activates the HPA axis and other stress

systems associated with externalizing behaviors (Busso et al., 2017; Platt et al., 2018).

In practice, different types of ELS often co-occur, complicating efforts to isolate speci�c

effects (Birnie and Baram, 2025; Smith and Pollak, 2021). Although high-impact "threat"

exposures like sexual or physical abuse have been more thoroughly studied in humans (Chaplin

et al., 2021), less is known about more common but lower-effect-size exposures such as

emotional abuse and neglect—forms of "deprivation" that may account for a higher population-

attributable risk due to their greater prevalence (Edwards et al., 2003; Gilbert et al., 2009).

There is thus a pressing need for more research on the neurobiological consequences of

emotional maltreatment, which remains comparatively underexplored despite its public health

signi�cance.

Overall, both general and speci�c models of ELS offer complementary insights, and each

has advanced our understanding of how ELS shapes later cognition and behaviors. However,

a mechanistic framework that links speci�c environmental stressors to distinct neural and

functional outcomes, particularly across development, remains a major challenge in the �eld.
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1.2.2 The developmental timing of stressors impacts outcome

Understanding how ELS contributes to psychiatric symptoms is further complicated by its

developmental dynamics. That is, the consequences of ELS are not solely determined by

the type or severity of the stressor, but also by when it occurs in development. The brain's

sensitivity to environmental inputs varies across time in a region- and circuit-speci�c manner,

such that the same stressor can have different effects depending on the developmental stage

during which it is experienced (Birnie and Baram, 2025; Gee and Casey, 2015; Lupien et al.,

2009; Teicher et al., 2016). This underscores the need to conceptualize ELS not as a static

exposure but as a temporally embedded process.

Critical and sensitive periods of brain development—such as those governing myelination,

synaptogenesis, and pruning—represent windows of heightened plasticity, during which en-

vironmental inputs exert disproportionate in�uence on long-term outcomes (Kolb and Gibb,

2011). During infancy and early childhood, emotional regulation systems, including the hip-

pocampus and amygdala, undergo rapid maturation and are highly sensitive to environmental

perturbation. Stress during this period can disrupt the development of affective and stress-

response systems, leading to long-term alterations in HPA axis regulation, heightened emotional

reactivity, and impaired contextual learning and memory (Gee, 2020; Lupien et al., 2009). ELS

is consistently associated with reduced hippocampal volume, particularly when exposure occurs

before the age of 5 (Andersen and Teicher, 2008; Humphreys et al., 2019), likely re�ecting

glucocorticoid-mediated disruption of neurogenesis during this period of heightened plasticity

(Andersen and Teicher, 2008; Meyer, 1983; Seckl, 2007).

In contrast, adolescence marks a period of profound reorganization in higher-order cognitive

systems, including continued maturation of the prefrontal cortex, which supports executive

functions such as planning, impulse control, and �exible reasoning (Casey et al., 2008; Luna

et al., 2004). During this period, cortical glucocorticoid receptor expression peaks and stress

evokes an exaggerated corticosteroid response (Andersen and Teicher, 2008). Stress exposure

during adolescence may therefore interfere with prefrontal development and its connectivity

with limbic regions, contributing to de�cits in emotional regulation and cognitive control, and

increasing vulnerability to disorders such as depression, PTSD, and substance use disorders

(Andersen and Teicher, 2008; Eiland and Romeo, 2013; Lupien et al., 2009; Romeo, 2013).

Importantly, adolescence is a time when latent effects of earlier adversity may manifest—for

example, through the onset of depression during puberty (Andersen and Teicher, 2008)—likely

due to the convergence of hormonal, neural, and psychosocial changes (Halligan et al., 2007;

Lupien et al., 2009; McCrory and Viding, 2015; Pfeifer and Allen, 2021).

An in�uential framework for interpreting these developmental dynamics is the theory of

latent vulnerability (McCrory and Viding, 2015). This model proposes that ELS induces
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enduring, measurable alterations in neurocognitive systems (e.g., heightened threat sensitivity)

that may not immediately manifest as psychiatric symptoms. These changes are "latent" in

that they are embedded within neurodevelopmental trajectories, conferring vulnerability that

may only become clinically apparent when individuals face later environmental stressors or

developmental transitions. McCrory and Viding (2015) suggest that these alterations re�ect

adaptation to adverse environments but later confer increased psychiatric risk in normative or

less threatening contexts.

Building on this perspective, the Stress Acceleration Hypothesis (Callaghan and Tottenham,

2016; Gee et al., 2013; Tooley et al., 2021) theorizes that ELS accelerates the maturation of

neural circuits responsible for emotional learning and reactivity, particularly the amygdala,

hippocampus, and prefrontal cortex. Rather than viewing ELS as inducing developmental

de�cits or delays, this hypothesis suggests that adversity prompts an adaptive, earlier shift

toward adult-like patterns of brain function and behavior (Callaghan and Tottenham, 2016).

Expanding this model, Frankenhuis and Gopnik (2023) proposed that early adversity shapes

developmental "hyperparameters" governing explore–exploit tradeoffs, biasing behavior toward

earlier exploitation at the cost of exploratory �exibility.

These frameworks have evolutionary appeal: in harsh or unpredictable environments, faster

developmental trajectories may enhance survival and reproductive �tness (Boyce and Ellis,

2005; Callaghan and Tottenham, 2016). Natural selection would then likely favor the ability

to adapt to such adversities (Frankenhuis and Gopnik, 2023). Supporting this view, a large

literature has shown that childhood stress is associated with earlier pubertal onset (reviewed in

Ellis (2004)). While developmental acceleration may offer short-term adaptive advantages, it

may constrain long-term plasticity and increase risk for internalizing behaviors, particularly

in safer or more socially complex contexts (Boyce and Ellis, 2005; Callaghan and Tottenham,

2016).

In sum, developmental timing is a critical moderator of the effects of ELS. To under-

stand how environmental exposures confer risk for psychiatric disorders, it is essential to

integrate not only the type, severity, and duration of stressors, but also their timing relative

to neurodevelopmental trajectories. However, environmental exposures are not the only mod-

i�er of neurodevelopmental trajectories—genetic predisposition plays a key role in shaping

vulnerability to psychiatric illness.
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1.3 Genetic predisposition to psychiatric symptoms is devel-

opmentally dynamic

The etiology of psychiatric disorders has a signi�cant genetic component (Smoller et al.,

2019; Sullivan and Geschwind, 2019). Heritability estimates (h2, the proportion of variation

in a given trait attributable to genetic factors) for schizophrenia and bipolar disorder range

from 60-80% (O'Connell et al., 2025; Trubetskoy et al., 2022), whileh2 estimates for autism

spectrum disorder fall between 50-80% (Matoba et al., 2020), and for major depressive disorder,

approximately 30-40% (Howard et al., 2019). These estimates, derived primarily from twin and

family studies, have motivated large-scale efforts to identify speci�c genetic variants associated

with psychiatric risk.

Genome-wide association studies (GWAS) have uncovered hundreds of common variants

linked to psychiatric disorders, while whole exome sequencing (WES) is used to identify rare

disease-associated variants in protein-coding regions. However, interpreting the molecular

and biological consequences of these variants remains a central challenge. This is true across

psychopathologies, but in this section we focus on schizophrenia due to its high heritability and

well-characterized genetic architecture.

1.3.1 The genetic architecture of schizophrenia

Schizophrenia is a highly heritable, polygenic disorder, meaning risk is conferred by many

genetic variants of small effect size (Ripke et al., 2014; Trubetskoy et al., 2022). GWAS,

introduced in 2005 as a major innovation in human genetics (Klein et al., 2005), use regression

models to detect statistically signi�cant differences in allele frequency between affected and

unaffected individuals. The resulting single nucleotide polymorphisms (SNPs) are considered

common variants, as they are detectable across a large population but each typically contributes

minimally to disease risk.

SNP-based heritability for schizophrenia (h2
SNP) is currently estimated at� 24% (Trubetskoy

et al., 2022), leaving a substantial gap relative to heritability estimates from family-based studies

(60–80%) (Owen et al., 2016). This discrepancy—referred to as the "missing heritability"

problem (Yang et al., 2017)—may in part re�ect undiscovered common variants of small

effect, which become detectable only with increasing GWAS sample sizes. The aggregation

of common variants into polygenic risk scores (PRS) has enabled some individual-level risk

prediction, though their clinical utility remains limited and largely population-speci�c (Murray

et al., 2021). Moreover, the generalizability of psychiatric GWAS �ndings is constrained

by a lack of ancestral diversity. Most studies to date have been conducted in populations of
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European ancestry, limiting risk prediction in non-European groups and reinforcing disparities

in psychiatric genomics (Martin et al., 2019).

In addition to common variants, rare genetic variation also contributes to schizophrenia risk.

These include single nucleotide variants (SNVs), copy number variants (CNVs), structural

rearrangements, and rare noncoding disruptions of regulatory elements (Goswami et al., 2021).

Though they have lower frequency across the population, such variants often have higher

penetrance. For example, individuals with the 22q11.2 deletion syndrome have substantially

elevated schizophrenia risk (Marshall et al., 2017). The Schizophrenia Exome Sequencing

Meta-Analysis (SCHEMA) consortium recently identi�ed ten genes harboring ultra-rare protein-

truncating mutations with odds ratios ranging from 3 to 50 (Singh et al., 2022), underscoring

the impact of rare, high-risk alleles in a subset of cases.

Despite this growing catalog of risk variants, understanding the pathophysiology of schizophre-

nia requires linking genetic variation to biological mechanisms. A key area of focus is on

functional genomics: describing how causal genetic variants in�uence gene regulation and

downstream molecular pathways (Sullivan and Geschwind, 2019). This molecular-level insight

is especially clinically relevant in polygenic disorders like schizophrenia, where individual risk

variants may have small effects but converge on therapeutically actionable molecular circuitry.

RNA sequencing (RNA-seq), a technological advancement introduced in 2008 to measure

gene and transcript abundance in a given tissue (Nagalakshmi et al., 2008), is a key tool in

efforts to characterize gene expression (as described in Section 1.5.3). Because psychiatric

disorders are brain-based, but brain tissue is largely inaccessible in life, RNA-seq studies often

rely on postmortem brain tissue. Large-scale efforts from consortia including PsychENCODE

have made substantial progress toward dissecting the molecular underpinnings of psychiatric

symptoms across diagnostic groups (Gandal et al., 2018a,b; Wang et al., 2018). However, post-

mortem data present a key limitation: observed expression patterns may re�ect not only genetic

predisposition but also the consequences of chronic illness, medical treatment, environmental

exposures, manner of death, or postmortem changes such as tissue degradation (Hoffman et al.,

2023; Schulmann et al., 2023). These confounders complicate efforts to isolate the molecular

signatures of etiological genetic risk. Gene–environment interactions (G� E) further underscore

this complexity, as genetic risk may be magni�ed or mitigated depending on environmental

context (Ottman (1996); see Section 1.4).

1.3.2 Developmental dynamics of genetic risk

Furthermore, genetic architecture is not static—it operates in a developmentally dynamic and

context-dependent manner, varying across spatial and temporal dimensions of neurodevelop-
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ment (Weinberger and Levitt, 2011). Genes associated with psychiatric illness may exert their

effects differently depending on the stage of brain development and the cell types involved.

In schizophrenia, the dominant etiological framework is the neurodevelopmental hypothesis.

First formally articulated by Weinberger (1987) and Murray and Lewis (1987), this model pro-

poses that early disruptions in normative brain development lay the groundwork for the clinical

emergence of schizophrenia in adolescence or early adulthood. As the brain develops and takes

on more complex functions, the impact of neurodevelopmental pathology becomes apparent.

This initial framework was based on epidemiological and circumstantial evidence. For example,

individuals who later develop schizophrenia often show early cognitive, motor, or behavioral

abnormalities. Furthermore, prenatal exposures—such as maternal stress, intrauterine insult, or

infection—can increase later risk (Birnbaum and Weinberger, 2024; Weinberger, 1987).

Technological advances have since enabled molecular validation of the neurodevelopmental

model (Birnbaum and Weinberger, 2017, 2024). Genes identi�ed through GWAS are prefer-

entially expressed during fetal development (Li et al., 2018), and schizophrenia risk loci are

enriched for regions showing fetal epigenetic regulation (Jaffe et al., 2016). Moreover, many

schizophrenia-associated variants display isoform-speci�c expression changes across prenatal

and postnatal stages (Jaffe et al., 2018), and some in�uence placental biology and can predict

risk for obstetric complications (Ursini et al., 2018). These �ndings indicate that early brain

development mediates genetic risk associated with schizophrenia (Birnbaum and Weinberger,

2017).

