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Abstract
Aims: Accurately identifying diagnostic biomarkers for Autism Spectrum Disorder (ASD) is crucial for enabling early diagnosis and timely 
intervention. Brain causal networks, which outline causal relationships and information transmission pathways among different brain 
regions, hold significant diagnostic value for ASD. Identifying ASD-relevant causal relationships between brain regions is critical for ASD 
diagnosis and for elucidating its pathophysiology. This study proposes a new model called the Peter and Clark Momentary Conditional 
Independence (PCMCI)-Support Vector Machine (SVM) model, which can identify diagnostic biomarkers for ASD.
Methods: The brain blood oxygen level-dependent signals of 116 brain regions from 167 participants, consisting of 72 participants with ASD 
and 95 Typical Controls (TCs), were used to derive brain causal networks by detecting inter-regional causal relationships using five causal 
discovery algorithms; the PCMCI algorithm, spectral dynamic causal modeling, Granger causal analysis, Transfer Entropy, and Liang-Kleeman 
information flow causal analysis. Then, the brain causal relationships were fed into the SVM, Random Forest (RF), and K-Nearest Neighbors 
(KNN) classifiers, respectively to classify individuals with ASD and TCs, and thereby obtain a model suitable for identifying diagnostic 
biomarkers for ASD through causal network analysis.
Results: Experimental results demonstrate that the PCMCI-SVM model achieves an accuracy of 91.29% in ASD identification and 
outperforms the other four causal discovery algorithms, as well as the RF and KNN classifiers. Moreover, our analysis indicates that the right 
thalamus and right middle temporal gyrus are potential diagnostic biomarkers for ASD. Additionally, the causal relationship between [left 
inferior parietal→right insula] was found to be associated with the dorsal attention network, while [right cuneus→left cuneus] was 
associated with the visual network, suggesting that disruptions in these causal relationships may impair the functional integrity of their 
respective subnetworks.
Conclusion: Our findings show that cognitive processes and brain connectivity are largely influenced by causal interactions between 
different brain regions. These potential diagnostic biomarkers not only offer insights into the neurofunctional mechanisms of ASD but also 
hold promise for improving diagnostic accuracy for ASD.
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1. Introduction
Autism spectrum disorder (ASD) is a neurodevelopmental disorder clinically characterized by impairments in social functioning, as 
well as restricted and repetitive behaviors. Due to delayed diagnosis and heterogeneity in cognitive functioning, many individuals do 
not receive timely and effective intervention. Therefore, it is particularly important to find reliable diagnostic biomarkers for ASD.

Previous studies have demonstrated that brain connections can serve as important diagnostic biomarkers for ASD[1]. Brain 
connectivity is usually divided into two categories: functional connectivity and effective connectivity (causal connectivity). In 
contrast to functional connectivity, effective connectivity can be used not only to assess the influence between brain regions or 
neurons, but also to give the direction of information flow and, to some extent, eliminate spurious connections caused by common 
drivers and indirect paths within the network. Several common methods are widely used for calculating effective connectivity in 
resting-state functional magnetic resonance imaging (rs-fMRI) of individuals with ASD, such as dynamic causal modeling (DCM)[2], 
Granger causal analysis[3], transfer entropy (TE)[4], and Liang-Kleeman information flow (LKIF)[5]. Yu et al. have used spectral dynamic 
causal modeling (spDCM) to find inhibitory directional connections between the core regions of the default mode network in children 
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with ASD[6]. Bernas et al. have found differences in causal connections originating from the temporal and prefrontal cortices in 
individuals with ASD using Granger causal analysis[7]. Zhao et al. have discovered a reduced entropy connection between the right 
dorsolateral prefrontal cortex and the left supramarginal gyrus in patients with ASD by TE analysis[8]. Cong et al. have observed 
increased interregional causal connectivity differences involving the dorsal and ventral medial prefrontal cortex, hippocampal 
formation, and temporo-parietal junction in ASD through the LKIF[9]. Obviously, these methods provide important information for 
understanding causal relationships between brain regions in ASD. However, DCM heavily relies on prior knowledge, and the accuracy 
of the obtained causal connections is closely related to this prior knowledge. A higher value of Granger causal analysis does not 
necessarily mean a stronger causal relationship[10]. TE requires long time series and is computationally complex[9]. In the context of 
handling larger variable sets, the LKIF exhibits limited performance[11].

