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ABSTRACT
Magnetic resonance imaging (MRI) is a powerful tool to identify the structural and functional correlates of neurological
illness but provides limited insight into molecular neurobiology. Using rat genetic models of autism spectrum dis-
order, we show that image texture–processed neurite orientation dispersion and density imaging (NODDI) diffusion
MRI possesses an intrinsic relationship with gene expression that corresponds to the biophysically modeled cellular
compartments of the NODDI diffusion signal. Specifically, we demonstrate that neurite density index and orientation
dispersion index signals are correlated with intracellular and extracellular gene expression, respectively. Moreover, we
further demonstrate that these imaging signals correlate with genes specifically relevant to the etiopathogenesis of
autism spectrum disorder. In sum, our data suggest fundamental relationships between gene expression and
diffusion MRI, implicating the potential of diffusion MRI to probe causal neurobiological mechanisms in neuroimaging
phenotypes in autism spectrum disorder.

https://doi.org/10.1016/j.bpsgos.2024.100430
A fundamental goal of neuroscience is to understand the
structure and function of the brain and the neurobiological
correlates that give rise to cognition and behavior. Magnetic
resonance imaging (MRI) provides a powerful tool to study the
living brain and to uncover the neural substrates of neurolog-
ical, neurocognitive, and neuropsychiatric illness. However,
modern neuroimaging techniques only indirectly measure un-
derlying pathology by producing imaging phenotypes, which
serve as nonspecific macroscale proxies for the molecular
processes that drive pathological changes in the brain (1).
Because brain architecture and activity are governed by tran-
scriptomic measures (2–5), a fundamental understanding of
the relationship between the MR signal and gene expression is
critically needed to facilitate an in vivo understanding of the
brain in health and disease.

To correlate measures of the MR signal with gene expres-
sion, a diffusion MRI (dMRI) method like neurite orientation
dispersion and density imaging (NODDI) (6) serves as a natural
departure point. Unlike conventional structural (T1, T2) or
functional (blood oxygen level–dependent) neuroimaging
techniques, NODDI is at once sensitive and directly related to
underlying molecular and cellular phenomena (7–9) and pos-
sesses remarkable sensitivity to molecular neurobiology
(7–11). With extensive evidence supporting the robust corre-
lation between gene expression and brain cellular histology
(12–14) and, similarly, between brain cellular histology and
dMRI (11,15–19), we reasoned that dMRI measures would be
correlated with and thus predictive of gene expression
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signatures and their underlying neurobiology (Figure 1A).
Furthermore, because the NODDI signal itself is spatially
defined (e.g., neurite density index [NDI], restricted diffusion,
intracellular; orientation dispersion index [ODI], hindered
diffusion, extracellular), putative correlations of the NODDI
signal with gene expression would be expected to
correspond with biological processes that are themselves
spatially distinct.

Although techniques like NODDI are sensitive to neurobi-
ology, they remain nonspecific. This nonspecificity arises
partly from how quantitative MRI is processed. Typically, only
a few MR measures (e.g., mean intensity, cortical thickness)
are reported for a given contrast, and the limited number of
MR measurements made restricts the generation of specific
correlations between MRI measures, gene expression, and
neuropathology. Previous work has sought to utilize multiple
MR contrasts to expand the number of measurements
available to correlate with genetic data (20,21). Here, we
utilized image texture analysis (i.e., radiomics) instead,
which, in the process of quantifying the spatial arrangement
of intensities in an image, generates over 80 quantitative
imaging measures from a single MR contrast (Figure 1B). The
availability of this expanded set of parameters may allow us
to more specifically identify MR signal–gene expression
correlates.