Further supporting this developmental framework is the overlap between schizophrenia and

other neurodevelopmental disorders, including autism spectrum disorder (ASD), intellectual

disability (ID), and attention-de�cit/hyperactivity disorder (ADHD) (Morris-Rosendahl and

Crocq, 2020; Owen, 2015). These conditions share genetic risk variants, transcriptomic pat-

terns, early-life cognitive and behavioral impairments, and higher male prevalence (Gandal

et al., 2018a; Morris-Rosendahl and Crocq, 2020; Owen, 2015). This has led to a reconceptual-

ization of schizophrenia as part of a neurodevelopmental continuum, in which disorders like

schizophrenia represent a diverse range of outcomes that follow disrupted brain development.

The nature and severity of these outcomes may re�ect a graded response to the timing, location,

and intensity of neurodevelopmental disruptions (Owen and O'Donovan, 2017).

Together, these �ndings underscore a key insight: genetic risk for schizophrenia is both

polygenic and developmentally sensitive, necessitating integrative approaches that capture

spatiotemporal gene regulation. Understanding how genetic predisposition unfolds across

neurodevelopment—and how it interacts with environmental exposures during this time—will

be essential to clarifying the biological pathways underlying psychiatric illness.
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1.4 Environmental in�uences and genetic risk interact to

produce complex phenotypes

1.4.1 Gene-by-environment interactions

Environmental and genetic factors both in�uence psychiatric risk and are developmentally

sensitive. However, these in�uences do not operate independently, but interact dynamically

across the lifespan (Fig 1.1A). This phenomenon, known as gene-by-environment (G� E)

interactions, was initially conceptualized as a "different effect of a genotype on disease risk

in persons with different environmental exposures", or a "different effect of an environmental

exposure on disease risk in persons with different genotypes" (Ottman, 1996). More recent

work emphasizes the importance of polygenic and systems-level approaches to modeling G� E,

highlighting the complexity and context-dependence of these effects across biological and

socio-environmental levels (Boyce et al., 2021; Herrera-Luis et al., 2024).

In one model, environmental exposures modify genetic risk, such that individuals carrying

the same genotype may develop different phenotypes depending on their environmental contexts

Ottman (1996). Likewise, genetic risks may remain latent unless activated by particular

exposures, meaning individuals exposed to the same environmental conditions show different

outcomes depending on their genetic background. Recent G� E studies have moved beyond

single candidate genes toward polygenic approaches, which aggregate the effects of many

variants to better capture genetic liability across diverse environmental contexts (Herrera-Luis

et al., 2024). For example, efforts integrating polygenic risk scores with weighted exposome

scores for schizophrenia have demonstrated that including environmental data improves risk

prediction and strati�cation beyond genetic information alone (Pries et al., 2021).

Emerging evidence implicates epigenetic modi�cations, including DNA methylation and

histone modi�cations, as key mediators of G� E effects (Boyce et al., 2021; Liu et al., 2008;

Provençal and Binder, 2015). These mechanisms, which are particularly malleable during early

development, integrate environmental signals to regulate gene expression, offering a pathway

by which early life experiences exert long-term gene regulatory in�uence. One prominent

example comes from rodent models, in which variations in maternal care alter offspring stress

reactivity via methylation of the glucocorticoid receptor geneNR3C1, illustrating how early

experiences shape gene expression and behavior across the lifespan (Weaver et al., 2004).

1.4.2 Gene-by-environment correlations

Not all associations between genes, the environment, and psychosocial outcomes are causal.

Gene–environment correlations (rGE) differ from G� E interactions in that a genotype and
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environmental exposure co-occur not because the environment causal affects gene expres-

sion or risk, but because genetic factors can in�uence the likelihood of encountering certain

environments (Jaffee and Price, 2008; Plomin and Bergeman, 1991).

For example, an individual who exhibits antisocial behavior may have experienced childhood

maltreatment, leading to the conclusion that the maltreatment caused the behavior. However,

if their parents also display antisocial traits due to genetic predispositions, they may be more

likely to create a harsh or abusive environment. In this case, the association between mal-

treatment and antisocial behavior may be confounded by inherited risk: the same genetic

factors that contribute to antisocial tendencies in the child may also increase the likelihood

of maltreatment by the parent (DiLalla and Gottesman, 1991). Here, maltreatment re�ects

not only an environmental risk factor, but also an indirect indicator of genetic liability. Such

gene–environment correlations can obscure causal inference if not properly accounted for,

underscoring the importance of jointly modeling genetic and environmental in�uences to accu-

rately disentangle their respective contributions (Herrera-Luis et al., 2024; Jaffee and Price,

2008; Plomin and Bergeman, 1991).

Together, this evidence highlights the complexity of developmentally sensitive psychiatric

symptoms: they arise from the convergence of genetic predispositions and environmental

exposures during sensitive windows of development (Fig 1.1A). The type and severity of

phenotypic outcomes depend on the timing of exposure, the speci�c genes involved, and

the nature of environmental inputs. Although the work in this thesis does not explicitly

model gene–environment interactions or correlations, this material is included to underscore

the interdependent nature of genetic and environmental in�uences, and the importance of

considering these dynamics in any comprehensive account of psychiatric risk. Given these

intricacies, modeling psychiatric risk requires tools that go beyond simple linear associations.

Network models offer a principled way to capture this multiscale, interacting complexity (Fig

1.1B).

1.5 Network approaches model complex interactions and

dynamics

The complexity of genetic and environmental in�uences that shape brain development presents

a unique challenge in neuroscience. These are not isolated factors—they interact dynamically

across time and biological scales, from genes to molecules to cells, circuits, and systems. This

naturally leads to the need for systems neuroscience to model these interactions methodically.
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For example, brain regions form distributed structural and functional systems, while genes

interact through coordinated expression programs that regulate neurodevelopmental trajectories.

Capturing the structure of these networks is critical for understanding how multiscale biological

systems give rise to psychiatric vulnerability.

1.5.1 Network neuroscience

An early systems-level view of the brain can be traced back to the late-19th century work of

Santiago Ramón y Cajal. Now widely considered the "father of modern neuroscience", he is

known for his detailed neuroanatomical depictions of neurons and his recognition that the brain

is composed of discrete neuron units that organize into circuits to give rise to brain function

(Llinás, 2003). Throughout the mid-20th century, neuroscientists expanded upon Ramón y

Cajal's ideas by characterizing modular and distributed functional neural systems. For example,

groundbreaking work by David Hubel and Torsten Wiesel described functional columns in the

visual cortex, demonstrating that the brain is organized into modular, interacting units—a pre-

cursor to network models (Hubel and Wiesel, 1959). In the late-20th century, Marsel Mesulam

introduced the concept of large-scale distributed networks underlying cognitive processes such

as attention and language (Mesulam, 1990), while Felleman and Van Essen (1991) formalized

hierarchical organization across cortical areas based on anatomical connectivity patterns in

primates. Among others, these foundational studies established that network principles operate

across multiple scales of brain organization, from microcircuits to large-scale systems. This

systems perspective reached a milestone in 1986 with the publication of the �rst complete

anatomical connectome—the full wiring diagram of the nematodeCaenorhabditis elegans

(C. elegans), consisting of 302 neurons and roughly 7,000 connections (White et al., 1986).

However, mapping and understanding the network organization of the human brain remained

far more elusive due to its complexity and scale.

In parallel, graph theory was developing as a powerful mathematical framework for modeling

pairwise relationships. Its origins can be traced back to the 18th century with Leonhard Euler's

solution to the Seven Bridges of Königsberg problem (Euler, 1953), which introduced the

fundamental concepts of nodes and edges. By the late 1990s, the �eld of complex networks had

emerged, with researchers demonstrating that many real-world systems—social, technological,

and biological—exhibit graph theoretical properties such as modularity, hub structure, and

small-worldness (Fig 1.2, Barabási and Albert (1999); Watts and Strogatz (1998)).

By the early 2000s, these streams converged: systems neuroscience provided rich empirical

data on brain structure and function, while graph theory offered a language and set of metrics to

characterize network organization. This synthesis gave rise to the �eld of connectomics, with

a central goal of mapping and analyzing the brain's structural and functional networks using
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Fig. 1.2 Simple schematic of a small-world network. Left: An symmetric, weighted adjacency matrix
representation of the network. Row and columns represent nodes, and tile color indicates edge weight (i.e.,
connection strength) between node pairs. The network exhibits modular structure, with nodes ordered by module
and each module outlined; modules display stronger intra-group than inter-group connectivity. Nodal strength
(i.e., weighted degree) is de�ned as the sum of all connection weights for a given node. Hubs, or nodes with the
highest strength, are marked with red asterisks along the x-axis.Right: A ball-and-stick schematic of the same
network, illustrating small-world properties: high local clustering (i.e., densely interconnected neighborhoods)
and relatively short average path lengths (supporting ef�cient global communication) (Watts and Strogatz, 1998).
Points represent nodes, with point size proportional to nodal strength and hubs shown in red. Edge thickness and
darkness re�ect connection strength. Rich-club connections, or edges between hubs, are emphasized in black.
Background polygons indicate module membership.

graph-based approaches (Bullmore and Sporns, 2009; Sporns et al., 2005). Initial de�nitions of

the connectome emphasized a physical, cellular-scale map of neural wiring, including that of

the previously mentionedC. elegans(White et al., 1986). Recent technological breakthroughs

have extended this vision to other model organisms, includingDrosophila(Schlegel et al.,

2024) and the mouse (Bae et al., 2025).

The human brain, however, presents a unique challenge to cellular-resolution mapping,

which remains infeasible due to the magnitude of individual neurons and their connections—

estimated at1011 neurons with1015 connections (Sporns et al., 2005)—as well as ethical and

technical constraints. Instead, large-scale initiatives such as the Human Connectome Project

(HCP) (Elam et al., 2021) have adopted a broader use of the term "connectome", applying it to

network models derived from non-invasive neuroimaging techniques, including diffusion and

functional MRI. Throughout this thesis, I use the term "network" to encompass these broader

models of brain organization, acknowledging that they provide indirect estimates of connectiv-

ity compared to classical de�nitions of the connectome. These parallel developments in model

organisms and humans have established the foundation of network neuroscience: a quantita-

tive, integrative approach to understanding the brain as a complex system of interconnected

components.

Today, network neuroscience continues to evolve, driven by increasingly large and multi-

modal datasets, improved computational tools, and theoretical innovation (Bae et al., 2025;
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Bassett and Sporns, 2017; Bazinet et al., 2023a; Schlegel et al., 2024). The �eld has provided

a framework to: 1) characterize distributed, rather than focal, changes in neurological and

psychiatric disorders (Bassett and Sporns, 2017; Sporns, 2014); 2) construct generative models

that simulate how network architecture develops or is altered in disease (Akarca et al., 2021;

Betzel and Bassett, 2017; Kaiser and Hilgetag, 2004; Vértes et al., 2012); and 3) integrate tran-

scriptomic and molecular data to link genetic architecture with macroscale brain organization

(Arnatkeviciute et al., 2022; Vértes et al., 2016; Whitaker et al., 2016). This third approach has

also successfully linked imaging-derived network alterations in disease states to the expression

of disease-associated genes (Morgan et al., 2019; Seidlitz et al., 2020).

Still, major challenges remain. The brain's dynamic and multilayered nature, spanning

molecular to cognitive scales, poses dif�culties for causal inference and mechanistic modeling.

Ongoing efforts aim to better capture inter-individual variability and the temporal dynamics of

brain states. Despite these challenges, network neuroscience has reshaped our understanding

of the brain: not as a set of isolated, specialized regions, but as a multiscale, interconnected

system. In the following sections, I describe two recently developed network approaches: the

�rst at the macroscale, the second at the microscale (Fig 1.1B).

1.5.2 Macroscale: Mapping structural brain network organization using

structural similarity networks

A central goal in human neuroscience is to map the structural network architecture of an

individual brain. One widely used approach has been tractography of diffusion tensor imaging

(DTI) data, which estimates axonal connectivity by modeling the principal direction of water

molecule diffusion (assumed to align with bundles of nerve �bers). However, the accuracy

of tract reconstruction is highly sensitive to data quality, and image acquisition is constrained

by long scan times and low signal-to-noise ratios (Chen and Hsu, 2005; Sotiropoulos and

Zalesky, 2017; Thomas et al., 2014). Moreover, due to the inherent uncertainty of DTI

measurements, tractography is prone to reconstruction errors and limited in anatomical accuracy,

interpretability, and generalizability (Maier-Hein et al., 2017; Sotiropoulos and Zalesky, 2017).