To better discover causal relationships, Runge et al.[12] proposed the Peter and Clark Momentary Conditional Independence (PCMCI) 
algorithm as a method for discovering causal networks based on a framework of graphical causal models. PCMCI has been shown to 
produce accurate causal effect estimates. It has successfully estimated the drivers of tropical Walker circulation and polar vortex 
states[13-15], and has been widely used in earth system sciences[16], transportation engineering[17], neuroscience, and other fields. In 
neuroscience, PCMCI has been applied to study brain mechanisms related to motor function[18] and situational memory connectivity 
patterns[19]. Its principle and method for inferring causality are also applicable to the analysis of rs-fMRI data. fMRI data are 
characterized by high dimensionality, high noise levels, strong autocorrelation, and nonlinear dependencies. The PCMCI algorithm is 
specifically designed for high-dimensional time-series data, and its key advantage lies in its ability to systematically handle strong 
autocorrelation and nonlinear dependencies while progressively identifying direct causal parent nodes through conditional 
independence tests[18,20].

Given the advantages of PCMCI in discovering causal relationships, we propose the PCMCI-SVM model, which investigates causal 
connections between brain regions, constructs causal networks and ultimately identifies potential biomarkers for ASD. In this 
analysis, all brain regions under consideration are included, which could partially eliminate spurious causal relationships resulting 
from shared causal parents. Further, we compared the differences in causal networks between ASD and typical controls (TCs) to find 
the altered causal connectivity in ASD. Finally, an ASD-TC classification model characterized by the most different causal connectivity 
features is constructed to validate the potential of diagnostic biomarkers for ASD (Figure 1). This study aims to find brain diagnostic 
biomarkers for ASD to help assess the autism risk in the suspected population as early as possible.

2. Material and Methods
2.1 Subjects
The brain blood oxygen level-dependent (BOLD) signaling dataset was obtained from NYU Langone Medical Center in Autism Brain 
Imaging Data Exchange I (ABIDE I, https://fcon_1000.projects.nitrc.org/indi/abide/abide_I.html). We excluded participants with 
missing or poor-quality BOLD signals, so there are 167 participants in total, consisting of 72 individuals with ASD and 95 TCs. All 
participants brain regions were defined by the automated anatomical labeling atlas (Table S1)[21]. Data preprocessing was performed 
by the Configurable Pipeline for the Analysis of Connectomes[22]. After preprocessing, BOLD signals from 116 brain regions were 

extracted. If the BOLD signal value of brain region i at time point t is expressed by , the BOLD signal of brain region i can be 

expressed as: , because T equals 176 for all the samples at the NYU site. The BOLD signals from all brain 
regions during time T can be expressed as: X = (X1, ..., Xi, ..., Xj, ..., X116)′.

2.2 PCMCI-SVM model
The PCMCI-SVM model consists of two steps: (1) constructing a causal network using the PCMCI causal discovery algorithm, and 
(2) constructing an ASD-TC classification model based on the SVM algorithm using significantly different causal connectivities as 
features.

2.2.1 Constructing causal network by the PCMCI causal discovery algorithm
The PCMCI causal discovery algorithm discovers causal connections between brain regions from BOLD signals. Prior to the 
estimation of causal relationships, it is necessary to state the following assumptions. (1) Causal Sufficiency (or Confoundedness), 
i.e., common drivers are included in the known data. (2) Causal Markov Condition, i.e., when a given brain region i has causal parents, 
all other past brain variables become irrelevant for predicting the current state of that region. (3) Faithfulness, i.e., the observed 
conditional independencies are implied by the causal graph structure.

The BOLD signals in all brain regions are subsequently considered as a multivariate discrete-time stochastic process X. The time 
series graph of X is defined as G = (X × Z, E) (Figure 2). The nodes represent the individual time-dependent brain region variables 

X = (X1, X1, X2, ..., X116)′ at each time t ∈ Z. Let  denotes the process at a particular time step, which is called 

the present, and  denotes the process in the past.
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Figure 1. The workflow of the PCMCI-SVM model. PCMCI: Peter and Clark Momentary Conditional Independence; SVM: Support Vector Machine; ASD: autism spectrum 

disorder; TC: typical control; BOLD: blood oxygen level-dependent.

