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1.  INTRODUCTION

The brain is a complex system, and to fully understand it 
we must understand how its components interact. Inter­
actions between brain regions or other neural entities (the 
network “nodes”) are typically investigated using func­
tional/effective connectivity (FC) methods, which quantify 
network connections (or “edges”) as the statistical rela­
tionships between nodes’ neural activities. The most 
common FC method used with functional magnetic reso­

nance imaging (fMRI) has been, by far, pairwise Pearson 

correlation (Biswal et al., 1995; Zalesky et al., 2012), with 

similar pairwise measures being used with other neuro­

imaging approaches (e.g., coherence with electro­

encephalography [EEG] or magnetoencephalography 

[MEG]; Srinivasan et al., 2007). Pairwise correlation FC is 

easy to interpret and compute, and it can indicate the 

overall amount of activity that is common between nodes. 

However, it is flawed as a measure of direct interactions, 

Regularized partial correlation provides reliable functional connectivity 
estimates while correcting for widespread confounding
Kirsten L. Petersona,b, Ruben Sanchez-Romeroa, Ravi D. Milla, Michael W. Colea

aCenter for Molecular and Behavioral Neuroscience, Rutgers University, Newark, NJ, United States
bGraduate Program in Neuroscience, Rutgers University, Newark, NJ, United States

Corresponding Author: Kirsten L. Peterson (kirsten.peterson@rutgers.edu)

ABSTRACT

Functional connectivity (FC) has been invaluable for understanding the brain’s communication network, with strong 
potential for enhanced FC approaches to yield additional insights. Unlike with the fMRI field-standard method of pair­
wise correlation, theory suggests that partial correlation can estimate FC without confounded and indirect connections. 
However, partial correlation FC can also display low repeat reliability, impairing the accuracy of individual estimates. We 
hypothesized that reliability would be increased by adding regularization, which can reduce overfitting to noise in 
regression-based approaches like partial correlation. We therefore tested several regularized alternatives—graphical 
lasso, graphical ridge, and principal component regression—against unregularized partial and pairwise correlation, 
applying them to empirical resting-state fMRI and simulated data. As hypothesized, regularization vastly improved reli­
ability, quantified using between-session similarity and intraclass correlation. This enhanced reliability then granted 
substantially more accurate individual FC estimates when validated against structural connectivity (empirical data) and 
ground truth networks (simulations). Graphical lasso showed especially high accuracy among regularized approaches, 
seemingly by maintaining more valid underlying network structures. We additionally found graphical lasso to be robust 
to noise levels, data quantity, and subject motion—common fMRI error sources. Lastly, we demonstrated that resting-
state graphical lasso FC can effectively predict fMRI task activations and individual differences in behavior, further estab­
lishing its reliability, external validity, and ability to characterize task-related functionality. We recommend graphical lasso 
or similar regularized methods for calculating FC, as they can yield more valid estimates of unconfounded connectivity 
than field-standard pairwise correlation, while overcoming the poor reliability of unregularized partial correlation.

Keywords: network neuroscience, fMRI, regularization, structural connectivity, diffusion MRI, individual differences

Received: 16 September 2023  Revision: 21 August 2025  Accepted: 21 August 2025  Available Online: 9 September 2025

https://doi.org/10.1162/IMAG.a.162
https://crossmark.crossref.org/dialog/?doi=10.1162/IMAG.a.162&domain=pdf&date_stamp=2025-09-24
mailto:kirsten.peterson@rutgers.edu


2

K.L. Peterson, R. Sanchez-Romero, R.D. Mill et al.	 Imaging Neuroscience, Volume 3, 2025

which is desirable when modeling network topology, 
causal relationships, and the specific pathways over 
which information is spread. If FC is intended to repre­
sent direct functional interactions, as we define it here, 
then pairwise correlation severely overestimates FC, 
reporting not only direct connections but numerous con­
founded and indirect connections as well (for review see 
Friston, 2011; Reid et al., 2019). These false positives can 
be reduced by instead using multivariate FC methods 
such as partial correlation and multiple regression (Cole 
et al., 2016; Marrelec et al., 2006; Reid et al., 2019; Smith 
et al., 2011). Such methods improve upon pairwise cor­
relation by conditioning on the time series of all other 
measured nodes (Fig. 1A), allowing them to resolve con­
founding and indirect influences to more validly estimate 
direct connectivity. In other words, pairwise correlation 
measures the total activity shared between two regions, 
which may be fully or partly mediated by other regions, 
while partial correlation measures the activity shared by 
only the two regions of interest that are not accounted for 
by other regions. Note that there may be cases in which 
the total activity shared between two neural populations 
is desired, in which case pairwise correlation should be 
preferred. However, there are a wide variety of circum­
stances (e.g., modeling network topology, causal rela­
tionships, and the specific pathways over which 
information is spread) in which estimating direct FC may 
be preferred.

While partial correlation and related FC methods have 
a clear theoretical advantage over pairwise correlation in 
reporting direct functional connections, they have also 
been shown to have worse repeat reliability (Fiecas et al., 
2013; Mahadevan et al., 2021). Reliability gauges the sta­
bility of measurements and is essential to the accuracy of 
individual estimates. However, validity is an even more 
important criterion, assessing how well a method mea­
sures what it intends to measure. In this study, we define 
validity as being independent of reliability, evaluating the 
systematic correctness of a method, or how close the 
average of many repeated estimates is to the true value. 
Validity and reliability as used here can therefore be con­
sidered the analogues of bias and variance, concepts in 
statistics and machine learning. We then define individual 
measurement accuracy (or just “accuracy”) as reflecting 
the closeness of individual estimates to the true value, a 
function of both validity and reliability that measures 
overall correctness. If a method is valid but unreliable 
(Fig. 1B, left panel), as has been shown for partial correla­
tion FC (Fiecas et al., 2013; Mahadevan et al., 2021), then 
its individual measurements would be frequently dissimi­
lar from the true values due to their high variability, 
although they may approximate the truth in aggregate 
(e.g., after averaging over many sessions from a single 

subject, or many subjects in a population). Alternatively, 
a method can be reliable but not valid (Fig. 1B, center), 
which more resembles pairwise correlation FC when aim­
ing to measure direct connections (Fiecas et  al., 2013; 
Mahadevan et al., 2021; Sanchez-Romero & Cole, 2021). 
Such resulting measurements would be close to each 
other but far from the truth, meaning that none of the indi­
vidual measurements were accurate representations. An 
ideal method would be reliable and valid (Fig. 1B, right), 
producing stable measurements that are each close to 
the truth.

Given its otherwise high validity, partial correlation has 
the potential to be an extremely useful FC method if its 
low reliability were overcome. We hypothesized that the 
reported instability of partial correlation and related mul­
tiple regression-based FC methods occurs from overfit­
ting to noise and could be ameliorated by regularization 
techniques. Overfitting to noise often results from a mod­
el’s excessive complexity, and it can be exacerbated by 
factors such as low quantity and poor quality of the data 
being fit (Blum et  al., 2020; Hastie et  al., 2009; Ying, 
2019). Such complexity arises in partial correlation and 
multiple regression FC with fMRI as the models fit more 
variables to include all measured nodes (brain regions or 
voxels). Increasing the complexity of a model allows it to 
better fit the specific training data by accounting for more 
variance, including noise. By capturing arbitrary patterns 
in the training data, such an overfit model will not gener­
alize to independent data or accurately estimate coeffi­
cients (Blum et al., 2020; Hastie et al., 2009; Lever et al., 
2016; Ying, 2019). We illustrate this problem in Figure 1C 
by fitting a polynomial regression model to noisy data, 
demonstrating that a more complex model (i.e., a model 
with more variables) overfits to the noise, reducing model 
reliability as it will fit to unique noise with every new data 
sample. In the case of FC estimation, overfit regression 
models will adjust connectivity coefficients to incorporate 
chance similarities in regions’ activities, resulting in 
unstable coefficient weights that seldom reflect true con­
nectivity values.

Regularization is a common strategy for reducing 
model complexity, and therefore reducing overfitting to 
noise, in both statistics and machine learning (Blum et al., 
2020; Hastie et al., 2009; Ying, 2019). A variety of regular­
ization techniques have been developed, such as explic­
itly penalizing complexity during model fitting. Two 
common methods are L

1 (lasso) and L2 (ridge) regulariza­
tion, which simplify models by penalizing them by the 
summed absolute values and squares of their coeffi­
cients, respectively (Hoerl & Kennard, 1970; Tibshirani, 
1996). Another regularization method—principal compo­
nent (PC) regression—works by fitting the model to a 
subset of PCs, reducing the number of variables (and 
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hence model complexity) but keeping much of the pre­
sumed signal (Jolliffe, 1982).

While applying regularized multivariate methods to FC 
estimation is not entirely novel, the practice remains sub­
stantially under-used relative to pairwise correlation. 
Indeed, several studies have tested and recommended 
regularized multivariate FC (Brier et al., 2015; Duff et al., 
2013; Pervaiz et al., 2020; Smith et al., 2013), with some 
even introducing new implementations (Mejia et al., 2018; 
Nie et al., 2017; Ryali et al., 2012; Varoquaux et al., 2010). 
Still, many other studies that utilized regularization did 
not clearly recommend the extra step (Fiecas et al., 2013; 
Mahadevan et  al., 2021; Smith et  al., 2011), and some 
analyses that used FC for prediction did not demonstrate 
an unequivocal benefit of regularized multivariate meth­
ods over pairwise correlation (Duff et  al., 2013; 
Sala-Llonch et  al., 2019). In addition, while there are 
many regularized methods available, few studies have 
tested the differences between them and even then typi­
cally to a limited extent (Brier et  al., 2015; Mejia et  al., 
2018; Nie et al., 2017; Pervaiz et al., 2020; Ryali et al., 
2012; Varoquaux et  al., 2010). This lack of comparison 
between methods can leave researchers uncertain of 
which regularization approach to implement. Such ambi­
guities, as well as a lack of understanding of these regu­
larized multivariate methods, may prevent researchers 
from adopting methods that would otherwise benefit 
their analyses.

The purpose of this study is to test the suitability of reg­
ularized partial correlation and similar multivariate methods 
for estimating direct, more causally and mechanistically 
valid FC. To do this, we compared the performances of 
three established regularized methods—graphical lasso, 
graphical ridge, and PC regression—with unregularized 
partial correlation and the field-standard pairwise correla­
tion. The use of three regularized methods allowed us to 
generalize utility of the fundamental concept of regulariza­
tion across techniques, as well as test for differences 
between them.

We began by separately testing the reliability, validity, 
and individual measurement accuracy of the FC meth­
ods, where we define validity as being independent of 
reliability while accuracy is not (see Section 1, paragraph 
2). Reliability was quantified using between-session sim­
ilarity and intraclass correlation, with repeated measures 
being compared with each other. Since we cannot access 
the ground truth of empirical FC, validity and accuracy 
were quantified by comparing FC estimates against two 
different informative but imperfect targets. First, we com­
pared empirical FC estimates with the corresponding 
subjects’ structural connectivity (SC), computed from dif­
fusion MRI data. Although FC and SC reflect different 
phenomena, direct functional connections should require 

a white matter link, and the measures should therefore 
show a degree of convergence. As a second strategy, we 
compared FC estimated from simulated data with the 
ground truth simulation networks. In both cases, individ­
ual measurement accuracy was quantified as the close­
ness of individual FC estimates to the target, while validity 
was the closeness of the collective, group-averaged FC 
estimates. We then extended our assessments of the FC 
methods to their resilience against fMRI practical pitfalls: 
short scan lengths, scanner noise (Blum et  al., 2020; 
Hastie et al., 2009; Ying, 2019), and subject head move­
ment artifacts (Power et  al., 2015). Lastly, we further 
broadened our assessment of FC accuracy to task-
related functionality, using FC estimates to generate 
held-out task activations with activity flow modeling (Cole 
et al., 2016), as well as to predict individual differences in 
subject age and intelligence. These comprehensive tests 
show the effectiveness of regularized partial correlation in 
estimating direct FC and its advantages over the field-
standard pairwise correlation FC approach.

2.  METHODS

2.1.  Functional connectivity estimation methods

This study compared the performance of five FC meth­
ods: pairwise Pearson correlation, partial correlation, 
graphical lasso, graphical ridge, and PC regression. All 
methods estimated FC from the same empirical resting-
state or simulated time series, which were always 
z-scored (Hastie et al., 2009). Each FC matrix was calcu­
lated independently from a single session of data, com­
ing from a single subject or simulated network.

Note that we have released code to implement  
graphical lasso FC—including hyperparameter selection 
and FC estimation—as part of the Brain Activity  
Flow Toolbox (https://colelab​.github​.io​/ActflowToolbox/; 
Cocuzza et al., 2022).

2.1.1.  Pairwise correlation

Pairwise correlation FC was computed as the Pearson 
correlation between each pair of nodes’ time series.

2.1.2.  Partial correlation

Partial correlation can be calculated in two ways with 
near identical results. The more intuitive approach 
involves regressing the time series of all other nodes (the 
conditioning variables) from the two target nodes’ time 
series, and then computing the Pearson correlation 
between the two targets’ residuals (Fig. 1A). This study 
instead used the inverse covariance approach, which is 

https://colelab.github.io/ActflowToolbox/
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Fig. 1.  Partial correlation corrects for confounds but suffers from low reliability, likely due to overfitting, which can 
be reduced with regularization. (A) Partial correlation can estimate true direct connectivity more validly than pairwise 
correlation (the field standard for fMRI) in the presence of confounders (node C; Reid et al., 2019). Here, regions A and B 
show a strong pairwise correlation despite not interacting, due to the third region C influencing (i.e., confounding) both 
A and B. Partial correlation takes region C into account to properly estimate the relationship between A and B. Empirical 
tests suggest confounder connectivity patterns are widespread throughout the brain, leading to thousands of false 
connections in many fMRI FC studies (Sanchez-Romero & Cole, 2021). Note that, while the example true network contains 
asymmetric edges that act in a single direction, all FC methods tested here estimate symmetric, undirected edges.  
(B) An FC method must be both reliable and valid for its individual measurements to be consistently accurate (right panel). 
Recent studies have suggested that pairwise correlation is reliable yet invalid as a measure of direct FC (center) while 
partial correlation is unreliable but largely valid (left; Mahadevan et al., 2021; Fiecas et al., 2013). Note that colors represent 
distinct entities such as subjects or task states, measured across multiple sessions. (C) We hypothesized that partial 
correlation and related multivariate FC methods may show low reliability due to overfitting to noise, since estimated model 
coefficients that are more readily influenced by noise will be less stable with repeated sampling. We illustrate the issue 
of overfitting by fitting polynomial curves to simulated data (blue dots; true curve plus noise), where differing regression 
models were used to estimate the coefficients of polynomial terms. Note that multiple regression is the statistical basis for 
computing partial correlation. The curve produced by unregularized multiple regression (green line) is overly complex and 
specific to the noise in the training data. It differs substantially from the true underlying relationship (blue line) and would 
also differ from new curves fit to new data. L1 regularization constrains the flexibility of the model and results in a simpler 
but more accurate curve (red line).
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advantageous because it is less computationally expen­
sive. First the covariance matrix of all nodes is inverted, 
giving the precision matrix P. Then the partial correlation 
coefficients are calculated as:

	 r
ij|C

= −Pij / PiiPjj
,�

for nodes i and j conditioned on set C.