As a complementary approach toward understanding structural neuroarchitecture, structural

covariance network (SCN) analysis emerged in the early 2000s to estimate inter-regional

similarity in brain morphology across individuals (Alexander-Bloch et al., 2013; Lerch et al.,

2006). SCNs typically rely on a single MRI-derived morphometric feature, such as cortical

thickness, measured across brain regions and subjects. By correlating feature values between

regions across individuals, SCNs generate a group-level network representation of structural

similarity. However, this approach aggregates across subjects, making it ill-suited for studying
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individual-level variation—particularly in the context of case-control analyses (Sebenius et al.,

2024). SCNs are also constrained to a single anatomical feature at a time, limiting their capacity

to capture the brain's multidimensional structural organization.

To overcome these limitations, recent methods have introduced within-individual structural

similarity networks that estimate inter-regional similarity across multiple morphometric features

in a single brain. In this framework, nodes are represented by brain regions, while edges quantify

the strength of similarity between them. Seidlitz et al. (2018) developed morphometric similarity

network (MSN) analysis, which quanti�es the similarity between pairwise brain regions based

on a multivariate pro�le of MRI-derived morphometric features, such as cortical thickness,

surface area, magnetization transfer (MT), and neurite density. This approach constructs

individualized networks by computing inter-regional correlations across these feature vectors.

(Sebenius et al., 2023) extended this framework with morphometric inverse divergence (MIND)

analysis, which estimates pairwise similarity using Kullback-Leibler divergence between

feature distributions. MIND improves upon MSNs by avoiding reduction of vertex-level

morphometric data to regional summary statistics. Refer to Section 2.2 for details on structural

similarity network construction.

The neurobiological validity of these structural similarity networks relies on two key as-

sumptions: (1) that macroscale MRI-derived similarity re�ects microscale cytoarchitectonic

and myeloarchitectonic similarity, and (2) that architectonically similar regions are more likely

to be axonally connected, implying that morphometric similarity can serve as a proxy for

connectivity (Sebenius et al., 2024).

Support for the �rst assumption comes from converging histological and molecular evidence.

MRI-derived features such as MT and the T1w/T2w ratio are proxies for depth-dependent

myelination, aligning with known myeloarchitectonic gradients (Hagiwara et al., 2018; Paquola

et al., 2019). Both MSN and MIND networks also show strong spatial correspondence with

transcriptional similarity derived from the Allen Human Brain Atlas, linking macroscale

morphometric similarity to microscale patterns of gene expression (Sebenius et al., 2023;

Seidlitz et al., 2018).

The second assumption—that architectonic similarity predicts axonal connectivity—is

supported by the Structural Model (García-Cabezas et al., 2019) and by empirical �ndings

from the macaque cortex (Goulas et al., 2014), which demonstrate that laminar architecture and

cytoarchitectonic differentiation predict patterns of structural connectivity. Furthermore, cross-

species analyses have shown that gold-standard tract-tracing–based connectomes in macaques,

which map monosynaptic axonal projections, are signi�cantly correlated with macaque MRI-

derived MSN and MIND networks, providing direct validation of morphometric similarity as a

proxy for axonal connectivity (Sebenius et al., 2023; Seidlitz et al., 2018).



1.5 Network approaches model complex interactions and dynamics 16

Structural similarity networks are also technically robust and developmentally sensitive

(Sebenius et al. (2023); Seidlitz et al. (2018)), and have proven clinically relevant in linking

brain architecture to disease phenotypes (see Section 2.1). As an example, structural similarity

phenotypes have been linked to genetically driven variation in brain organization. Seidlitz

et al. (2020) showed that in six neurodevelopmental disorders caused by pathogenic copy

number variations (CNVs), alterations in MSN topology aligned with the normative expression

of genes located on the affected chromosomes, thereby linking brain network phenotypes to

known genetic mechanisms. Other studies have similarly demonstrated that spatial patterns of

altered morphometric similarity correspond to cortical gradients of gene expression implicated

in diverse psychiatric and neurological traits (Morgan et al. (2019); Seidlitz et al. (2020);

reviewed in Sebenius et al. (2024)). Together, this body of work highlights the unique capacity

of structural similarity networks to serve as cross-scale biomarkers linking macroscale brain

organization to microstructural biology and clinical phenotypes.

1.5.3 Microscale: Characterizing coordinated transcriptomic programs

using gene co-expression networks

A key challenge in biology, especially neurobiology, is to map the molecular programming of

cells and how it is disrupted in disease states. Advances in high-throughput transcriptomic tech-

nologies have made it possible to measure the expression of thousands of genes simultaneously,

offering a snapshot of cellular states across conditions, timepoints, and tissues. RNA-seq, which

emerged in the late 2000s following the rise of next-generation sequencing, replaced earlier

tools like microarrays by offering a more accurate, comprehensive, and unbiased approach

to transcript quanti�cation (Mortazavi et al., 2008; Nagalakshmi et al., 2008). Differential

gene expression (DGE) analysis became a foundational tool for identifying individual genes

with expression differences across tissues and disease states (Rapaport et al., 2013). However,

while DGE has revealed key molecular players in many contexts, it treats genes as independent

units—misrepresenting the fact that genes operate within functional, coordinated programs.

To capture this systems-level organization, gene co-expression network analysis was intro-

duced in the early 2000s. Among available methods, the most widely used is Weighted Gene

Co-expression Network Analysis (WGCNA), which identi�es groups of genes (or modules)

with highly correlated expression pro�les across samples (Zhang and Horvath, 2005). Though

resulting modules are thought to re�ect shared transcriptional regulation or biological function,

this data-driven approach infers network structure directly without requiring prior biological

labels.
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In WGCNA, nodes are represented by genes and edges re�ect pairwise expression similarity

across samples. The resulting adjacency matrix is raised to a soft-thresholding power to

approximate a scale-free topology, a common property of biological networks in which a small

number of highly connected genes (hub genes) drive the structure and integration of the system

(Barabási and Albert, 1999; Zhang and Horvath, 2005). Modules are identi�ed by clustering

genes with similar expression patterns—typically using hierarchical clustering combined with

dynamic tree cutting (Zhang and Horvath, 2005). These modules can then be interpreted using

gene ontology, pathway enrichment, or known cell-type markers to infer biological roles. Refer

to Sections 4.2 and 4.3.2 for details on WGCNA network construction.

To relate modules to external phenotypic traits, WGCNA de�nes a module eigengene—the

�rst principal component of the expression matrix for genes in the module—which serves

as a representative expression pro�le of the module (Langfelder and Horvath, 2007, 2008).

Associations between module eigengenes and traits of interest (e.g., disease status) are typically

modeled using univariate regression. Within each module, genes with high module membership

(de�ned as the correlation between a gene's expression pro�le and the module eigengene) are

considered strong contributors to the module's identity. These genes often function as hub

genes and may serve as candidate regulators, therapeutic targets, or biomarkers (Langfelder

and Horvath, 2008). Additional network properties, such as intramodular connectivity and

clustering coef�cient, can also be used to prioritize key genes and interpret network structure.

Importantly, WGCNA can be extended to identify condition-speci�c modules or differences

in connectivity between groups. For example, seminal work published in 2018 used WGCNA

to uncover shared and disorder-speci�c molecular signals across major psychiatric conditions

(Gandal et al., 2018a,b), providing a key resource for mechanistic insight and therapeutic

development. Recently, Radulescu et al. (2025) innovated a differential connectivity analysis to

identify genes with altered network centrality in schizophrenia and showed that these genes

overlapped with schizophrenia genetic risk loci and known biological pathways.

From a multiscale, integrative perspective, gene co-expression patterns have been linked to

macroscale brain organization. For example, Wagstyl et al. (2024) generated spatial cortical

gene expression maps and de�ned co-expression modules across the human cortex. These

modules were then linked to brain structural and functional properties measured via in vivo

neuroimaging. Together, these studies illustrate how transcriptomic data can be organized into

biologically meaningful networks that bridge from molecular processes to macroscale brain

phenotypes.

In sum, network-based approaches such as structural similarity analysis and WGCNA offer

powerful tools for understanding the macro- and microscale architecture of the brain and how

it is altered in psychiatric disease. However, these �ndings are largely correlational and derived
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from observational data in humans, limiting the ability to infer causal mechanisms. To probe

the biological drivers of network structure and function more directly, we must expand the

scope of analysis across species using experimental animal models.

1.6 Disentangling causality: The need for model organisms

Understanding causal in�uence requires experimental manipulation. However, due to technical

and ethical considerations, such experiments are often not feasible in human subjects. Animal

models are thus a key component of mechanistic neuropsychiatric research and the development

of effective treatment strategies.

1.6.1 Model organisms are key to unpacking disease etiology

Model organisms uniquely allow for controlled manipulation of genetic and environmental vari-

ables, enabling researchers to parse the complexity described in Sections 1.2-1.4. Genetically

altered mice are commonly used to investigate the neuropathological consequences of genetic

variation identi�ed in psychiatric disorder GWAS and rare variant studies. For example, a

recent study used a mouse model expressing different isoforms of the complement component 4

(C4) gene—robustly implicated in schizophrenia GWAS—to understand its effects on synaptic

pruning (Yilmaz et al., 2021). Model organisms also provide a platform to systematically

explore the impact of environmental exposures during critical periods, controlling for the po-

tential confound of genetic predisposition that is present in observational human data. Rodents,

in particular, have been widely used to examine the effects of early life stress, yielding key

insights into neural circuitry and immune responses to stress (Smith and Pollak, 2020).

Modeling human neuropsychiatric disorders in animals remains challenging due to the

subjective nature of symptomatology and the absence of robust biomarkers (Nestler and

Hyman, 2010). Psychiatric diagnoses are based on experiential symptoms, such as sadness,

anxiety, or hallucinations, that are inherently dif�cult to quantify without the ability to verbally

describe subjective experience. Researchers rely on behavioral correlates like social withdrawal

or motivation to approximate these states, but these models often involve assumptions that limit

interpretability (Nestler and Hyman, 2010). For instance, a traditional model of depression

in rodents is the forced swim test, in which increased immobility is interpreted as behavioral

despair. While this test has demonstrated good predictive validity of antidepressant ef�cacy,

it has been criticized for lacking construct validity—that is, it remains unclear whether the

behavior re�ects the same pathophysiological mechanisms as human depression (Koob and

Zimmer, 2012).
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In response to these concerns, the �eld has shifted from a reliance on overt behavioral phe-

notyping toward the use of neurophysiological, molecular, and behavioral endophenotypes. For

example, sucrose preference is commonly used to model reward de�cits, while in schizophrenia

research, where symptoms such as hallucinations are dif�cult to model directly, researchers

have increasingly focused on cognitive impairments, neurotransmitter function, and structural

brain differences as more tractable outcomes (Nestler and Hyman, 2010). This shift toward

quanti�able neural readouts facilitates more precise modeling of psychiatric pathophysiology

and supports the identi�cation of targetable mechanisms (Kaiser and Feng, 2015).

Another important consideration when using animal models is the difference in neu-

roanatomy and developmental timing across species. For example, the rodent prefrontal

cortex is less expanded than that of primates, and hippocampal development continues well into

adulthood in rodents (whereas in humans, it is complete by around two years of age; Lupien

et al. (2009)). These species differences must be acknowledged when interpreting �ndings, to

avoid overextending conclusions beyond the limits of the model.

Technological advancements in in vitro (e.g., cerebral organoids that model human brain

development) and in silico (computational) modeling have emerged as promising complemen-

tary approaches to traditional animal models (Neziri et al., 2024). These models may offer the

potential for more direct study of human neurobiology while reducing ethical constraints. How-

ever, they also present important limitations: cerebral organoids, for instance, lack behavioral

outputs, while computational models often rely on simplifying assumptions that limit biological

realism. Thus, while no model can perfectly recapitulate human neuropsychiatric conditions,

experimental work in animal systems remains essential for unraveling causal mechanisms and

guiding the development of effective interventions.

1.6.2 Rats are a key model organism in neuroscience

The choice of model organism is a critical consideration in experimental design. In neuroscience,

worms (C. elegans), fruit �ies ( Drosophila), zebra�sh, rodents (e.g., mice and rats), and non-

human primates (NHPs; e.g., marmosets and macaques) all serve as valuable systems for

addressing different types of questions.

C. elegans, with its 302 uniquely mapped neurons and rapid breeding cycle, is well-suited

for studies of cellular development, circuit mapping, and behavioral plasticity (Shimoyama

et al., 2012).Drosophilais especially valuable in genetic studies due to its short generation time

and high fecundity, as well as the fact that approximately 75% of human disease genes have

orthologs in the �y. Zebra�sh offer a powerful vertebrate model for studying development and

in vivo imaging of neural circuits (Shimoyama et al., 2012). NHPs, by contrast, are particularly

valuable for studying complex cognitive functions and high-level brain organization due to
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their evolutionary proximity to humans (Basso et al., 2024). However, ethical considerations,

long generation times, and high maintenance costs limit the scalability of NHP research.

