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Machine learning is a ubiquitous part of the modern neuroimaging toolkit, particularly for 
research aimed towards precision medicine goals of improving individual-level diagnosis 
and treatment. However, the high dimensionality of neuroimaging data poses significant 
challenges for constructing interpretable predictive models. Several established methods, 
such as Connectome-based Predictive Modeling (CPM), Polyneuro Risk Scores (PNRS, 
inspired by Polygenic Risk Scores), and Polyconnectomic Scoring (PCS), offer an 
interpretable approach, which we term “Mass Univariate Aggregation” (MUA). MUA 
approaches evaluate each feature independently and then use a linear combination of 
weighted features to derive predictions, providing directly interpretable weights for 
individual features. Despite the existence and widespread usage of various MUA 
approaches in neuroimaging, tools for their application are still fragmented, and there 
does not yet exist an open-access unified tool for implementing, evaluating, or comparing 
these models within a standardized machine learning workflow. Here, we present a 
unified, flexible, and accessible configurable pipeline that can be used for implementing 
CPM, PNRS, PCS, and many new MUA configurations facilitated by user-specified 
parameters. Built in Python as an add-on for scikit-learn, our configurable pipeline 
enables researchers to leverage the functionality and standards provided by a widely used 
open-access machine learning tool. We validated the configurable pipeline by replicating 
the outcomes achieved by existing CPM and PNRS implementations, utilizing 
resting-state functional connectivity data from the Human Connectome Project to predict 
fluid intelligence (n = 1067). We further validated the pipeline’s PCS implementation, 
confirming PCS computation with external connectome summary statistics (CSS) matrices 
using the same data, and CSS derivation using simulated data. Although designed to fill 
a gap in neuroimaging, our open-source, configurable pipeline provides a standardized 
platform for applying the MUA methods to any machine learning setting that features 
high-dimensional data. 

INTRODUCTION 

Machine learning serves as a crucial tool in neuroscience 
for enhancing our understanding of the human brain. The 
application of machine learning to neuroimaging data en
ables researchers to extract meaningful information from 
brain data and build predictive models that capture indi
vidual differences in brain-behavior relationships.1,2 How

ever, the high dimensionality of neuroimaging data, where 
the number of features often vastly outnumbers observa
tions, presents significant analytical challenges.1,3 Multiple 
machine learning methods that involve mass univariate re
gression followed by aggregation, which we term Mass Uni
variate Aggregation (MUA), have been introduced and 
demonstrated to be effective in high-dimensional data. No
tably, because these methods evaluate each feature inde
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pendently and yield an explicit, quantifiable measure of its 
contribution to the final score, they constitute a form of in
terpretable predictive modeling that enables direct identifi
cation of the brain connections driving a given prediction.2,

4 

MUA methods represent a class of approaches that per
form individual statistical tests on each feature separately 
(mass univariate), then combine weighted features into a 
unified predictive model (aggregation).5‑11 This philosophy 
underlies several successful methods across different fields. 
As an example, Polygenic Risk Scores (PRS), originally de
veloped in genetics, aggregate the effects of individual ge
netic variants to predict complex traits and disease 
risk.10‑12 More recently, this approach was adapted from 
genetics to neuroimaging, introducing Polyconnectomic 
Scoring (PCS),8,9 which generates an individual-level score 
reflecting the brain’s alignment with disorder- or behavior-
related connectivity patterns. PCS computes this score us
ing a previously derived connectome–symptom association 
matrix (referred to as the connectome summary statistics 
(CSS) matrix), which encodes the association between each 
brain connection and a specific disorder or behavioral phe
notype, enabling assessment of new individuals’ connectiv
ity patterns. Similarly, the Polyneuro Risk Scores (PNRS)7 

utilizes a weighted aggregation of brain features to assess 
the generalizability of brain-behavior associations across 
independent samples; these aggregate scores can also be 
used in a final regression step, as demonstrated in recent 
applications of PNRS to ADHD symptom prediction.13 Ad
ditionally, Connectome-based Predictive Modeling (CPM)5,

6 is the most widely used MUA method in neuroimaging, 
employing binary feature selection based on statistical as
sociation, followed by sign-based aggregation of selected 
brain features and a final regression for behavioral predic
tion. 

Although the core of the MUA algorithms is similar, their 
implementation remains fragmented across different pro
gramming languages and software platforms. CPM6 is pri
marily implemented in MATLAB with code from Yale,14 

and a Python tutorial is also available from Finn,15 while 
PNRS7 is implemented in MATLAB with code from the De
velopmental Cognition and Neuroimaging (DCAN) lab at 
the University of Minnesota.16 PCS,8,9 meanwhile, is avail
able in MATLAB, Python, and R through the Dutch Con
nectome Lab.17 Moreover, the standard implementation for 
calculating PRS in genetics is provided by PRSice-2,10,11 

which is a C++ based software. 
Here, we present a unified, open-source, and config

urable pipeline that consolidates established mass univari
ate methods into a single platform compatible with modern 
machine learning workflows in Python. We validated the 
framework by reproducing results from previously pub
lished pipelines using the Human Connectome Project 
(HCP) dataset.18 Built within the scikit-learn architec
ture,19 this fully parametrized pipeline enables researchers 
to apply MUA approaches, including CPM,6 PNRS,7 and 
PCS8,9 with support for both externally and internally de
rived CSS matrices, while leveraging the comprehensive 
scikit-learn ecosystem. Users can access the full range of 

Figure 1. Overview of the unified configurable pipeline 
inputs and outputs for applying mass univariate 
aggregation methods. (A) Input data for the pipeline 
includes a matrix of features (n subjects × m predictors; 
e.g., edges from functional connectivity matrices) and a 
vector of observations (n subjects; e.g., behavioral 
measures). (B) The key parameters of the MUA class that 
are used for setting up the algorithm (for full descriptions 
of each parameter’s options, see Table 1). (C) The 
calculated scores can be evaluated in two ways: directly, by 
correlating scores with behavioral measures (cor(y, S)), or 
by adding a regression step to produce predictions and 
evaluating with correlation (cor(y, ŷ)) and diverse 
evaluation metrics (e.g., mean squared error). 

cross-validation strategies, evaluation metrics, hyperpara
meter optimization tools, various regression methods, and 
pipeline variations that enable developers to extend and 
customize the framework according to their specific re
search needs. 

By providing a unified platform for mass univariate ag
gregation methods, we aim to accelerate methodological 
development, reduce programming errors for researchers, 
and enhance reproducibility in brain-behavior prediction 
research. 

SECTION 1. A CONFIGURABLE PIPELINE FOR 
MASS UNIVARIATE AGGREGATION METHODS 

UNIFIED CONFIGURABLE PIPELINE OVERVIEW 

We developed a unified, configurable pipeline that inte
grates established methods, such as CPM6 and PNRS,7 

alongside novel analytical approaches through a single in
terface (Figure 1). The pipeline is built around two core 
classes—FeatureVectorizer and MUA—both fully compati
ble with the scikit-learn ecosystem. These classes inherit 
from BaseEstimator and TransformerMixin, implementing 
the standard transformer interface (fit and transform) to 
ensure interoperability with Python’s machine learning in
frastructure. 

This modular architecture enables researchers to use 
standard scikit-learn features, including automated hyper
parameter optimization via GridSearchCV and Random
izedSearchCV. The pipeline is model-agnostic and can in
corporate any scikit-learn regression method. By adjusting 
parameters within this framework, researchers can repro
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Table 1. Core parameters of the MUA class. Each parameter controls a specific aspect of the feature selection, weighting, 
and aggregation workflow, enabling flexible configuration of mass univariate aggregation methods within the 
configurable pipeline. 