To test this premise, we turned to a reduced system: the
wild-type rat and Nrxn12/2, Pten2/1, Fmr1-/y genetic rat
models of autism spectrum disorder (ASD). We specifically
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Figure 1. NDI and ODI signals are correlated with differential gene expression. (A) Theoretical framework depicting the canonical biological relationships
between cellular histology and brain structure and the hypothesized relationship between quantitative diffusion MRI and gene expression. (B) Overview of
different imaging analysis pipelines contrasting standard mean intensity ROI studies (top) to a texture-based approach (bottom) highlights the increased
number of quantitative parameters that can be extracted per segmented ROI when utilizing a texture-based approach (1 vs. 88 per imaging contrast). (C) Data
processing and analysis pipelines for determining the relationship between and biological interpretation of gene expression analysis and quantitative diffusion
MRI. PC analysis of (D) differential gene expression, (E) NDI texture features, and (F) ODI texture features was performed, and the percentage (%) variance
explained for all PCs was graphed. (G–J) For each permuted correlation between the imaging signal (NDI-PC1; ODI-PC1) and differential gene expression
(gene-PC1; gene-PC2), the absolute value of that correlation was calculated. The distribution of these correlation values is presented as a kernel density plot
for within-group (red) and null (blue) permutations. The dotted black line denotes the median correlation (r) for within-group permutations. The shaded blue area
indicates the fraction of null values greater than r and is used to calculate a permutation-based p value. MRI, magnetic resonance imaging; NDI, neurite density
index; NODDI, neurite orientation dispersion and density index; ODI, orientation dispersion index; PC, principal component; ROI, region of interest.
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chose 3 genetically distinct ASD models as the basis for this
study because of the presence of both neuronal (e.g., synaptic)
(22–24) and extraneuronal (e.g., perineuronal net deposition)
(25,26) processes in the pathophysiology of ASD. This pro-
vides an opportune test of the biological specificity of the
NODDI biophysical model and its correlation with biological
processes that are altered differently across genetic back-
grounds (Figure 1C).
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METHODS AND MATERIALS

Animals

All procedures were approved by the Institutional Animal Care
and Use Committee at our institution. Male Sprague Dawley
rats (300–325 g; Charles River) were pair housed in clear cages
(lights on for 12 hours at 7 AM) with ad libitum access to food
and water; experiments were performed between 10 AM and 3 PM.
ww.sobp.org/GOS
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Fmr1-/y, Nrxn12/2, and Pten2/1 genetic knockout rat models of
ASD were commercially obtained (Horizon Discovery). All
models were generated via zinc finger nuclease genome
editing that yielded a hemizygous, homozygous, and hetero-
zygous genotype on the outbred Sprague Dawley background,
respectively.

Microarray Gene Expression Analysis

Bulk RNA was collected from the left neocortex of Fmr1-/y,
Nrxn12/2, and Pten2/1 rats and wild-type controls (n = 4 per
group, Sprague Dawley background males, aged to postnatal
day 45) using Qiagen RNEasy Midi Kit (75144; Qiagen) and
analyzed using the Rat Gene 2.0 ST Affymetrix microarray
(902124; Thermo Fisher Scientific) to collect exome-wide gene
expression data for all samples. The microarray data was
analyzed using R version 4.2.2 using the libraries pd.ra-
gene.2.0.st (version 3.14.1) (27), oligo (version 1.62.0) (28),
arrayQualityMetrics (version 3.54.0) (29), and limma (version
3.54.0) (30). Preprocessing was performed using robust multi-
chip average preprocessing included in the oligo package,
which performs background subtraction and quantile normali-
zation across all samples. arrayQualityMetrics was then run on
the normalized data to identify possible outlier samples. The
Nrxn12/2 sample N_g_1 was an outlier due to differences in its
overall average gene expression identified visually through
principal component (PC) analysis and inspection of boxplot
distributions and statistically using the Kolmogorov-Smirnov
test. After removing that sample, genes were filtered using a
median intensity threshold of 4 to remove lowly expressed
genes. Remaining genes were regressed on the 4 genotypes
using the limma lm function. No additional covariates were
considered because all samples were taken at the same age,
had the same sex, and were run on the same microarray
experiment. Empirical Bayes was used to calculate the
moderated F statistics of differential expression from the linear
model (31). The Limma toptable function was used to generate a
list of differentially expressed genes. Genes were considered
significant if the false discovery rate–corrected p value for the
linear model of that gene was ,.05. In total, 4399 annotated
genes were identified as statistically significant (Figure S1).