Figure 2. Time series graph (left) among brain regions left PreCG.L, left SFGdor.L, and Vermis10 and the corresponding causal matrix (right). Solid lines represent the 

presence of causal connections, while dashed lines represent the absence of causal connections. Each value in the lag0 causal matrix corresponds to a contemporaneous 

connection. Each value in the lag1 causal matrix corresponds to a causal connection with a drive time of 1*TR. Each value in the lag2 causal matrix corresponds to a causal 

connection with a drive time of 2*TR. PreCG.L: precentral gyrus; SFGdor.L: superior frontal gyrus of dorsolateral.
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Define a time-dependent system model for brain region i as:

(1)

where fi is the corresponding functional expression of information processed by brain region i,  denotes mutually independent 

dynamical noise, and  denotes the causal parents of the brain region i. If there exists any 

, then there is a connection  in G. Conversely, if there is a connection  in G, then .

PCMCI estimates the causal parents  of each brain region through the following two steps.

Conditional selection: PC algorithm obtains an estimate  of . The preliminary parent set for  is initialized as 

. The maximum lag τmax for PCMCI causality is set to 2, consistent with commonly used lag orders in Granger 

causality. In the first iteration (k = 0, where k is the number of iterations), an unconditional independence test is performed ( , 

 denotes independence), and if  cannot be rejected, the  is removed from . Then, the brain region variables in 

 are sorted based on the test statistic values.  denotes the set of k brain region variables with the largest statistical value in 

 excluding . In each subsequent iteration (k = k + 1), the conditional independence test  is performed using the 

updated  as the condition set. Independent parents are removed from  until no more conditions can be tested, and then 

output . The PC algorithm removes some elements from the set  by an independence test to obtain the set .

The MCI test: This step attains a more accurate estimate of . In the conditional selection step, an estimate  that contains 
not only true causal parents but also potentially some false causal parents is obtained. Further, we consider autocorrelation to verify 

the existence of the connection  and keep the false positive rate at the expected level[12]. We define  as the set 

consisting of the lagged versions (with lag τ) of all variables in . Then the conditional independence test  
is performed, where the p-value and test statistic (causal connection value) are estimated to determine the existence of a connection, 
which is considered present if the p-value is less than 0.05. Otherwise, it does not exist. When τ = 0, we consider contemporaneous 
connections. Since contemporaneous connections are not chronologically sequential, they are directionless (Figure 2).

Linear partial correlation is used for the conditional independence test, i.e., using linear partial correlation to assess whether 

.

Hypothetical model is as follows.

(2)

 and  denote the coefficients,  and  denote the noise.

Residuals are from the least squares fit.

(3)

 and  respectively represent the estimates of  and .

The Pearson correlation coefficients of  and  are estimated by the following equation.

(4)

To test the null hypothesis H0:ρ = 0 and the alternative hypothesis H1:ρ ≠ 0, we use  as the test statistic. The 

statistic obeys a t-distribution with degrees of freedom , where  is the number of variables in .

Through these two steps, a time series graph presenting causal relationships between brain regions is constructed, from which we 
obtain a PCMCI directed causal matrix for each participant (Figure 2). Based on the matrix, we construct a brain PCMCI causal 
network where the nodes are brain regions and the weights of the edges are the causal connection values.

2.2.2 Constructing ASD-TC classification model based on SVM algorithm
Two-sample t-tests assess differences in causal connections between ASD and TCs. The significance level for the two-sample t-test is 
set to 0.05 to find significant differences in causal connectivity. Based on causal connectivity with significant differences, we attempt 
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to identify ASD from a potentially at-risk population. Causal connectivity with significant differences is used as characteristics of each 
participant. Then, we use an SVM for classification and conduct a grid search to select the optimal parameters, and the parameters 
are shown in Table 1. The ratio of the training set to the test set is set to 8:2. A 10-fold cross-validation is adopted to evaluate the 
reliability of the model, and 25 parallel experiments are conducted, with the average accuracies are reported. We also construct 
Random Forest (RF) and K-Nearest Neighbors (KNN) classifiers using the same significant differences in causal connectivity features.

Table 1. The details of parameters for SVM.

Parameter Name Range of Parameter

Kernel functions [‘linear’, ‘rbf’, ‘poly’]

Regularization parameter C [0.1, 1, 10, 100]

Kernel coefficient γ [0.001, 0.01, 0.1, ‘scale’, ‘auto’]

Degree of the polynomial kernel function (degree) 2

SVM: Support Vector Machine.