Parameter Value Description 

filter_by_sign True Separate positive/negative features 

False Keep all features together 

direction 'difference' Positive network score minus negative network score as a single predictor 

'positive' Positive network score only 

'negative' Negative network score only 

ignored When filter_by_sign=False 

selection_method 'all' Use all features 

'pvalue' Select features with p < α 

'top_k' Select the top k features by absolute correlation 

selection_threshold float (0, 1) 'pvalue' method: p-value threshold 

positive integer 'top_k' method: number of features 

ignored For 'all' method 

weighting_method 'binary' ±1 based on correlation sign 

'correlation' The strength of the correlation 

'squared_correlation' r² preserving sign 

'regression' Feature-specific regression coefficients 

'external' Use externally provided edge weights (e.g., CSS) 

external_weights array-like (n_features,) External edge-wise weights applied when weighting_method='external' 

correlation_type 'pearson' Linear correlation 

'spearman' Rank-based correlation 

feature_aggregation 'sum' The sum of the weighted features 

'mean' The mean of the weighted features 

standardize_scores True Z-score normalize final scores 

False Keep raw scores 

duce existing methods, create hybrid approaches, or de
velop new strategies while leveraging scikit-learn’s com
prehensive suite of cross-validation protocols (e.g., KFold, 
GroupKFold) and evaluation metrics (e.g., mean squared 
error, Pearson correlation). 

IMPLEMENTATION DETAILS 

1. FEATUREVECTORIZER CLASS 

The FeatureVectorizer is designed to standardize symmet
ric graph input data for passing through the MUA class. 
When handling 3D connectivity input—represented as n 
subjects × m regions × m regions—it efficiently vectorizes 
the data by extracting only the off-diagonal upper triangu
lar elements. If the input is already in a 2D feature format, 
the vectorizer leaves the data unmodified. Furthermore, the 
class supports inverse transformation, enabling the recon
struction of full symmetric matrices from feature vectors 
for subsequent usage. By streamlining these data transfor
mations, our configurable pipeline can be used to apply 
MUA methods on neuroimaging data (connectivity matri
ces) and any other feature-outcome data. 

2. MUA CLASS 

The MUA class is our main Python class that extends scikit-
learn’s BaseEstimator and TransformerMixin classes to en
sure compatibility with standard machine learning 
pipelines; the MUA class operates through three steps: 
I. Feature Selection:   Determines which features are in

cluded based on their association with behavior (e.g., p-
value thresholding, top-k selection, or all features). 
II. Feature Weighting:   Specifies how selected features 

are weighted (e.g., binary, correlation-based, or regression-
derived weights). 
III. Feature Aggregation:   Defines how weighted fea

tures are combined into summary scores (e.g., sum or mean 
aggregation, with optional sign-based partitioning into 
positive and negative networks). 

The MUA class employs a set of configurable parameters 
(Table 1) organized across the computational steps de
scribed above that enable flexible implementation of estab
lished methods while facilitating exploration of novel ap
proaches. 
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The output of the MUA class is a 2D NumPy array of 
shape (nsamples, 1). When filter_by_sign is set to true, the 
class separately computes positive and negative network 
strengths and combines them according to the direction pa
rameter — by default, as a difference score (aggregated pos
itive network strength minus aggregated negative network 
strength), as popularized by the traditional CPM frame
work.6 Additionally, when filter_by_sign is set to false, all 
selected edges are processed together without sign-based 
partitioning and collapsed into a single weighted score, 
facilitating the implementation of the PCS8,9 and PNRS7 

methods. 

3. PREDICTION STRATEGY 

For methods such as PNRS,7 the aggregated score is used 
without a final regression step to produce a score that is 
correlated with, but not necessarily an actual prediction 
of, the outcome variable. As such, researchers typically use 
these scores as a new variable and observe their correla
tions with outcomes of interest, rather than using them as 
estimates of the outcome variable itself. Additionally, some 
approaches, such as CPM,6 include an additional step in 
which a final regression step is applied to the aggregated 
features to obtain a predicted value of the outcome vari
able. In both cases, after configuring the MUA class pa
rameters, users can integrate any scikit-learn-compatible 
regression method directly into the pipeline via the ‘regres
sor’ step to estimate a final regression model using the ag
gregated features. The following section demonstrates the 
practical application of this approach (for further details, 
see CPM Configuration via The Configurable Pipeline, PNRS 
Configuration via The Configurable Pipeline, and Using PNRS 
as a Predictor with a Final Regression Step): 

The_pipeline = Pipeline([ 

('vectorize', FeatureVectorizer()), 

('mua', MUA( 

..., 

..., 

)), 

('regressor', LinearRegression()) # Linear regression 

]) 

While LinearRegression() is used here as an example, the 
pipeline supports the integration of any alternative scikit-
learn regression method, including custom implementa
tions that follow the scikit-learn estimator interface. 

4. CROSS-VALIDATION STRATEGY 

For configurations that include a final regression step (e.g., 
CPM6,14), predictions and performance estimates can be 
obtained using scikit-learn’s standard cross-validation util
ities. Our pipeline supports any scikit-learn-compatible 
cross-validation splitter, including standard splitters (e.g., 
KFold) and group-aware splitters (e.g., GroupKFold). Note 

that the original CPM protocol employs k-fold cross-valida
tion, which we demonstrate in Section 2 at the CPM Con
figuration via The Configurable Pipeline and use in Section 3 
in our validation runs at the CPM Validation, but more gen
erally, it is recommended to consider group-aware splitters 
whenever observations are non-independent — for exam
ple, in datasets with familial relationships such as HCP18 

— to prevent data leakage and inflated performance es
timates.20,21 Users can specify the dependency structure 
through the groups argument (e.g., family ID), as demon
strated below (for further details and a full example, see Il
lustrative Application: Family-Aware Cross-Validation): 

 # Load the family relationship data 

 family_data = ... 

 gkf = GroupKFold(n_splits=10) 

 scores = cross_val_score( 

 the_pipeline, brain_data, behavior, 

 cv=gkf, groups=family_data 

 ) 

 predictions = cross_val_predict( 

 the_pipeline, brain_data, behavior, 

 cv=gkf, groups=family_data 

 ) 

While GroupKFold is used here as an example, users can 
substitute any scikit-learn cross-validation splitter that ac
commodates dependency structure, selecting the strategy 
best suited to their data and research design. 

SECTION 2. COMMON NEUROIMAGING 
ALGORITHMS AND THEIR PIPELINE 
CONFIGURATIONS 

CONNECTOME-BASED PREDICTIVE MODELING (CPM) 

CPM6 identifies connectivity patterns that predict individ
ual differences in behavior through sign-based aggregation 
(Figure 2). 

The method consists of the following steps: 
1. Feature Selection.  Let X be the connectivity matrix 

with n subjects and m features, where xij represents the 
connectivity value for subject j and feature i. Let y be the 
behavioral measure vector for all subjects. For each connec
tivity feature i (where i = 1, …, m), compute the Pearson 
correlation coefficient ri between feature vector xi and be
havioral measure y, along with its corresponding p-value pi 
(Figure 2A). Then, given a significance threshold α, select 
features based on statistical significance: 

where S is the set of indices for selected features. 
2. Sign-Based Aggregation.  Partition the selected fea

tures S into two subsets based on their correlation sign 
(Figure 2B): 
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Figure 2. Connectome-based Predictive Modeling (CPM) 
algorithm workflow. (A) For each subject (represented by a 
distinct color), a functional connectivity matrix is 
extracted, where each element represents the Pearson 
correlation between pairs of brain regions. Each feature 
(connectivity edge) is then correlated with the behavioral 
measure across subjects, yielding a correlation coefficient 
(r) and associated p-value per edge. (B) Edges are 
partitioned into positive (red) and negative (blue) 
networks according to the sign of their correlation with 
behavior. Edges are selected by applying a significance 
threshold (p < α). For each subject, a single summary score 
is computed as the difference between the mean 
connectivity of the positively and negatively correlated 
edges: S = mean(positive edges) − mean(negative edges). 
(C) A linear model uses the summary score to predict 
behavior (Ŷ = β0 + β1S + ε), generating individual 
predictions for each subject. (D) Model performance is 
assessed by correlating predicted and observed behavioral 
values. The scatter plot depicts prediction accuracy, with 
the dashed red line indicating the regression fit. The 
accompanying distribution of prediction errors illustrates 
variability in model performance across subjects. 