MRI Acquisition and Image Processing

A cohort of animals, separate from those used for microarray
analysis (Nrxn12/2, Pten2/1, Fmr1-/y [n = 4 each], and their
controls [n = 4]) at postnatal day 45 were transcardially
perfused with ice-cold phosphate-buffered saline followed by
4% paraformaldehyde (32). Following dissection from the
cranial vault, fixed brains were then stored in 4% para-
formaldehyde for 24 hours, whereupon they were serially
rinsed in 13 phosphate-buffered saline for 48 hours prior to
imaging. The brains were placed in a custom-built holder and
immersed in Fluorinert for imaging (FC-3283; 3M). Brains were
imaged with a 4.7T Agilent MRI system with a 3.5 cm diameter
quadrature volume radiofrequency coil. Multislice, diffusion-
weighted, spin echo images were used to acquire 10 non–
diffusion-weighted interleaved images (b = 0 s/mm2) and 75
diffusion-weighted images (25: b = 800 s/mm2, 50: b = 2000
s/mm2) using noncollinear diffusion-weighting directions.
Other imaging parameters were as follows: echo time/
Biological Psychiatry: G
repetition time = 24.17/2000 ms, field of view = 30 3 30 mm2,
matrix = 1923 192 reconstructed to 2563 256 for an isotropic
voxel size of 0.25 mm over 2 signal averages; d = 6 ms;
D = 12.20 ms; temperature = 20221 �C; total acquisition time
21 hours, 30 minutes. Raw data files were converted to NIfTI
format, and FSL was used to correct for eddy current artifacts.
FSL output volumes were converted to NIfTI tensor format for
use. Tensors were reconstructed with the DTI-TK software
package (33). Each imaged brain underwent spatial normali-
zation to a diffusion tensor imaging–based rat brain atlas (34).
Diffusion data were then fitted to the NODDI model using the
Microstructure Diffusion Toolbox (Figure S2) (35). Regions of
interest (ROIs) were then masked and segmented using the
atlas coordinates. The neocortex ROI was processed using the
pyradiomics (version 3.1.0) package (36) to extract image
texture features with a fixed bin width of 0.1 (37,38) and feature
extraction was performed for 18 first-order statistics, 24 gray-
level cooccurrence matrix, 14 gray-level dependence matrix,
16 gray-level run length matrix, and 16 gray-level size zone
matrix radiomic features. Analytical pipelines were specifically
designed for imaging data collected from fixed samples (e.g.,
using recommended diffusivity assumptions dk = 0.6 3 1023

mm2/s and the diso = 2 3 1023 mm2/s) and using the Wat-
sonSHStickTortIsoVIsoDot_B0 fitting model as recommended.
Permutation PC Correlation Analysis Between
Imaging and Gene Expression Datasets