2.3 Baseline methods
It has been reported that spDCM, Granger causality analysis, TE, and LKIF causality analysis can also identify causal relationships 
between brain regions. In this study, we compared PCMCI with spDCM, Granger causality analysis, TE, and LKIF causality analysis. A 
detailed introduction to these four methods is provided.

2.3.1 Spectral dynamic causal modeling
The spDCM is an effective connectivity estimation method based on frequency domain analysis. The spDCM builds a state space model 
based on continuous-time linear stochastic differential equations to describe the dynamic relationship between hidden neural 
states xt and observed signals yt:

(5)

where A is used to characterize the effective connectivity between brain regions, h is the non-linear hemodynamic response 
function[23], vt and et are the neural state noise and the observation noise respectively. In order to convert the time-domain dynamics 
into observable statistics in the frequency domain, spDCM performs a Fourier transform on h, and inversely infers the intrinsic 
effective connectivity, that is A, the parameter matrix. Statistical analysis is carried out on the posterior samples, and the mean, 
standard deviation and 95% confidence interval of A are calculated. For the time series of each subject’s brain region, an effective 
connectivity matrix of 116 × 116 is estimated, and the matrix elements represent the significant effective connectivity strength from 
one brain region to another.

2.3.2 Granger causal analysis
Granger causal analysis is a commonly used method for constructing causal networks in the brain. The fundamental idea is that if the 
past values of the time series Xj can help predict the future values of another time series Xi, we say that Xj is the cause of Xi. For the 
given brain BOLD signals Xi and Xj, let their autoregressive representations be as follows.

(6)

(7)

The bivariate autoregressive representations of Xi and Xj are expressed as:

(8)

(9)

where A is the matrix of model coefficients, m represents the time lag (in time samples), and p represents the maximum time lag. , 
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, , and  are the residuals of the time series Xi and Xj. Clearly, Xi can be expressed both as in Equation (6) and Equation (8). If the 

variance of the prediction error  is smaller than that of the prediction error , then Xj is the cause of Xi. The Granger causality 
relationship from Xj to Xi can be defined as follows.

(10)

Similarly, the Granger causality relationship from Xi to Xj can be defined as follows.

(11)

We implement bivariate Granger causality by selecting an autoregressive model order of 2 using Schwarz’s Bayesian Criterion, 
aligning with the results reported by Haghighat et al.[1,24]. Each participant obtains a 116 × 116 Granger directed causal matrix. Then, a 
brain Granger causal network with brain regions as nodes is constructed, with the values of causal connections representing the 
edge weights.

2.3.3 Transfer entropy
TE, initially introduced by Schreiber in 2000[4], is a directed information-theoretic measure rooted in Wiener causality and 
information theory. It quantifies the directional causal influence and strength between variables in dynamic systems through 
conditional probability distributions, effectively capturing both linear and nonlinear interactions. For brain functional data, the TE 
from region J to I is mathematically defined as:

(12)

where  and  denote the k-th and l-th order historical state vectors of I and J, respectively, while q represents the joint 
probability density function. This formula quantifies the causal influence of J on I by evaluating the information gain in predicting I’s 
future state when incorporating J’s historical information, beyond what is achievable using only I’s own history. For each binary 
matrix corresponding to the subjects, we compute its 116 × 116 transfer entropy matrix. Specifically, each element (i, j) in this matrix 
represents the transfer entropy from brain region J to region I. The directed edges between brain regions indicate the causal 
relationships among these regions, while the weights of these edges correspond to the computed transfer entropy values.

2.3.4 LKIF causal analysis
The LKIF method is developed by Liang[5]. This approach assesses how information transfers within dynamic systems, derived 
rigorously from the propagation of information entropy among variables. For a 116-dimensional continuous-time random system in 
the brain, the maximum likelihood estimate of the information flow from Xj to Xi is given as:

(13)

where  denotes the absolute information transfer rate from Xj to Xi, C denotes the covariance matrix, d denotes the number of 
variables (116), ∆jk denotes the cofactors of C, Ck,di denotes the sample covariance between all Xk and the Euler forward difference 
approximation of dXi/dt, Cij denotes the sample covariance between Xi and Xj, and Cii denotes the sample variance of Xi. Each 
participant obtains a 116 × 116 LKIF directed causal matrix. Then a brain LKIF causal network with brain regions as nodes is 
constructed, with the values of causal connections representing the edge weights.

2.4 Model evaluation criteria
Classification quality is measured by accuracy (ACC), sensitivity, specificity, F1-Score, and area under the curve (AUC). The formulas 
are as follows.