This binary weighting approach assigns equal importance 
to all selected features regardless of their correlation mag
nitude. 

3. Behavioral Prediction.  Fit a linear model using a sin
gle summary score as the predictor, computed by taking the 
difference between the mean connectivity of positively and 
negatively correlated features (Figure 2C): 

where β0 is the intercept and β1 is the regression coeffi
cient. 

4. Evaluation. Assess the prediction accuracy by com
puting the Pearson correlation coefficient r and its associ
ated p-value p (Figure 2D): 

where  is the vector of actual behavioral values and  is the 
vector of predicted values. 

CPM CONFIGURATION VIA THE CONFIGURABLE PIPELINE 

The traditional CPM6 algorithm, following the Yale MAT
LAB implementation,14 can be implemented within our 
configurable pipeline using the RobustRegression() wrap
per — a custom scikit-learn-compatible class available in 
our repository — with the following configuration: 

cpm_pipeline = Pipeline([ 

('vectorize', FeatureVectorizer()), 

('mua', MUA( 

filter_by_sign=True, 

direction='difference', 

selection_method='pvalue', 

selection_threshold=0.05, 

weighting_method='binary', 

feature_aggregation='mean', 

)), 

('regressor', RobustRegression()) # Robust regression 

]) 

# Cross-validation 

cpm_scores = cross_val_score(cpm_pipeline, brain_data, 
behavior, cv=10) 

cpm_predictions = cross_val_predict(cpm_pipeline, 
brain_data, behavior, cv=10) 

print(f"CPM R² (10-fold CV): {cpm_scores.mean():.3f} ± 
{cpm_scores.std():.3f}") 

# Evaluation 

cpm_r, cpm_p = pearsonr(behavior, cpm_predictions) 

mae = mean_absolute_error(behavior, cpm_predictions) 

rmse = np.sqrt(mean_squared_error(behavior, 
cpm_predictions)) 

r2 = r2_score(behavior, cpm_predictions) 

The key parameters in the MUA class that define CPM6 

are: 
• filter_by_sign=True creates separate positive and 

negative network scores 
• direction='difference' computes a single summary 

score as (positive network score – negative network 
score) 
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The final prediction step uses a linear model, consistent 
with the CPM protocol description.6 Users can specify their 
preferred regression method via the ‘regressor’ step in the 
pipeline. For users who wish to use robust regression as 
their final prediction step, following the Yale MATLAB im
plementation,14 our repository provides a custom scikit-
learn-compatible wrapper, called RobustRegression(), that 
closely replicates MATLAB’s robustfit (for further details, 
see CPM Validation and Limitations). Alternatively, users 
who prefer ordinary least squares, as in the Python CPM tu
torial by Finn,15 can use scikit-learn’s LinearRegression(). 
More broadly, our pipeline supports any scikit-learn-com
patible regression method, and users can also implement 
custom scikit-learn-compatible wrappers for additional re
gression approaches. 

POLYNEURO RISK SCORES (PNRS) 

PNRS7 assesses brain-behavior associations through 
weighted aggregation, where each feature (connectivity 
edge) contributes proportionally to its univariate associa
tion strength (Figure 3). 

The method consists of the following steps: 
1. Feature Selection.  Let X be the connectivity matrix 

with n subjects and m features, where xij represents the 
connectivity value for subject j and feature i. Let y be the 
behavioral measure vector for all subjects (Figure 3A). 

All m connectivity features are retained and for each fea
ture i (where i = 1, …, m), the univariate regression coeffi
cient βi will be computed: 

where xi is the vector of connectivity values for feature i 
across all subjects, and the coefficient is computed as: 

2. Score Aggregation.  For each subject j, compute a single 
aggregated score Sj by summing all features weighted by 
their regression coefficients (Figure 3B): 

This creates a composite score that reflects the cumulative 
effect of all brain features. 

3. Evaluation. Assess the strength of the brain-behavior 
association by computing the Pearson correlation coeffi
cient r and its associated p-value p between the aggregated 
scores and the behavioral measure (Figure 3C): 

where r quantifies the strength of the linear association be
tween the brain-wide connectivity pattern and the behav
ioral measure. 

Figure 3. Polyneuro Risk Scores (PNRS) methodology. (A)  
Functional connectivity matrices are extracted for each 
subject (represented by a distinct color). Each matrix 
contains connectivity values for all brain region pairs. For 
each connectivity edge (feature), a univariate regression 
coefficient (β weight) is estimated across subjects using 
the model , where , yielding 
one β weight per edge (shown here for features f1 through 
f10). (B) For each subject j, the PNRS is computed as the 
weighted sum of all connectivity edges, where each edge is 
multiplied by its corresponding β weight 
( ). (C) The 
aggregated PNRS scores are correlated with the observed 
behavioral measures. The correlation coefficient r and its 
associated p-value quantify the strength of the brain-
behavior association captured by the score. 

PNRS CONFIGURATION VIA THE CONFIGURABLE 
PIPELINE 

The PNRS7 algorithm, used for in-sample validation against 
the BWAS MATLAB toolbox16 can be implemented within 
our configurable pipeline using the following configuration. 
This configuration uses all connectivity features without 
selection, creating a comprehensive brain-wide score. 

pnrs_pipeline = Pipeline([ 

('vectorize', FeatureVectorizer()), 

('mua', MUA( 

filter_by_sign=False, 

selection_method='all', 

weighting_method='regression', 

feature_aggregation='sum', 

)) 

]) 

pnrs_scores = pnrs_pipeline.fit_transform(brain_data, 

• selection_method='pvalue' with threshold=0.05 im
plements statistical feature selection 

• weighting_method='binary' assigns equal weights to all 
selected features (connectivity edge) 

• feature_aggregation='mean' computes (mean(positive 
network score) – mean(negative network score)) 
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behavior) 

# Evaluation 

pnrs_r, pnrs_p = pearsonr(behavior, 
pnrs_scores.flatten()) 

The key parameters in the MUA class that define PNRS7 

are: 

USING PNRS AS A PREDICTOR WITH A FINAL 
REGRESSION STEP 

The PNRS7 pipeline can also be adapted to accommodate a 
final regression step.13 We are unable to validate this ex
act version of the pipeline since it has not been previously 
released to our knowledge; however, the individual com
ponents — the PNRS computation and the final regression 
step — are each independently validated through the orig
inal PNRS and the CPM6 pipeline. This configuration is as 
follows: 

pnrs_pipeline = Pipeline([ 

('vectorize', FeatureVectorizer()), 

('mua', MUA( 

filter_by_sign=False, 

selection_method='all', 

weighting_method='regression', 

feature_aggregation='sum', 

)), 

('regressor', LinearRegression()) # Linear regression 

]) 

# Cross-validation 

pnrs_scores = cross_val_score(pnrs_pipeline, 
brain_data, behavior, cv=10) 

pnrs_predictions = cross_val_predict(pnrs_pipeline, 
brain_data, behavior, cv=10) 

print(f"PNRS R² (10-fold CV): {pnrs_scores.mean():.3f} 
± {pnrs_scores.std():.3f}") 

# Evaluation 

pnrs_r, pnrs_p = pearsonr(behavior, pnrs_predictions) 

mae = mean_absolute_error(behavior, pnrs_predictions) 

rmse = np.sqrt(mean_squared_error(behavior, 
pnrs_predictions)) 

r2 = r2_score(behavior, pnrs_predictions) 

Figure 4. Polyconnectomic Scoring (PCS) methodology. 
An individual’s functional connectivity matrix (top left, 
pink) contains connectivity values (f1 through f10) and a 
connectome summary statistic (CSS) matrix (bottom left, 
yellow) contains pre-computed edge-wise weights (W1 
through W10) derived from a large discovery dataset, where 
each weight quantifies the association between a given 
connectivity edge and the disorder or behavioral measure 
of interest. The PCS is computed as the weighted mean of 
the individual’s connectivity values multiplied by their 
corresponding CSS weights: 

. The resulting 
PCS (right) provides a single scalar index reflecting the 
degree to which the individual’s connectivity pattern 
resembles the disorder-associated connectivity profile. 