2.1.3.  Graphical lasso

The first of our regularized methods, graphical lasso 
(“glasso”), implements partial correlation with an L1 pen­
alty to limit model complexity (Friedman et  al., 2008; 
Tibshirani, 1996). The penalty is applied when computing 
the precision matrix, and this regularized precision matrix 
is then transformed into the partial correlation matrix. L1 
regularization works by adding to the model cost function 
the term:

	
λ1

i≠ j
∑ Pij

,
�

which is proportional to the summed absolute values of 
entries in the estimated precision matrix (P), not including 
the diagonal. The amount of regularization is scaled by 
the hyperparameter λ1. L1 regularization tends to drive 
less informative coefficients to exactly zero, producing a 
sparse result. In this way, L1 regularization can also per­
form feature selection. We implemented graphical lasso 
using the Python package GGLasso (Schaipp et  al., 
2021).

2.1.4.  Graphical ridge

Graphical ridge applies L2 regularization (also called Tik­
honov regularization) to partial correlation (Hoerl & 
Kennard, 1970). It applies the L2 penalty term:

	
λ 2

i≠ j
∑Pij

2,
�

which is the summed square values of entries in the esti­
mated precision matrix (P) multiplied by the hyperparam­
eter λ2. While L2 regularization also encourages model 
simplification (i.e., by bringing coefficients closer to zero), 
it does not cause sparsity to the extent that L1 regulariza­
tion does (shrinking less meaningful coefficients to 
exactly zero). Because of the square term, L2 regulariza­
tion exerts uneven pressure on edges based on their 
coefficient weights, with low coefficients contributing dis­
proportionately small amounts to the penalty term. As 
coefficients are shrunk, their penalties become increas­
ingly negligible so that they are seldom brought to exactly 

zero as occurs with L1 regularization. Meanwhile, high 
coefficients produce comparatively much larger penal­
ties, causing the model to be biased against higher 
weights. In this way, L2 regularization encourages a nar­
rower range of weights that are shared more evenly 
across coefficients (see Fig. 2). We implemented graphi­
cal ridge using the R package rags2ridges (Peeters et al., 
2022).

2.1.5.  Principal components regression

PC regression combines multiple regression with princi­
pal component analysis (PCA) to induce regularization 
(Hastie et  al., 2009; Jolliffe, 1982). To construct an FC 
matrix using any multiple regression method, a regres­
sion model is fit once for each node, with that target 
node’s time series being predicted by the time series of 
all other nodes. The row of the FC matrix that corre­
sponds with the target node is filled in with the beta coef­
ficients from all predictor nodes, in the corresponding 
columns. The FC matrix is filled row by row in this way. To 
perform PC regression for a target node (single row of 
matrix), PCA is applied to the predictor nodes’ time series 
and only a subset of the PCs are used as predictor vari­
ables in the regression model, usually selected as the n 
PCs accounting for the highest variance. The number of 
PCs to include is a hyperparameter which determines the 
amount of regularization, where using fewer PCs leads to 
more regularization. This reduces overfitting to noise by 
reducing the number of variables in the regression model 
and presumably discarding noisier or less relevant dimen­
sions of data. After fitting the PCs to the original to-be-
predicted target time series, the PC coefficients are 
transformed to reflect the predictor nodes’ contributions, 
which become entries in the FC matrix. We implemented 
this method using the LinearRegression and PCA func­
tions from Python package Scikit-learn. Using multiple 
regression to calculate FC independently for each target 
node creates an asymmetrical matrix, as the contribution 
of a node X to predicting target Y is unlikely to be identi­
cal to the contribution of Y when X is the target. This does 
not necessarily represent directionality of connections as 
FC asymmetry usually implies, since additional noise in 
predictor node X’s time series would reduce its FC value 
without there being a change in causal influence. There­
fore, we manually symmetrized each PC regression FC 
matrix by averaging the original with its transpose.

2.1.6.  Hyperparameter selection

Regularization often requires the selection of hyperpa­
rameters, the choice of which can greatly impact the 
resulting FC estimates. We therefore had to optimize the 
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hyperparameters within each regularized method before 
making comparisons between methods. In the methods 
we tested, the hyperparameters are λ1 for graphical lasso, 
λ2 for graphical ridge, and number of PCs for PC regres­
sion. For graphical lasso and graphical ridge, lambda val­
ues of zero would coincide with unregularized partial 
correlation, and higher values would lead to a greater 

degree of regularization. For PC regression, using all 
components would yield unregularized multiple regres­
sion while using fewer components would produce more 
regularization. If the hyperparameter of any method does 
not induce enough regularization, then (according to our 
hypothesis) the model will remain overfit, making the FC 
estimates unreliable (i.e., having high variance). If the 

Fig. 2.  Empirical FC matrices produced by different methods. The nodes were ordered according to the Cole-Anticevic 
Brain-wide Network Partition (A) to visualize the network structure (Ji et al., 2019). Group-averaged connectivity matrices 
(N = 236; left) are shown beside a random subject’s individual matrices (right). The Pearson correlation between the 
individual FC matrix and the group average is printed below each set of matrices. (B) Pairwise correlation (the field 
standard), (C) partial correlation, (D) graphical lasso, (E) graphical ridge, and (F) PC regression.
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hyperparameter induces too much regularization, how­
ever, the model will be underfit, discarding relevant infor­
mation such that the FC estimates are less valid (i.e., 
having high bias; Hastie et al., 2009; Lever et al., 2016). 
The optimal value would balance these two tendencies.

We sought a measure of model fit that could be applied 
in the same way for all FC methods that we tested, to 
limit the possibility of model fit metrics biasing FC method 
performance. Our solution was to determine optimal 
hyperparameter values as those whose models can best 
predict held-out time series data. This form of cross-
validation is a standard machine learning approach for 
testing a regression model’s accuracy in the context of 
fitting time series (Pardoe, 2020). Resting-state fMRI time 
series were used for both model fitting and testing with 
held-out data. For each row of an FC matrix (representing 
all connections to a single node), the connectivity weights 
were treated as beta coefficients in a regression model to 
predict that single node’s held-out activity from the con­
current activities of all other nodes. Prediction accuracy 
was then calculated as the coefficient of determination 
(R2) between predicted and actual activities. This was 
applied with 10-fold cross-validation within each individ­
ual session time series, where each fold served as held-
out, to-be-predicted data for one iteration while all other 
folds were used to compute the FC matrix. We made sure 
to use a similar number of time points to produce these 
cross-validation matrices as we would for the final matri­
ces (9 of 10 folds means 90% of time points), as we found 
that models fit with less data tend to prefer a greater level 
of regularization. This was repeated for all tested hyper­
parameter values, and the optimal hyperparameter for 
each session was that which produced the highest R2 
value averaged over all folds. If the parameter value 
selected for a given session was the smallest or largest in 
the range being tested, then we expanded the parameter 
range and retested within the new range. This helped us 
find the local maximum in the parameter space. However, 
we did not allow PC regression to use fewer than 10 PCs. 
We tested at increments of 0.005 λ1 for graphical lasso, 
0.1 λ2 for graphical ridge, and 5 PCs for PC regression.

2.2.  Empirical MRI data and processing

Our empirical analyses used the Human Connectome 
Project in Aging (HCP-A) dataset (Bookheimer et  al., 
2019; Harms et  al., 2018), which is publicly available 
through the National Institute of Mental Health (NIMH) 
Data Archive. This extensive dataset includes behavioral 
measures and high-quality multimodal MRI for 1200+ 
participants sampled across the adult lifespan (36–100+). 
The present study used resting-state fMRI to calculate 
FC, with additional measures used to validate those esti­

mates (SC from diffusion MRI, task fMRI activations, sub­
ject age, and fluid intelligence scores). Participants were 
recruited from the areas surrounding the four acquisition 
sites (Washington University St. Louis, University of Min­
nesota, Massachusetts General Hospital, and University 
of California, Los Angeles). All participants gave informed 
consent through the institutional review board associated 
with each recruitment site. We excluded from our analy­
ses any participants who were noted to have quality con­
trol issues or who were missing any of the MRI scans or 
behavioral measures that we utilized in this study. This 
left us with 472 subjects, divided evenly between discov­
ery (n = 236 subjects, 141 females; mean age = 56.9 years, 
SD  =  13.95) and replication (n  =  236 subjects, 134 
females; mean age = 58.2 years, SD = 14.35) datasets.

Our analyses utilized resting-state fMRI, task fMRI, 
and diffusion MRI from HCP-A (Harms et  al., 2018). 
Across the four sites, data were collected using a Sie­
mens 3T Prisma scanner. fMRI scans were acquired with 
TR = 800 ms, 72 slices, and 2.0 mm isotropic voxels. The 
resting-state fMRI data were collected in 4 runs over 
2  days, each run containing 488 volumes and lasting 
6 min 41 s. For task fMRI data, we analyzed the Go/No-
go task, which contained 300 volumes and lasted 4 min 
11  s. We used the publicly available minimally prepro­
cessed fMRI data, processed using the HCP minimal  
preprocessing pipeline (Glasser et al., 2013). The prepro­
cessed cortical surface data were parcellated into 360 
brain regions according to the multimodal Glasser par­
cellation (Glasser et al., 2016). We did not apply ICA-FIX 
denoising in favor of our own nuisance regression proce­
dures, previously described by Ito et al. (2020). We first 
removed the first five frames from each run and demeaned 
and linearly detrended the time series. We then per­
formed nuisance regression as described by Ciric et al. 
(2017) with 24 motion regressors and 40 physiological 
noise regressors, the latter being modeled from white 
matter and ventricle time series components using 
aCompCor (Behzadi et al., 2007). Note that—as in Cole 
et al. (2021)—aCompCor was used in place of global sig­
nal regression, given evidence that it has similar benefits 
as global signal regression for removing artifacts (Power 
et  al., 2018) but without regressing gray matter signals 
(mixed with other gray matter signals) from themselves, 
which may result in false correlations (Murphy et  al., 
2009; Power, Laumann, et al., 2017). The cleaned resting-
state data were then partitioned into 2 sessions of 956 
TRs (12 min 45 s), the concatenations of runs 1–2 and 
runs 3–4. Those two sessions of resting-state data were 
used to produce two FC matrices per subject for all FC 
methods.

The preprocessed task fMRI time series were used to 
estimate task-evoked activations. We used the Go/No go 
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task, in which 92 stimuli (simple geometric shapes) were 
presented. We estimated the mean activation values sep­
arately for “hit,” “correct rejection,” “false alarm,” and 
“miss” events by fitting a general linear model with four 
separate regressors (canonical hemodynamic response 
function [HRF] convolved with event onsets). Our analy­
ses only included the “hit” and “correct rejection” regres­
sion coefficients, as these were the events where subjects 
responded correctly. Task regression was performed con­
currently with the nuisance regression described above.

Diffusion MRI was used to estimate SC, or the brain’s 
network of white matter tracts. It measures the diffusion 
of water molecules in each voxel in different directions. 
Where the molecules are only able to move freely in cer­
tain directions, this typically corresponds with a white 
matter tract. HCP-A acquired diffusion MRI with 1.5 mm 
isotropic voxels, sampling 92–93 directions in each of 2 
shells (b = 1500 and 3000 s/mm2) and repeating the entire 
acquisition in both AP and PA phase encoding directions 
(Harms et al., 2018). This large quantity of data aids in 
making accurate estimations of SC. We preprocessed 
the data using the HCP diffusion pipeline (Sotiropoulos 
et al., 2013). Tractography was performed using DSI Stu­
dio (Yeh et al., 2013), as it was shown to be among the 
most accurate pipelines tested by Maier-Hein et  al. 
(2017). Note that there are a variety of other diffusion MRI 
structural connectivity approaches, which are known to 
vary in their relationship with FC (Nelson et al., 2023). We 
first estimated local fiber orientations using generalized 
Q-sampling imaging. We then transformed each sub­
ject’s individualized cortical parcellation into volume 
space from surface space to use with DSI Studio. Trac­
tography was performed with a deterministic algorithm, 
by placing thousands of seeds throughout the white mat­
ter volume and letting them spread as streamlines from 
the initial point, directed through 3-dimensional space by 
the local fiber orientation vector field. Structural connec­
tion weights between each pair of regions were deter­
mined as the normalized count of streamlines that overlap 
with voxels in both regions. These streamlines estimate 
the presence and size of white matter tracts physically 
linking the brain areas.

In addition to the neuroimaging data, this study also 
used out-of-scanner behavioral measures to gauge indi­
vidual differences in intelligence. We used factor analysis 
to estimate psychometric g, or the general intelligence 
factor, for each subject (Johnson et al., 2008; McCormick 
et  al., 2022). We analyzed data from all available mea­
sures of fluid intelligence (Bookheimer et al., 2019), which 
consisted of the Picture Sequence Memory Test, Dimen­
sional Change Card Sort Test, Flanker Task Control and 
Attention Test, Pattern Completion Processing Speed 
Test, and List Sorting Working Memory Test from the NIH 

Toolbox (Weintraub et al., 2013), as well as the Rey Audi­
tory Verbal Learning Test (Rey, 1941) and Trail Making 
Test B (Bowie & Harvey, 2006). Factor analysis was 
applied to all subjects’ test scores (separately for discov­
ery and replication datasets) to estimate the unitary factor 
loadings underlying all cognitive measures. The g scores 
were then calculated for each subject, reflecting general 
intelligence in a single value. We implemented factor 
analysis using the R package psych (Revelle, 2017).