Rodents are a primary mammalian system in neuroscience due to their relatively short

lifespans, amenability to genetic manipulation, and more developed brain structures that offer

useful comparisons to humans (Shimoyama et al., 2012). The rat (Rattus norvegicus) holds

a unique place in neuroscience history as the �rst mammal domesticated speci�cally for

research purposes, with early laboratory colonies established in the late 19th and early 20th

centuries, notably at the Wistar Institute, to produce standardized strains for experimental

use (Modlinska and Pisula, 2020). In recent decades, mice have become the dominant rodent

model, largely due to the rapid development of genomic tools, including targeted gene editing

and transgenic technologies (Bryda, 2013; Ellenbroek and Youn, 2016). Their small size and

ease of maintenance further contribute to their popularity (Bryda, 2013), leading to a growing

disparity in the available genetic tools and resources between mice and rats.

Crucially, rats are not simply "big mice," but instead offer unique advantages for neuro-

science research. Practically speaking, their larger brains facilitate neurosurgical procedures

and electrophysiological recordings, and they tend to be easier to handle and less reactive to

human interaction, which can reduce experimental variability (Ellenbroek and Youn, 2016).

Behaviorally and neurobiologically, rats exhibit greater similarity to humans than mice in

a number of domains relevant to psychiatric research, including cognition, social behavior,

and emotional reactivity (Bryda, 2013; Ellenbroek and Youn, 2016). These traits make them

especially valuable for studying the neural basis of complex behaviors and the effects of

environmental factors, such as stress, across development.

While mice remain important for many areas of biomedical research, the translational

potential of rats—particularly in the context of neuropsychiatric disease—argues for greater

investment in rat-speci�c tools and brain mapping initiatives. Building out the genetic, anatomi-

cal, and physiological characterization of the rat brain will enable researchers to better leverage

this powerful model system in future neuroscience research.

1.7 Thesis structure

In sum, psychiatric symptoms emerge from the dynamic interplay between genetic predisposi-

tion and environmental exposures throughout normative development, presenting a challenge

for mechanistic insight. To meet this challenge, neuropsychiatric research must integrate

multiscale, network-based approaches across species, combining spatially comprehensive,

macroscale neuroimaging with the molecular precision of transcriptomics and the experimental

control afforded by animal models.
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This thesis contributes to this broader goal by advancing two central hypotheses, each

motivated by gaps identi�ed in the literature and grounded in complementary data modalities

(Fig 1.3). Through this work, we aim to clarify how brain structure and molecular function are

shaped by environmental and genetic factors across development:

1. Hypothesis 1 (macroscale): Network representations of the rat brain derived from

structural MRI provide valuable, in vivo phenotypes to characterize developmental

change and the effects of early life stress.

This hypothesis is motivated by the need for scalable, individual-level models of

brain architecture that are developmentally sensitive and experimentally tractable. In

Chapter 2, we introduce a novel, MRI-based network representation of the rat brain and

validate its correspondence to neuroanatomical and molecular features. InChapter 3, we

apply this framework to characterize normative development and the effects of controlled

early life stress exposure, identifying speci�c brain systems vulnerable to both processes.

2. Hypothesis 2 (microscale): Network-based multivariate approaches applied to human

postmortem transcriptomic data can re�ne gene expression signatures of psychiatric

disorders that re�ect genetic risk, while accounting for environmental in�uences.

This hypothesis addresses the challenge of disentangling genetic and environmental

effects on gene expression in human brain tissue. InChapter 4, we use traditional co-

expression network analysis in bulk transcriptomic data to identify molecular pathways

associated with psychiatric diagnoses in the subgenual anterior cingulate cortex. In

Chapter 5, we develop and apply a novel multivariate regression framework to isolate

transcriptomic patterns linked speci�cally to schizophrenia risk, while accounting for key

environmental variables accumulated across a lifespan with the disorder (e.g., medication

use).

Finally, in Chapter 6, we synthesize these �ndings and situate them within the broader

�eld, outlining methodological and conceptual directions for future research in developmental

psychiatry.
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Fig. 1.3Complementary approaches to understand environmental and genetic in�uences on neurodevelop-
ment. A) This work investigates how environmental and genetic factors shape neurodevelopmental outcomes
through two complementary studies: (1) We examine how early life stress affects cortical microstructure, using
a rat model to assess causality and control for genetic variation; (2) In human postmortem brain tissue, we
re�ne transcriptomic signatures of schizophrenia by quantifying the respective contributions of genetic risk and
environmental exposures.B) We apply network-based models in both studies to characterize complex interactions:
(1) We apply macroscale, MRI-derived brain network analysis to assess the impact of early life stress on rat
cortical organization; (2) We use a network-based, multivariate regression to characterize gene expression patterns,
accounting for cumulative effects of a lifetime with the disorder to isolate etiological origins of transcriptomic
changes.



Chapter 2

Describing and validating the rat cortical

similarity network

2.1 Introduction

Early life stress (ELS) is a robust predictor of psychiatric symptoms—including mood, anxiety,

and substance use disorders, as well as psychotic experiences and suicidal ideation—with

approximately 30% of lifetime mental disorders in the population attributable to ELS exposure

(McLaughlin, 2018). ELS has been associated with altered activity in the stress response,

immune, and autonomic nervous systems; however, the causal mechanisms linking early

exposures to long-term cognitive and behavioral outcomes remain poorly understood (Smith

and Pollak, 2020). Animal models are essential for addressing this mechanistic gap, allowing

controlled manipulation of early environments and in vivo measurement of brain changes

across development. Among model organisms, rats offer a unique combination of advantages:

they are accessible for high-throughput experimental designs (unlike non-human primates) and

exhibit complex, ethologically rich behaviors that more closely resemble those of humans than

mice (Bryda, 2013; Ellenbroek and Youn, 2016). Increasing our understanding of rat brain

structure and function is therefore critical for advancing the utility of this model for studying

the impact of experimental manipulations, including stressful exposures.

Network models of macroscale brain organization have fundamentally transformed our

understanding of brain structure and function (Bassett and Sporns, 2017; Bazinet et al., 2023a;

Bullmore and Sporns, 2009, 2012; Fornito et al., 2015; van den Heuvel and Sporns, 2011,

2013). Recent advances in human structural neuroimaging have provided robust methods for

constructing individual brain networks (Sebenius et al., 2024), including structural similarity

analysis (Li et al., 2017; Sebenius et al., 2023; Seidlitz et al., 2018). These approaches infer inter-
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areal similarity from magnetic resonance imaging (MRI)-derived morphometric features, with

nodes representing cortical areas and edges re�ecting the strength of correlation or divergence

between pairwise vectors or distributions of features. For example, morphometric inverse

divergence (MIND) estimates similarity as the Kullback-Liebler divergence between one or

more MRI feature distributions measured at voxel- or vertex-level resolution (Sebenius et al.,

2023). Evidence suggests that this macroscale MRI similarity re�ects microscale cortical cyto-

or myelo-architectonic similarity (Sebenius et al., 2023) and represents a broader principle

wherein structurally similar regions tend to exhibit similarity across multiple phenotypic

domains (Bazinet et al., 2023b), including axonal inter-connectivity according to the homophily

principle (García-Cabezas et al., 2019; Goulas et al., 2014; Sebenius et al., 2023). MIND

networks and related methods have demonstrated high reproducibility (Sebenius et al., 2023;

Seidlitz et al., 2018) and developmental sensitivity (Dorfschmidt et al., 2024; Fenchel et al.,

2020; Ruan et al., 2023; Sebenius et al., 2023; Shigemoto et al., 2023; Wang et al., 2023; Wu

et al., 2023). They also show environmental responsiveness (González-García et al., 2023;

Hettwer et al., 2024; Liu et al., 2024; Tian et al., 2021; Xiao et al., 2023), clinical relevance

(Cao et al., 2023; Homan et al., 2019; Li et al., 2019; Lisowska and Rekik, 2019; Mahjoub et al.,

2018; Vermunt et al., 2020; Zhang et al., 2020), signi�cant heritability (Sebenius et al., 2023),

and associations with gene expression (Morgan et al., 2019; Sebenius et al., 2023; Seidlitz

et al., 2018, 2020).

Despite the advantages of rats as a model organism, the network structure of the rat brain

remains relatively understudied. While mouse brain networks have been extensively charac-

terized using imaging (Allan Johnson et al., 2019; Benozzo et al., 2024; Bogado Lopes et al.,

2023; Bruce et al., 2021; Coletta et al., 2020; Huntenburg et al., 2021; Mandino et al., 2022;

Mueller et al., 2021; Pagani et al., 2016; Stafford et al., 2014), tract-tracing (Benozzo et al.,

2024; Oh et al., 2014; Rubinov et al., 2015), and spatial gene expression (Fulcher and Fornito,

2016; Fulcher et al., 2019; MICrONS Consortium et al., 2021; Yao et al., 2023), comparatively

little is known about network representations of the rat brain. Those data that do exist are

primarily derived from expertly curated tract-tracing studies (Swanson et al., 2017, 2019, 2020,

2022, 2024a,b) and suggest that the rat brain connectome exhibits complex topology (Swanson

et al., 2024b) akin to that in humans (Bullmore and Sporns, 2009) and mice (Rubinov et al.,

2015). However, these data are based on composite rat brains and do not support inference

at the individual level. Developing an individual-level network model of the rat brain from

a high-throughput, in vivo data modality would advance rat models as tools for investigating

the network underpinnings of brain development, behavior, and responses to experimental

manipulations.



2.2 Methods 25

Given these considerations, we sought to extend MRI similarity analysis to the rat brain

to generate individual-level microstructural similarity networks, and to use these networks

to test for the causal effects of ELS (operationalized as repeated maternal separation [RMS])

on the developing cortical architecture. To do so, we leveraged two unique longitudinal

neuroimaging datasets in rats (a normative developmental cohort and an experimental stress

cohort; Fig 2.1A) that measured magnetization transfer ratio (MTR), which is widely regarded

as a proxy marker of cortical myelination (Mancini et al., 2020; Schmierer et al., 2004; Turati

et al., 2015). Myelination is an attractive feature in this context because it is known to be

developmentally dynamic (Downes and Mullins, 2014; Hamano et al., 1998; Mengler et al.,

2014) and environmentally sensitive in rats (Abraham et al., 2023; Bass et al., 1970; Breton

et al., 2021; Han et al., 2022; Krigman and Hogan, 1976; Long et al., 2021; Oldham Green

et al., 2021; Sarabdjitsingh et al., 2017), but remains underexplored in rat MRI studies using

MTR (Bai et al., 1996).

In the following chapter, we demonstrate that morphometric similarity de�nes a dynamic

network architecture in the rat brain which can be validated against cytoarchitecture, gene

expression, and axonal tract-tracing. Developmental �ndings reveal strengthening of fronto-

hippocampal similarity alongside increased segregation of this system from other brain regions—

a process that declines in aging but is accelerated by exposure to RMS. Our work provides novel

tools for studying the systems-level organization of the rat brain that can be used to characterize

network-level underpinnings of complex lifespan behaviors and experimental manipulations

that this model organism allows. All code is available online as resources alongside the preprint

(Smith et al., 2024).

2.2 Methods

Note: I was not involved in the collection of the data used in this study. Drs. Jolyon Jones,

Ethan Dutcher, and Stephen Sawiak conducted the work described inExperimental designand

MRI acquisition. I performed the image registration and statistical analyses.

2.2.1 Experimental design

Pre-existing structural MRI data from two independent cohorts were used to assess network-

level changes that occur during development and in response to stress:

1. Normative development cohort(Jones et al., 2024) (Fig 2.1A)

Male Lister Hooded rats (N = 47) were kept on a reverse light/dark cycle with red light

on from 7:30am - 7:30pm and white light for the other half of the daily cycle. Rats
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underwent MRI scanning and weaning on postnatal day (PND) 20 or 21 (N = 40; here

referred to as PND 20). Rats were scanned again at PND 35 (N = 38), PND 63 (N = 42),

and once between PND 212-244 (N = 43; here referred to as PND 230). Figure A.1

shows the number of observations per animal in the normative developmental cohort, with

32 animals (68% of total) having scans at each of the four timepoints from PND 20 (post-

weaning) to PND 230 (aging adult). Experiments were carried out in accordance with the

(U.K Animals) Scienti�c Procedures Act (1986) under UK Home Of�ce project licenses

(PPL 70/7587 & PPL 70/8072) and were approved by the University of Cambridge

Ethics Committee. These data were collected by Dr. Jolyon Jones as part of his doctoral

research at Cambridge.