The key parameters in the MUA class that define PNRS7 

with final regression are as above with the exception of the 
additional parameter ‘regressor’ set to LinearRegression(). 

POLYCONNECTOMIC SCORING (PCS) 

PCS8,9 measures how similar an individual’s brain func
tional connectivity pattern is to the connectivity pattern 
associated with a specific disorder or behavior (Figure 4). 
To compute this score, researchers first estimate CSS using 
large discovery datasets. These statistics quantify the as
sociation between each functional connection and the dis
order or behavior (specifically, regression coefficients for 
scale variables, analogous to the regression-derived 
weights used in the PNRS7 framework to assess brain-be
havior associations, and Cohen’s d for group contrasts). The 
resulting CSS values form a matrix of edge-wise weights 
representing the disorder- or behavior-related connectivity 
pattern (Figure 4, CSS matrix). The PCS for a new individual 
(Figure 4, individual functional connectivity matrix) is then 
computed by aggregating their functional connectivity val
ues weighted by the corresponding CSS values, producing 
a score that reflects how strongly the individual’s connec
tome resembles the disorder- or behavior-associated con
nectivity pattern. 

where FCj,e denotes the functional connectivity value of 
edge e for subject j, CSSe represents the connectome sum
mary statistic for edge e, and n is the total number of con
nections included in the score. 

• filter_by_sign=False processes all features (connec
tivity edges) together without sign-based partition
ing into positive and negative networks. 

• selection_method='all' includes every feature with
out statistical thresholding 

• weighting_method='regression' assigns beta weights 
from univariate regressions ( ) 

• feature_aggregation='sum' computes the score as a 
weighted sum of all features 

Mass univariate aggregation methods for machine learning in neuroscience

Aperture Neuro 7



PCS CONFIGURATION VIA THE CONFIGURABLE PIPELINE 

Because of the shared computational backbone of MUA 
methods, our pipeline naturally accommodates PCS8,9 

analyses: users supply a pre-computed CSS vector as exter
nal weights, and PCS is produced within the same analyti
cal workflow used for other MUA approaches. The pipeline 
accepts any array-like structure as CSS (e.g., NumPy array, 
Python list, or Pandas Series), provided as a one-dimen
sional vector of edge-wise weights whose length equals the 
number of unique edges in the upper triangle of the con
nectivity matrix. When the CSS is available as a full regions 
× regions matrix, the upper triangle can be extracted via 
np.triu_indices(n, k=1) to produce the required vector for
mat for the pipeline. FeatureVectorizer is included in the 
pipeline to apply the same extraction to the input connec
tivity matrices, ensuring consistent edge ordering between 
the CSS and the data: 

# Load pre-computed CSS matrix from discovery study 
CSS_matrix = ... 

# Extract upper triangle to match vectorized FC edges 

CSS = CSS_matrix[np.triu_indices(n_nodes, k=1)] 

pcs_pipeline = Pipeline([ 

('vectorize', FeatureVectorizer()), 

('mua', MUA( 

filter_by_sign=False, 

selection_method='all', 

weighting_method='external', 

external_weights=CSS, 

feature_aggregation='mean', 

)) 

]) 

pcs_scores = pcs_pipeline.fit_transform(brain_data, 
behavior) 

pcs_results = pcs_scores.flatten() 

The key parameters in the MUA class that define PCS8,9 

are: 

COMPUTING CSS WITHIN THE PIPELINE 

Beyond applying pre-computed CSS, users can use our 
pipeline to derive CSS from a discovery sample. For scale 
variables, CSS can be extracted as univariate regression co
efficients (β-weights). For group contrasts, CSS is expressed 
as Cohen’s d.8,9 Our pipeline supports this by first com
puting edge-wise correlations from the discovery sample 
and then converting them to Cohen’s d using established 
formulas derived either directly or through the t-statis
tic.22‑24 Our implementation uses the t-statistic-based con
version, as this enabled validation against the effectsize 
R package,25,26 which implements the same approach; to 
our knowledge, no existing study implements the direct 
correlation-to-Cohen’s d conversion formula. Alternatively, 
users can compute Cohen’s d externally using dedicated 
tools in Python (e.g., the Pingouin27 Python library), which 
compute Cohen’s d from the means and standard deviations 
of the two groups.28 All three approaches — direct compu
tation from group statistics, and the two correlation-to-Co
hen’s d conversions — are presented in Appendix A. 

Note that the pipeline’s built-in correlation-to-Cohen’s 
d conversion computes unadjusted effect sizes for two-
group contrasts; however, CSS matrices from prior PCS 
studies have sometimes been derived using Cohen’s d cor
rected for covariates such as age, sex, and in-scanner mo
tion.8,9 For datasets requiring confound correction, multi-
group contrasts, or other custom CSS for PCS 
computations, users can derive weights externally and sup
ply them via the external_weights parameter. 

The pipeline computes and stores CSS internally as a 
one-dimensional vector. To save the resulting CSS as a full 
regions × regions matrix, users can reconstruct it using Fea
tureVectorizer.inverse_transform. 

1. SCALE VARIABLES 

For scale variables (e.g., fluid intelligence), CSS is com
puted as univariate regression coefficients.8,9 Users can de
rive these weights from a discovery sample and apply them 
as external weights to compute PCS in a validation sample. 
As there is no publicly available CSS implementation from 
prior studies to validate against, we were unable to validate 
this CSS derivation step directly. Since the CSS values for 
scale variables are mathematically identical to the regres
sion coefficients used in PNRS7 (both computed as 

), our validated PNRS implementation 
confirms the correctness of this step. 

 # Step 1: Derive CSS (β-weights) from discovery 
sample 

 css_pipeline = Pipeline([ 

 ('vectorize', FeatureVectorizer()), 

 ('mua', MUA( 

 filter_by_sign=False, 

 selection_method='all', 

 weighting_method='regression', 

• filter_by_sign=False processes all features (connec
tivity edges) together without sign-based partition
ing into positive and negative networks. 

• selection_method='all' includes every feature, con
sistent with the application of a full CSS weight map. 