2.3.  Simulated networks and time series

Our simulation analyses involved creating random net­
work connections, simulating activity time series for all 
nodes using linear modeling, estimating FC on those 
simulated data using each FC method, and then compar­
ing the resulting FC matrices. The generated networks 
were directed and asymmetric. They were designed to be 
modular (organized into communities), small-world 
(showing high clustering but efficient paths between all 
nodes), roughly scale-free (containing densely connected 
hub nodes), and rich-club (having hubs highly connected 
to each other), because the brain network has been 
shown to have these characteristics (Bullmore & Sporns, 
2009; van den Heuvel & Sporns, 2011).

Networks comprised 100 nodes organized into 5 mod­
ules of 20 nodes, with edges added based on the 
Barabási–Albert model (Albert & Barabási, 2002). For 
each module, we started with 4 connected nodes and 
added one at a time until reaching the full size of 20. Each 
node came with four attached edges (binary, undirected), 
which attached to existing nodes with preference for 
those with high degree. That is, the probability of the new 
edge attaching to any node i out of all existing nodes j was

	
pi = k i / j∑ k j

,
�

where k is node degree, or the number of edges con­
nected to that node. We then added extra-modular 
edges, adding them one at a time until there were 25% as 
many edges outside of modules as within modules 
(6.25% the density). The nodes to be connected were 
again chosen with higher preference given to nodes with 
high degree, with each of the two nodes having the above 
probability of being attached. This resulted in all networks 
having 886 directed (or 443 bidirectional) edges (8.95% 
of all possible edges; 700 or 36.84% of intra-modular 
edges; 186 or 2.33% of extra-modular edges). After 
establishing this binary backbone, we randomly assigned 
weights to each directed edge from a normal distribution 
(SD  =  1, intra-modular edge mean  =  1, extra-modular 
edge mean = 0.5). One of the five modules was desig­
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nated as an inhibitory network, its extra-modular edges 
multiplied by -1. All weights were then normalized by the 
network mean of summed inputs to each node, and they 
were scaled by 0.6 to prevent resulting activities from 
exploding (having extremely large variance). Fifty net­
works were generated for the main analyses and an addi­
tional 50 networks were used when testing the impact of 
the amount of data and noise level.

Activity time series were simulated from linear models 
as described by Sanchez-Romero and Cole (2021) and 
Sanchez-Romero et al. (2023). The relationships of vari­
ables in the network were described by the linear model:

	 X =WX + E,	

where X is a dataset of p nodes with n datapoints, E is a 
dataset of p normally distributed, independent intrinsic 
noise terms with n datapoints, and W is the matrix of con­
nectivity weights between all p nodes, which must have 
its diagonal equal to zero. The activities in X were calcu­
lated by expressing the linear model as

	 X = I −W( )−1E ,	

where I is the identity matrix. Additional measurement 
noise, scaled by noise level, was then added to each time 
series. For the main analyses, we simulated 250 data­
points per session and 100 sessions for each of the 50 
networks. Each had a noise level of 0.5, meaning that the 
added measurement noise had roughly half the ampli­
tude of the original signal. When simulating data with 
varying amounts of data and noise levels, we simulated 
one session for each combination of 50, 100, 200, 300, 
400, 500, 1000, and 10000 datapoints and 0.25, 0.50, 
and 1.00 noise levels for each of the 50 additional net­
works. All FC methods were applied to each session of 
simulated data.

While we attempted to capture several hypothesized 
properties of the brain’s functional network, we do not 
know the absolute true brain network, and some features 
of the above simulations could potentially bias results. 
We therefore repeated the main analyses with two sup­
plemental manipulations. First, we generated 25 net­
works with twice the density of the originals (weights now 
scaled by 0.65). That is, each module began with eight 
fully connected nodes, and each added node had eight 
attached edges. We again simulated 100 sessions for 
each network. Then, we generated another 25 networks 
like the originals with 100 sessions each, but with an HRF 
convolution step. Nodes’ intrinsic activities were instead 
a binary time series of “up” and “down” states, created 
by a Poisson process that determined the probability of 
switching states (mean 2.5 s per “up” phase and 10 s per 

“down” phase). Neural noise was then added with a stan­
dard deviation of 5% the difference between binary 
states (Smith et al., 2011). The slower, more prominent 
activations produced by this method would be less atten­
uated by HRF convolution, which can smooth over fast 
fluctuations. The above linear model equations were 
applied to produce connectivity effects in the neural data, 
which was then convolved with a canonical HRF. The 
neural time series were initially generated with a sampling 
rate of 0.05 s but were down-sampled to a TR of 2 s after 
convolution. Measurement noise terms were then added.

2.4.  Analyses

2.4.1.  Between-session similarity

Our primary measure of repeat reliability was between-
session similarity, which we calculated as the Pearson 
correlation of all edge weights (vectorized upper triangle) 
between the FC matrices of two sessions. For empirical 
data, this was calculated between the two sessions’ FC 
matrices for each subject (n = 236 within-subject pairs), 
and for simulated data, this was calculated between the 
first two sessions’ FC matrices for each network (n = 100 
within-network pairs). This controls for subject differ­
ences in empirical FC. While there may still be some legit­
imate differences in FC between sessions, we expect this 
contribution to be relatively small. FC estimated from 
simulated data should show no between-session differ­
ences, as they were generated from the exact same net­
work. A strong correlation indicates a small degree of 
variability (high reliability), while a weak correlation indi­
cates that noise is obscuring the underlying edge weights.

2.4.2.  Intraclass correlation

The intraclass correlation coefficient (ICC) has previously 
been used in FC studies to quantify repeat reliability 
(Fiecas et al., 2013; Mahadevan et al., 2021; Mejia et al., 
2018). Unlike most other metrics presented here, it is cal­
culated for each edge rather than for each subject. We 
calculated for each edge one-way random-effects ICC, 
or ICC (1,1), according to Shrout and Fleiss (1979):

	
ICC = BMS − WMS

BMS +  k −1( )WMS
,
	

where BMS is the mean squares between subjects (vari­
ability in subject-averaged edge weights across the 
group), WMS is the mean squares within subjects (vari­
ability in session edge weights within each subject), and 
k is the number of sessions (k = 2 for this study). BMS 
should include true variability across subjects plus noise 
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variability, while WMS should primarily contain noise  
variability.

While intraclass correlation is a generally valid metric, 
we observed that it is biased against sparse FC methods 
if applied to all edges. As can be seen from the above 
formula, ICC is zero when WMS and BMS are equal, 
which happens when there is only noise and no variability 
specific to individual differences. When estimating con­
nectivity in the brain, many FC methods yield some null 
edges that systematically approximate zero for all sub­
jects and only vary from zero due to noise. These null 
edges would accordingly have ICCs distributed around 
zero, and sparse FC methods would then have ICCs 
around zero for the majority of their edges. To avoid this 
automatic penalty for null edges, we therefore only ana­
lyzed edges which were systematically assigned nonzero 
weights, leaving the potential for between-subject vari­
ability. To accommodate a high degree of sparsity, we 
chose these edges as those which had group-averaged 
weights in the 98th percentile for every FC method being 
tested, giving us 543 edges.

2.4.3.  Structural–functional similarity

SC was used as a validation benchmark for empirical FC 
estimates because it offers an independent measure of 
direct connections between brain regions. SC is not a 
perfect ground truth for direct FC because strength of 
white matter tracts does not exactly correspond to func­
tional influence. For instance, FC is also impacted by 
aggregate effects of microanatomy (e.g., synaptic 
strengths) that are not captured by diffusion MRI, and FC 
can fluctuate with cognitive task state or arousal level 
while SC is static over short timescales. However, given 
that a direct functional connection can only exist if a 
structural connection exists as well, the measures are 
expected to overlap. SC estimated from diffusion MRI is 
also prone to its own measurement error and does not 
perfectly represent the white matter network. While diffu­
sion tractography has replicated tract tracing results with 
above-chance accuracy (Donahue et  al., 2016), it has 
also been shown to produce many false positive and 
false negative connections (Maier-Hein et  al., 2017; 
Rheault et al., 2020; Sotiropoulos & Zalesky, 2019). How­
ever, because SC is calculated from an entirely different 
MRI modality from FC, it has highly distinct biases and 
error sources, and it should not be sensitive to the same 
false connections we wish to test for in FC.

We calculated structural–functional similarity as the 
Pearson correlation between functional and structural 
connectivity weights. We included all possible edges, 
regardless of whether they had zero or nonzero weights 
in either modality. This was computed from both group-

averaged and individual FC to assess validity and individ­
ual measurement accuracy, respectively. For validity, the 
group-averaged session 1 FC matrix was compared with 
the group-averaged SC matrix. For individual measure­
ment accuracy, we compared each session 1 FC matrix 
with the SC matrix from the same subject (n = 236 indi­
vidual matrices). Averaging over many estimates can nul­
lify much of the measurement noise, leaving only the 
underlying connectivity structures. The group-averaged 
structural–functional similarity should therefore reflect the 
validity of each FC method without the influence of reli­
ability, while the individual similarities depend on both.

One characteristic of our SC matrices that could have 
biased FC method performance is their sparsity. The high 
degree of sparsity observed here may closely reflect true 
white matter connectivity, but it is also possible that the 
tractography method induces greater sparsity than actu­
ally occurs in the brain. For instance, deterministic trac­
tography algorithms, such as was used in this study, tend 
to produce sparser results than probabilistic tractogra­
phy algorithms. To test whether FC density, regardless of 
edge accuracy, could be giving some FC methods an 
advantage in SC similarity, we recalculated the measures 
after thresholding the FC matrices to match the SC den­
sities. The SC density (percent nonzero edges) was cal­
culated for each subject, and for each FC matrix from the 
same subject, only the edges with weights above that 
percentile were left while all others were brought to zero. 
To avoid large gaps between zero and nonzero values, 
we also subtracted the minimum nonzero value from  
all nonzero weights. Group-averaged and individual 
structural–functional similarity were then recomputed 
using these artificially sparse FC matrices.

2.4.4.  Ground truth similarity

For simulated data, we computed ground truth similarity 
as the Pearson correlation between each FC matrix and 
the corresponding ground truth weights matrix. Since all 
FC methods that we implemented estimate undirected 
connectivity, we calculated correlations with symme­
trized versions of the ground truth matrices. As we did 
with structural–functional similarity, we computed ground 
truth similarity using group-averaged as well as individual 
FC matrices, as averaging reduces the impact of poor 
reliability to indicate just group-level validity. For the main 
simulation analyses, we calculated ground truth similarity 
of group-averaged matrices using FC matrices averaged 
over 100 sessions for each network (n  =  50 group-
averaged matrices) and individual matrices using only the 
session 1 FC matrix from each network (n = 50 individual 
matrices). When analyzing the effect of amount of data 
and noise level, we calculated ground truth similarity of 
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individual FC matrices for each network (n = 50 individual 
matrices) for all conditions.

2.4.5.  Correlation with subject motion

Head motion artifacts in fMRI time series can lead to spu­
rious, systematic changes in FC estimates, often depen­
dent on the distance between regions (Power et  al., 
2015). We quantified the influence of subject motion on 
FC weights using quality control–functional connectivity 
(QC-FC) correlation, as described by Ciric et al. (2017). 
QC-FC correlation was calculated for each edge as the 
partial correlation between subjects’ estimated edge 
weights and mean relative root mean square (RMS) dis­
placement, conditioned on subject age and sex. We cal­
culated median QC-FC correlation and percentage of 
edges with significant correlations (p < .05 following false 
discovery rate correction; Benjamini & Hochberg, 1995) 
for each FC method. We additionally calculated QC-FC 
correlation while controlling for FC sparsity. This was 
done by re-calculating each QC-FC correlation while only 
including subjects with nonzero weights (|w| > .01) for the 
given edge. Only edges where at least 80% of subjects 
had nonzero weights were analyzed.

2.4.6.  Task activation prediction

Task activation prediction measures how accurately the 
FC matrices relate to independent functional activity. For 
this we used the task-evoked activations for “hit” and 
“correct rejection” events in the Go/No go task. Predic­
tions were generated using activity flow modeling, which 
simulates the generation of activity in a target node from 
the activity flows of all other nodes over their connections 
with the target (Cole et al., 2016). The predicted activity of 
each target node was calculated as

	
Âj =

i≠ j
∑AiWij,

�

where Ai is the activity of source node i and Wij is the FC 
coefficient between the target j and source node i. Then, 
the similarity of the predicted activity (Âj) to actual activity 
(Aj) was quantified using Pearson correlation.

2.4.7.  Age and intelligence prediction

Lastly, we tested how well the FC weights from different 
methods could predict subject age and intelligence (psy­
chometric g score). As fluid intelligence often declines 
with age (Harada et al., 2013; Salthouse, 2010), we first 
regressed subject age from the g scores so that we could 
examine their relationship with FC independently. We 

predicted age and age-adjusted g scores separately by 
fitting ridge regression models within 10-fold cross-
validation. Nine folds of subjects were used to train each 
regression model, with FC edge weights (session 1 only) 
as predictor variables. We used ridge regression because 
the number of variables (n = 64620 edges) is much larger 
than the number of observations (n = 212 or 213 subjects 
in the 9 folds). The hyperparameter values were selected 
through nested cross-validation by Scikit-learn’s RidgeCV 
function. We then applied each model to the held-out fold 
of subjects to calculate their predicted g scores and 
ages. The predicted values were pooled over all folds, 
and we quantified model accuracy for each FC method 
as the Pearson correlation between predicted and actual 
values.

3.  RESULTS

3.1.  Visualizing empirical fMRI functional 
connectivity

Before comparing the different FC methods based on 
purely quantitative measures, we found it informative to 
first visualize the resulting FC matrices. We present both 
group-averaged and individual subject matrices in Fig­
ure  2, with the nodes ordered according to the Cole-
Anticevic Brain-wide Network Partition to reveal the 
network architecture (Ji et al., 2019; Fig. 2A). For the reg­
ularized methods, we measured the mean optimal hyper­
parameters for both sessions (n  =  236 subjects) to be 
λ1 = 0.034 for graphical lasso (SD = 0.006), λ2 = 0.404 for 
graphical ridge (SD = 0.154), and 54.6 PCs for PC regres­
sion (SD = 14.9). The group-averaged matrices facilitate 
comparing the network structures generated by each FC 
method. Meanwhile, individual subject matrices can 
expose low measurement reliability if the edge weights 
vary substantially from the group-averaged weights.

