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Abstract

The human brain is organized across multiple interacting biological layers,
two major components are structural and functional layers. While these
modalities are often studied independently, understanding how they covary
is important for characterizing large-scale principles of cortical organization.
In this project, we investigate the multimodal covariance structure of the hu-
man cortex by integrating eight widely used structural and functional brain
maps into a unified statistical framework. Using data standardized through
the neuromaps pipeline, we construct an all-to-all multimodal correlation ma-
trix capturing pairwise relationships between brain maps. To ensure valid in-
ference accounting spatial autocorrelation, statistical significance is assessed
using spatial spin tests combined with spin-based Max-T correction and com-
plementary multiple-comparison procedures. We further examine the low-
dimensional organization of this covariance structure using principal com-
ponent analysis and evaluate coherence within and between hypothesized
structural and neurochemical modes via subgroup connectivity analysis. To-
gether, these approaches allow us to test whether brain organization is best
described by partially segregated structural and chemical systems or by more
integrated multimodal relationships. Our results provide a statistically robust
characterization of multimodal cortical organization and establish a general-
izable framework for future studies linking brain structure, neurochemistry,
and function, with potential implications for understanding neuropsychiatric
disorders characterized by structural–functional decoupling.
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1 Introduction

1.1 Context
The human brain functions as an intricate system composed of distinct biological layers.
These consist of the physical and structural (e.g. myelin ratio and cortical thickness), and
chemical and functional (e.g. glucose metabolism and 5-HT1a receptors) layers. To better
understand this system, we can think of the brain as a city with roads and traffic. The
roads allow for cars to travel in the city, similar to the structure of the brain allowing neural
signals to travel throughout the brain. The traffic pattern represents the functional activity
within the brain. For example, think of the chemical functionality as a red light. The road
could be open, but cars cannot move until the light turns green. Similarly to the brain,
regardless of whether the structure is healthy, the chemical and functional layers of the
brain are ultimately what controls information flow throughout the brain.
Current neuroscience often studies these components in isolation, overlooking their critical
interactions. Furthermore, standard statistical methods fail due to spatial autocorrelation,
the idea that neighboring regions are more similar than regions further away, which vio-
lates the independence assumptions and causes an inflation of false positive. To address
this, we employ the spin test (Alexander-Bloch et al. 2018) developed by Alexander Bloch
et al. This spatial null model generates brain maps by rotating the cortical surface on a
sphere, preserving the intrinsic spatial topology of the original data while randomizing the
alignment between maps. Alignment in the scope of this project means that every spot on
the brain has two paired measurements, one from brain map A and one from brain map B,
that are lined up for direct comparison. This rigorous framework allows us to confidently
distinguish true biological coupling from random spatial coincidence, providing a reliable
foundation for characterizing the interplay between the brain’s physical and functional lay-
ers.

1.2 Our Project
To implement this rigorous framework, we use the neuromaps library and toolbox that in-
cludes a variety of brain images and functions to transform and compare different brain
images (Markello et al. 2022, 2024). This toolbox allows us to integrate structural MRI
brain maps with neurochemical brain maps derived from PET and fMRI readings into one
library for analysis and plotting. By transforming these two imaging layers (surface ver-
sus volumetric brain maps) onto a common cortical surface, we can quantify the spatial
correlation between the brain’s structural components and dynamic signaling properties.
Our Quarter 2 project aims to address and analyze the gap between structural and neu-
rochemical layers of the brain by creating a comprehensive Multimodal Correlation Matrix
that simultaneously compares structural, functional, and chemical brain maps to reveal
the brain’s unified complex layout. We hypothesize that the brain’s correlation structure
is characterized by distinct segregated modes: structural and neurochemical. This matrix
will quantify the correlation between different layers of the brain, allowing us to conclude if
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they operate as distinct systems. The brain maps we will use for our hypothesis include the
structural brain maps: PC1 Gene Expression (Markello et al. 2021), Myelin ratio and Cor-
tical Thickness (Glasser et al. 2016), and Allometric Scaling (NIH) (Reardon et al. 2018),
and the chemical/functional brain maps: Functional Gradient (Margulies et al. 2016), Glu-
cose Metabolism (Vaishnavi et al. 2010), Intersubject Variability (Mueller et al. 2013), and
5-HT1a Receptor (Savli et al. 2012). To visualize these relationships, we will employ den-
sity scatter plots using the raw brain map data as well as ranked density scatter plots to
visualize global correlations betweenmap pairs under the Spearman correlation�. Further-
more, we will investigate the spatial tethering of these signals by generating local coupling
maps, which will reveal and help visualize how the alignment between structural and neu-
rochemical layers varies across brain regions. Continuing with our analytical pipeline, we
will implement significance testing and multiple test correction methods to correct for the
inflated number false positives. Within the scope of this project, we aim to bridge the gap
between physical anatomy and neurochemical function by establishing a normative base-
line for the brain’s organization. By establishing this multimodal correlation structure, we
create a robust statistical framework for investigating this disconnect between the phys-
ical and chemical layers of the brain. This is vital for further exploration and validation
of the potential relationships between physical brain anatomy and fundamental cognitive
dynamics.