• weighting_method='external' with external_weights 
applies an externally derived CSS containing edge-
wise weights associated with a specific disorder or be
havioral phenotype 

• feature_aggregation='mean' computes the PCS value 
as the average weighted connectivity across all fea
tures 
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 feature_aggregation='sum', 

 )) 

 ]) 

 css_pipeline.fit(brain_data_discovery, 
behavior_discovery) 

 CSS = css_pipeline.named_steps['mua'].edge_weights_ 

 # Save CSS as a symmetric matrix CSV 

 vectorizer = css_pipeline.named_steps['vectorize'] 

 CSS_matrix = vectorizer.inverse_transform( 

 CSS.reshape(1, -1))[0] 

 pd.DataFrame( 

 CSS_matrix, 

 index=region_labels, columns= region_labels 

 ).to_csv('css_beta_weights.csv') 

 # Step 2: Apply CSS to compute PCS in validation 
sample 

 pcs_pipeline = Pipeline([ 

 ('vectorize', FeatureVectorizer()), 

 ('mua', MUA( 

 filter_by_sign=False, 

 selection_method='all', 

 weighting_method='external', 

 external_weights=CSS, 

 feature_aggregation='mean', 

 )) 

 ]) 

 pcs_scores = 
pcs_pipeline.fit_transform(brain_data_validation, 
behavior_validation) 

 pcs_results = pcs_scores.flatten() 

2. GROUP CONTRASTS 

For two-group contrasts (e.g., patients vs. controls), CSS is 
expressed as Cohen’s d.8,9 Users can use our configurable 
pipeline to derive edge-wise correlations between connec
tivity values and binary group labels from a discovery sam
ple and convert them to Cohen’s d .22‑24 When binary group 
labels are provided (e.g., 0 = controls, 1 = patients), the re
sulting Pearson correlations are mathematically equivalent 
to point-biserial correlations, which can be directly con
verted to Cohen’s d without additional configuration. 

where re is the correlation for edge e, and n1 and n2 are 
the sample sizes of the two groups. This equation is derived 
through the t-statistic,23,24 which is also used in the effect

size R package.25,26 Full derivations are provided in Appen
dix A. 

 # Step 1: Derive correlations from discovery sample 

 css_pipeline = Pipeline([ 

 ('vectorize', FeatureVectorizer()), 

 ('mua', MUA( 

 filter_by_sign=False, 

 selection_method='all', 

 weighting_method='correlation', 

 feature_aggregation='sum', 

 )) 

 ]) 

 css_pipeline.fit(brain_data_discovery, 
group_labels_discovery) 

 r = css_pipeline.named_steps['mua'].correlations_ 

 # Convert correlation to Cohen's d (general formula) 

 n1 = np.sum(group_labels_discovery == 0) # e.g., 
controls 

 n2 = np.sum(group_labels_discovery == 1) # e.g., 
patients 

 # Correlation-to-Cohen's d conversion 

 CSS_cohen_d = (r / np.sqrt(1 - r**2)) * np.sqrt( 

 ((n1 + n2 - 2) / n1) + ((n1 + n2 - 2) / n2) 

 ) 

 # Save CSS as a symmetric matrix CSV 

 vectorizer = css_pipeline.named_steps['vectorize'] 

 CSS_cohen_d_matrix = vectorizer.inverse_transform( 

 CSS_cohen_d.reshape(1, -1))[0] 

 pd.DataFrame( 

 CSS_cohen_d_matrix, 

 index=region_labels, columns= region_labels 

 ).to_csv('css_cohen_d.csv') 

 # Step 2: Apply CSS to compute PCS in validation 
sample 

 pcs_pipeline = Pipeline([ 

 ('vectorize', FeatureVectorizer()), 

 ('mua', MUA( 

 filter_by_sign=False, 

 selection_method='all', 

 weighting_method='external', 

 external_weights=CSS_cohen_d, 

 feature_aggregation='mean', 
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 )) 

 ]) 

 pcs_scores = 
pcs_pipeline.fit_transform(brain_data_validation, 
group_labels_validation) 

 pcs_results = pcs_scores.flatten() 

SECTION 3. VALIDATION 

To ensure the accuracy of our pipeline, we compared the 
results of our pipeline configurations for CPM6 and PNRS7 

against their established MATLAB implementations14,16 

using the HCP data.18 The CPM protocol describes the final 
prediction step as a linear model, which has been imple
mented as robust regression in the Yale MATLAB code and 
as ordinary least squares in the Python CPM tutorial by 
Finn.15 Using identical fold assignments, we validated our 
pipeline against the Yale MATLAB implementation in two 
ways: (1) using our custom scikit-learn-compatible robust 
regression wrapper to closely replicate MATLAB’s robustfit, 
achieving near-perfect numerical equivalence on the HCP 
data; and (2) using scikit-learn’s LinearRegression, which, 
as expected in a large-sample single-predictor setting, 
showed high agreement, with residual differences reflecting 
the methodological distinction between ordinary least 
squares and robust regression rather than any pipeline er
ror (for further details, see CPM Validation and Limita
tions). For PNRS, the pipeline achieved exact numerical 
equivalence. For PCS,8,9 we validated two aspects of our 
pipeline. (1) PCS computation: To ensure that our pipeline 
correctly computes PCS, we compared its output against re
sults obtained directly from the PCS formula. For this, we 
used the HCP data, consistent with the CPM and PNRS val
idations, alongside a simulated CSS matrix. (2) CSS com
putation for group contrasts (correlation-to-Cohen’s d con
version): To verify the pipeline’s correlation-to-Cohen’s d 
conversion,22‑24 we validated our results against the effect
size R package,25,26 which implements the same r-to-d con
version derived from the t-statistic,23,24 and independently 
against the Pingouin Python library, which uses the means 
and standard deviations of the two groups.27 Both the PCS8,

9 computation and the CSS derivation approach matched 
exactly with their ground-truth values, confirming the cor
rectness of our pipeline’s PCS computation and the correla
tion-to-Cohen’s d conversion via the t-statistic.23,24 

Complete validation scripts and visualization utilities for 
generating publication-quality figures of prediction accu
racy and error distributions are available in the repository. 

Additionally, to provide guidance on computational fea
sibility, we report single-run runtimes for each pipeline 
configuration, measuring only the core pipeline computa
tion — excluding data loading and visualization — on a 
single CPU core (Intel Core i7, 10th generation, 8GB RAM; 
Table 2). 

DATASET 

We validated these pipelines using resting-state fMRI data 
obtained from the HCP.18 The dataset comprised 1067 sub
jects. Functional connectivity matrices were derived by pre
processing the data using the Yale preprocessing and func
tional connectivity estimation pipelines (cf. Noble et al.29) 
to obtain resting-state functional connectivity data as the 
Pearson correlations between time series for each region of 
the Shen268 atlas,30 yielding 268 × 268 symmetric matrices 
per subject. Following the original CPM,6 fluid intelligence 
scores served as the behavioral prediction target. 

CPM VALIDATION 

We benchmarked our CPM implementation against the 
original Yale code6,14 using HCP18 connectivity data (n = 
1067) with a significance threshold of 0.05 and identical 
10-fold cross-validation fold assignments to isolate algo
rithmic differences. As the original MATLAB implementa
tion uses robust regression (robustfit) for the final pre
diction step, we created a scikit-learn-compatible wrapper 
available in the repository that uses statsmodels’ RLM31 

with Tukey’s bisquare weighting to closely match this be
havior, as no existing Python package exactly replicates 
MATLAB’s robustfit. 

Figure 5 presents the results using our robust regression 
wrapper: the original MATLAB implementation (panels 
A–B; r = 0.223, p < 0.001, max |diff| = 1.30e+01, mean |diff| 
= 3.93e+00) and our configurable pipeline (panels C–D; r 
= 0.223, p < 0.001, max |diff| = 1.30e+01, mean |diff| = 
3.93e+00) showed equivalent prediction performance. Pan
els E–F directly compare the predicted values, confirming 
near-perfect numerical agreement (r = 1.000, p < 0.001, max 
|diff| = 1.33e-03, mean |diff| = 5.28e-04), with negligible 
residual differences attributable to implementation-level 
differences between MATLAB’s robustfit and our wrapper 
(see Limitations). Using the same data, we additionally 
used ordinary least squares (scikit-learn’s LinearRegres
sion) in place of the robust regression wrapper, consistent 
with the ordinary least squares approach used in the 
Python CPM tutorial by Finn15 (Figure 6). The MATLAB im
plementation (panels A–B; r = 0.223, p < 0.001) and our 
pipeline (panels C–D; r = 0.224, p < 0.001, max |diff| = 
1.28e+01, mean |diff| = 3.95e+00) showed comparable pre
diction performance, with agreement between the two sets 
of predictions (panels E–F; r = 1.000, p < 0.001, max |diff| 
= 3.56e-01, mean |diff| = 1.62e-01). The larger residual dif
ferences compared to Figure 5 reflect the expected discrep
ancy between ordinary least squares and robust regression 
rather than any pipeline error. Together, these results val
idate the ability of our pipeline to reliably reproduce the 
standard CPM algorithm, including its characteristic sign-
based aggregation into a single summary score followed by 
a final regression step. 