2. Experimental stress cohort(Dutcher et al., 2023) (Fig 2.1B)

Pregnant Lister Hooded rats (N = 14) were purchased from Envigo (Blackthorn, UK).

Litters were delivered by spontaneous partum on gestational days 22-24. Within three

days of birth, litter sizes were standardized to 4-6 pups, with each litter containing two

female and two male pups (except for one litter that had four males and two females). If

two litters were born within 24 hours of each other (as was the case for 10 litters), pups

were mixed between them.

After litter size adjustment, litters were alternately assigned by birth time to either

the repeated maternal separation condition (RMS;N = 30 pups: 14 female, 16 male)

or the control condition (N = 28pups: 14 female, 14 male). PND 0 was de�ned as the

day of birth. Body weight was measured weekly starting at PND 20. The animal facility

maintained a 12-hour reverse light cycle, with lights on from 21:00 to 09:00. From

PND 5-19 (inclusive), pups in the RMS condition were separated from their dam for 6

hours daily, beginning between 11:00 and 12:30. During separation, dams remained in

their home cages while pups were relocated to a different room and housed together in a

ventilated cabinet. The cabinet contained 1 cm of bedding, with surface temperatures

maintained at30� C-35� C using warm air and an electric heat pad. Control pups were

reared under standard facility conditions without maternal separation.

Following PND 20, all pups were weaned and housed in same-sex pairs. They re-

mained undisturbed until early adulthood, aside from weekly weighing and cage changes.

At PND 63, all animals underwent MRI scanning.

In late adulthood (8.5–10 months old), all animals were subjected to a subchronic

footshock stress protocol (adult stress, AS). Over a 19-day period, animals were placed

in operant chambers for 30 minutes on 14–16 days, receiving either 1 or 2 footshocks per

session, with a total of 20 shocks per animal. The shock schedule for the �rst 8 days was

as follows: 2, 1, 2, 0, 1, 2, 0, 1. Shock distribution over the remaining 12 days varied



2.2 Methods 27

per animal but was balanced across groups and sexes. All animals received 2 shocks

on the day before their MRI scan (days 9–13) and sacri�ce (day 19). No shocks were

administered on the sacri�ce day. Footshock timing within sessions was randomized,

except that no shocks occurred during the �rst �ve or last ten minutes. Shocks were

administered at 0.5 mA intensity for 0.5 seconds. The operant chambers (Med Associates,

St. Albans, VT) consisted of a grid �oor, a house light, high-contrast wallpaper behind

transparent Plexiglas walls, and a small overhead camera. The grid �oor was connected

to a scrambled shock generator (Med Associates).

Experiments were conducted on Project License PA9FBFA9F, in accordance with

the UK Animals (Scienti�c Procedures) Act 1986 Amendment Regulations 2012, the

EU legislation on the protection of animals used for scienti�c purposes (Directive

2010/63/EU), and the GSK Policy on the Care, Welfare and Treatment of Animal,

following ethical review by the University of Cambridge Animal Welfare and Ethical

Review Body (AWERB). Experiments were performed by Dr. Ethan Dutcher as part of

his doctoral research at Cambridge.

2.2.2 MRI acquisition

For both cohorts, high-resolution MRI was performed on a 9.4T horizontal bore MRI system

(Bruker BioSpec 94/20; Bruker Ltd.). Images were acquired under iso�urane anesthesia using

the manufacturer-supplied rat brain array coil with the rat in a prone position. Structural images

were obtained based on a 3D multi-gradient echo sequence (TR/TE 25/2.4 ms with 6 echo

images spaced by 2.1 ms, �ip angle 6� with RF spoiling of 117� ). The �eld of view was 30.72

× 25.6× 20.48 mm3 with a matrix of 192× 160× 160 yielding isotropic resolution of 160

mm with a total scan time of 6 min 36 sec with zero-�lling acceleration (25% in the readout

direction; 20% in each phase encoding direction). Magnetization transfer pulses (10mT, 2

kHz off-resonance) were applied within each repetition to enhance gray-white matter contrast.

Post-reconstruction, images from each echo were averaged after weighting each by its mean

signal. MRI scanning protocols were developed and run by Dr. Stephen Sawiak.

Throughout all scanning procedures, rats were anesthetized with iso�urane (1-2% in 1L/min

O2: air 1:4). Respiratory rate, oxygen saturation and pulse rate (SA Instruments; Stony Brook,

NY) were measured with anesthetic dose rates adjusted to ensure readings remained within a

physiological range. Body temperature was measured and regulated with a rectal probe and

heated water system to 36-37� C.
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Fig. 2.1Two independent experimental cohorts to assess reliability and validity of rat MRI similarity
networks as measures of developmental and stress-related changes in cortical microstructural networks.
A) Study design for the normative developmental cohort:N = 47male Lister Hooded rats were reared normally
and had brain MRI scanning at PND 20 (N = 40), PND 35 (N = 38), PND 63 (N = 42), and within a few days
of PND 230 (N = 43; all MRI timepoints are indicated by a star). PND 63 is outlined in black, as it marks the
timepoint used to construct the normative network.B) Study design for the experimental stress cohorts.N = 21
Lister Hooded pups were stressed by repeated maternal separation (RMS), i.e., for 1 hour/day every day from
PND 0 to PND 20, pre-weaning. A control group ofN = 22pups was reared normally. Both control and RMS
animals were subjected to footshock stress in mid-adutlhood. All animals completed MRI scanning at PND 63 as
young adults and around PND 300 as older adults. As with panel A, MRI timepoints are indicated by stars, and
the primary comparison timepoint (PND 63) is outlined in black. Figure created in https://BioRender.com.
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2.2.3 Image registration

Structural MRI image preprocessing was performed using the AFNI software package version

AFNI_24.2.03 (Cox, 1996). Brie�y, magnetization transfer (MT) images for each rats were �rst

deobliqued, spatially oriented, and translated to have spatial overlap with the Waxholm Space

reference template (WHS) (Kleven et al., 2023). We selected this space due to its alignment

with gold standard histological rat brain atlases (Paxinos and Watson, 2006; Swanson, 2018)

and the atlas's parcellation granularity (N = 222regions; refer to Table A.1 for a comprehensive

overview of all rat MR atlases considered). The@animal_warpercommand (Jung et al., 2021)

was then used to nonlinearly align all MT images to the WHS template. Because some input

datasets were notably smaller than the WHS standard template, we added the-init_scale

option to increase the search space of the registration algorithm, scaled to the relative size

ratio of the input scan to the template. Quality control image outputs for each scan (produced

by @animal_warper) were manually reviewed; for any images that were not successfully

registered,@animal_warperwas run again with the-init_scale parameter altered to better

approximate the size ratio. Refer to Figure A.2 for a schematic overview of the preprocessing

pipeline. All image registration scripts are available with the preprint (Smith et al., 2024).

2.2.4 Magnetization transfer ratio calculation

Magnetization transfer ratio (MTR) was calculated on a per-voxel basis for each scan in native

space. Brie�y, native scans were scaled according to the receiver gain (RG) parameter used in

the scan acquisition protocols, such that for image (IM) i = 1;2 for MT, PD andj = 1;2;3; : : : ;N

such thatRGi j is the RG for imagei for the jth animal, then

IMi j =
IMi j
RGi j

max(RG1j ;RG2j )

(2.1)

The scaled MT and proton density (PD) scans in native space were then used to calculate

MTR according to the equation (PD - MT) / PD. Both steps were executed using3dcalc in

AFNI (Cox, 1996).

Manual evaluation of MTR data quality resulted in the exclusion of 7 scans, typically

because of motion artifacts and particularly at the earlier timepoints. Example MT images and

their quality control images are shown in Figure A.3. The analyzable MRI datasets available

following preprocessing and quality control of the two cohorts are summarized in Table 2.1.

In the normative developmental cohort, a quality control check of the MTR data revealed

that, as expected, MTR increased in early development (PND 20 to PND 35) across most
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Table 2.1 Rat cohort timepoints and sample sizes

Postnatal Days (PND) N

Normative Developmental Cohort
20 40
35 38
63 41
230 43

Experimental Stress Cohort
Repeated Maternal Separation (RMS) 63 21

300 21
Normal Maternal Rearing (Control) 63 19

300 22

cortical systems (excepting the motor cortex) and animals and tended to stay elevated into

mid-adulthood (PND 230; Fig A.4A and Fig A.4B).

2.2.5 Morphometric Inverse Divergence (MIND) network calculation

MIND networks estimate structural similarity from MRI data (Sebenius et al., 2023). Brie�y,

cortical regions are represented by a distribution of structural MRI features sampled at many

points within the region, in this case, at each voxel. The MIND similarity between each pair of

regions is then calculated using the Kullback-Leibler (KL) divergence between their feature

distributions.

MIND analysis was originally described as a multivariate method (i.e., incorporating multi-

ple morphometric features and calculating the KL divergence between multivariate distributions)

(Sebenius et al., 2023). In this work, we chose a univariate approach, focusing on MTR as the

feature of interest, as this enhances the interpretability of network features. For example, an

increase in edge weight indicates that the MTR pro�les of those two regions became more

similar, likely indicating an increase in their myelo-architectonic similarity (whereas increasing

dis-similarity likely indicates myelo-architectonic differentiation). This approach facilitated

direct comparison to tract-tracing data.

Input data generation Each MTR image was aligned with the WHS atlas in the native

space of the respective MT scan (the scan with the highest contrast), so that each voxel in

the MTR scan was labeled with a region of interest based on voxel assignment output from

the registration pipeline. For each scan, a two-column CSV was generated, in which the �rst

column “Label” was the region of interest, and the second column (“MTR”) was the value for
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the corresponding voxel in the MTR scan. For cortical MIND calculation, the input CSV was

�ltered to contain only voxels belonging to regions under the “Cerebral cortex” hierarchical

level of the WHS atlas (which excludes olfactory bulb [OB] regions; alternative network

representations incorporating OB and subcortical regions were also considered [see Fig A.5

and Section 2.4.3]).

MIND network construction MIND networks were constructed for each scan by calculating

the KL divergence between pairwise combinations of regional MTR pro�les using the MIND

toolkit (https://github.com/isebenius/MIND). The MIND algorithm used can be sensitive to the

number of data points compared. To balance this, we estimated KL divergence for each pair of

regions by sampling the same number of data points (N = 5000) from each region, regardless

of its size.

MIND network phenotypes Edge weight and nodal strength (or weighted degree) were

considered network-based features of interest for downstream analyses (see Figure 1.2 for

schematic illustration). Edge weights were calculated asw = 1
1+ KL , per the MIND toolkit

(Sebenius et al., 2023). Nodal strength was calculated as the sum of all edge weights for a

given region; hubs were de�ned as the 10 regions with the highest nodal strength. The rich

club coef�cient (f ), a network measure that quanti�es the tendency of hubs to be more densely

interconnected compared to lower-strength nodes (Fornito et al., 2016a; van den Heuvel and

Sporns, 2011), was calculated for the normative network as follows:

f w(s) =
W> s

Wmax;> s
(2.2)

where

• W> s = sum of edge weights among nodes with strength greater thans (i.e., hubs)

• Wmax;> s = sum of the strongest edges in the network

2.2.6 Edge distance calculation

The midline of the WHS atlas was determined using the AFNI function3dcalc to separate

the left and right hemispheres. To approximate the center of each WHS region of interest, the

AFNI function3dCM -Icent (Cox, 1996) was then used. Then, for pairwise regionsa andb,

the edge lengthdab was calculated as the Euclidean distance between centersa = ( x0;y0;z0)

andb = ( x1;y1;z1):

dab =
q

(x1 � x0)2 + ( y1 � y0)2 + ( z1 � z0)2 (2.3)
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2.2.7 Rat atlas mapping

We mapped the WHS atlas into Brain Maps 4.0 (BM4) atlas space (Swanson, 2018), Zilles

atlas space (Zilles, 2012), and Allen Mouse Brain Atlas space (AMBA) (Lein et al., 2007)

to compare the MIND similarity network to cortical tract-tracing data (Swanson et al., 2017,

2024b), cortical type (García-Cabezas et al., 2023), and mouse spatial transcriptomic expres-

sion (Yao et al., 2023), respectively. We did so �rst by aligning cortical regions based on

nomenclature. However, not all regions maintained consistent nomenclature across atlases, so

we also visually inspected anatomical alignment of regions using the WHS EBRAINS online

resource (https://www.ebrains.eu/tools/rat-brain), BM4 atlas maps (https://sites.google.com/

view/the-neurome-project/brain-maps), Zilles atlas cortical maps in stereotaxic coordinates

(https://link.springer.com/book/10.1007/978-3-642-70573-1), and AMBA online interactive

atlas viewer (http://atlas.brain-map.org/atlas?atlas=1). Brie�y, we identi�ed the position of

each region in the reference (BM4, Zilles, or AMBA) atlas maps, then panned through the

WHS atlas using the EBRAINS tool to approximate the same coronal slice and identify which

region most closely aligned with the reference anatomical position. We also considered the

relative positions of surrounding regions to determine this alignment. All atlas mappings are

provided as resources with the publication.