2 Methods

2.1 Data Pre-Processing
We started our analytical pipeline by accessing the neuromaps toolbox (Markello et al.
2022) to fetch and load all the brain map files needed. Using the provided neuromaps
framework and functions, we retrieved the file paths for each brain map and then loaded
the surface data (vertices) from the neuromaps atlas (Robinson et al. 2014, 2018), as well
as the volumetric data for the 5-HT1a Receptor brain map. We transformed the 5-HT1a
brain map from volumetric space MNI-152 to surface space fsLR density 32k (Buckner
et al. 2011; Wu et al. 2018) via neuromap’s built in transform function. We created global
dictionaries including the needed arguments to fetch the data (source, description, space,
and density), and another for readable names of each brain map for all figures and tables
throughout our project. For efficiency, we created a function to load and transform our
brain map data which standardized all our brain maps to a common space and coordinate
system fsLR at a 32k density. This function uses the global dictionaries to fetch the needed
arguments, handles transformations, spatially resamples the data points (vertices), and
finally outputs a single array that ensures the vertex-wise alignment across all brain maps
for our multimodal correlation analysis. We then wrote a function to plot all 8 brain maps
using Python’s Matplotlib (Hunter 2007). Keeping in mind that the 5-HT1a Receptor brain
map needs to be transformed prior to plotting, we incorporated a conditional statement for
this case in which we transformed the brain map so the plotting functionality works with
the other brain maps. We created another dictionary specifically for this function to specify
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brain map color and the data range. In order to create the most representative brain map,
we displayed both hemispheres with a corresponding color bar to show the range of values
for the respective brain map.

2.2 Multimodal Correlation Matrix
We first assessed the relationships between eight brain maps (28 unique pairs) using Pear-
son (r) and Spearman (�) correlations to identify linear versus non-linear associations.
Given the high dimensionality (about 32, 000 vertices) of our data, we visualized raw data
distributions using hexbin density scatter plots. To account for the predominantly non-
linear and monotonic trends, we generated a second set of plots using rank-transformed
data (utilizing Python numpy’s rankdata functionality (Virtanen et al. 2020). This trans-
formation linearizes monotonic relationships by comparing relative ranked order instead
of raw values, converting curved trends into linear diagonal associations. For both of these
plots, we produced 28 subplots that showed the relationship between brain map pairs as
well as added more insight to our hypothesis regarding the global strength and direction
of the relationship between structural and neurochemical brain maps, quantified by the
Spearman correlation coefficient (�).
For additional insights, we wanted to visualize on the brain regions where brain map pairs
have a linear relationship (e.g. PC1 Gene Expression and T1W/T2W Ratio), complex rela-
tionship (e.g. T1W/T2W Ratio vs Functional Gradient), or no relationship (e.g. Allometric
Scaling NIH and Glucose Metabolism). To visualize spatial differences in these relation-
ships, we developed a brain map coupling function. Raw data were transformed into per-
centile ranks, and vertex wise absolute differences were calculated to generate ”coupling
scores.” These maps identify specific regions where pairs are strongly coupled (low differ-
ence, darker areas) or decoupled (high difference, lighter areas). Finally, we constructed
an 8 � 8 multimodal correlation matrix to provide a global overview of the Spearman �
associations, using the color scale to represent the sign and magnitude of each relation-
ship (positively correlated pairs in blue, negatively correlated pairs in red, and white for no
relationship).
To validate these correlations, we addressed the multiple comparisons problem inherent in
running 28 simultaneous tests. We applied False Discovery Rate (FDR) corrections (Benjamini-
Hochberg BH (Benjamini and Hochberg 1995) and Benjamini-Yekutieli BY (White, van der
Ende and Nichols 2019)) as well as the conservative Bonferroni method (Sedgwick 2012)
to control for Type I Errors (false positives). Additionally, we implemented Max-T per-
mutation testing (Oakes et al. 2005) to empirically establish significance thresholds. The
Max-T Correction method is unique for this project in that it empirically models the joint
distribution of test statistics to capture the spatial dependencies between vertices, unlike
FDR-BH and FDR-BY which operate on p-values under generalized assumptions of depen-
dence. Max-T provides strict Family Wise Error Rate (FWER) control that is specifically
calculated for the biological smoothness of the brain imaging data and is a more rigorous
validation method than the FDR methods and Bonferroni Correction. Finally, we outputted
summary tables to show significant pairs under each method.
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2.3 Principal Component Analysis
To characterize the dominant low-dimensional structure underlying the multimodal covari-
ance between brain maps, we performed Principal Component Analysis (PCA) on the multi-
modal correlation matrix. PCA is a linear dimensionality-reduction technique that identifies
orthogonal axes (principal components) capturing maximal variance in multivariate data,
thereby revealing latent modes of shared variation across measurements (Jolliffe 2002).
Construction of the PCA input
PCA was performed using the existing 8×8 symmetric correlation matrix summarizing
pairwise associations between all brain maps computed using Spearman correlation co-
efficients. Spearman correlation was chosen for the PCA input to preserve non-linear co-
variance structure and interpretability of component loadings, consistent with findings of
pairwise scatter plots and prior multimodal neuroimaging work (Burt et al. 2018; Margulies
et al. 2016).
Because the correlation matrix is symmetric and positive semi-definite by construction, PCA
was implemented via eigendecomposition of the matrix:

R = V�Vü

R is the correlation matrix, � contains the eigenvalues, and V contains the corresponding
orthonormal eigenvectors. Eigenvalues were sorted in descending order, and the propor-
tion of variance explained by each principal component was computed as the ratio of each
eigenvalue to the sum of all eigenvalues.
Loadings and interpretation Component loadings were computed as:

L = V�
1
2

which quantify the contribution of each original brain map to each principal component.
Loadings were visualized as a heatmap (PCs x brain maps) to facilitate interpretation of
multimodal structure. High-magnitude positive or negative loadings indicate strong align-
ment between a given brain map and the corresponding component.
We focused our interpretation on the first two principal components (PC1 and PC2), which
together explained the majority of variance in the correlation structure. We then examined
whether structural maps (e.g., myelin ratio, cortical thickness, gene expression PC1) clus-
tered on one component while neurochemical and functionalmaps (e.g., glucosemetabolism,
receptor density, functional gradients) loaded preferentially onto an orthogonal compo-
nent. Such a pattern would indicate a partial independence between structural and neuro-
chemical dimensions of cortical organization.
Methodological considerations
PCA was performed on the correlation matrix rather than the raw vertex-wise data to em-
phasize relationships between modalities rather than spatial variance within individual
maps. This approach is common in multimodal neuroimaging studies aiming to identify
shared organizational axes across disparate measures (Burt et al. 2018). Because PCA en-
forces orthogonality of components, the resulting axes should be interpreted as statistically
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independent dimensions of shared variance rather than strictly independent biological pro-
cesses.
We did not apply rotational methods (e.g., varimax rotation), as our primary goal was to
identify dominant variance-explaining axes rather than maximize simple structure. Com-
ponent retention was guided by the proportion of variance explained and inspection of the
eigenvalue spectrum rather than strict application of heuristic criteria (e.g., Kaiser crite-
rion), given the small dimensionality of the matrix and the hypothesis-driven focus on the
leading components (Jolliffe 2002).

2.4 Clustering and Subgroup Connectivity Analysis
To test whether the multimodal correlation structure exhibits a “block” organization consis-
tent with partially segregated structural and neurochemical modes, we complemented PCA
with (i) hierarchical clustering of brain maps based on their inter-map similarities and (ii)
subgroup connectivity summaries comparing within- versus between-group correlations.
Hierarchical clustering on correlation-derived distances
We performed agglomerative hierarchical clustering using the Spearman multimodal corre-
lation matrix R 2 R8�8 as input. Because clustering algorithms operate on distances rather
than similarities, we converted correlations to a dissimilarity matrix by subtracting an 8�8
matrix of all 1’s by R

D = 1 � R,

and set the diagonal to zero (Dii = 0) to enforce zero self-distance. This transformation
maps highly positively correlated map pairs to small distances and weak/negative corre-
lations to larger distances, allowing clustering to group maps with similar cortical spatial
profiles.
We then converted D to condensed form using squareform (upper triangle without the
diagonal) and applied SciPy’s linkage function with (UPGMA). In average
linkage, the distance between two clusters A and B is defined as the mean pairwise distance
between all elements across clusters:

d(A, B) =
1

jAjjBj
X
i2A

X
j2B

Di j.