While the CPM protocol describes the final prediction 
step as a linear model without specifying ordinary least 
squares or robust regression, the Yale MATLAB implemen
tation uses robust regression and the Python tutorial by 
Finn uses ordinary least squares.6,14,15 As both approaches 
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Figure 5. Validation of the CPM implementation via the 
configurable pipeline using robust regression against the 
original MATLAB implementation. Both implementations 
used 10-fold cross-validation with identical fold 
assignments on HCP connectivity data (n = 1067), 
predicting fluid intelligence from resting-state functional 
connectivity. The pipeline used a scikit-learn-compatible 
wrapper of statsmodels’ RLM with Tukey’s bisquare 
weighting to match MATLAB’s robustfit. (A) MATLAB-
predicted versus actual values (r = 0.223, p < 0.001). (B)  
Distribution of prediction errors for the MATLAB 
implementation, showing maximum (1.30e+01) and mean 
(3.93e+00) absolute differences. (C) Pipeline-predicted 
versus actual values (r = 0.223, p < 0.001). (D) Distribution 
of prediction errors for the configurable pipeline, showing 
maximum (1.30e+01) and mean (3.93e+00) absolute 
differences. (E) Direct comparison of predicted values 
between the two implementations (r = 1.000, p < 0.001). 
(F) Distribution of absolute differences between 
implementations, showing maximum (1.33e-03) and mean 
(5.28e-04) absolute differences. 

yield comparable predictions in this single-predictor set
ting (Figures 5–6), users may select either method based on 
their specific needs; robust regression is more resistant to 
the influence of outliers, while ordinary least squares as
sumes homoscedastic, normally distributed residuals. Both 
are supported by the pipeline: ordinary least squares via 
scikit-learn’s LinearRegression, and robust regression via 
the custom scikit-learn compatible wrapper provided in the 
repository. 

PNRS VALIDATION 

We validated our PNRS implementation against the DCAN 
Labs BWAS toolbox.7,16 Using identical in-sample valida

Figure 6. Validation of the CPM implementation via the 
configurable pipeline using linear regression against the 
original MATLAB implementation. Both implementations 
used 10-fold cross-validation with identical fold 
assignments on HCP connectivity data (n = 1067), 
predicting fluid intelligence from resting-state functional 
connectivity. The pipeline used ordinary least squares 
(LinearRegression) while the MATLAB implementation 
used robust regression (robustfit). (A) MATLAB-predicted 
versus actual values (r = 0.223, p < 0.001). (B) Distribution 
of prediction errors for the MATLAB implementation, 
showing maximum (1.30e+01) and mean (3.93e+00) 
absolute differences. (C) Pipeline-predicted versus actual 
values (r = 0.224, p < 0.001). (D) Distribution of prediction 
errors for the configurable pipeline, showing maximum 
(1.28e+01) and mean (3.95e+00) absolute differences. (E)  
Direct comparison of predicted values between the two 
implementations (r = 1.000, p < 0.001). (F) Distribution of 
absolute differences between implementations, showing 
maximum (3.56e-01) and mean (1.62e-01) absolute 
differences. 

tion on HCP18 connectivity data (n = 1067), both imple
mentations yielded identical correlation between aggre
gated scores and behavior. Figure 7 presents the results 
from the original MATLAB implementation (panel A; r = 
0.152, p < 0.001) and our configurable pipeline (panel B; r 
= 0.152, p < 0.001), showing identical performance. Panels 
C–D directly compare the PNRS scores of the two imple
mentations, confirming exact numerical equivalence (r = 
1.000, p < 0.001, max |diff| = 3.67e-09, mean |diff| = 
7.89e-10). These results validate the ability of our pipeline 
to reproduce the PNRS methodology through appropriate 
parameter configuration. 
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Figure 7. Validation of the PNRS implementation via the 
configurable pipeline against the original MATLAB 
implementation. Both implementations used identical in-
sample validation on HCP connectivity data (n = 1067), 
computing PNRS scores from resting-state functional 
connectivity. (A) MATLAB PNRS scores versus actual 
behavioral values (r = 0.152, p < 0.001). (B) Pipeline PNRS 
scores versus actual behavioral values (r = 0.152, p < 
0.001). (C) Direct comparison of PNRS scores between the 
two implementations (r = 1.000, p < 0.001). (D)  
Distribution of absolute differences between 
implementations, showing maximum (3.67e-09) and mean 
(7.89e-10) absolute differences, confirming numerical 
equivalence at machine precision. 

PCS VALIDATION 

PCS COMPUTATION USING AN EXTERNAL CSS MATRIX 

We validated the PCS8,9 implementation using the external 
weights workflow with HCP connectivity data18 and a sim
ulated CSS matrix. Figure 8 presents the correspondence 
between the pipeline’s PCS scores and those computed di
rectly from the PCS formula (panel A; r = 1.000, p < 0.001, 
max |diff| = 4.60e-17, mean |diff| = 6.74e-18), confirming ex
act numerical equivalence (panel B). These results validate 
the ability of our pipeline to correctly compute PCS using 
externally derived CSS weights. 

CSS DERIVATION FOR GROUP CONTRASTS 

We validated the pipeline’s correlation-to-Cohen’s d con
version via the t-statistic derivation23,24 using two inde
pendent approaches. First, we compared the derived CSS 
values against those computed by the effectsize R pack
age,25,26 which implements the same r-to-d conversion 
through the t-statistic. Second, we compared against the 
Pingouin27 Python library, which computes Cohen’s d di
rectly from group means and pooled standard deviations, 
providing an independent validation of the conversion 
pathway itself. Using simulated data with two groups (n1 

Figure 8. Validation of PCS computation with external 
CSS weights via the configurable pipeline against manual 
computation. Both approaches used HCP connectivity data 
(n = 1067) and a simulated CSS matrix. (A)  
Correspondence between pipeline PCS scores and 
manually computed PCS scores (r = 1.000, p < 0.001). (B)  
Distribution of absolute differences between pipeline and 
manual PCS scores, showing maximum (4.60e-17) and 
mean (6.74e-18) absolute differences, confirming 
numerical equivalence. 

Figure 9. Validation of CSS derivation (Cohen’s d) for 
group contrasts via the configurable pipeline against the 
effectsize R package. Both approaches used simulated data 
with two groups (n1 = 120, n2 = 80). (A) Correspondence 
between pipeline-derived and effectsize-derived Cohen’s d 
values (r = 1.000, p < 0.001). (B) Distribution of absolute 
differences between the two implementations, showing 
maximum (4.68e-10) and mean (1.94e-10) absolute 
differences. 

= 120, n2 = 80), Figure 9 presents the correspondence be
tween the pipeline’s CSS values and those from the ef
fectsize R package (panel A; r = 1.000, p < 0.001; panel 
B; max |diff| = 4.68e-10, mean |diff| = 1.94e-10). Figure 10 
presents the correspondence between the pipeline’s CSS 
values and those from the Pingouin library (panel A; r = 
1.000, p < 0.001; panel B; max |diff| = 4.98e-10, mean |diff| 
= 2.48e-10), confirming that the conversion pathway pro
duces Cohen’s d values consistent with direct computation 
from group statistics. Together, these results validate our 
pipeline’s correlation-to-Cohen’s d conversion for group 
contrast analyses. 