(14)

(15)

Comput Biomed. 2026;1:202523 | https://doi.org/10.70401/cbm.2026.0009 Page 6 of 13

https://doi.org/10.70401/cbm.2026.0009


(16)

(17)

TruePositive is an outcome where the model correctly predicts the positive class. Similarly, TrueNegative is an outcome where the 
model correctly predicts the negative class. False Positive is an outcome where the model incorrectly predicts the positive class, and 
False Negative is an outcome where the model incorrectly predicts the negative class.

(18)

(19)

Where M is the number of positive samples and N is the number of negative samples, Ppositive denotes the prediction score of positive 
samples, while PNegative indicates the prediction score of negative samples.

3. Results
3.1 Causal connectivity with significant difference between ASD and TC
After applying the PCMCI algorithm, the causal relationships of brain regions are determined, and based on p-values from two-sample 
t-tests, we obtain the top 10 causal connections for each lag in the PCMCI causal network (Figure 3). Accordingly, we obtained the 
30 most significant causal connections for baseline methods: spDCM (Table S2), Granger causal analysis (Table S3), TE (Table S4), and 
Liang-Kleeman information flow (Table S5). Table 2 lists these causal connections with significant differences and the changes in the 
ASD group compared with the TC group. Among them, right thalamus (THA.R) exhibits more causal connections with significant 
differences, including: [THA.R-left rolandic operculum] (lag 0), [right middle temporal gyrus (MTG.R)-THA.R] (lag 0), [right rolandic 
operculum (ROL.R)-THA.R] (lag 0), [PreCG.L→THA.R] (lag 1), [right supramarginal gyrus (SMG.R)→THA.R] (lag 1), [THA.R→Cerebelum.8.L 
(CRBL8.L)] (lag 1), [left insula (INS.L)→THA.R] (lag 2). Additionally, [left inferior parietal but supramarginal and angular gyri (IPL.L)→
right insula (INS.R)] (lag 2) belongs to the dorsal attention network[25,26]. [Right cuneus (CUN.R)→left cuneus (CUN.L)] (lag 2) belongs to 
the visual network[27]. These connections may affect the functional integrity of the corresponding subnetworks. Here, “-” indicates a 
contemporaneous connection goes both ways, “→” indicates the direction of causality obtained according to the time-sequential 
relationship, “[]” indicates the causal connection between two regions.

3.2 The performance of PCMCI-SVM model and the comparison with baseline methods
When selecting the classifier, we compare RF and KNN with SVM for classification and the results of RF and KNN are shown in 
Table S6,S7, while the optimal parameter combinations of SVM, KNN, and RF are respectively listed in Table S8,S9,S10. SVM achieves 
the best performance compared with RF and KNN. Hence, we choose SVM as the classifier for identifying ASD.

We selected spDCM, Granger causal analysis, TE, and the LKIF causal analysis as baseline methods and compared their performances 
for identifying ASD. Using causal connectivities with significant difference as features, we construct the PCMCI-SVM model and the 
performance is shown in Figure 4. The PCMCI-SVM model has good performance with the metrics Test-ACC (91.29%), Train-ACC 
(96.07%), and Validation-ACC (90.05%), which suggests that these causal connectivities with significant difference are important for 
distinguishing ASD from TCs and have the potential to be biomarkers, while also suggesting that the PCMCI-SVM model has good 
generalization ability.

Comparative analysis reveals that the PCMCI-SVM model achieves the highest sensitivity (SEN = 92.20%) among all methods (spDCM, 
Granger, TE, LKIF, and PCMCI-SVM), indicating superior capability in identifying ASD (Figure 4). Furthermore, the PCMCI-SVM model 
demonstrates optimal performance on classifier-specific metrics, attaining the highest F1-Score and AUC values. However, 
PCMCI-SVM (SPE = 89.56%) exhibits lower specificity than Granger (SPE = 90.19%) and TE (SPE = 92.36%), suggesting relatively weaker 
performance in recognizing TCs. When evaluating feature extraction methods independently, PCMCI features yield the highest mean 
classification accuracy (91.29%) across all comparative methods. Notably, the SVM classifier consistently outperforms alternative 
classifiers (RF and KNN) regardless of feature type (spDCM, Granger, TE, LKIF, or PCMCI-SVM).