Values for each of the 4399 differentially expressed genes and
the 84 nonzero NDI and 86 nonzero ODI imaging features were
first log2 transformed and then centered to the mean value
across all samples. PC analysis was performed on each
dataset across all 4 genotypes. To test whether the imaging
datasets and gene expression dataset explain the variance
between the animal models in a related manner, the first 2 PCs
of the gene expression data were correlated with the first PC of
the NDI and ODI imaging feature datasets using Pearson’s
correlations. These PCs were chosen because they described
the most variance in the data. Correlation of imaging PCs with
those gene PCs would suggest that the imaging PCs can
explain at least part of the relationship captured by the gene
expression data. Specifically, the PC vector coefficients in the
datasets were correlated (n = 15 for gene expression; n = 16 for
imaging). Because the 2 datasets were generated from
different cohorts of animals with the same genotypes, we
performed a permutation test to calculate the distribution of
Pearson’s correlations in the imaging and gene expression
PCs. Samples were permuted within each genotype (within-
group distribution; k = [4p4]3 3 [4p3] = 331,776) and compared
with the distribution of random permutations in which geno-
type groups were not maintained across the imaging and gene
expression datasets. Due to computational constraints, 1
million permutations were randomly sampled without
replacement to estimate the null distribution (k = 1,000,000).
Because the sign on PC vectors is uninformative, we took the
absolute value of each calculated correlation. To assess the
strength of the correlations between the imaging and gene
expression datasets, we calculated the probability of null
permutations with a correlation greater than or equal to the
median of the observed within-group distribution and reported
lobal Open Science March 2025; 5:100430 www.sobp.org/GOS 3
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this as p. Smaller p values indicated that the correlation be-
tween the PCs tested was less likely to have occurred by
chance and is demonstrative of a strong, genotype-driven
correlation between the signals. All PC calculation and corre-
lation permutations were performed using sklearn (version
1.1.1) (39), NumPy (version 1.23.0) (40), and pandas (version
1.1.4) (41) in python version 3.10.5.

Hierarchical Clustering of Correlated Genes and
Features and Metascape Gene Ontology Analysis

To identify which imaging features and genes underlie the
correlation between PCs, the top 20% of loaded genes and
features were chosen based on selecting the genes and fea-
tures with the highest absolute value of the PC loadings in the
tested PCs. Choosing the top 20% of the loaded genes in each
PC enabled interpretation of the biology captured in each PC
beyond genotype differences. Similarly, the top 20% of im-
aging features in our imaging dataset were likely the most
informative about the underlying biological signal. This identi-
fied 880 genes for the first and second PC and 17 and 18
imaging features from the first NDI and ODI PCs, respectively.
Again, due to the lack of intrinsic pairing between the datasets
for each animal, a permutation analysis was performed, as
described above. Due to computational constraints, 13,000 of
the 331,776 possible permutations were randomly sampled
without replacement to estimate the distribution of correlations
between a feature and a gene. The median correlation for each
gene-imaging feature was compiled and organized by hierar-
chical clustering using the uncentered correlation distance
metric and centroid linkage algorithm from the Gene Cluster
3.0 software (42). Dendrograms and heatmaps of the median
correlation of gene-imaging feature data were drawn using
Java TreeView 1.2 (43).

Clusters were manually selected based on the hierarchical
clustering to identify the set of genes that most highly correlated
with the imaging features. Genes in these clusters were then
analyzed using gene ontology (GO) enrichment with the cellular
component ontology terms. Enrichment for cellular component
ontology was specifically chosen to identify which biophysical
elements of the cellular environment most specifically influence
each imaging signal. Metascape (44) was used to perform GO
enrichment against the background of all genes effectively
measured by the microarray experiment. GO term enrichment
was defined as having a cumulative hypergeometric distribution
p value, 1026. GO terms that did not have a fold enrichment of
at least 1.5 or a minimum of 3 genes represented within the term
were not considered for enrichment. Heatmaps of enriched GO
terms were generated using kappa scores defined from the
overlap of genes between GO term gene sets used as the
similarity metric for performing hierarchical clustering on the
enriched terms. Subtrees with a similarity.0.3 were considered
a cluster. The most statistically significant term within a cluster
was chosen to represent the cluster. GO enrichment heatmaps
were created using Metascape.

Autism Association Score

Using the genome-wide prediction for ASD risk scores
generated by Krishnan et al. (45), we ranked each gene with its
relative ASD risk score. Then, we compared the mean relative
4 Biological Psychiatry: Global Open Science March 2025; 5:100430 w
ASD risk of the GO term–enriched NODDI-associated differ-
entially expressed genes to the mean relative ASD risk across
the genome and all autism-associated genes identified by the
Simons Foundation Autism Research Initiative. More positive
relative ASD risk scores indicated a higher association with
ASD pathogenesis.