RUNTIME BENCHMARKS 

Table 2 reports runtime benchmarks for each pipeline con
figuration described in the validation section, measuring 
only the core pipeline computation from input data to final 
results, excluding data loading and visualization. All 
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Figure 10. Validation of CSS derivation (Cohen’s d) for 
group contrasts via the configurable pipeline against the 
Pingouin Python library. Both approaches used simulated 
data with two groups (n1 = 120, n2 = 80). (A)  
Correspondence between pipeline-derived and Pingouin-
derived Cohen’s d values (r = 1.000, p < 0.001). (B)  
Distribution of absolute differences between the two 
implementations, showing maximum (4.98e-10) and mean 
(2.48e-10) absolute differences. 

benchmarks were obtained on an Intel Core i7 (10th gener
ation) with 8GB RAM. 

Table 2. Runtime benchmarks for each pipeline 
configuration. 

Pipeline Configuration Computation 
Mode 

Runtime 
(s) 

CPM using robust 
regression 

10-fold cross-
validation 

23.64 

CPM using linear 
regression 

10-fold cross-
validation 

29.72 

PNRS In-sample 3.73 

PCS computation using 
external CSS 

In-sample 1.40 

CSS derivation (Cohen’s 
d) 

In-sample 0.02 

ILLUSTRATIVE APPLICATION: FAMILY-AWARE CROSS-
VALIDATION 

Beyond the validation analyses above, we applied the 
canonical CPM configuration6,14 to the HCP data18 using 
GroupKFold with each subject’s HCP family ID as the 
grouping variable, to demonstrate how to use our config
urable pipeline for this purpose. Results are shown in Fig
ure 11 (panel A: r = 0.210, p < 0.001; panel B: max |diff| = 
1.27e+01, mean |diff| = 3.96e+00). This example illustrates 
how researchers can integrate family-aware cross-valida
tion into the pipeline for datasets with non-independent 
observations such as HCP.20,21 

DISCUSSION 

The primary contribution of this work is the technical con
solidation of MUA methods into a single, standardized, and 
configurable pipeline. Built within the scikit-learn ecosys
tem in Python, this unified framework brings together two 
widely used techniques — CPM6 and PNRS7 — which we 

Figure 11. Illustrative application of CPM with family-
aware cross-validation on HCP data. Applied to HCP 
connectivity data (n = 1067) using GroupKFold with HCP 
family IDs, predicting fluid intelligence from resting-state 
functional connectivity. (A) Pipeline-predicted versus 
actual values (r = 0.210, p < 0.001). (B) Distribution of 
prediction errors, showing maximum (1.27e+01) and mean 
(3.96e+00) absolute differences 

have validated against their original MATLAB implemen
tations,14,16 alongside PCS8,9,17 with support for both ex
ternally derived and internally computed CSS. Existing im
plementations of these methods remain fragmented across 
MATLAB, Python, and R, with no unified framework bring
ing them together. Furthermore, our pipeline addresses a 
critical accessibility gap: while the original implementa
tions of CPM and PNRS were developed in MATLAB, which 
is not open-source, our Python implementation offers a 
freely accessible alternative, enabling researchers to apply 
these validated techniques within a modern machine learn
ing framework. 

Although different MUA methods share a common com
putational core, they differ in their specific goals, which 
our pipeline accommodates through configurable parame
ters. PNRS7 is intended to produce a score that captures the 
brain-behavior association by evaluating how well the score 
correlates with the outcome, while CPM6 adds a final re
gression step to produce actual behavioral predictions, as 
also demonstrated in recent PNRS applications.13 Our uni
fied framework supports both: users can work with scores 
directly or add a final regression step via the ‘regressor’ step 
in the pipeline, using any scikit-learn-compatible regres
sion method, including the custom robust regression wrap
per provided in our repository. PCS8,9 uses pre-computed 
CSS matrices to quantify the degree to which an individ
ual’s brain connectivity aligns with disorder- or behavior-
related connectivity patterns. As CSS matrices are typically 
derived from large discovery datasets, users can apply pre-
computed CSS from prior studies to assess individual-level 
connectivity patterns. Our pipeline supports this approach 
through the external weights option. In addition, users can 
also derive CSS from a discovery sample within the pipeline 
itself — using regression-derived β-weights for scale vari
ables or correlation-to-Cohen’s d conversion for two-group 
contrasts (e.g., patients vs. controls) — supporting the PCS 
workflow within a single framework. 

We validated CPM6 and PNRS7 against their original 
MATLAB implementations,14,16 using HCP data.18 For 
CPM, using identical fold assignments, we validated the 
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pipeline with both our robust regression wrapper and or
dinary least squares, confirming that the pipeline correctly 
reproduces the CPM algorithm with either regression 
method as the final prediction step. For PNRS, the pipeline 
achieved exact numerical equivalence with the MATLAB 
implementation. For PCS,8,9 we validated the external 
weights workflow against the PCS formula using HCP data, 
and verified the CSS derivation workflow for two-group 
contrasts (correlation-to-Cohen’s d conversion) using sim
ulated data against two independent implementations: the 
effectsize R package25,26 and Python Pingouin library.27 

CSS derivation for scale variables was verified through 
mathematical equivalence with the validated PNRS regres
sion coefficients. In all cases, the pipeline’s accuracy and 
correctness were confirmed. By providing comprehensive 
documentation, validation scripts, and a configurable inter
face, we aim to minimize implementation errors and en
hance reproducibility in neuroimaging research. 

MUA-style approaches are preferable to fully multivari
ate machine learning methods when interpretability and 
understanding the independent contribution of individual 
features are of primary interest. In MUA methods, features 
are selected univariately, and in contrast to fully multivari
ate models, the model does not learn how to weight fea
tures relative to each other. As a result, each feature’s con
tribution is independently quantifiable and the selected set 
of connections participating in the model is directly identi
fiable. This interpretability represents a central advantage 
of MUA methods, as it enables researchers to determine 
which specific connections contribute to brain–behavior 
relationships or play a role in a given clinical symptom.2,32 

However, aggregation-based approaches may be subop
timal in several scenarios: when the relevant brain–behav
ior relationship depends on interactions between features 
that cannot be captured by independent evaluation33; when 
selected features have unequal predictive importance but 
are combined with equal contributions2; and when the sig
nal is subtle and distributed, as stringent multiple compari
son corrections required by univariate selection may lead to 
loss of statistical power and information.33,34 In such cases, 
fully multivariate methods capable of modelling higher-
order dependencies between features may offer improved 
predictive accuracy and better generalization to indepen
dent datasets. However, in fully multivariate models, indi
vidual feature weights do not directly reflect the underly
ing neural sources of an effect due to feature correlations 
and suppressor variables, making interpretation consider
ably more challenging.32,35,36 

Therefore, the choice between these approaches should 
be guided by the specific research question and the relative 
priority placed on interpretability versus predictive perfor
mance. MUA approaches are better suited for establish
ing transparent, reproducible baselines with direct neuro
biological interpretability, while fully multivariate methods 
may be preferred when maximizing prediction accuracy is 
the primary objective. 

RECOMMENDATIONS & FUTURE WORK 

For optimal results using our configurable pipeline, we rec
ommend following standard machine learning best prac
tices: (1) ensuring adequate sample sizes based on recent 
neuroimaging guidelines1,2; (2) running the “Preprocess
ing” script available in our repository, which helps to re
move faulty subjects; (3) carefully selecting method pa
rameters aligned with research objectives; (4) using 
group-aware cross-validation whenever observations are 
non-independent — including related subjects, multi-site 
data, and repeated measures — to prevent data leakage and 
inflated performance estimates20,21; and (5) comprehen
sively reporting all methodological details. 