4. Discussion
We construct the PCMCI-SVM model to analyze the brain image data to identify diagnostic biomarkers for ASD through causal 
network analysis. This model can reveal the causal relationships and information transfer pathways among different brain regions, 
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which provides a new perspective for us to deeply understand the complexity of the brain and mechanisms underlying diseases.

Figure 3. Causal connectivity with significant difference between ASD and TC. ASD: autism spectrum disorder; TC: typical control.

Figure 4. The classification results of ASD based on SVM using PCMCI, spDCM, Granger, TE, and LKIF causal model. ASD: autism spectrum disorder; SVM: Support Vector 

Machine; PCMCI: Peter and Clark Momentary Conditional Independence; spDCM: spectral dynamic causal modeling; TE: transfer entropy; LKIF: Liang-Kleeman information 

flow; ACC: accuracy; SEN: sensitivity; SPE: specificity; AUC: area under the curve.
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Table 2. Causal connections with significant difference and the changes in the ASD group compared to the TC group.

Lag Brain region 1 Brain region 2 P-value Causal connection change

0 ORBsupmed.R IPL.R 1.22E-05 increase

0 AMYG.R ORBmid.L 3.51E-05 decrease

0 THA.R ROL.L 6.25E-05 increase

0 MTG.R HIP.R 6.49E-05 increase

0 ANG.R PAL.L 9.15E-05 decrease

0 MTG.R THA.R 9.22E-05 increase

0 OLF.L ROL.L 9.23E-05 increase

0 SFGmed.R REC.R 0.000149 decrease

0 FFG.R THA.L 0.000154 increase

0 ROL.R THA.R 0.000234 increase

1 REC.L PreCG.R 0.000156 increase

1 PreCG.L THA.R 0.000173 increase

1 ANG.L CAU.L 0.000194 increase

1 IFGtriang.L ORBsup.L 0.000224 increase

1 SMG.R THA.R 0.000226 increase

1 Vermis9 IFGoperc.R 0.000263 decrease

1 Vermis10 CAU.R 0.000282 decrease

1 THA.R CRBL8.L 0.000302 decrease

1 ACG.L CRBL6.R 0.000319 decrease

1 CRBL6.L DCG.R 0.000405 increase

2 IPL.L INS.R 2.04E-05 increase

2 ORBsup.L MTG.R 9.69E-05 increase

2 AMYG.R Vermis12 0.000214 decrease

2 OLF.R PCL.R 0.000281 decrease

2 ROL.R Vermis10 0.000412 increase

2 CRBL7b.R Vermis6 0.000530 increase

2 CUN.R CUN.L 0.000714 decrease

2 INS.R CRBL8.R 0.000838 decrease

2 IPL.L CRBL3.R 0.000921 increase

2 INS.L THA.R 0.000922 decrease

*The direction of the causal connection at lag 1 and 2 is: Brain region 1→Brain region 2. The causal connection at lag 0 has no direction. ASD: autism spectrum disorder; 

TC: typical control.

In recent years, although increasing attention has been paid to research on ASD, accurate identifying ASD remains a challenging 
problem. The use of effective connectivity has contributed greatly to the identification of ASD, and one of the most common methods 
is Granger causal analysis. Researchers have used bivariate Granger causality as features to construct classifiers. One study used 
stochastic gradient descent, and the other used backpropagation to train a multilayer perceptron, achieving accuracies of 66.7% and 
86.7%, respectively[24]. Our PCMCI-SVM model is significantly better than Granger. The PCMCI-SVM model’s identification of abnormal 
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connectivity in ASD also provides valuable insights into its functional organization and information transfer, thus affirming its 
potential as diagnostic biomarkers.