In this work, the BM4 atlas was used as the reference space for the tract-tracing comparison,

the Zilles atlas was used as the reference space for the cortical type comparison, and the AMBA

atlas provided reference space for the mouse transcriptomics comparison. If multiple WHS atlas

subdivisions comprised a single reference atlas region, the median across these subdivisions

was taken as the MIND edge weight for that region.

2.2.8 Cortex type network thresholding

WHS cortical regions were categorized by their cortical type using the data presented in (García-

Cabezas et al., 2023) and grouped according to whether they are part of the archicortical

allocortex or mesocortex (agranular or dysgranular subdivisions). Paleocortical and eulaminate

regions were excluded from this analysis due to the very small number of constituent regions

de�ned by the atlas. Each MIND edge was then de�ned as "intra-class" or "inter-class" based

on whether both regions were part of the same cortex type or not, respectively. To assess the

extent to which top-weighted MIND edges consisted of two regions within the same cortex

type, the normative MIND network was thresholded across densities (comprising 0-10% of

top-weighted edges), and the percentage of intra-class edges was calculated.
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2.2.9 Tract-tracing Jaccard calculation

To convert the cortical tract-tracing matrix (Swanson et al., 2017, 2024b) into a similarity

network, the Jaccard index between each pairwise combination of regions was calculated. The

set for a given regiona was de�ned as the ordinal tract-tracing weight with each other region.

The Jaccard indexJ between two regionsa, b was then calculated as the intersection of their

sets divided by the union as follows:

J(a;b) =
jA\ Bj
jA[ Bj

(2.4)

2.2.10 Statistical modeling

Null network generation Ten thousand distance-corrected null networks were generated to

assess whether alignments of the normative MIND network with cortical type, tract-tracing

similarity, and mouse gene expression similarity were greater than would be expected by

chance. To do so, all MIND network edges were classi�ed into three evenly sized bins based on

distance: proximal, intermediate, and distal (Fig A.6). Edge weights within each bin were then

reshuf�ed to generate a null network that preserved the edge weight-distance structure. The

cortical type, tract-tracing, and gene expression analyses were repeated for each null network

to generate a null distribution for comparison of each analysis.

Developmental change Changes that occurred in edge weight (w) and nodal strength (s)

during normative development (Dwdev; Dsdev) and aging (Dwage; Dsage) were quanti�ed by

calculating the linear gradient or slope of age-related change in each period (Fig A.7). Early

development was de�ned as PND 20 to PND 35, as the highest proportion of change occurred

here, and aging was de�ned as PND 63 to PND 230. For each region, a linear mixed effects

model was �t with the normalized strength as the dependent variable, continuous age and total

brain volume as �xed effects, and each individual rat as a random effect:

normalized strength� b1 age+ b2 TBV +( 1jsubject) (2.5)

Edge-level analyses were run using coarse-grained systems labels (de�ned by WHS atlas)

for interpretability. In this case, ROI-level edges were also included as a random effect:

normalized weight� b1 age+ b2 TBV +( 1jsubject)+ ( 1jROI edge) (2.6)
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The coef�cient for age,b1, was estimated as the slope for that region within the given period.

The effect size (Dw; Ds) was used to plot and compare between early development and aging

epochs.

RMS-control effect size Case-control analysis at PND 63 was used to identify changes that

occurred in response to RMS and were measurable in young adulthood. For each region, the

following model was used:

normalized strength� b1 group+ b2 sex+ b3 age+ b4 TBV (2.7)

As with development, case-control edge effects were determined at the systems-level, with

ROI-level edges included as a random effect:

normalized weight� b1 group+ b2 sex+ b3 age+ b4 TBV +( 1jROI edge) (2.8)

The same statistical models were applied to case-control comparisons at PND 300 to identify

differential responses to the adult stressor, depending on the presence or absence of the early-life

stressor.

Due to limited sample size, we used permutation testing to assess the signi�cance of the

observed effects. Across all models, the effect size associated with the group term was estimated

as the actual case-control effect size for a given region or edge. Then, for each region and

edge, 1000 permutations were run in which the group label was randomly sampled, and the

case-control effect size was estimated under the null hypothesis. TheZ-score for each actual

effect size in this permutation distribution was calculated; any region withjZj > 1:96(P= 0:05)

was considered signi�cant.

Relating developmental changes and case-control effectsTo characterize the relationship

between RMS case-control effects and normative developmental changes, Pearson's correlation

was run onDwdevandDwagevs edge-level PND 63 case-control effect size. To assess the extent

to which the strength of this relationship was greater than expected under the null hypothesis,

10000 permutations were run, in which the edge assignment of RMS effect size was randomly

resampled and again correlated withDwdev andDwage. TheZ-score of the actual Pearson's

correlation was determined, and theP-value was calculated as 1 - (proportion of permuted

correlations that were smaller than the observed correlation).
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Post-hoc analyses Finally, we assessed case-control differences in regional volume and

regional MTR in response to early-life and adult stress, aiming to determine whether the

affected regions overlapped with those identi�ed through MIND nodal strength analyses. These

comparisons were performed by applying Equation 2.7 to regional volume and MTR data

across individuals.

Across all statistical analyses,P values were corrected for multiple comparisons using the

Benjamini–Hochberg (BH) method.

2.2.11 Rat brain plot construction

Flatmap rendering A �atmap is a two-dimensional representation of the brain that facilitates

visualization of spatial relationships between regions (Herrick, 1948; Swanson, 2000). Flatmaps

are particularly useful for displaying cortical organization and topographic continuity, avoiding

distortions introduced by sulcal and gyral folding in three-dimensional renderings (Swanson,

2000). While �atmapping techniques have been used elsewhere in comparative neuroanatomy

and cortical cartography (Herrick, 1948; Nauta and Karten, 1970), Swanson and colleagues

were the �rst to systematically adapt this approach to the rat brain (Hahn and Duckworth, 2023;

Hahn et al., 2021; Swanson, 1992). In this study, rat brain �atmap plots were derived from the

work of (Hahn and Duckworth, 2023; Hahn et al., 2021).

The SVG �le provided by (Hahn and Duckworth, 2023) was �rst converted to well-known

text (WKT) using code from https://github.com/davidmcclure/svg-to-wkt. The WKT was

then parsed into geometry objects in R using the packagesf version 1.0.17 (Pebesma, 2018).

Flatmaps represent a practical and underutilized tool for visualizing architectonic variation and

similarity in the rat cortex, particularly in connectomic studies. To facilitate broader use, we

provide all �atmap construction resources with the preprint (Smith et al., 2024).

Anatomical rendering Rat brain maps were also visualized using an anatomical rendering

that preserved 3-dimensional brain structure. Nifti �les representing the right and left hemi-

spheres of the WHS (generated inEdge distance calculation) were loaded into R using the

packageRNifti version 1.7.0 (Clayden et al., 2024). Each region was converted to a point

cloud based on voxel intensity index using the R packagelidR version 4.1.2 (Roussel et al.,

2020). Outlying voxels (noise) were removed using the isolated voxel �lter (resolution = 4, N

= 25) (Roussel et al., 2020). Point clouds were converted to geometry objects in R using the

packagesf version 1.0.17 (Pebesma, 2018).
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2.2.12 Code availability

All visualizations were rendered using the R packageggplot2 version 3.5.1 (Wickham,

2016). All code for data preprocessing, data analysis, and �gure generation is available

at https://github.com/rlsmith1/rat_MRI_similarity_networks.

2.3 Methodological considerations: rat structural MRI pre-

processing

2.3.1 Rationale

Reproducibility in scienti�c research, particularly in neuroimaging, has grown as a source of

major concern (Botvinik-Nezer and Wager, 2023). To enhance reproducibility, best practices

in software engineering, data sharing, and transparent reporting must be employed. The rat

structural MRI scans used in this study had undergone multiple preprocessing attempts, but

inconsistencies in pipelines, atlases, and resulting regional volumes highlighted the need for

a standardized approach. Additionally, our MIND network construction required voxel-level

MTR values, whereas earlier work�ows had only produced region-level values. Thus, we opted

to reprocess the MRI data using open-source software toolkits and publicly available atlases to

ensure robustness and reproducibility.

2.3.2 Stages of preprocessing

Challenges in toolkit installation The �rst step in preprocessing was selecting an appropriate

pipeline and rat atlas (Fig 2.2A). Unlike human neuroimaging, where standard pipelines and

atlases are widely adopted (Fischl, 2012; Laird et al., 2010), rodent neuroimaging lacks

standardization. Many resources exist (e.g., atlases summarized in Table A.1) but many studies

rely on "in-house" solutions. Our goal was to implement an open-access, reproducible pipeline

with a published atlas.

Initially, we selected an open-source toolkit designed for rodent image registration and

described as "�exible" and "modular" (Friedel et al., 2014). However, the toolkit was part of a

larger software suite developed over a decade with sparsely documented dependencies, making

installation on external systems exceedingly dif�cult. Over several months (spanning around

January to September 2022), we pursued a series of installation approaches (Fig 2.2B):

1. Install toolkit and its dependencies locally, attempted on two different computers
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2. Install toolkit and its dependencies directly on the Cambridge high performance comput-

ing cluster (HPC)

3. Build a custom Docker with the toolkit and its dependencies and executing it as a

Singularity container

4. Use pre-existing Docker images with incremental modi�cations

(a) Add the toolkit and almost all dependencies to a base dependency image

(b) Add toolkit and (fewer) missing dependencies to a more complete image

(c) Utilize a developer-provided Docker image and adding the toolkit

5. Final parallel attempts:

(a) Use a Spack package manager for installation and con�guration on the Cambridge

HPC

(b) Grant the toolkit developer HPC access to con�gure the software

Despite persistent effort, each attempt resulted in unique errors, with several leading to suc-

cessful installation but failed test runs due to miscon�gurations. Ultimately, proper installation

and con�guration were achieved only with direct collaboration between the software developer

and Cambridge HPC support staff.

Challenges in pipeline execution Once installed, we attempted to preprocess our data using

a simple preset pipeline but encountered errors during an early rigid transformation stage. The

error messages provided little insight, and visual inspection of mid-pipeline quality control

images did not reveal the issue. We later determined that the spatial orientation of the scans

was misaligned—an issue not evident in the error logs. Given these persistent challenges, we

decided to pivot to a different software solution.

Switch to an alternative software Following our struggles with the initial toolkit, we opted

for Analysis of Functional NeuroImages (AFNI) (Cox, 1996) (Section 2.2). AFNI is well-

documented, easily accessible, and supported by a responsive development team. Within weeks

of reaching out, we had a functioning preprocessing pipeline and successfully preprocessed

data.

Detection of gadolinium artifacts Our intial exploratory analyses revealed extreme outliers,

particularly among younger (PND 20) scans. Upon visual inspection, we found that some scans

appeared abnormally dark. Through meticulous review of hundreds of handwritten scan records,

I discovered that several scans had been injected with gadolinium, a contrast agent affecting

MTR values. After verifying all affected scans, we excluded them from further analysis.
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Fig. 2.2The stages and timeline of rat MRI data access and preprocessing. A)The full timeline of sequential
issues with the rat data preprocessing. The second circle (issues with preprocessing toolkit installation) is
elaborated upon in panel B.B) A cyclical depiction of attempts to install and con�gure a rodent neuroimaging
preprocessing toolkit on the Cambridge HPC. Each attempt was met with unique errors, except for step 5b which
led to the same error that resulted from step 1.
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Switch to WHS atlas A key goal of our analysis was to benchmark our novel network

representation against other neurobiological datasets, particularly the meta-analytic tract-

tracing connectome (Swanson et al., 2017). However, our initial atlas (Barrière et al., 2019)

differed substantially in nomenclature and anatomical parcellation from the atlas used to de�ne

the tract-tracing connectome (Swanson, 2018). Fortunately, an updated Waxholm atlas was

published (Kleven et al., 2023), explicitly designed to align with gold-standard histological

atlases (Paxinos and Watson, 2006; Swanson, 2018). To improve the comparability of our

similarity network with other neurobiological data, we reprocessed all scans using the WHS

atlas.