Two contrasting FC methods are pairwise correlation 
and partial correlation. Pairwise correlation (the field 
standard) can be seen to produce dense connectivity, as 
it reflects any linear time series similarity between nodes 
(Fig. 2B). Partial correlation instead creates a sparse net­
work, which is theoretically limited to direct and uncon­
founded connections (Fig.  2C). However, this sparse 
network structure is obscured by edge weights that vary 
widely from the group average, possibly reflecting noise. 
We will investigate this possibility quantitatively in subse­
quent sections.

We tested several different regularization methods, and 
displaying their resulting FC matrices illustrates some 
clear differences between graphical lasso, graphical ridge, 
and PC regression (Fig.  2D-F). Graphical lasso can be 
seen to produce a similar sparse network structure to  
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partial correlation at the group level. Looking at its individ­
ual subject matrix, however, suggests that graphical lasso 
may produce less edge weight variability. The networks 
resulting from graphical ridge and PC regression appear 
similar to each other in that their network structures are 
more diffuse than that of graphical lasso, with lower 
weights spread over more edges. Their network struc­
tures likewise appear to diverge somewhat from that of 
partial correlation, which may bode poorly for the meth­
ods if partial correlation FC is in fact a valid representation 
of direct brain connectivity at the group level. Like graph­
ical lasso, graphical ridge and PC regression show less 
deviation between individual and group-averaged FC.

3.2.  Reliability of FC with empirical fMRI data

Low repeat reliability has been observed with partial cor­
relation FC (Fiecas et al., 2013; Mahadevan et al., 2021), 
which may mean that this otherwise effective method is 
inaccurate at the level of individual measurements. We 
hypothesized, however, that regularization could solve 
this problem. We tested the reliability of FC methods in 
empirical data using between-session similarity and 
intraclass correlation.

Replicating previously published results, we found 
partial correlation FC to have low between-session simi­

larity (mean r = 0.108, SD = 0.015; Fig. 3A) and low ICCs 
(mean ICC = 0.310, SD = 0.115; Fig. 3B). This is espe­
cially poor when compared with pairwise correlation FC, 
which scores significantly higher for both between-
session similarity (mean r = 0.804, SD = 0.058; p < .00001) 
and ICCs (mean ICC = 0.670, SD = 0.053; p < .00001). 
Our comparison statistics (see Table  1, row 1) confirm 
that pairwise correlation FC has significantly higher reli­
ability than partial correlation FC.

In accordance with our hypothesis, all three regular­
ized methods significantly improved on the reliability  
displayed by partial correlation, shown with both 
between-session similarity (graphical lasso: mean r = 
0.642, SD  =  0.048; graphical ridge: mean r  =  0.480, 
SD = 0.036; PC regression: mean r = 0.494, SD = 0.040; 
all p < .00001, Table 1, rows 5–7) and edge ICCs (graphi­
cal lasso: mean ICC = 0.603, SD = 0.096; graphical ridge: 
mean ICC  =  0.619, SD  =  0.077; PC regression: mean 
ICC = 0.592, SD = 0.074; all p <  .00001, Table 1, rows 
5–7). Among the regularized methods, graphical lasso 
produced the highest between-session similarity (signifi­
cantly higher than graphical ridge and PC regression; 
both p < .00001, Table 1, rows 8 and 9), followed by PC 
regression (significantly higher than graphical ridge; 
p < .00001, Table 1, last row). Their ICCs were very close, 
with graphical ridge showing a slight lead (significantly 

Fig. 3.  Reliability of FC methods with empirical fMRI data. The boxplots show results where the regularization 
hyperparameters have been optimized for each FC matrix, while the right plots show the medians and IQRs across 
different hyperparameter values for the regularized methods. For PC regression, number of PCs is plotted in descending 
order because fewer PCs correspond with more regularization. (A) Between-session similarity, the Pearson correlation 
between each subject’s session 1 and session 2 FC matrices (n = 236). (B) Intraclass correlation (Shrout & Fleiss, 1979), 
calculated for each edge in a conservative subset of nonzero edges (n = 543).
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higher than graphical lasso and PC regression; both 
p < .00001, Table 1, rows 8 and 10) and graphical lasso 
next highest (significantly higher than PC regression; 
p = .0010, Table 1, row 9). While the regularized methods 
did not reach the high scores of pairwise correlation in 
either between-session similarity or edge ICCs (all 
p  <  .00001, Table  1, rows 2–4), they did come much 
nearer than unregularized partial correlation. Each regu­
larized method could have been made more reliable by 
implementing a greater degree of regularization, as 
demonstrated in the right panels of Figure  3A and B. 
However, we would not recommend optimizing hyperpa­
rameters for reliability, as we have found this to trade off 
against the validity of the resulting FC matrices (see Sec­

tion 3.3). All results were also replicated in the replication 
dataset (Supplementary Fig.  S1; Supplementary 
Table S1).

3.3.  Similarity of FC to structural connectivity

While it is important for measurement tools to be reliable, 
it is imperative that they be valid (Fig. 1B), meaning that 
they represent what they are intended to. We approxi­
mated the validity and individual measurement accuracy 
of empirical direct FC by comparing it with an indepen­
dent estimate of direct brain connections—structural 
connectivity. SC represents the presence of white matter 
tracts between regions, and since functional interactions 

Table 1.  Statistical tests comparing FC methods on reliability and structural–functional similarity using empirical data.

Methods
Between-Session 

Similarity (Pearson’s r)
Intraclass  

Correlation (ICC)

Structural–Functional Similarity  
(Pearson’s r)

Group-Averaged Individual

1 Pairwise Correlation 
vs. Partial Correlation

mean ∆r = 0.770, 
T(235) = 100, 
p < .00001

mean ∆ICC = 0.360, 
T(542) = 73.4, 
p < .00001

∆r = -0.376, 
Z = -5.36, 
p < .00001

mean ∆r = 0.031, 
T(235) = 34.2, 
p < .00001

2 Pairwise Correlation 
vs. Graphical Lasso

mean ∆r = 0.350, 
T(235) = 39.1, 
p < .00001

mean ∆ICC = 0.067, 
T(542) = 17.6, 
p < .00001

∆r = -0.338, 
Z = -4.97, 
p < .00001

mean ∆r = -0.154, 
T(235) = -127, 
p < .00001

3 Pairwise Correlation 
vs. Graphical Ridge

mean ∆r = 0.541, 
T(235) = 65.0, 
p < .00001

mean ∆ICC = 0.051, 
T(542) = 15.8, 
p < .00001

∆r = -0.218, 
Z = -3.84, 
p = .0001

mean ∆r = -0.054, 
T(235) = -57.1, 
p < .00001

4 Pairwise Correlation 
vs. PC Regression

mean ∆r = 0.528, 
T(235) = 62.4, 
p < .00001

mean ∆ICC = 0.078, 
T(542) = 24.9, 
p < .00001

∆r = -0.164, 
Z = -2.95, 
p = 0.003

mean ∆r = -0.031, 
T(235) = -33.7, 
p < .00001

5 Partial Correlation 
vs. Graphical Lasso

mean ∆r = -0.576, 
T(235) = -137, 
p < .00001

mean ∆ICC = -0.293, 
T(542) = -83.0, 
p < .00001

∆r = 0.043, 
Z = 1.59, 
p = 0.112

mean ∆r = -0.185, 
T(235) = -180, 
p < .00001

6 Partial Correlation 
vs. Graphical Ridge

mean ∆r = -0.393, 
T(235) = -165, 
p < .00001

mean ∆ICC = -0.310, 
T(542) = -74.3, 
p < .00001

∆r = 0.171, 
Z = 4.26, 
p = 0.00002

mean ∆r = -0.084, 
T(235) = -132, 
p < .00001

7 Partial Correlation 
vs. PC Regression

mean ∆r = -0.409, 
T(235) = -122, 
p < .00001

mean ∆ICC = -0.283, 
T(542) = -62.2, 
p < .00001

∆r = 0.225, 
Z = 4.74, 
p < .00001

mean ∆r = -0.062, 
T(235) = -97.2, 
p < .00001

8 Graphical Lasso 
vs. Graphical Ridge

mean ∆r = 0.236, 
T(235) = 75.0, 
p < .00001

mean ∆ICC = -0.016, 
T(542) = -6.47, 
p < .00001

∆r = 0.130, 
Z = 3.34, 
p = 0.0008

mean ∆r = 0.100, 
T(235) = 132, 
p < .00001

9 Graphical Lasso 
vs. PC Regression

mean ∆r = 0.219, 
T(235) = 52.4, 
p < .00001

mean ∆ICC = 0.011, 
T(542) = 3.32, 
p = .0010

∆r = 0.184, 
Z = 4.10, 
p = 0.00004

mean ∆r = 0.123, 
T(235) = 150, 
p < .00001

10 Graphical Ridge 
vs. PC Regression

mean ∆r = -0.019, 
T(235) = -6.63, 
p < .00001

mean ∆ICC = 0.027, 
T(542) = 18.6, 
p < .00001

∆r = 0.056, 
Z = 5.28, 
p < .00001

mean ∆r = 0.023, 
T(235) = 96.4, 
p < .00001

Between-session similarity, intraclass correlation, and individual structural–functional similarity were compared using two-tailed, 
dependent-sample t-tests. The Pearson’s r values for between-session similarity and individual structural–functional similarity were 
normalized using Fisher’s z transformation (arctanh) before statistical comparisons. Group-averaged structural–functional similarity 
(single Pearson’s r per method) was compared using the method described by Meng et al. (1992), which tests for a significant difference 
between “correlated correlations” (correlations with a shared variable—structural connectivity weights in this case). For all reported 
correlation differences, correlations were transformed to Fisher’s z, subtracted, and then transformed back to Pearson’s r. Alpha levels 
were adjusted to .005 (.05/10) following Bonferroni correction to account for the multiple comparisons within each column.
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rely on white matter infrastructure, it is expected that FC 
should largely mirror SC (van den Heuvel et al., 2009). We 
calculated structural–functional similarity between group-
averaged matrices to estimate validity (independent of 
reliability) and between individual subject matrices to 
indicate individual measurement accuracy (combined 
validity and reliability).

We again start by examining pairwise correlation and 
partial correlation FC. The pairwise correlation FC matri­
ces were not expected to show a high correlation with the 
SC matrices because pairwise correlation does not dis­
tinguish direct from indirect connectivity, producing 
matrices that are much less sparse. Indeed, pairwise cor­
relation displayed low structural–functional similarity from 
both its group-averaged (r = 0.250; Fig. 4A) and individual 
matrices (mean r = 0.168, SD = 0.016; Fig. 4B). Partial 
correlation should be expected to show greater similarity 
because, like SC, it estimates direct connections between 
brain regions. As expected, the group-averaged partial 
correlation matrix produced a relatively high degree of 
structural–functional similarity (r = 0.572) that was signifi­
cantly greater than that produced by pairwise correlation 
(p  <  .00001; Table  1, row 1), reflecting higher validity. 
However, the individual partial correlation matrices dis­

played low structural–functional similarity (mean 
r = 0.137, SD = 0.011), which reflects the impact of noisy 
connections whose weights were nullified by group aver­
aging. Somewhat surprisingly, the individual similarities 
for partial correlation were even lower than those from 
pairwise correlation (p  <  .00001, Table  1, row 1). This 
means that, despite partial correlation producing an 
underlying network structure that is largely valid, the 
extent of noise renders individual partial correlation FC 
matrices even less similar to SC than the overly dense 
pairwise correlation FC. These support the high group-
level validity of partial correlation FC for measuring direct 
connections but also demonstrate how its low reliability 
can severely undermine the accuracy of individual mea­
surements.

As expected, the regularized FC methods also showed 
relatively high levels of structural–functional similarity 
when using group-averaged matrices (graphical lasso: 
r  =  0.543; graphical ridge: r  =  0.444; PC regression: 
r  =  0.398), although unregularized partial correlation 
scored significantly higher than graphical ridge and PC 
regression (both p  <  .00005, Table  1, rows 6 and 7). 
Graphical lasso did not show a significant difference from 
partial correlation with group averaging (p = .112, Table 1, 

Fig. 4.  Similarity between empirical FC and SC (diffusion MRI tractography). The bar and boxplots show results where 
the regularization hyperparameters have been optimized for each FC matrix, while the right plots show the single values 
or the medians and IQRs across different hyperparameter values for the regularized methods. For PC regression, number 
of PCs is plotted in descending order because fewer PCs correspond with more regularization. (A) Structural–functional 
similarity between group-averaged FC and structural matrices (n = 1). Averaging nullifies much of the noise in individual 
connectivity weights to show validity without the effects of low reliability. (B) Structural–functional similarity between 
individual FC matrices and the same subjects’ structural matrices (n = 236). Individual measurement accuracy is vastly 
improved by recovering reliability through regularization.
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row 5). These results indicate that some types of regular­
ization may alter the group-level FC network structures in 
ways that lessen their validity. This is further illustrated by 
the decline in group-averaged structural–functional simi­
larity with hyperparameters that induce greater regular­
ization (Fig. 4A, right panels). Meanwhile, the regularized 
FC methods all performed significantly better than basic 
partial correlation on individual structural–functional sim­
ilarity (graphical lasso: mean r  =  0.322, SD  =  0.022; 
graphical ridge: mean r = 0.222, SD = 0.017; PC regres­
sion: mean r = 0.199, SD = 0.017; all p < .00001, Table 1, 
rows 5–7). Graphical lasso again performed significantly 
better than graphical ridge and PC regression (both 
p  <  .0001, Table  1, rows 8 and 9). This supports our 
hypothesis that regularization can improve individual 
measurement accuracy by enhancing reliability. These 
findings show graphical lasso to be especially promising, 
as it vastly improves the accuracy of individual FC esti­
mates while preserving the high validity of underlying 
(group-averaged) FC networks seen with partial correla­
tion (Table  1, row 5). Again, these patterns were also 
demonstrated in held-out subjects (Supplementary 
Fig. S2; Supplementary Table S1).

In addition, to test whether sparsity alone was driving 
similarity to SC, we recomputed the same metrics after 
thresholding each FC matrix (i.e., setting all values under 
a particular connection strength to 0) to have the same 
density as that subject’s SC matrix. The average SC den­
sity across subjects was 8.83% nonzero edges 
(SD  =  1.026%). The same pattern of results occurred 
(Supplementary Fig. S3; Supplementary Table S2), except 

that partial correlation FC, having had many noisy edges 
brought to zero, now slightly surpassed pairwise correla­
tion FC on individual structural–functional similarity.