RESULTS

NODDI Diffusion Signal Is Correlated to Gene
Expression in the Brain

In the gene expression dataset, PCs 1 and 2 described the
majority of the variance and clearly segregated the 4 geno-
types into distinct, genotype-specific clusters, highlighting that
genotype differences drove the variance in the gene expres-
sion dataset (Figure 1D and Figure S3A). In the NDI and ODI
texture datasets, PC1 in each dataset described the majority of
their respective variances (Figure 1E, F and Figure S3B, C). The
correlations of the PCs between imaging and gene expression
datasets were calculated. PC1 of NDI was highly predictive of
PC1 of gene expression (Figure 1G) (NDI-PC1 3 gene-PC1,
median r = 0.506, permutation test p = .0508). Conversely,
PC1 of NDI was only moderately predictive of PC2 of gene
expression (Figure 1H) (NDI-PC1 3 gene-PC2; median
r = 0.4108, permutation test p = .1241). We also found that
PC1 of ODI demonstrated a very weak correlation with PC1 of
gene expression (Figure 1I) (ODI-PC1 3 gene-PC1; median
r = 0.0694, permutation test p value = .8051) and a very strong
correlation to PC2 of gene expression (Figure 1J) (ODI-PC1 3

gene-PC2; median r = 0.7206, permutation test p value =
.0024). Texture features enabled improved specificity when
compared with correlating gene PCs with mean intensity alone
(Figure S4). All within-group permutations had nonrandom
distributions, and their median r values demonstrated the
similarity of information captured between imaging and gene
expression signals from each PC.

NDI and ODI Are Associated With Specific Gene
Expression Sets Relevant to ASD Pathophysiology

To biologically contextualize the imaging and gene expression
PCs that were most strongly predictive of each other (NDI-
PC1:gene-PC1; ODI-PC1:gene-PC2), we extracted the top
20% of genes and image texture features loaded in each PC
(880 genes per gene-PC; 17 NDI and 18 ODI texture features)
and performed unsupervised hierarchical clustering of the
median correlations for each feature pair, creating gene clus-
ters defined by their correlations with the imaging features
(Figure 2A, B). Of the 4 major gene clusters identified, 3
were statistically enriched for GO cellular components (46)
(p , 1026, hypergeometric test) (Figure 2C). The NDI GO terms
clustered separately from the ODI GO terms, highlighting the
biological specificity of the cellular components associated
with each imaging signal. The largest cluster identified (ODI-
PC1 3 gene-PC2, cluster 1) was enriched for extracellular
matrix and collagen trimers, consistent with the extracellular-
derived ODI signal and biologically consistent with the role of
the extracellular matrix and perineuronal nets in the neuro-
pathogenesis of ASD (25,26). In contrast, NDI-PC1 3 gene-
PC1 cluster 2 was significantly enriched for synaptic
ww.sobp.org/GOS
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Figure 2. Clustering gene-feature correlations highlights specificity of NDI and ODI signals to underlying cellular components and risk for ASD. Hierarchical
clustering and heatmaps of median r correlation values between (A) the top 20% of loaded NDI-PC1 features (columns) and the top 20% of loaded gene-PC1
genes (rows) and (B) the top 20% of loaded ODI-PC1 features (columns) and the top 20% of loaded PC2 genes (rows). Clusters were selected following the
dendrogram for downstream GO analysis. (C) Heatmap of significantly enriched cellular component GO terms (hypergeometric p , 1026). Three of the 4
clusters enrich for cellular component GO terms; NDI cluster 1 did not significantly enrich and thus is not visualized. NDI and ODI clusters were associated with
cellular component GO terms that were consistent with their biophysically modeled compartment (e.g., neuronal [NDI]; extraneuronal [ODI]). Displayed values
are 2log10 of the enrichment p value. (D) Distributions of individual gene risk scores for ASD across 3 different gene sets: whole genome (orange), SFARI
Human Gene Module (green), and the GO term–associated NODDI enriched genes (blue). Vertical dotted lines indicate the respective relative mean risk scores
for the genes in each distribution. More positive scores indicate a greater association of genetic risk with ASD. ASD risk scores for each gene are calculated
from Krishnan et al.’s genome-wide prediction for ASD risk (45). ASD, autism spectrum disorder; GO, gene ontology; NDI, neurite density index; NODDI, neurite
orientation dispersion and density index; n.s., not significant; ODI, orientation dispersion index; PC, principal component; SFARI, Simons Foundation Autism
Research Initiative.