Starting with each brain map as its own cluster, the algorithm iteratively merges the two
clusters with the smallest inter-cluster distance, producing a hierarchical tree (dendrogram)
that summarizes the nested grouping structure.
To obtain discrete cluster labels for downstream subgroup summaries, we “cut” the den-
drogram using fcluster with criterion=”maxclust” and k = 2, yielding a two-cluster
partition. This choice was hypothesis-driven (structural vs. neurochemical) and provides
a direct clustering-based test of whether the correlation structure naturally separates into
two groups. Cluster assignments were stored alongside map names for interpretation and
visualization.
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Subgroup connectivity: within- and between-group correlation summaries
Given a partition of the 8 maps into two groups (either hypothesis-defined or clustering-
derived), we quantified subgroup connectivity by summarizing the correlation strengths (i)

each group and (ii) groups.
Let G1 and G2 be the index sets for the two groups. We computed:

r̄within,1 =
1

jG1j(jG1j � 1)

X
i2G1

j2G1, j 6=i

Ri j, r̄within,2 =
1

jG2j(jG2j � 1)

X
i2G2

j2G2, j 6=i

Ri j,

and the between-group mean correlation

r̄between =
1

jG1jjG2j
X
i2G1

X
j2G2

Ri j.

In implementation, we computed these quantities by masking the correlation matrix into
three sets of entries: within-group off-diagonal blocks for each group and the cross-group
block, then averaging the corresponding correlation values. This produces a simple, in-
terpretable summary: if the brain maps form two coherent modes, we expect r̄within,1 and
r̄within,2 to exceed r̄between.
Interpretation and validation
Hierarchical clustering provides an unsupervised view of whether the map-to-map simi-
larity structure supports a two-mode organization, while subgroup connectivity analysis
provides a quantitative effect-size summary of segregation by comparing within- versus
between-group coupling. In Results, we report (1) the dendrogram and cluster labels, and
(2) the within- and between-group mean correlations (and their differences), and assess
whether observed segregation aligns with the hypothesized structural versus neurochemical
grouping.

3 Results
In Figure 1, we plotted the full multimodal correlation matrix to show all 28 correlation
pairs. Each cell represents the Spearman Rank Correlation coefficient � value between two
brain maps. Just as a standard correlation matrix, the diagonal cells are the self-corrections
(i.e � = 1), and the off diagonal cells reflect the correlations between unique pairs. The
correlation coefficients range from -1 (represented in dark red) to +1 (represented in dark
blue) to show negative or positive correlations. This matrix depicts varying color shades
exhibiting various correlation strengths between specific brain map pairs. The strongest
positive correlation was observed between PC1 Gene Expression and the T1W/T2W Ratio
(� = 0.84). The strongest negative correlations was observed between PC1 Gene Expres-
sion and 5-HT1a Receptor (� = −0.69), and similarily PC1 Gene Expression and Cortical
Thickness (� = −0.67). Several brain map pairs exhibited very weak correlations (shown
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by white/almost-white cells), including Allometric Scaling versus Glucose Metabolism (�
= −0.01) and Functional Gradient with Glucose Metabolism (� = 0.09).

Figure 1: Spearman Correlation Matrix

Compared to the full multimodal correlation matrix using Pearson r correlation coefficient,
(Figure A 10 in Appendix A.2), we overall saw that the Pearson r values were smaller
than the Spearman � values for significant brain map pairs. We saw this with the more
complex relationships such as 5-HT1a vs. Functional Gradient and Functional Gradient vs.
T1W/T2W Ratio. Due to the fact that Pearson r is strictly for capturing linear relationships,
utilizing Spearman � in this project better captures the underlying complex relationships
between brain maps.
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3.1 Exploratory Data Analysis
3.1.1 Pairwise Density Scatter Plot

Figure 2: Pairwise Density Scatter Plots

Figure 2 displays the pairwise density scatter plot for all 28 unique brain map pairs. Each
subplot displays the raw data relationship between Map A and Map B, visualized using
density based binning. This plot was used to observe the linear or non-linear relationship
between specific brain maps in which we displayed the Pearson r Correlation and Spear-
man � Correlation, both ranging from -1 to +1, for each subplot as well as the least squares
regression lines shown for visualization purposes. We saw these subplots yield similar val-
ues between the r and � values, but the overall trends of the data are more complex, such
as curved trends. We observe there are some linear relationships (e.g. PC1 Gene Expres-
sion with 5-HT1a Receptor, T1W/T2W Ratio, and Cortical Thickness), non-relationships
(e.g. Allometric Scaling NIH with Glucose Metabolism and PC1 Gene Expression), and
more complex relationships such as T1W/T2W Ratio v.s Functional Gradient and 5-HT1a
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