3.4.  Reliability and ground truth similarity of FC 
with simulated data

Since we do not have access to ground truth empirical 
FC, we also tested the validity and individual measure­
ment accuracy of FC methods on simulated data whose 
true underlying connectivity we know. An example simu­
lated network and the FC matrices estimated from a sin­
gle session are shown in Figure 5. When estimating FC 
for the regularized methods, the mean optimal hyperpa­
rameter values were λ

1  =  0.112 for graphical lasso 
(SD = 0.006), λ2 = 1.31 for graphical ridge (SD = 0.11), 
and number of PCs = 11.2 for PC regression (SD = 2.4; 
number of PCs not allowed to drop below 10). We again 
quantified the reliability of FC methods using between-
session similarity, comparing the first two sessions’ 
matrices for each of 50 different networks. We evaluated 
validity using the similarity of network-averaged FC (100 
sessions each) with the ground truth networks, and we 
assessed individual measurement accuracy as the simi­
larity of individual FC estimates (1 session each) with the 
corresponding true networks.

The results using simulated data largely mirror those 
from empirical fMRI data. In evaluating reliability, partial 
correlation was again shown to be the least reliable FC 
method (mean r = 0.158, SD = 0.015; Fig. 6A), scoring 
considerably worse than pairwise correlation (mean 

Fig. 5.  Simulated networks and FC estimated by different methods. (A) An example ground truth network. The directed, 
asymmetric version (top) was used to generate nodes’ time series, while the symmetrized version (bottom) was compared 
with FC estimates. (B) Individual FC matrices estimated from a simulated time series using each FC method.
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r = 0.786, SD = 0.048; p < .00001, Table 2, row 1). Again, 
all three of the regularized methods improved on the 
scores of unregularized partial correlation (graphical 
lasso: mean r = 0.735, SD = 0.018; graphical ridge: mean 
r = 0.581, SD = 0.024; PC regression: mean r = 0.601, 
SD = 0.053; all p < .00001, Table 2, rows 5–7). Graphical 
lasso performed significantly better than graphical ridge 
and PC regression (both p < .00001, Table 2, rows 8 and 
9), and PC regression slightly better than graphical ridge 
(p = .004, Table 2, row 10). While graphical lasso came 
close, the regularized methods did not achieve as high 
reliability as pairwise correlation (all p < .00001, Table 2, 
rows 2–4). In examining between-session similarity 
across a range of hyperparameters for the regularized 
methods, we can again observe that a higher degree of 

regularization tends to result in greater reliability (Fig. 6A, 
right panels).

Meanwhile, partial correlation demonstrated its worth 
in our test of validity (mean r = 0.952, SD = 0.005; Fig. 6B), 
scoring significantly higher than pairwise correlation on 
network-averaged ground truth similarity (mean r = 0.628, 
SD = 0.048; p <  .00001, Table 2, row 1). Unregularized 
partial correlation also scored better than graphical lasso 
(mean r  =  0.944, SD  =  0.005), graphical ridge (mean 
r = 0.794, SD = 0.015), and PC regression (mean r = 0.637, 
SD = 0.013; all p < .00001, Table 2, rows 5–7), although 
the difference from graphical lasso was very slight. 
Among the regularized methods, graphical lasso was fol­
lowed by graphical ridge and then PC regression (all 
p  <  .00001, Table  2, rows 8–10). Graphical lasso and 

Fig. 6.  Reliability and ground truth similarity of FC methods with simulated data. The boxplots show results where the 
regularization hyperparameters have been optimized for each FC matrix, while the right plots show the medians and 
IQRs across different hyperparameter values for the regularized methods. For PC regression, number of PCs is plotted 
in descending order because fewer PCs correspond with more regularization. (A) Between-session similarity, calculated 
between one pair of session matrices for each simulated network (n = 50). (B) Ground truth similarity between group-
averaged FC matrices (100 sessions each) and the ground truth for each simulated network (n = 50). Averaging nullifies 
much of the noise in individual connectivity weights to show validity without the effects of low reliability. (C) Ground truth 
similarity between an individual session’s estimated FC matrix and the ground truth for each simulated network (n = 50). 
The accuracy of single measurements is vastly improved by recovering reliability through regularization.
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graphical ridge achieved greater validity than pairwise 
correlation (both p < .00001, Table 2, rows 2 and 3), but 
PC regression was not significantly different (p  =  .096, 
Table 2, row 4). In a way, regularization has an opposite 
impact on validity from reliability, with group-level validity 
generally decreasing with greater levels of regularization 
(Fig. 6B, right panels). However, this effect was minimal 
for graphical lasso at the optimal hyperparameter values.

The accuracy of individual FC estimates depends on 
the underlying estimated network structures being cor­
rect (validity) and the individual estimates being minimally 
perturbed by noise (reliability). Partial correlation pro­
duced diminished individual ground truth similarity scores 
(mean r = 0.384, SD = 0.013; Fig. 6C), attributable to its 
low reliability. These were even lower than those of pair­
wise correlation (mean r = 0.556, SD = 0.034; p < .00001, 
Table 2, row 1). However, in improving reliability, all regu­
larized methods were able to increase individual mea­
surement accuracy above that of unregularized partial 
correlation (graphical lasso: mean r = 0.808, SD = 0.014; 
graphical ridge: mean r = 0.607, SD = 0.012; PC regres­
sion: mean r = 0.495, SD = 0.012; p < .00001, Table 2, 
rows 5–7). Graphical lasso showed superior accuracy 
among regularized methods, which is expected from its 
higher reliability and validity (all p < .00001, Table 2, rows 
8 and 9). Graphical lasso and graphical ridge also per­

formed expectedly better than pairwise correlation (both 
p  <  .00001, Table  2, rows 2 and 3), but PC regression 
showed significantly worse accuracy than pairwise cor­
relation (p < .00001; Table 2, row 4). Evaluating their per­
formances at different hyperparameter values, we can 
see that the optimal levels of regularization are those that 
balance validity and reliability (Fig.  6C, right panels). 
These findings corroborate the results of structural–
functional similarity in empirical fMRI data that regular­
ized FC methods can improve individual measurement 
accuracy. They also substantiate graphical lasso as the 
most effective of the regularized methods we tested.

We further considered whether properties of the gen­
erated networks and simulations could have biased the 
relative performances of FC methods, so we repeated the 
analyses with 2 manipulations in 25 networks each. First, 
in case we assumed an overly sparse brain network that 
disproportionally benefitted the sparser FC methods, we 
generated ground truth networks with twice the density 
as above (see Supplementary Fig. S4 for an example true 
network and FC estimates). These denser networks 
yielded a similar pattern of results (Supplementary 
Fig. S5; see Supplementary Table S3 for statistical com­
parisons). The denser FC methods (graphical ridge, PC 
regression, and pairwise correlation) may here be closer 
in performance to the sparser methods (graphical lasso 

Table 2.  Statistical tests comparing FC methods on reliability and ground truth similarity using simulated data.

Methods
Between-Session  

Similarity (Pearson’s r)

Ground Truth Similarity (Pearson’s r)

Network-Averaged Individual

1 Pairwise Correlation 
vs. Partial Correlation

mean ∆r = 0.629, 
T(49) = 83.3, p < .00001

mean ∆r = -0.324, 
T(49) = -51.1, p < .00001

mean ∆r = 0.172, 
T(49) = 37.9, p < .00001

2 Pairwise Correlation 
vs. Graphical Lasso

mean ∆r = 0.051, 
T(49) = 6.94, p < .00001

mean ∆r = -0.316, 
T(49) = -48.5, p < .00001

mean ∆r = -0.252, 
T(49) = -56.9, p < .00001

3 Pairwise Correlation 
vs. Graphical Ridge

mean ∆r = 0.206, 
T(49) = 34.4, p < .00001

mean ∆r = -0.166, 
T(49) = -31.4, p < .00001

mean ∆r = -0.051, 
T(49) = -14.1, p < .00001

4 Pairwise Correlation 
vs. PC Regression

mean ∆r = 0.185, 
T(49) = 25.7, p < .00001

mean ∆r = -0.009, 
T(49) = -1.70, p = 0.096

mean ∆r = 0.061, 
T(49) = 14.6, p < .00001

5 Partial Correlation 
vs. Graphical Lasso

mean ∆r = -0.577, 
T(49) = -204, p < .00001

mean ∆r = 0.008, 
T(49) = 19.9, p < .00001

mean ∆r = -0.425, 
T(49) = -222, p < .00001

6 Partial Correlation 
vs. Graphical Ridge

mean ∆r = -0.423, 
T(49) = -102, p < .00001

mean ∆r = 0.158, 
T(49) = 101, p < .00001

mean ∆r = -0.224, 
T(49) = -126, p < .00001

7 Partial Correlation 
vs. PC Regression

mean ∆r = -0.443, 
T(49) = -53.7, p < .00001

mean ∆r = 0.315, 
T(49) = 221, p < .00001

mean ∆r = -0.111, 
T(49) = -43.8, p < .00001

8 Graphical Lasso 
vs. Graphical Ridge

mean ∆r = 0.154, 
T(49) = 42.8, p < .00001

mean ∆r = 0.150, 
T(49) = 85.1, p < .00001

mean ∆r = 0.201, 
T(49) = 129, p < .00001

9 Graphical Lasso 
vs. PC Regression

mean ∆r = 0.134, 
T(49) = 16.4, p < .00001

mean ∆r = 0.307, 
T(49) = 196, p < .00001

mean ∆r = 0.313, 
T(49) = 132, p < .00001

10 Graphical Ridge 
vs. PC Regression

mean ∆r = -0.020, 
T(49) = -3.03, p = 0.004

mean ∆r = 0.157, 
T(49) = 113, p < .00001

mean ∆r = 0.112, 
T(49) = 82.9, p < .00001

Between-session similarity, group-averaged ground truth similarity, and individual ground truth similarity were compared using two-tailed, 
dependent-sample t-tests, their Pearson’s r values first normalized using Fisher’s z transformation (arctanh). For all reported correlation 
differences, correlations were transformed to Fisher’s z, subtracted, and then transformed back to Pearson’s r. Alpha levels were adjusted 
to .005 (.05/10) following Bonferroni correction to account for the multiple comparisons within each column.
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or partial correlation), with PC regression now showing 
higher reliability than graphical lasso (p = .0005, Supple­
mentary Table  S3, row 9) and graphical ridge showing 
now significant difference in reliability from graphical 
lasso (p = .060, Supplementary Table S3, row 8). There 
may be a smaller gap between graphical lasso and the 
denser FC methods in individual measurement accuracy, 
but graphical lasso still shows the highest ground truth 
similarity (all p < .00001, Supplementary Table S3, rows 
2, 8, and 9). Second, as the above simulated time series 
were generated with a relatively simple linear model, we 
included HRF convolution to add an autocorrelation ele­
ment and make them more resemble BOLD data (see 
Supplementary Fig. S6 for an example true network and 
FC estimates). This decreased the performances of all 
methods somewhat, but their performances relative to 
each other were unaffected (Supplementary Fig. S7; see 
Supplementary Table  S4 for statistical comparisons). 
Graphical lasso remained the strongest contender after 
these two manipulations as well.

3.5.  Accuracy of FC with varying amounts of data 
and noise levels

After confirming that regularization can indeed improve 
the reliability and individual measurement accuracy of 
FC, we proceeded to test its benefits to datasets of var­
ied quality. Two factors that can exacerbate model over­
fitting are low number of datapoints and high degree of 
noise relative to the signal of interest (Blum et al., 2020; 
Hastie et al., 2009; Ying, 2019), which remain limitations 
of fMRI data. We therefore generated 50 additional net­
works and simulated datasets with differing number of 
time points and noise levels, covering a range of low to 
improbably large amounts of data (0.5, 1–5, 10, and 100 
times as many observations as nodes) and three plausi­
ble ratios of Gaussian noise relative to the signal (0.25, 
0.50, and 1.00). We then computed the FC from each 
dataset and calculated the ground truth similarities of 
individual FC estimates.

Our first observation on estimating the FC matrices 
was that the optimal hyperparameters for the regularized 
methods vary across conditions, the methods generally 
preferring a greater degree of regularization when the 
data contains more noise or fewer time points (Fig. 7A). 
For graphical lasso, the average optimal hyperparameter 
for each condition was strongly correlated with the num­
ber of time points (Spearman correlation; r

s  =  -0.990, 
p < .00001) but not with noise level (rs = 0.133, p = .536). 
For graphical ridge and PC regression, optimal hyperpa­
rameter value had a significant monotonic relationship 
with both number of time points (graphical ridge: 
rs = -0.567, p = .004; PC regression: rs = 0.734, p = .00004) 

and noise level (graphical ridge: rs = 0.442, p = .030; PC 
regression: rs = -0.430, p = .036), even though graphical 
ridge shows a perturbation at 100 time points. This indi­
cates a stronger relevance of regularization when data­
sets have higher noise or fewer time points. Note too that 
this dependence of hyperparameters on time points can 
have practical implications for model selection, necessi­
tating that cross-validation schemes use a similar num­
ber of time points in training models as will be present in 
the final model.

The extended results on ground truth similarity largely 
agree with the previous findings but provide greater 
insights into the methods and their utility to different 
datasets (Fig. 7B; see Table 3 for statistical comparisons). 
We can see that pairwise correlation maintains relatively 
stable ground truth similarity across all conditions, show­
ing less susceptibility to low data and high noise but pla­
teauing at a meager level of performance. In contrast, 
partial correlation performs dismally in low-data and 
high-noise conditions, unable to even run with fewer time 
points than variables, but it does successfully recreate 
the networks when given sufficient data. The amounts of 
data needed to accomplish this, however, are not often 
feasible. By adding L1 regularization, graphical lasso can 
produce strong performances with far fewer time points, 
although results are still limited in cases with high noise 
and/or very few time points. Its improvements over partial 
correlation were especially large with fewer time points, 
but it still offers marginal gains at 10000 time points. 
Graphical ridge and PC regression are also less suscep­
tible to low data and high noise, although partial correla­
tion surpasses them when more data are available. They 
also never reach the efficacy of graphical lasso, which 
scores significantly better than all FC methods across all 
conditions but that with the least data and most noise (all 
p < .00001, Table 3, rows 2, 5, 8, and 9). These results 
again lead us to recommend graphical lasso for FC esti­
mation, for most scan lengths and noise levels. Other 
solutions may be needed for very short and noisy scans.