Correction for receiver gain bias Upon reviewing raw MT data, we detected an anatomical

bias along the superior-inferior axis. Consultation with the scanning protocol developer revealed

this was due to an uncorrected receiver gain (RG) bias. RG refers to the ampli�cation of the

signal received from the MRI coil before it is processed into an image (Wu et al., 2021). It

optimizes image quality by improving signal-to-noise ratio, as weak signals emitted by excited

protons are suf�ciently ampli�ed without introducing excessive noise. In our case, RG was

dynamically adjusted for each scan, making MTR values incomparable across subjects. To

correct for this, we recalculated MTR values using Equation 2.1 and reconstructed MIND

networks accordingly.

Addressing the regional strength-volume relationship Several months into the corrected

data analysis, we observed a striking relationship between regional volume and MIND-derived

nodal strength: a right-skewed distribution peaking at mid-sized regions. This pattern suggested

a technical artifact rather than a biological phenomenon. Discussions with the MIND toolkit

developer led to a workaround: estimating the Gaussian distribution of voxel values per region

and resampling an equal number of points per region, ensuring uniform contribution across

region sizes (Section 2.2). This successfully mitigated the volume-related bias.

2.3.3 Key insights

These data acquisition and preprocessing challenges began in September 2021 were �nalized

in May 2024, with manuscript submission in December 2024 (Fig 2.2A). While other projects

progressed in parallel during this period, preprocessing proved to be the most time-consuming

and challenging aspect of this project, requiring substantial persistence and iterative problem-

solving.

This experience reinforced my commitment to open-access, well-documented, and standard-

ized tools for data preprocessing and analysis. As described by Botvinik-Nezer and Wager
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(2023), achieving analytic reproducibility requires ensuring that identical data and methods pro-

duce consistent results. My experience aligns with the principles they describe: neuroimaging

results are highly sensitive to preprocessing choices, underscoring the importance of stan-

dardized templates, atlases, and software pipelines. Moreover, software toolkits should be

user-friendly, well-documented, and equipped with clear outputs and built-in visualization tools.

AFNI exempli�ed these qualities, bene�ting from active maintenance, community support, and

adaptable features.

To support reproducibility in rat neuroimaging, we provided all documented preprocessing

code with the manuscript, hoping it serves as a useful resource for future researchers. Addition-

ally, I have extended these efforts by assisting other PhD students with rodent neuroimaging

data collection and preprocessing, carefully documenting every step to promote transparency

and consistency.

2.4 De�ning the normative adult rat microstructural MIND

network

2.4.1 Normative network structure

We calculated each individual rat cortical network as thef 53� 53g matrix of edge weights

(w) for all pairwise MIND similarity values between 53 areal nodes, and we estimated the

normative cortical microstructural network as the median across edge weights in a sample of

N = 41adult rat brains (postnatal day [PND] 63; young adulthood) from the normative cohort

(Fig 2.1A; Fig A.1; Fig 2.3A). The 53 regions were grouped into 15 coarse-grained cortical

systems, as de�ned by the Waxholm Space Atlas (Kleven et al., 2023), for edge-level analyses

and interpretability of results (Fig 2.3B; Fig 2.3C).

2.4.2 Normative network topology

In network neuroscience, topography refers to the spatial layout of brain regions, while topology

refers to how those regions are interconnected. Here, we focus on the topological structure

of the normative cortical MIND network by examining its nodal strength distribution and

higher-order organization.

The normative network distribution of nodal strength (i.e., the sum of all edge weights

connecting it to the rest of the network,s; 2.4A) was left-skewed (Figs 2.4B), indicating a

generally high MTR-based anatomical similarity across the cortex. Hubs, de�ned as nodes with

the highest strength (Fornito et al., 2016b), and rich-club organization, which examines whether
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Fig. 2.3Structure of the normative rat cortical microstructural network. A) Heatmap representation of the
normative rat connectome, de�ned as the median edge weight across rats in the normative cohort, at postnatal
day 63 (PND 63). Rows and columns are ordered by cortical systems, as indicated by annotation bars. Tile color
indicates strength of MIND similarity (edge weight,w). B) A �atmap rendering of cortical systems derived from
Hahn et al. (2021) and Hahn and Duckworth (2023). Colors correspond to cortical systems as indicated below.C)
Anatomical positions of regions of interest within each cortical system. Each point represents the center for a
given cortical region of interest (N = 53), as de�ned by the WHS; lines represent intra-system edges. For coronal
and axial plans, only right hemisphere nodes are shown.
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hubs have stronger similarity with each other than expected by chance (Fornito et al., 2016a),

are functionally relevant features of brain networks described in humans and other organisms

(Bullmore and Sporns, 2009; Rubinov et al., 2015; Swanson et al., 2024b; Towlson et al.,

2013; van den Heuvel and Sporns, 2011). We �nd this principle holds true in rat brain MIND

networks. The hubs, de�ned as the 10 nodes with the highest strength, primarily consisted of

hippocampal and piriform regions (Fig 2.4C). The rich club coef�cient (f , calculated using

Equation 2.2), was 0.95, compared to a median coef�cient of 0.45 across 10000 distance-

corrected null networks (Fig 2.4D and Fig 2.4E), indicating a signi�cantly greater-than-random

strength of connectivity among cortical hubs (Z = 73; P < 0:001). This evidence for a rich

club organization in MIND networks was consistent with prior reports of rich clubs in the

meta-analytic connectome from rat tract-tracing data (Swanson et al., 2024b) and in other

species and brain network modalities (Towlson et al., 2013; van den Heuvel and Sporns, 2011).

2.4.3 Alternative network structures

In this work, we also considered network structures de�ned using alternative features and sub-

sets of brain regions. As described in Section 2.2, we selected MTR as the sole morphometric

feature to enhance interpretability and comparability with the meta-analytic wiring connectome.

In terms of constituent regions, we considered network constructions that incorporated all

regions de�ned by the WHS atlas (including subcortical,N = 222, A.5A), as well as networks

including cortical and olfactory bulb regions (N = 57, A.5B). However, we chose to exclude

subcortical regions because many were too small to support robust parcellations or MTR distri-

butions (e.g., as few asN = 20voxels). Additionally, MTR is less interpretable for subcortical

regions than in cortical regions, where it re�ects intracortical myelination. Ultimately, we also

decided to exclude the OB, as its morphology differs sharply from the rest of the cortex (e.g.,

see Fig 2.5C and Fig 2.6A). Moreover, OB regions are not classi�ed under "Cerebral cortex" in

the WHS hierarchical structure (Kleven et al., 2023).

2.5 Normative network validation using neurobiological fea-

tures

Research in humans has shown that structural similarity networks re�ect key neurobiological

features, including axonal connectivity and cytoarchitectonic similarity (Sebenius et al., 2023,

2024). Since this study is the �rst to describe structural similarity networks in rats, we aimed

to establish these relationships within the normative network reported here. Con�rming the
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Fig. 2.4Graph-based metrics of the normative network. A)Maps of normative nodal strength. Left: Topo-
graphic (�atmap) cortical rendering (right hemisphere only). Right: Anatomical MRI rendering. Network hubs,
or top 10 nodes by strength, are labeled. CA1=cornu ammonis 1; PIR1=piriform cortex, layer 1; CA3=cornu
ammonis 3; DG=dentate gyrus; S1-tr=primary somatosensory area, trunk representation; DI=dysgranular insular
cortex; PIR2=piriform cortex, layer 2; PIR3=piriform cortex, layer 3; PER35=perirhinal area 35; Au1=primary
auditory area.B) Nodal strength distribution of the adult normative network. Each point on the x-axis shows the
strength of a given region (de�ned as the sum of all edge weights for that region), while the y-axis shows smoothed
density of nodes for each strength bin.C) Ten regions with the highest nodal strength, i.e., "hubs". The x-axis
represents the median strength (� sd) of each region; each point is colored by cortical system as in Fig 2.3. The
y-axis shows each region of interest (same abbreviations as panel A).D) Anatomical representation of the network
rich club. Each point represents a hub (from panel C), and the interconnectivity among all hubs is indicated by
connecting lines. The width and color of each line indicates edge weight; i.e., the strength of similiarty between
the two hubs.E) Normative MIND network rich club coef�cient versus 10000 distance-corrected null networks.
The x-axis shows the rich club coef�cient, while the y-axis indicates density distribution. The rich club coef�cient
of the normative network, de�ned as the sum of all hub inter-connections (N = 90) divided by the sum of the top
N = 90edges, is shown in by the position of the maroon line (f = 0:95). The black curve shows the distribution
of rich club coef�cients across distance-corrected null networks (medianf = 0:45).
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neurobiological relevance of this network enhances the interpretability and signi�cance of

downstream �ndings.

We validated the normative MIND network against four key predictions: that MIND

similarity was greater between regions that (i) were spatially closer to each other, (ii) were

more architectonically similar to each other, (iii) had more similar gene expression pro�les,

and (iv) had more similar pro�les of axonal projections in prior tract-tracing data. All four of

these predictions were veri�ed as detailed below.

2.5.1 Edge-distance relationship

First, we found that morphometric similarity decreased with increasing inter-areal distance, such

that the Euclidean distance between node centers (calculated using Equation 2.3 in anatomical

space) was negatively correlated with edge weight (r = � 0:66; P < 0:001; Fig 2.5A). This

result aligns with expectations, as brain regions that are in closer spatial proximity tend to

exhibit greater structural similarity (Alexander-Bloch et al., 2013).

2.5.2 Cytoarchitectonic similarity

Second, if MIND similarity truly re�ects cytoarchitectonic similarity, we would expect regions

of the same cortical type to exhibit higher MIND edge weights. To test this, we co-registered

our neuroimaging data with a cytoarchitectonic atlas of the rat brain (García-Cabezas et al.,

2023) (Fig. 2.5B), and found that MIND edges between regions of the same cortical type

or class ("intra-type" and "intra-class" edges) exhibited higher similarity than edges between

regions of different cortical classes ("inter-type" and "inter-class" edges).

The rat neocortex is structured along gradients of laminar differentiation, which expanded

from allocortical areas (archicortical [hippocampal] and paleocortical [olfactory]) according

to the dual origin theory (García-Cabezas et al., 2023) (Fig 2.5B). In rodents, these cortical

gradients extend through mesocortical (agranular and dysgranular) into isocortical (eulaminate)

areas (García-Cabezas et al., 2023).

We �rst examined whether cytoarchitectonic similarity was indicative of higher MIND

similarity at the granular cortical type level. For each of the �ve cortical types, we tested

whether intra-type edges tended to have higher MIND weight than inter-type edges using

ANOVA (Fig 2.5C). Although archicortical, paleocortical, and some eulaminate intra-type

edges qualitatively appeared to have higher edge weights, none of the ANOVA tests reached

statistical signi�cance (archicortexP = 0:08; paleocortexP = 0:06; dysgranularP = 0:07;

agranularP = 0:07; eulaminateP = 0:07).
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Fig. 2.5MIND-based similarity is higher among regions of the same cortical type. A)Scatter plot of the
distance between two nodes (x-axis) and their MIND similarity, or edge-weight between them (y-axis). Distance is
de�ned as the Euclidean distance between region of interest centers, as determined using the Waxholm Space atlas.
B) Topographic (�atmap) rendering of cortical types, as de�ned by García-Cabezas et al. (2023). Granular cortical
type are shown to the left of the vertical line, while coarser cortex class categories are shown on the right.C)
Distributions of intra-cortical type and inter-cortical type MIND edge weights. All combinations of each cortical
type class with itself and each other cortical type class are shown on the x-axis, while the distribution of MIND
edge weights within that category is shown on the y-axis. Maroon indicates a within cortex type connection,
while gray indicates a between cortex type connection.D) Distributions of intra-cortex class and inter-cortex class
MIND edge weights. Panel legend is the same as panel C with the x- and y-axes �ipped. Eulaminate (isocortical)
areas were not considered in this analysis due to too few representative regions.E) Proportion of intra-class edges
across network density thresholds. The x-axis shows the proportion of top-weighted edges considered, while the
y-axis indicates the percentage of those top-weighted edges that consists of two regions from the same cortex
class. The maroon curve shows the percentage of within-class edges in the normative MIND network, while the
gray line shows the mean percentage (� sd) of within-class edges across 10000 permuted null networks.
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We suspected that low statistical power contributed to these null results, as the rat cortex is

predominantly mesocortical, leaving only a few regions of interest in the paleocortical (N = 3

without OB regions) and eulaminate (N = 5) groups. Therefore, we re�ned our hypothesis by

removing these cortical types, and we reran the analysis at the broader cortex class level (Fig

2.5D). Intra-class edges between two allocortical areas ("allo-allo") had signi�cantly higher

similarity than edges between allocortical and mesocortical ("allo-meso") areas (FDR< 0:05).

However, meso intra-class edges were not signi�cantly more similar than allo-meso (Fig 2.5D).