Gene Expression Correlates of NODDI MRI
Biological
Psychiatry:
GOS
membrane, asymmetrical synapses, and cation channel com-
plex, consistent with the intraneuronal/intracellularly derived
NDI signal (see Supplemental Data for gene lists).

The genes from NDI cluster 2 and ODI clusters 1 and 2 that
significantly associated with GO terms represent the most
biologically interpretable genes that correlated with our NODDI
signals. Next, we calculated the relative ASD risk score for
each gene in these clusters using a genome-wide prediction
tool for ASD risk devised by Krishnan et al. (45). Compared to
the genome-wide average and autism-associated genes
identified by the Simons Foundation Autism Research Initia-
tive, our extracted gene set demonstrated a higher average
ASD risk score, underscoring the biological relevance that our
selected genes have to autism pathogenesis (Figure 2D and
Figure S5).
DISCUSSION

A more precise relationship between the MR signal and gene
expression has been sought for a long time. Here, we uncover
and describe a previously undetected intrinsic relationship
Biological Psychiatry: G
between the biophysically modeled diffusion signal and gene
expression in the brain. Unlike commonly reported neuro-
imaging transcriptomics studies (47–49), we opted instead to
test our novel approach in a rodent model rather than using
human data. By testing imaging-transcriptomic correlations in
a model system, more direct associations of the imaging signal
with molecular biology can be made, and specific molecular
mechanisms can be explored that are otherwise too difficult to
test in human datasets or through atlas-based approaches
(50,51). Our findings reveal that the spatially defined NODDI
signal is strongly correlated with gene expression of cellular
components that correspond to their respective NODDI-
defined biophysical compartment (NDI with gene-PC1 [intra-
cellular]; ODI with gene-PC2 [extracellular]). These findings
underscore the biologically derived relationship between im-
aging and gene expression, demonstrating how the NDI and
ODI diffusion signals specifically correlate with different gene
expression patterns. Lastly, our results suggest more speci-
ficity in the ODI signal, which is consistent with previous work
that demonstrated the sensitivity and specificity of the ODI
signal (52).
lobal Open Science March 2025; 5:100430 www.sobp.org/GOS 5
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Potential limitations of our study include the use of ex vivo
imaging. Although ex vivo studies do not directly recapitulate
in vivo imaging (53,54), ex vivo approaches, after accounting
for tissue fixation when fitting our NODDI modeling parame-
ters, provide higher signal-to-noise ratios and greater spatial
resolution due to the capacity for longer scanning times. While
most genetic autism rodent model studies have used mice, we
chose to study genetic rat models because there has been a
push in neurobiology studies to focus on rats, especially for
complex communication disorders such as ASD (55–57).
Additionally, to our knowledge, our study is the first cross-
model transcriptomic analysis of monogenetic rat models of
autism. It is also the first cortical gene expression study from
the Nrxn1 and Pten rat models.

As we continue to refine our understanding of the MR signal
and gene expression relationship, future applications would
see MRI being used to directly probe changes in gene
expression, thereby allowing us to noninvasively identify po-
tential alterations in the molecular neurobiology of patients.
Defining patients with neurological illness based on molecular
phenotypes rather than on clinical symptoms would provide
needed biological specificity to the clinical neurosciences and,
importantly, would support continued efforts toward precision
treatment based on underlying biological mechanisms.
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