3.6.  Sensitivity of FC to motion artifacts

In addition to the random measurement noise whose 
impact we tested above, fMRI data are also contami­
nated with subject motion artifacts (Power et al., 2012). 
Previous studies have shown partial correlation to effec­
tively mitigate the confounding effects of motion 
(Mahadevan et al., 2021; Power et al., 2015), but given 
the pervasiveness of the issue, we sought to also assess 
the regularized methods tested here. We did so by mea­
suring the QC-FC correlation of each edge, or the cor­
relation across subjects between their mean head motion 
during scanning and their estimated connectivity weights 
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for each edge of interest (Ciric et al., 2017; Mahadevan 
et al., 2021).

Our findings replicate those of previous studies, 
showing partial correlation to be largely robust to motion 
artifacts with 0% of edges significantly correlated with 
motion (median absolute QC-FC = 0.045). Pairwise cor­
relation was very susceptible to motion artifacts with 
56.4% significant edges (median absolute QC-FC  = 
0.157), also in agreement with prior findings. Graphical 
lasso (0.01% significant edges, median absolute QC-
FC  =  0.048), graphical ridge (0.05% significant edges, 
median absolute QC-FC  =  0.050), and PC regression 
(0.09% significant edges, median absolute QC-FC  = 
0.052) were impacted slightly more than unregularized 
partial correlation, but nonetheless they were also largely 
insensitive to motion. In case sparsity alone was provid­
ing some FC methods with an advantage, we repeated 
the analyses while only assessing nonzero edges 
(excluding subjects with very small weights from edge 
analyses and entire edges with too few remaining sub­
jects; see Section 2.4.5). The results showed minimal 

changes, with pairwise correlation having 55.6% signifi­
cant edges (n = all 64620 edges included in the analysis, 
median absolute QC-FC = 0.157), partial correlation 0% 
significant edges (n  =  60169, median absolute QC-
FC  =  0.049), graphical lasso 3.2% significant edges 
(n  =  717, median absolute QC-FC  =  0.060), graphical 
ridge 2.0% significant edges (n = 2771, median absolute 
QC-FC  =  0.065), and PC regression 2.1% significant 
edges (n = 2995, median absolute QC-FC = 0.065). Their 
insensitivity to motion artifacts further supports the suit­
ability of regularized partial correlation or similar meth­
ods for FC estimation.

3.7.  Predicting task activations from empirical FC

The remaining analyses further test the accuracy of regu­
larized multivariate FC in representing brain networks 
and test their advantage for FC-based neuroscience 
applications. For simplicity, we limited our main results to 
pairwise correlation, partial correlation, and graphical 
lasso FC, but the results of graphical ridge and PC 

Fig. 7.  Performance of FC methods when varying the amounts of data and noise levels in simulated time series.  
(A) Optimal regularization hyperparameters of each regularized method with different number of time points (x-axis) and 
noise ratios (line color). Generally, a larger degree of regularization is preferred when there is more noise or fewer time 
points. For PC regression, number of PCs is plotted in descending order because fewer PCs correspond with more 
regularization. (B) Ground truth similarity of individual FC estimates (n = 50; 100 nodes) for different number of time points 
(x-axis) and noise ratios (line color). Plots indicate mean and standard deviation.
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regression are presented in Supplementary Figures  S8 
and S9, and Supplementary Tables  S3 and S5, with 
graphical ridge and PC regression achieving similar per­
formances to graphical lasso.

Here we implemented activity flow modeling to predict 
held-out neurocognitive function (task activations) from 
FC matrices (Cole et al., 2016). This model formalizes a 
functional role for FC, and in this application conveys how 
well different FC methods captured communication path­
ways underlying activity flow in the brain. To perform 
activity flow mapping, the activity of a target node j is pre­
dicted as the sum of activity from all other source nodes i, 
weighted by the FC coefficients between sources and tar­
get (Fig. 8A; see Section 2.4.6). We applied this to the “hit” 
and “correct rejection” events of a Go/No-go task, and we 
present the actual and predicted activations for a single 
subject’s “hit” trials in Figure 8C. The prediction accura­
cies were calculated for each subject as the Pearson cor­
relation between the predicted and actual activities.

Pairwise correlation FC generated a mean task predic­
tion score of r = 0.488 (SD = 0.119; Fig. 8B). Diverging 
from the previous tests of FC accuracy, partial correlation 
produced significantly higher scores than pairwise cor­
relation (mean r  =  0.569, SD  =  0.106; T(235)  =  16.4, 
p  <  .00001; all tests two-tailed, dependent samples; 
α = .017 (.05/3) for all tests following Bonferroni correc­
tion for multiple comparisons). This performance metric 
appears to be less impacted by low reliability than previ­
ous tests, likely because some effects of noisy edges can 
cancel during the summation of activity flows. These 
results again support the higher validity of partial correla­
tion than pairwise correlation FC, as the network created 
by partial correlation better reflects the integration of 
brain activity over nodes. Activity prediction was further 
improved by adding regularization through graphical 
lasso (mean r = 0.719, SD = 0.086), which performed sig­
nificantly better than both pairwise correlation (T(235) = 
48.9, p < .00001) and partial correlation (T(235) = 60.4, p 
<  .00001; α  =  .017). This pattern of results was repro­
duced in the replication dataset as well (Supplementary 
Figure S8; Supplementary Table S5). Graphical lasso was 
previously shown to increase reliability while preserving 
the validity of the underlying estimated network structure, 
allowing for greater accuracy of individual FC estimates. 
This improved accuracy allowed for better simulations of 
activity flowing across brain networks.

3.8.  Predicting subject age and intelligence from 
empirical FC

An increasingly common goal in neuroscience research is 
to link individual differences in brain structure or function 
with cognitive or other biological characteristics. This can 
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help reveal the functional relevance of brain network 
organization. However, individual difference studies have 
been shown to have small effect sizes (Marek et  al., 
2022), and they therefore may benefit from regularized 
FC methods that can reduce the impact of measurement 

noise. If edge weights experience high noise variability 
compared with true individual variability, then any real 
individual difference patterns will be obscured, and 
results will be too easily swayed by random chance. We 
therefore hypothesized that using more reliable FC  

Fig. 8.  Predicting task activations using FC estimated from rest fMRI data. (A) The activity flow mapping paradigm  
(Cole et al., 2016). Each target region’s (j) activity is predicted as the sum of all other regions’ (i) activity flows to the target 
region, which are the products of each source region’s connectivity with the target and the source region’s actual activity. 
(B) Prediction accuracy by FC method calculated as the Pearson correlation (r) between regions’ actual and predicted 
activations, computed in each subject (n = 236) across regions and task conditions. (C) A single subject’s actual and 
predicted task activations for the go/no-go hit events.
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estimates would lead to better predictions of individual 
differences. We tested this by using FC edge weights to 
predict subject age and intelligence (psychometric g; 
Johnson et al., 2008), comparing prediction accuracies 
across FC methods. These tests demonstrate the utility 
of regularization to this research approach while provid­
ing additional validation of these methods, confirming 
their ability to capture the patterns of brain function that 
underly cognitive differences.

We did indeed find that the more reliable FC methods, 
pairwise correlation and graphical lasso, predicted indi­
vidual differences better than the less reliable method, 
partial correlation. All methods allowed for above-chance 
prediction of subject age (pairwise correlation: r = 0.739, 
p  <  .00001; partial correlation: r  =  0.512, p  <  .00001; 
graphical lasso: r = 0.695, p < .00001; α = .017 (.05/3) for 
all tests following Bonferroni correction for multiple com­
parisons; Fig.  9A). Pairwise correlation and graphical 
lasso both produced significantly higher predicted-to-
actual age correlations than partial correlation (pairwise 
vs. partial correlation: z  =  5.34, p  <  .00001; graphical 
lasso vs. partial correlation: z = 5.45, p < .00001; α = .017), 
but their correlations were not significantly different from 
each other (pairwise correlation vs. graphical lasso: 
z = 1.59, p =  .112; statistical tests described by (Meng 
et al., 1992)). These results were reproduced in the repli­
cation dataset (pairwise correlation: r = 0.760, p < .00001; 
partial correlation: r = 0.579, p < .00001; graphical lasso: 
r  =  0.737, p  <  .00001; pairwise vs. partial correlation: 
z = 5.00, p < .00001; graphical lasso vs. partial correla­
tion: z = 5.94, p < .00001; pairwise correlation vs. graph­
ical lasso: z = 0.922, p = .356; α = .017).

The same pattern was observed when predicting intel­
ligence from FC, although prediction accuracies were 
generally lower than for age, and partial correlation no 
longer showed a significantly above-chance prediction 
accuracy (pairwise correlation: r = 0.309, p < .00001; par­
tial correlation: r  =  0.114, p  =  .079; graphical lasso: 
r = 0.373, p < .00001; α = .017). Again, pairwise correla­
tion and graphical lasso produced significantly better 
prediction accuracies than partial correlation (pairwise 
vs. partial correlation: z = 2.48, p = .013; graphical lasso 
vs. partial correlation: z = 4.08, p = .00004; α = .017), but 
again their performances were not significantly different 
from each other (pairwise correlation vs. graphical lasso: 

z = -1.05, p = .292). The same occurred in the replication 
dataset (pairwise correlation: r = 0.363, p < .00001; par­
tial correlation: r  =  0.113, p  =  .083; graphical lasso: 
r  =  0.402, p  <  .00001; pairwise vs. partial correlation: 
z = 3.16, p = .002; graphical lasso vs. partial correlation: 
z = 4.43, p <  .00001; pairwise correlation vs. graphical 
lasso: z  =  -0.639, p  =  .523; α  =  .017). Together, these 
results indicate that regularization improves the ability of 
partial correlation FC to reflect individual differences in 
cognition, and they provide additional evidence that 
graphical lasso FC accurately represents brain connec­
tivity. Further, these results indicate the importance of the 
increased reliability of regularized partial correlation for 
matching the behavioral prediction accuracy of pairwise 
correlation, but now with more interpretable (i.e., valid) 
connectivity due to the substantial reduction in the num­
ber of confounded functional connections.

4.  DISCUSSION

Accurate estimation of human brain connectivity is a 
major goal of neuroscience, given evidence that connec­
tivity is a major determinant of neurocognitive function 
(Bassett & Sporns, 2017). The current field-standard 
approach for FC estimation—pairwise Pearson correla­
tion—is well known to be sensitive to confounded and 
indirect connections that often do not reflect the brain’s 
direct functional interactions (Honey et  al., 2009; 
Sanchez-Romero & Cole, 2021; Smith et al., 2011). Direct 
interactions can offer more mechanistic, causally valid 
insights into brain communication and network structure 
(Reid et al., 2019). Therefore, the field may benefit from 
shifting to a method that removes many of these false 
connections, such as partial correlation and related mul­
tivariate methods. Some other FC methods attempt to 
provide still stronger causal inferences, for instance by 
estimating asymmetric directionalities of causal interac­
tions (i.e., A→ B ≠ A← B; Sanchez-Romero et al., 2023), 
but they often require complex models and strong 
assumptions about the system being studied (Mill et al., 
2017; Ramsey et al., 2010; Sanchez-Romero et al., 2019). 
While not perfect measures of causality, partial correla­
tion and multiple regression FC can offer substantial 
advances in understanding how brain regions interact, 
and they do so using comparatively simple, data-driven 

Fig. 9.  Predicting individual differences in age and intelligence using estimated FC from rest fMRI data. (A) Actual 
and predicted ages of each subject by FC method, from both the discovery and replication datasets. (B) Average beta 
coefficients assigned to each connection by the regression models for estimating subject age. Beta coefficients shown 
here are the averages over cross-validation folds and discovery and replication datasets. Blue indicates that connection 
strength decreased with age and red indicates that connection strength increased. (C) Actual and predicted intelligence 
(psychometric g) of each subject by FC method. (D) Average beta coefficients assigned to each connection by the 
regression models for estimating psychometric g.
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models. The potential utility of partial correlation is 
reduced, however, by its low reliability, reported to be 
much lower than that of pairwise correlation FC (Fiecas 
et al., 2013; Mahadevan et al., 2021). Here we tested the 
hypothesis that low reliability in partial correlation (and 
related methods) is due to excessive model complexity 
resulting in overfitting to noise. Consistent with our 
hypothesis, we found that regularization significantly 
improves the repeat reliability and accuracy of partial cor­
relation FC. These results suggest regularized partial cor­
relation is a strong candidate for replacing pairwise 
correlation as the next field standard for estimating FC 
using fMRI. These results also suggest that FC methods 
used with high temporal resolution data (such as EEG) 
could benefit from regularization as well, especially given 
the additional model complexity that comes with model­
ing temporal lags (e.g., with multivariate autoregressive 
modeling; Fiecas et  al., 2010; Haufe et  al., 2010; Mill 
et al., 2022).

We found that regularized partial correlation FC 
improved on both pairwise correlation and unregularized 
partial correlation along multiple dimensions. First, reli­
ability was substantially improved in regularized (e.g., 
mean r  =  0.64 for graphical lasso empirical between-
session similarity) relative to unregularized partial correla­
tion (e.g., mean r = 0.11; Fig. 3). This result essentially 
“rescues” partial correlation as a method, given how 
essential reliability is to FC estimation (Noble et al., 2021). 
This was especially beneficial in conditions of low 
amounts of data and high noise (Fig. 7), which can further 
impair reliability (Birn et al., 2013). Second, the validity of 
FC estimates was much higher for regularized partial cor­
relation relative to pairwise correlation. This was demon­
strated in terms of increased similarity of regularized 
partial correlation FC to empirical structural connectivity 
(Fig. 4) and simulated ground truth FC (Fig. 6). Notably, 
this likely reflects partial correlation reducing the number 
of confounded (e.g., a false A–B connection due to an 
upstream region C: A←C→ B) and indirect (e.g., a false 
A–B connection due to an intermediate region C: 
A→ C→ B) connections (Fig. 1A), which structural con­
nectivity and ground truth FC are insensitive to. Further 
supporting validity, regularized partial correlation FC was 
found to be less sensitive to in-scanner motion than pair­
wise correlation FC, demonstrating reduced confounding 
from non-neural factors as well. Finally, given the impor­
tance of reliability and validity for a variety of FC applica­
tions, we tested for improvements to FC-based 
applications in cognitive neuroscience. As expected, we 
found that regularized partial correlation significantly 
improved FC-based generation of task-evoked fMRI acti­
vations (Fig. 8) and prediction of individual differences in 
age and behavior (Fig. 9). Together, these results demon­

strate the improved reliability, validity, and general utility 
of regularized partial correlation—especially graphical 
lasso—relative to pairwise correlation and unregularized 
partial correlation.