While our current implementation reliably reproduces 
established MUA methods, including CPM6 and PNRS,7 the 
parameterized configurable pipeline opens exciting possi
bilities for methodological innovation. Future work will 
systematically characterize performance across the full pa
rameter space, exploring hybrid configurations such as: (1) 
combinations of weighting methods (e.g., correlation-
based weights for feature selection with regression weights 
for aggregation); (2) ensemble approaches that combine 
predictions from multiple parameter configurations; (3) 
formal runtime benchmarks and memory profiling on large-
scale connectome datasets to provide practical guidance. 

CONCLUSION 

Our pipeline significantly simplifies the reporting process; 
users can achieve full methodological transparency by di
rectly documenting the specific input parameters passed to 
the function. By utilizing these built-in parameters to de
fine the MUA class, standardization, and cross-validation 
strategy, researchers can seamlessly provide the documen
tation necessary for exact reproducibility and cross-study 
comparisons.2 By providing this unified platform with com
prehensive parameter control, which facilitates application 
of validated MUA methods and systematic exploration of 
the MUA design space using standardized machine learning 
toolkits, this pipeline is intended to provide a more usable, 
standardized foundation for advancing our understanding 
of brain-behavior relationships. 

LIMITATIONS 

We note that the HCP dataset18 includes twins and siblings, 
which may introduce non-independence among observa
tions. To prevent data leakage when applying these meth
ods to related-family data, users should use family-aware 
cross-validation strategies (e.g., scikit-learn’s GroupKFold 
where family ID is the grouping variable; see the Cross-
Validation Strategy subsection and the Illustrative Applica
tion: Family-Aware Cross-Validation subsection for exam
ples using our configurable pipeline).20,21 In our validation, 
we replicated the original studies’ cross-validation schemes 
(which did not account for family structure) to ensure direct 
numerical equivalence; however, we strongly recommend 
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family-aware splitting for independent applications. The 
magnitude of the effect of family-aware cross-validation on 
prediction performance varies across datasets, outcomes, 
and modeling choices. Prior work suggests that family-re
lated leakage has relatively minor effects compared to other 
forms of leakage, though these effects become more pro
nounced as the proportion of multi-member families in
creases; users should therefore evaluate this consideration 
in the context of their own data and pipeline. 

For the CPM validation, the Yale MATLAB implementa
tion uses robust regression (robustfit) for the final predic
tion step.6,14 As no existing Python package exactly repli
cates MATLAB’s robustfit, we created a 
scikit-learn-compatible wrapper using statsmodels’ Robust 
Linear Model (RLM) with Tukey’s bisquare weighting func
tion (tuning constant = 4.685).31 Both implementations use 
iteratively reweighted least squares (IRLS) with median ab
solute deviation (MAD)-based scale estimation and share 
the same default tuning constant. The numerical differ
ences (max |Δβ| = 1.33e-03; Figure 5) between the two im
plementations remain, attributable to the absence of lever
age-corrected residuals in statsmodels’ scale estimation, 
differences in scale updating procedures across iterations, 
and convergence criteria. Specifically, MATLAB’s robustfit 
adjusts residuals by the hat matrix diagonal before com
puting the MAD scale, whereas statsmodels’ RLM computes 
the scale from unadjusted residuals. The magnitude of 
these differences may vary depending on sample character
istics such as sample size and the presence of outliers; how
ever, here, these differences are negligible relative to the 
effect sizes reported and do not affect the interpretation of 
results. 

For PCS validation, while real CSS matrices are avail
able,8,9,17 we lacked access to CSS data that matched our 
specific parcellation scheme (Shen268 atlas30). Therefore, 
we validated the PCS computation using a simulated CSS 
matrix and confirmed that our pipeline’s output matched 
the direct PCS formula with perfect numerical agreement 
(r = 1.000). Users can apply their own externally derived or 
internally computed CSS matrices using the same workflow 
demonstrated in this paper. Additionally, the pipeline’s 
built-in correlation-to-Cohen’s d conversion computes un
adjusted effect sizes for two-group contrasts; however, CSS 
matrices from prior PCS studies were sometimes derived 
using Cohen’s d corrected for covariates such as age, sex, 
and in-scanner motion.8,9 For datasets requiring confound 
correction, multi-group contrasts, or other custom CSS for 
PCS computations, users can derive weights externally and 
supply them via the external_weights parameter. 

DATA AVAILABILITY 

All raw data used in the present study have been made pub
licly available by HCP in accordance with data use and ac
cess regulations set by the HCP.18 The Northeastern Uni
versity and Yale University Human Research Protection 
Programs approved secondary analyses of these datasets. 
Human Connectome Project (HCP) data are available 
through the HCP repository (https://www.humanconnec
tome.org/study/hcp-young-adult). Users must agree to data 
use terms before accessing ConnectomeDB; details are pro
vided at https://www.humanconnectome.org/study/hcp-
young-adult/data-use-terms. 

CODE AVAILABILITY 

All code used for running statistical analyses has been 
made publicly available on GitHub at https://github.com/
neuroprismlab/_MUA_Pipeline. The BioImage Suite com
mand line software used for processing is freely available at 
(https://bioimagesuiteweb.github.io/webapp/index.html). 
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APPENDIX A: DERIVING COHEN’S D FOR CONNECTOME SUMMARY STATISTICS (CSS) IN GROUP 
CONTRASTS 

The following derivations apply to two-group contrasts 
(e.g., patients vs. controls), where a point-biserial correla
tion between connectivity values and binary group mem
bership can be converted to Cohen’s d. 

This appendix presents three established approaches for 
correlation-to-Cohen’s d conversion: direct computation 
from group statistics, and two established conversion for
mulas.23,24,28 

A.1 DIRECT COMPUTATION OF COHEN’S D 

Cohen’s d can be computed directly from the means and 
standard deviations of the two groups.28 For each connec
tivity edge e: 

where and are the mean connectivity values of 
edge e for groups 1 and 2, respectively, and is the 
pooled standard deviation: 

where and are the standard deviations of edge e for 
each group, and n1 and n2 are the respective group sizes. 

A.2 CONVERSION FROM POINT-BISERIAL CORRELATION 
TO COHEN’S D 

When using the pipeline’s built-in correlation computation 
with binary group labels (e.g., 0 = controls, 1 = patients), 
the resulting Pearson correlations are mathematically 
equivalent to point-biserial correlations which can be easily 
converted to Cohen’s d. 

1. CONVERSION THROUGH THE T-STATISTIC23,24 

Relationship A. The point-biserial correlation r can be ob
tained from a two-sample t-statistic. 

where  is the within-groups degrees of 
freedom from an independent-samples t-test. 

Relationship B. We can obtain Cohen’s d from a two-
sample t-statistic 

Derivation: r → t → d 
Step 1.  From the first formula, solve for t. Square both 

sides: 

Multiply both sides by  and rearrange: 

Consequently, we have: 

Step 2.  Substitute into Relationship B: 

Step 3.  Substitute  and combine under a 
single square root: 

Step 4.  Distribute  across the sum: 

2. DIRECT CONVERSION22 

Borenstein et al. provide the following formula for convert
ing Cohen’s d to a point-biserial correlation r: 

where 

Algebraic inversion.  To obtain d from r, we invert the 
above expression: 
Step 1.  Square both sides: 

Step 2.  Multiply both sides by  and expand: 
² ² ² ²

Step 3.  Rearrange and solve for : 
² ² ²

Step 4.  Take the square root, preserving the sign of r: 

²

Substituting  and simplifying 
yields: 
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