To probe this relationship further, we calculated the percentage of intra-class edges (allo-allo

and meso-meso) at various binary network densities, thresholding across a range of sparse

connection densities (1% to 10% of all possible pairwise edges). We then compared these

to distance-corrected null networks thresholded across the same range (Fig 2.5E). Across

all thresholds, the empirical rat network demonstrated a signi�cantly higher percentage of

intra-class edges than the null networks (Fig 2.5E), suggesting a higher-than-chance density of

cytoarchitectonically similar edges among edges with the highest MIND similarity.

2.5.3 Mouse transcriptomic similarity

Third, we predicted that regions with more similar patterns of gene expression would also

exhibit higher MIND similarity. However, a spatial transcriptomic atlas of the rat brain is

not yet available. To overcome this limitation, we leveraged homology between the rat and

mouse brain to access spatially comprehensive transcriptomic data from the Allen Mouse Brain

Atlas (AMBA; N = 437genes) (Yao et al., 2023). While we acknowledge the challenges of

cross-species comparisons, our goal was to assess the general consistency between edge-wise

MIND similarity and transcriptional similarity, rather than expecting a precise one-to-one

correspondence.

As described in Section 2.2, we mapped the WHS rat atlas to the AMBA and excluded

regions not included in the normative MIND network (i.e., retained only cortical regions). To

construct the mouse gene expression similarity network, we computed the median expression

value for each gene within each parcellation structure and calculated pairwise correlation

between regions. The resulting similarity matrix is shown in the top left triangle of Figure

2.6A.

When the olfactory bulb is retained in both similarity networks, a signi�cant correlation

emerges between MIND and gene expression similarity (r = 0:3; Fig 2.6B). Notably, OB

regions are highly distinct from the rest of the cortex in both gene expression and MTR-derived

pro�les (Fig 2.6A). This pattern is further illustrated in Figure 2.6B, in which the bottom

left cluster of points (low gene expression similarity and low MIND similarity) corresponds
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to edges containing OB regions. These �ndings support our general hypothesis that MIND

similarity re�ects broad patterns of transcriptional similarity.

However, our normative MIND network was originally de�ned without the OB. When

OB regions are removed from both the gene expression and MIND similarity networks, the

correlation disappears (r = 0:075; Fig 2.6C). Interestingly, most of the edges in the top left

corner of the scatter plot (low gene expression similarity but high MIND similarity) contain

hippocampal regions. When hippocampal edges are also removed, the relationship between

MIND and transcriptomic similarity is restored (Fig 2.6D). This result suggests that MIND

similarity among hippocampal edges may be driven by non-transcriptional factors.

2.5.4 Axonal connectivity and tract-tracing similarity

Fourth, we hypothesized that MIND similarity would also re�ect of axonal connectivity, such

that regions with higher MIND similarity would be more likely to share a direct anatomical

connection. To test this hypothesis, we compared our normative MIND network to the meta-

analytic wiring connectome of the rat brain (Swanson et al., 2024b). The wiring diagram was

expertly compiled from 185 peer-reviewed studies and reported as a directed and weighted

monosynpatic macroconnection matrix across gray matter regions (Swanson et al., 2017).

Connections in the wiring connectome were assigned ordinal weights based on the strength of

supporting evidence:

• 0 = Identity (same origin and termination), No data, Unclear, or Absent

• 1 = Very weak

• 2 = Axons-of-passage (some connectivity possible) or Weak

• 3 = Weak to moderate

• 4 = Present or moderate

• 5 = Moderate to strong

• 6 = Strong

• 7 = Very strong

Unlike the MIND network, which includes many high-weight edges, the wiring connectome

is relatively sparse, containing 5,394 connections out of a possible 23,562, yielding a connection

density of 23% (Swanson et al., 2017).

Axonal connectivity To compare the ordinal connectome matrix with the continuous MIND

network, welog10-scaled the connectome weights and computed the median edge weight

across directions and hemispheres, given that the MIND network is neither bilateral nor

direction-speci�c. We thenZ-scored both the tract-tracing and MIND weights to enhance
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Fig. 2.6The normative MIND network aligns with spatial gene expression similarity de�ned in the mouse
brain. A) Heatmap representations of the mouse gene expression similarity network (top left of the diagonal) and
weighted MIND similarity network (bottom right of the diagonal). Both networks include olfactory bulb (OB)
regions in this visualization. Each row and column represent a region of interest, de�ned by the AMBA (Lein
et al., 2007). To increase comparability between the networks, weights wereZ-scored.B) Correlation between
mouse gene expression similarity (x-axis) and normative MIND edge weight (y-axis) when olfactory bulb (OB)
regions are included. Each point represents an edge; the line of best �t and Spearman correlation are shown in
maroon.C) Same as panel B but without any OB regions.D) Edges with low similarity in mouse gene expression
pro�les, but high MIND similarity, principally comprising hippocampal regions, with removal of these edges
improving the correlation between MIND and gene expression similarity (r = 0:32).



2.6 Cross-cohort reproducibility 49

visual comparability (Fig 2.7A). To quantify their alignment, we binarized both networks across

density thresholds (1%-25%), where the top N% of weights were treated as present and the

remaining edges as absent, ensuring both networks had the same number of connections. We

then performed a chi-squared test to determine whether the proportion of shared "present"

edges was signi�cantly greater than expected by chance (Fig 2.7B). Between 4%-18% density,

the binarized networks exhibited signi�cant overlap, particularly along the diagonal (i.e., within

the same cortical system). These �ndings suggest a degree of alignment between tract-tracing

connectivity and MIND similarity.

Tract-tracing similarity However, the tract-tracing connectome and MIND similarity net-

work differ signi�cantly in their data structure. The tract-tracing matrix is ordinal, bilateral,

directed, and very sparse, whereas the similarity network is continuous, undirected, and dense.

To increase alignment between these datasets, we converted meta-analytic rat tract-tracing

data into a similarity matrix by calculating the Jaccard index of thelog10-transformed ordinal

connection weights between pairwise regions (Equation 2.4; Fig 2.8A). This transformation

yielded a continuous measure representing the similarity of axonal connectivity pro�les between

regions (i.e., the extent to which two regions share common connectivity patterns).

When the tract-tracing Jaccard index was correlated with MIND edge weights, a positive

relationship emerged (r = 0:25; P < 0:001; Fig 2.8B). To assess the signi�cance of this

correlation, we compared it to a null distribution generated from 10000 distance-corrected null

networks. The observed Spearman correlation was signi�cantly greater than chance (Z = 6:04;

P < 0:001; Fig 2.8B), suggesting a meaningful relationship between anatomical connectivity

pro�les and MIND similarity.

To further investigate this relationship, we examined edges in the top left corner of the

scatterplot in Figure 2.8B, which indicate high MIND similarity but low tract-tracing similarity.

We found that most of these edges involved parahippocampal regions, and that the exclusion

of paraphippocampal edges strengthened the MIND - tract-tracing correlation (r = 0:41;

P < 0:001; Fig 2.8C). This �nding suggests that parahippocampal similarity in the normative

MIND network may re�ect features beyond axonal connectivity.

2.6 Reproducibility and reliability of the normative network

in an independent cohort

Finally, to assess the reliability of MIND network analysis, we directly compared the median

adult MIND network for the normative developmental cohort (N = 41, PND 63) to the median

adult MIND network for an independent cohort of rats: namely, the normally reared (control)
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Fig. 2.7The normative MIND network re�ects axonal connectivity. A) Heatmap representations of the ordinal
tract-tracing network (top left of the diagonal) and weighted MIND similarity network (bottom right of the
diagonal). Each row and column represent a region of interest, de�ned by the Brain Maps 4.0 atlas (Swanson,
2018). To increase comparability between the networks, weights wereZ-scored.B) Statistical intersects between
binarized networks across thresholds. Top: Chi-squared test results across thresholds. Each threshold tested is
shown on the y-axis, while the x-axis shows� log10(P) of the chi-squared test at that threshold density. Points
are colored and sized by the chi-squared test statistic; the most signi�cant test is outlined in maroon. Bottom:
Binarized representations of the normative MIND (left) and ordinal tract-tracing (right) networks at the threshold
with the most signi�cant intersect. Rows and columns are ordered the same as panel A; tiles are colored black if
the connection is present at the density threshold. Connections that are present in both networks at this threshold
are marked in maroon, distinguishing them from unique connections shown in black.
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Fig. 2.8The normative MIND network re�ects similarity of axonal connectivity. A) Heatmap representations
of the tract-tracing similarity network (top left of the diagonal) and weighted MIND similarity network (bottom
right of the diagonal). Each row and column represent a region of interest, de�ned by the Brain Maps 4.0 atlas
(Swanson, 2018). To increase comparability between the networks, weights wereZ-scored.B) Top: Correlation
between similarity of tract-tracing connection pro�les between pairwise combinations of regions and strength of
MIND similarity. The Jaccard index for edgei j was de�ned as the intersection of tract-tracing connections (i.e.,
whereik == jk) divided by the union of all connections containingi, j, or both (2.4). Bottom: This relationship
was signi�cant compared to a null distribution of 10000 distance-corrected networks (normative network Spearman
correlationZ = 6; P < 0:001). C) Edges with low similarity in tract-tracing pro�les, but high MIND similarity,
principally comprised parahippocampal regions, with removal of these edges improving the correlation between
MIND and tract-tracing similarity (r = 0:41).
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group in the experimental stress cohort (N = 19, PND 63) (Fig 2.1B; Fig 2.9A). Edge weights

were highly correlated between the normative adult and independent control MIND networks

(r = 0:86; P < 0:001; Fig 2.9B), as was nodal strength (r = 0:91; P < 0:001; Fig 2.9C). These

results demonstrate a high level of replicability of the cortical microstructural network estimated

by identically implemented MIND analyses of MTR data collected using the same sequences

in two independent cohorts of rats.

Fig. 2.9The normative MIND network is conserved across cohorts. A)Heatmap representations of the median
PND 63 control network from the experimental stress cohort (top left of the diagonal) and the median PND
63 network from the normative developmental cohort (bottom right of the diagonal). Panel legend is the same
as Fig 2.3A.B) The relationship between edge weights in the median PND 63 network from the normative
development cohort (x-axis) and median PND 63 control network from the experimental stress cohort (y-axis;
Pearson'sr = 0:86; P < 0:001). Each point represents an edge; the line of best �t is shown in maroon.C) The
relationship between nodal strength in the median normative network (x-axis) and median control network from
the stress cohort (y-axis; Pearson'sr = 0:91; P < 0:001). Each point represents a region of interest; the line of
best �t is shown in maroon.

2.7 Chapter summary

In this chapter, we developed and validated a novel, in vivo network representation of the rat

cortex based on MRI-derived microstructural similarity. We demonstrated that MIND net-

works exhibit biologically meaningful organization, re�ecting cytoarchitectonic structure, gene
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expression patterns, and axonal connectivity. These networks were also highly reproducible

across independently collected rat cohorts.

Having established the reliability and neurobiological relevance of this network framework,

we next leverage the experimental manipulability of the rat model to address questions central

to understanding the developmental origins of psychiatric symptoms: how do cortical networks

change across development, and how are they affected by early environmental stress?Chapter 3

investigates these questions by applying the MIND framework to longitudinal and experimental

stress data from the two independent rat cohorts introduced in Figure 2.1.



Chapter 3

Development and environmental stress

sensitivity of the rat network

3.1 Normative developmental changes in the rat cortical mi-

crostructural network

Having established convergent validity and inter-sample replicability of MIND networks, we

next harnessed this analytic approach to model network level reorganization of the rat brain over

development. This strategy, applied to a longitudinal MRI dataset spanning PND 20, 35, 63

and 230 (N = 162total scans, Fig 2.1A), revealed developmental changes in (i) each region's

morphometric similarity with the rest of the brain (strength,s), and (ii) the morphometric

similarity (edge strength,w) between each unique pair of regions. Visual inspection of the

median MIND matrices for each of the four time-points indicated that there are age-related

changes in the cortical pattern of inter-areal similarity. For example, frontal cortical areas

(frontal association cortex, orbitofrontal cortex, mediofrontal cortex, and motor areas) become

more similar to the rest of the cortex during early development, and then strikingly less similar

during later aging (Fig 3.1A). Likewise, nodal strength showed a general tendency to increase

during development and decrease during aging (Fig 3.1B).

We quanti�ed the regional rate of change in early development as the linear gradient or

slope of age-related change in nodal strength for each cortical area between PND 20 (weanling)

to PND 35 (adolescence),Dsdev, accounting for inter-subject variation (Equation 2.5; Fig A.7).

Similarly, to calculate changes in aging, we applied the same model to estimate the age-related

change in strength for each cortical area from PND 63 (young adult) to PND 230 (mid adult)

timepoints,Dsage.
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