We conceptualize FC as the functional manifestation 
of grounded physical processes, such that every func­
tional connection must have a corresponding structural 
connection at a minimum. This is the minimum because 
FC provides more information regarding the interaction of 
neural populations than structural connectivity. This 
reflects the impact of various functional factors on time 
series similarity. For instance, in our simulations, we 
found that regularized methods reflected simulated 
aggregate synaptic weights, in addition to the structural 
connections necessary to support those synaptic 
weights. We may also expect effects from neurotransmit­
ter concentrations (e.g., from arousal) to impact FC, along 
with other functional factors. Thus, while similarity to 
structural connectivity was important as a minimal case 
(to show we have reduced false positives from confound­
ing), we did not expect a full match with structural con­
nectivity given these other factors.

The central finding of this study is that regularization 
stabilizes the connectivity estimates of partial correlation 
(and multiple regression) FC, increasing the method’s 
reliability. We demonstrated this in multiple ways. First, 
we provided a visual depiction of measurement instability 
in FC matrices, where an individual subject’s partial cor­
relation FC varied discernibly from the group-averaged 
matrix (Fig.  2). In the individual matrix, random noise 
obscured an underlying network structure, while in the 
group matrix, that noise had been reduced by averaging. 
Regularization reduced this noise at the individual sub­
ject level. We then quantified repeat reliability in empirical 
data using between-session similarity and intraclass cor­
relation, where all regularized methods substantially 
improved on the reliability of partial correlation FC.

Our findings also agree with those of several previous 
studies. Brier et  al. (2015) showed that Ledoit–Wolf 
shrinkage (Ledoit & Wolf, 2003), a regularization tech­
nique not investigated here, improved the reliability of 
partial covariance FC. Mejia et  al. (2018) also demon­
strated that L2-regularized partial correlation achieved 
greater reliability as the L2 penalty (degree of regulariza­
tion) was increased. Our results somewhat contrast with 
those of Fiecas et al. (2013) and Mahadevan et al. (2021), 
who tested regularized partial correlation, in that their 
results indicate a more subtle impact of regularization on 
reliability. We suspect, however, that this apparent small 
difference in regularized and unregularized partial cor­
relation is due to their measuring reliability using intra­
class correlation for all possible edges. We found that null 
edges achieve poor ICC scores regardless of their reli­
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ability (see Section 2.4.2 for elaboration), meaning that 
the abundance of invariably low scores from these sparse 
FC methods would have eclipsed any meaningful 
changes in ICCs for non-null edges. Our analysis using 
intraclass correlation, which instead examined a conser­
vative set of non-null edges, showed a clear improve­
ment of ICCs with regularization. In utilizing several 
regularization methods, two reliability metrics, and empir­
ical and simulated datasets, our study provides compre­
hensive support that regularization can substantially 
improve the repeat reliability of multivariate FC methods, 
which are otherwise prone to overfitting to noise.

We also analyzed the validity and individual measure­
ment accuracy of the FC methods, which we define as the 
systematic correctness of estimates in aggregate (inde­
pendent of reliability) and the closeness of individual esti­
mates to the truth (dependent on validity and reliability). 
Previous studies have tested regularized FC methods 
based on simulations (Nie et al., 2017; Ryali et al., 2012; 
Smith et  al., 2011), generalization to held-out data 
(Varoquaux et al., 2010), network modularity (Brier et al., 
2015; Mahadevan et al., 2021; Ryali et al., 2012; Varoquaux 
et  al., 2010), sensitivity to task state (Brier et  al., 2015; 
Duff et al., 2013; Sala-Llonch et al., 2019), prediction of 
individual differences (Pervaiz et al., 2020), and similarity 
to structural connectivity (Liégeois et al., 2020). We chose 
to primarily validate FC with structural connectivity and 
simulated networks because these both (attempt to) rep­
resent direct connections only—a property which allows 
FC to better reflect the causal mechanisms and physical 
reality of brain networks (Reid et al., 2019).

Structural connectivity estimates direct connections 
by mapping white matter tracts across the brain volume 
to their gray matter end points (Le Bihan & Johansen-Berg, 
2012). These anatomical connections are the basis for 
brain-wide communication and are expected to exist 
between regions with direct functional connections. 
Structural connectivity does not measure precisely the 
same phenomena as FC, as structural connectivity shows 
predominantly static pathways while FC is also influ­
enced by dynamic factors such as cognitive state (Cole 
et al., 2014). Structural connectivity estimated from diffu­
sion MRI is also prone to systematic errors, such as from 
failing to resolve crossing fibers or underestimating long-
distance tracts (Maier-Hein et  al., 2017; Rheault et  al., 
2020; Sotiropoulos & Zalesky, 2019). Nevertheless, the 
two measures largely overlap (Damoiseaux & Greicius, 
2009; Honey et al., 2009; Straathof et al., 2019; van den 
Heuvel et  al., 2009). Because structural connectivity is 
not susceptible to causally confounded and indirect con­
nectivity, it should better converge with the FC whose 
methods limit these errors (Damoiseaux & Greicius, 2009; 
Honey et al., 2009; Liégeois et al., 2020). For instance, 

Liégeois et al. (2020) have shown partial correlation FC to 
be more similar to structural connectivity than is pairwise 
correlation FC. Further, Wodeyar et al. (2020) found that 
stroke lesions to white matter tracts are more predictive 
of changes in partial over pairwise correlation FC in the 
impacted edges.

With simulations, we had access to the true causal 
connections against which we could compare FC esti­
mates to gauge their validity and accuracy. However, 
simulations also require the selection of many model 
parameters, the choices of which can potentially bias 
performance among FC methods. We opted for a simple 
linear model to simulate activity over bidirectional net­
works, which were generated with modular and approxi­
mately scale-free structure—properties the human brain 
has been shown to have (Bullmore & Sporns, 2009; van 
den Heuvel & Sporns, 2011). As with structural connec­
tivity, prior simulation studies have shown partial correla­
tion FC to emulate true connectivity more closely than 
pairwise correlation FC (Nie et  al., 2017; Smith et  al., 
2011). We thus validated the FC methods by comparing 
them against approximate (structural) or certain (simu­
lated) causal networks to further increase confidence in 
our results.

One aim of these analyses was to ensure that the reg­
ularization techniques did not reduce the underlying 
validity of FC measures, estimated as the correctness of 
the group-level means. We hypothesized that unregular­
ized partial correlation FC would exhibit high validity, and 
indeed, after averaging across estimates, it performed 
substantially better than pairwise correlation FC at reflect­
ing structural and simulated network connectivity. We 
found group-level graphical lasso FC to perform similarly 
to partial correlation, scoring slightly worse when tested 
with simulations but showing no significant difference 
when tested against SC. As regularization was only 
hypothesized to aid reliability, this was the expected result 
for analyses of group-level FC where the effect of reliabil­
ity had been controlled via cross-subject averaging. 
Unexpectedly, however, we found graphical ridge and PC 
regression to have significantly worse validity, a pattern 
that emerged for both structural connectivity and simula­
tion analyses. This result also aligns with the FC matrix 
visualizations (Fig.  2), where graphical ridge and PC 
regression FC show visibly different group-level network 
structures relative to partial correlation and graphical 
lasso FC. Evidently, the more diffuse connectivity pat­
terns produced by graphical ridge and PC regression are 
less valid representations of direct FC than the sparser 
alternatives.

We also considered whether our analyses could have 
biased the results toward sparser FC methods by gaug­
ing FC against targets more sparse than the brain’s “true” 
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direct FC—SC due to methodological shortcomings and 
simulated networks due to our design and assumptions. 
We therefore reran the simulations using networks twice 
as dense as the originals, and while this somewhat 
improved validity of graphical ridge and PC regression, 
graphical lasso remained most valid (Supplementary 
Fig.  S5). To our knowledge, this is the only published 
study to examine the effect of these regularization tech­
niques on group-level validity, controlling for the benefit 
of improved reliability. Our study suggests the novel find­
ing that graphical ridge and PC regression may reduce 
the group-level validity of FC estimates while graphical 
lasso can better maintain the validity achieved by unreg­
ularized partial correlation.

Our second aim was to determine whether the 
improved reliability of the regularized FC methods could 
grant them greater individual measurement accuracy 
than pairwise correlation and unregularized partial cor­
relation FC. Individual subject measurement accuracy is 
a central goal of precision neuroscience (Hermosillo 
et al., 2024) and is ideal for clinical applications. It is a 
function of both reliability and the underlying validity of 
the measurement (see Fig. 1). We found that the individ­
ual estimates of pairwise correlation FC are hindered by 
its low validity, while the scores of partial correlation FC 
are hindered by its low reliability. The regularized meth­
ods generally perform better, led by graphical lasso FC, 
which most increased reliability and best preserved 
underlying measurement validity.

The results were largely consistent between the 
structural connectivity and simulation analyses, and 
they agree with results from prior studies. Liégeois et al. 
(2020) also compared FC estimates with structural con­
nectivity and showed graphical ridge to be more similar 
than both partial correlation and pairwise correlation 
FC. Smith et  al. (2011) and Nie et  al. (2017) showed 
graphical lasso recreates simulated networks more 
accurately than pairwise correlation FC, although there 
was not always a large difference between graphical 
lasso and unregularized partial correlation. We suspect 
that this was due to the simulations using very few 
nodes (usually 5 or 10) relative to the amount of data 
(usually 200 TRs or more), causing less overfitting to 
noise than should be expected from an empirical data­
set. Regularization had a much larger benefit during 
their simulations with 50 nodes, where partial correla­
tion was impaired by a more realistic degree of overfit­
ting. Varoquaux et al. (2010) tested the generalizability 
(via loglikelihood) of FC models to held-out rest data, 
showing graphical lasso and graphical ridge both per­
form better than partial correlation when applied to indi­
vidual subjects’ data. They also found graphical lasso to 
exhibit higher generalizability than graphical ridge, fur­

ther supporting our finding that graphical lasso is the 
more valid regularized FC method.

All brain recording modalities have limitations, with 
some weaknesses of fMRI being scanner noise, low sam­
pling rate and constrained scan times, and susceptibility 
to head motion artifacts. We hypothesized that partial 
correlation would be highly sensitive to noise and number 
of time points, as these can influence the extent of model 
overfitting (Blum et  al., 2020; Hastie et  al., 2009; Ying, 
2019), and that regularization would ameliorate this. 
These hypotheses were supported by our simulation 
results. While partial correlation achieved nearly perfect 
ground truth similarity with lower noise levels and a very 
large number of time points (100 times as many TRs as 
nodes—an unrealistic amount of empirical fMRI data), 
there was a steep decline in performance with decreas­
ing time points and increasing noise. The decline is espe­
cially sharp approaching an equal number of time points 
as nodes, for which the ground truth correlation is almost 
zero, and partial correlation is unable even to calculate 
FC where there are fewer time points than nodes. Our 
results demonstrate that regularization can handle such 
scenarios where there are fewer time points than 
nodes—a common use for regularization as it helps con­
strain fitting procedures that are ill-posed. Regularization 
especially improves accuracy in the lowest time point 
conditions, with graphical lasso offering the largest ben­
efits, across the full range of conditions. Previous studies 
have shown similar patterns in empirical data, with 
Liégeois et  al. (2020) demonstrating that L

2-regularized 
precision is more similar to SC than is unregularized pre­
cision across a range of scan lengths, but especially with 
the shortest scan durations. Meanwhile, Mejia et  al. 
(2018) found that shorter scans prefer a greater amount 
of shrinkage than longer scans. While regularized multi­
variate FC estimates still benefit from increased data and 
decreased noise, these results indicate that they can also 
be used with legacy datasets that have shorter rest dura­
tions or longer TRs, as well as with data from subject 
populations that cannot tolerate long MRI scans.

While not considered one of our primary tests of valid­
ity, sensitivity to motion artifacts renders FC less valid 
because it is then capturing non-neural effects. Unlike 
random noise in coefficient weights, the FC variations 
introduced by subject head motion are systematic, for 
instance leading to decreases in long-distance connec­
tions and increases in short-range connections (Power 
et al., 2012). We found that pairwise correlation FC was 
highly susceptible, with half of all edges showing signifi­
cant correlation with subject motion, despite also 
employing intensive motion artifact mitigation strategies 
(see Section 2.2). In contrast, partial correlation FC had 
no significant edges. Largely maintaining this result, 
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regularization added only a fraction of a percent of signif­
icant edges. This replicates the findings of Mahadevan 
et al. (2021), who demonstrated high motion sensitivity of 
pairwise correlation FC but low sensitivity of unregular­
ized and L2-regularized partial correlation FC. While spu­
rious connectivity is undesirable in any study, the effects 
of motion artifacts on FC can be especially harmful where 
the variable of interest is associated with head motion. 
For example, children, older adults, and various clinical 
populations are prone to more in-scanner movement 
than healthy young adults, and group differences in FC 
due to motion could be mistaken for true differences in 
brain communication. Regularized multivariate FC meth­
ods largely eliminate confounding by head motion.

Our final analyses predicting task-evoked activations 
and individual differences in subject age and intelligence 
further support our findings of reliability, validity, and 
accuracy of individual measurements. Moreover, they 
demonstrate how direct, more causally-valid FC mea­
sures can contribute to a mechanistic understanding of 
cognition and brain function. Activity flow modeling sim­
ulates the propagation of task-evoked activations over 
FC pathways (Cole, 2024; Cole et al., 2016). Activity pre­
dictions for each node are generated as the summed 
activities of all other nodes, modulated by the strengths 
of their connections to the target node. More accurate FC 
estimates will generate predictions more similar to the 
actual activations. When introducing activity flow model­
ing, Cole et al. (2016) showed that multiple regression FC 
yielded far more accurate predictions than pairwise cor­
relation FC, suggesting that multiple regression FC better 
reflects the brain-wide interactions that underlie cogni­
tion. Our activity flow analyses also showed the related 
method of partial correlation FC performing better than 
pairwise correlation FC. Some positive and negative 
noisy coefficients of partial correlation FC may have can­
celled each other out, but the noise reduction of graphi­
cal lasso still offered ample improvement in activity 
predictions. Graphical ridge and PC regression achieved 
only slightly worse activity predictions than graphical 
lasso despite having different network structures (Sup­
plementary Fig. S8), suggesting that their more distrib­
uted connectivities can produce similar summations. 
However, graphical lasso is likely the best choice for 
activity flow modeling, given its higher validity based on 
our structural connectivity and simulation analyses. 
Activity flow over such estimates of direct FC offers a 
mechanistic explanation of how the connectome shapes 
the brain activity patterns underlying cognitive functions.

A common goal of neuroscience research is to relate 
measures of brain function to cognition. Here, we demon­
strated the ability of regularized multivariate FC to predict 
individual differences in subject age and intelligence in 

models that are both accurate and interpretable. Pairwise 
correlation and graphical lasso (and the other regularized 
methods) produced high accuracies that were not signifi­
cantly different from each other but were all better than 
unregularized partial correlation. This suggests that 
model performance depended mainly on reliability and 
was less affected by redundancy in FC weights. This 
aligns well with the findings of prior studies. Pervaiz et al. 
(2020) found L

1-regularized partial correlation with group 
information and L2-regularized partial correlation to both 
predict subject individual differences (e.g., age, intelli­
gence, sex) better than pairwise correlation FC. However, 
Duff et al. (2013) and Sala-Llonch et al. (2019) tested how 
well FC applied to resting-state or task data could clas­
sify different task states, and while L1-regularized (Duff 
et  al., 2013) or L2-regularized (Sala-Llonch et  al., 2019) 
partial correlation produced overall better performance, 
pairwise correlation FC achieved better classification for 
some parcellation schemes. If the most important factor 
of an analysis is prediction or classification accuracy, for 
instance for a clinical diagnosis, pairwise correlation FC 
may be as good a choice as regularized multivariate FC. 
However, if the analysis aims to elucidate the neural 
mechanisms and specific pathways that underlie differ­
ences in cognition, then regularized multivariate FC offers 
the benefit of more interpretable (e.g., valid and less 
numerous) model coefficients.

4.1.  Limitations and directions for future research

The present study has several limitations, each of which 
suggests important directions for future research. For 
example, the present results are based only on empirical 
and simulated fMRI data, leaving future studies to test 
the utility of such regularized multivariate methods for FC 
estimation with different types of brain recordings (e.g., 
MEG/EEG). Indeed, supporting the possibility that our 
hypotheses generalize to EEG data, Mill et  al. (2022) 
found evidence that PC regression improves the stability 
of multivariate autoregressive models. Additionally, Haufe 
et al. (2010) showed that a group lasso penalty can also 
stabilize multivariate autoregressive models, and Fiecas 
et  al. (2010) found that shrinkage can stabilize partial 
coherence estimates from EEG data. While these studies 
show the efficacy of regularized multivariate FC in gen­
eral for EEG, the field may further benefit from tests com­
paring different regularized FC methods to establish best 
practices. For instance, the current study found L1 regu­
larization (graphical lasso) most advantageous for fMRI 
data, but other modalities may benefit more from differ­
ent methods.

The present study also focused solely on FC at the 
scale of brain regions, with future research needed to 
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establish the best approaches for regularized multivariate 
FC at the level of fMRI voxels or other small spatial scales. 
With voxel-wise FC, regularization is not just beneficial 
but also essential when fitting partial correlation or other 
multivariate FC models, as the number of variables (vox­
els) typically far exceeds the number the time points. 
Cole et  al. (2016) demonstrated the feasibility of PC 
regression for estimating voxel-wise FC and the efficacy 
of the FC estimates in predicting held-out task activa­
tions via activity flow modeling. Some FC methods may 
have to be applied differently to voxel-wise data from 
how they would be to region-wise data, however. PC 
regression is more computationally suitable for voxel-
wise FC because it involves fitting a reduced number of 
variables, whereas fitting a graphical lasso model with 
tens of thousands of variables is computationally imprac­
tical. Further, we expect that fitting a model with so few 
time points compared with variables would yield low  
reliability and/or validity. Our simulation analyses may 
show suitably accurate FC estimates with as few as half 
the number time points as variables (i.e., graphical lasso 
with low noise; Fig.  7), but accuracy declines sharply  
with decreasing time points to variables, and voxel-wise 
FC analyses will typically have a far smaller ratio than 
even this. One possible solution to aid the estimation of 
voxel-wise FC is to first perform graphical lasso on 
region-wise data and then limit voxel-wise FC calcula­
tions to between only those voxels with regional connec­
tions (Chakravarthula et  al., 2025). Such a strategy 
imposes a region-wise sparse structure to reduce the 
number of variables in the voxel-wise model. Voxel-wise 
FC can then be calculated with PC regression, for 
instance, where each target voxel’s FC is fit in an inde­
pendent model that includes only the voxels of connected 
regions. Future research is needed to further develop and 
test regularized multivariate methods for voxel level FC.

As stated previously, we do not know the brain’s true 
FC, and the targets against which we compared FC esti­
mates (SC and simulation networks) are imperfect mod­
els. Even within these strategies, there is a wide range of 
options for their implementation and our choices could 
have affected our results. For instance, we only employed 
SC matrices generated with deterministic tractography, 
but probabilistic tractography algorithms generally pro­
duce denser connectomes. Our SC edges were weighted 
by normalized streamline count, but a variety of other 
weighting schemes are available which yield different 
weight distributions (Nelson et al., 2023). There was an 
especially wide parameter space when designing our 
simulations. We attempted to ameliorate this by testing 
the original simulations with different number of time 
points and noise levels, by altering the networks to have 
twice the original density, and by convolving simulated 

activity with an HRF. However, we could not test every 
possible scenario. Future studies will have the opportu­
nity to conduct more comprehensive simulations, such 
as with different underlying network architectures, more 
biological detail, and multiple scales simulated (e.g., 
voxels and brain regions). For example, it is possible that 
larger modules (regions or networks) produce larger 
shared signals, which may impact partial correlations 
and coefficient stability. It will also be important to test 
network recovery from data simulated from nonlinear 
processes, as the FC methods studied here measure lin­
ear relationships. Such studies could reveal more gen­
eral conclusions about the utility of different forms of 
regularization as a function of the specific data analysis 
scenario.

Perhaps because we did not set out to promote any 
single regularization approach, we tested more forms of 
regularization than most prior studies investigating regu­
larization for FC estimation. However, many other forms 
of regularization have been proposed that we did not test 
(Mejia et  al., 2018; Nie et  al., 2017; Ryali et  al., 2012; 
Varoquaux et al., 2010). One promising form of regular­
ization to test in future work will be elastic net (Zou & 
Hastie, 2005), which combines both L

1 and L2 regulariza­
tion with potential benefits of both (Ryali et al., 2012). For 
instance, elastic net is purported to induce sparsity while 
allowing more sharing of weights between similar vari­
ables (Zou & Hastie, 2005). Another adaptation of interest 
to us is group regularization, where data are pooled 
across subjects so that the larger quantity of data can 
improve model fit. Typically, these will estimate the under­
lying, group-level network structure and the individual 
variations of each subject from that baseline (Mejia et al., 
2018; Varoquaux et al., 2010). Some methods also offer 
the advantage of not requiring hyperparameter selection, 
making them easier for researchers to apply (Brier et al., 
2015; Ledoit & Wolf, 2003; Nie et al., 2017). For regular­
ization methods that do require hyperparameters, there 
are various additional model selection methods not 
tested here that may improve FC accuracy or computa­
tional efficiency. We chose to use cross-validated R2, but 
other options include cross-validated loglikelihood 
(Friedman et  al., 2008), extended Bayesian information 
criterion (Foygel & Drton, 2010), and Dens criterion based 
on sparsity (Wang et al., 2016). Many other forms of FC 
remain to be tested with regularization as well, given that 
regularization is applicable to any form of data fitting 
(e.g., artificial neural network learning) and not only par­
tial correlation and multiple regression. It could also ben­
efit directed FC methods that are prone to overfitting, 
such as time-lagged multivariate FC with EEG or other 
high-temporal-resolution data (Antonacci et  al., 2024; 
Mill et al., 2022). Another promising direction for future 
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work is to utilize regularization to counter the excessive 
flexibility of nonlinear FC methods, reducing the tendency 
for such methods to overfit to noise.

The methods we found were most effective here 
involve an additional step—regularization parameter 
selection—relative to the standard pairwise correlation 
FC approach. We used cross-validation for parameter 
selection, with FC estimates used to optimally predict 
held-out “test” portions of the time series in each cross-
validation fold. Cross-validation is commonly used in a 
variety of machine learning applications, and regularized 
partial correlation and regression can be considered 
machine learning approaches. Cross-validation is known 
to be effective for parameter selection in a variety of cir­
cumstances, with our use of external validations here 
(e.g., simulations) further confirming its effectiveness. 
Note, however, that cross-validation can add a large 
computational cost relative to alternatives. In the present 
study, we used 360 time series (one per brain region), and 
we were able to estimate 30 subjects’ graphical lasso FC 
(with cross-validation) in 3.75 h on a 2020 MacBook Pro 
laptop. Larger node sets (e.g., voxels) would undoubtedly 
increase the computational cost of cross-validation. 
Thus, it will be important for future research to investigate 
alternative strategies for regularization parameter selec­
tion, perhaps based on strategies used in other machine 
learning contexts.

While we found across multiple validation measures 
that identifying a more optimal regularization parameter 
(based on cross-validation) resulted in better results, a 
range of hyperparameter values produced satisfactory 
performance, and even a too-small level of regularization 
often improved results relative to no regularization. Thus, 
some pressure is taken off of the choice of regularization 
parameter. For instance, choosing a regularization 
parameter based on a prior related study could be valid, 
with improvement of results despite retaining some 
remaining overfitting to noise. While using cross-
validation to identify the regularization parameter is our 
recommended best practice, using this (or other) alterna­
tive approaches to identifying a regularization parameter 
is unlikely to invalidate the results presented here.

The complexity of regularized partial correlation FC 
contrasts with many neuroscientists’ preference for 
reduced FC measure complexity—to minimize assump­
tions, minimize compute time, and fully comprehend and 
easily communicate methodological details. However, we 
showed that the lower complexity of the field-standard 
Pearson correlation FC method comes with lower validity 
of the estimated connections. Further, while more com­
pute time is needed for regularized partial correlation (for 
single instances and for repetitions over different regular­
ization hyperparameters), recent increases in the avail­

ability of multi-core processors make the increased 
compute time much less severe than just a few years 
ago. This also opens up an opportunity for future research 
to reduce processing time by identifying standard regu­
larization parameters for common situations, such as 
when a particular fMRI sequence, scan duration, and 
region set are used. It is also possible (given the low vari­
ability of hyperparameters across subjects in our study) 
that compute time could be reduced by using the optimal 
hyperparameters from a small subset of subjects as the 
basis for hyperparameters for all remaining subjects in a 
dataset.

This study demonstrated the resilience of multivariate 
FC methods to head motion artifacts—achieved by par­
tial correlation and maintained by the regularized 
methods—but this benefit may apply to other common 
confounds as well, such as global signal. While our focus 
here has been on removing the influence of actual neural 
signal from confounding or intermediary nodes, the influ­
ence of non-neural confounds could also be controlled 
for if they are sufficiently sampled by the other nodes. For 
instance, head motion can cause correlated/anticor­
related signal fluctuations across the whole brain (Power 
et al., 2018), and if it is sufficiently represented across a 
variety of nodes, these artifactual signal fluctuations can 
be regressed from the targets. This may also apply to 
fMRI global signal artifacts (Power, Plitt, et  al., 2017), 
which have been notoriously difficult to remove without 
including the signals of interest within the to-be-
regressed-out global signal estimate. This may inappro­
priately distort the signal of interest (Power, Laumann, 
et al., 2017; Saad et al., 2012). As global signal should be 
widely present in the non-target nodes, it too should be 
regressed out of target node time series along with the 
residual neural activities. Future studies will be needed to 
confirm this, but if true, it could obviate the need for 
global signal regression, accomplishing its goals while 
avoiding its pitfalls, with no additional preprocessing.

Given that direct FC can be thought of as structural 
connectivity with functional modifications (e.g., based on 
the aggregate effects of synaptic strengths), one may 
wonder whether direct FC should replace estimates of 
structural connectivity. In some cases, that may be prefer­
able, but likely not in most cases. This reflects the imper­
fection of every connectivity method—while direct FC has 
unique strengths (e.g., accuracy is not distance depen­
dent) so too does diffusion MRI-based structural connec­
tivity (e.g., no time series-based confounding problem). 
Thus, both direct FC and structural connectivity can con­
tinue to be used to refine inferences regarding brain con­
nectivity. Further, given that direct FC reflects both 
structural connectivity and additional functional factors, 
any given direct FC result can be supplemented by a 
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structural connectivity result to give clues as to the role of 
structural connectivity (vs. other factors) in generating that 
direct FC result. For example, a given direct FC estimate 
may be especially high for a group of subjects, and struc­
tural connectivity estimates may reveal that this is due to 
additional white matter tracts or higher myelination of 
those tracts (as opposed to other functional factors). Thus, 
not only does structural connectivity remain relevant when 
using direct FC, it may be more useful in combination with 
direct FC than standard pairwise FC, given the theoretical 
correspondence between structural connectivity and 
direct FC (i.e., that every direct functional connection 
should have a corresponding structural connection) and 
the inferences their comparison makes possible.

Our primary motivation for using partial correlation FC 
(rather than the more common pairwise correlation FC) 
has been to reduce the number of false connections due 
to confounders (Reid et al., 2019). However, it is possible 
that hidden/unobserved confounders result in false con­
nections even with regularized partial correlation. This 
possibility is substantially reduced (relative to, e.g., multi-
unit recording) with wide-field-of-view imaging methods 
such as fMRI or MEG/EEG. However, one straightforward 
way for future studies to reduce the chance of false pos­
itives from confounders is to include subcortical regions 
in addition to the cortical regions used here, given that 
there is substantial interaction between cortical and sub­
cortical regions (Ji et al., 2019). It may also be advanta­
geous to use regularized partial correlation at the highest 
spatial resolution available (e.g., voxels) rather than brain 
regions, given the possibility that confounder time series 
may not be fully accounted for when averaged into a 
larger neural population’s time series.

4.2.  Conclusion

The brain is a complex network, producing cognition 
through distributed processing by many regions. To 
understand the brain, it is therefore crucial to understand 
how its regions communicate, as is attempted with FC 
analyses. However, the quality of inferences depends on 
the performance of the specific FC method. Here, we 
explore the issue of instability in multivariate FC meth­
ods, which are otherwise advantageous, and demon­
strate their enhancement with regularization techniques. 
We thoroughly examine the performance of these meth­
ods, utilizing held-out resting-state fMRI data, structural 
connectivity, fMRI task activations, behavior, and simula­
tions to assess both validity and reliability. In all, we show 
the regularized methods (especially graphical lasso) to 
be robust estimators of functional connections, which 
have strong potential to improve the quality of future FC 
studies.
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