In the PCMCI-SVM model, a discrepancy between ASD and TCs is notable, particularly in the right thalamus. As an integral part of the 
default mode network, the thalamus is suggested to play a crucial role in contributing to the sensory processing and attention 
impairments observed in ASD[28,29]. Prior work has highlighted that atypical thalamocortical connectivity is strongly associated with 
hallmark ASD symptoms such as sensory hyper-responsivity and attentional difficulties[30]. Alterations in causal connections, such as 
[THA.R-ROLL], [MTG.R-THA.R], [ROL.R-THA.R], [PreCG.LTHA.R] (lag 1), [SMG.RTHA.R] (lag 1), [THA.RCRBL8.L] (lag 1), and [INS.LTHA.R] 
(lag 2), may lead to diverse functional changes associated with ASD. Noteworthy is the role of ROL in emotional processing[31], the 
recognized involvement of MTG in language-related tasks like lexical comprehension and semantic cognition[32], and the pivotal 
contribution of PreCG within the motor control network[33]. The right middle temporal gyrus is critically implicated in social 
cognition and language-related processing, making it a plausible neural substrate for the social-communication impairments 
characteristic of ASD. Our results are concordant with the study by Xu et al.[34], which demonstrated atypical functional connectivity 
of MTG subregions in both children and adults with ASD, particularly in networks supporting language and social cognition. PreCG 
has been found to exhibit a deviation in degree centrality in ASD[35]. Furthermore, Brieber et al.[36] identified increased grey matter 
volume in the right SMG as a manifestation of autism-related brain abnormalities. Numerous reports provide detailed insights into 
variations in functionality, structure, and cytoarchitecture within the cerebellum, as observed in ASD studies[37]. The insula is thought 
to integrate diverse functional systems essential for emotion processing, sensorimotor functions, and general cognition[38]. [IPL.L→
INS.R] (lag 2) belongs to the dorsal attention network[25,26], and its functions may be associated with working and episodic memory, 
primarily facilitating the “top-down” attention process[26]. The abnormality of the dorsal attention network provides a plausible 
systems-level pathway linking DAN dysfunction to core behavioral manifestations of ASD, including social difficulties and 
executive-function impairments[39,40]. [CUN.RCUN.L] (lag 2) belongs to the visual network. The abnormality in the right CUN is crucial 
for visual attention processing[27]. Just as Liu et al.[41] emphasized that visual hypersensitivity is a prominent feature of ASD and may 
arise from dysregulated visual-network activity, contributing to heightened responsiveness to visual stimulation, one of the common 
forms of sensory processing atypicality in ASD. These studies validate some brain regions or connectivity of the potential biomarkers 
we discovered, while there are some new discoveries including [ORBsupmed.R-IPL.R] (lag 0), [AMYG.R-ORBmid.L] (lag 0), 
[ANG.R-PAL.L] (lag 0), [SFGmed.R-REC.R] (lag 0), [FFG.R-THA.L] (lag 0), [ANG.L→CAU.L] (lag 1), [IFGtriang.L→ORBsup.L] (lag 1), [Vermis9→
IFGoperc.R] (lag 1), [Vermis10→CAU.R] (lag 1), [ACG.L→CRBL6.R] (lag 1), [CRBL6.L→DCG.R] (lag 1), [AMYG.R→Vermis12] (lag 2), [OLF.R→
PCL.R] (lag 2), [CRBL7b.R→Vermis6] (lag 2), [IPL.L→CRBL3.R] (lag 2). Notably, more than half of the significant differential connections 
belong to interhemispheric causal connections, and over 90% of the significant differential connections are associated with different 
functional subnetworks. To some extent, this suggests disruptions in ASD’s functional coordination.

5. Research Limitations and Future Directions
While this study has revealed a set of potential causal network biomarkers distinguishing ASD from TCs through the PCMCI-SVM 
model, several important limitations remain to be addressed in future work.

Data limitations. This study is based on 167 participants from a single site (NYU) within the ABIDE I database. Although this selection 
was methodologically driven by the need for data homogeneity, the relatively limited sample size may affect statistical power and 
constrain the generalizability of the findings to broader and more heterogeneous ASD populations. Future research is required to 
validate the stability and generalizability of the current discoveries as the dataset expands.

Although head motion parameters were controlled for during preprocessing, systematic covariate analysis or strict matching for 
important covariates that may influence brain causal connectivity (such as age, sex, IQ, and ADOS core symptom scores) was not 
performed, limited by the completeness of the public dataset. This may lead to observed between-group differences being influenced 
by potential confounding factors. Subsequent research should prospectively and systematically collect complete clinical and 
behavioral data at the design stage and incorporate these variables as covariates in the analytical models to more rigorously isolate 
ASD-specific neural signatures.

Clinical application limitation. The contribution of this work lies in identifying diagnostic biomarkers based on causal networks. 
However, its direct translation to clinical practice remains challenging, and a systematic discussion regarding its feasibility for 
clinical application has not yet been fully developed. Translating the analytical method into a stable and reliable clinical auxiliary tool 
still requires addressing a series of challenges, including data standardization, automation of the computational pipeline, clinical 
interpretability of results, and integration with existing diagnostic workflows. Future translational research should establish clear 
phased objectives, encompassing technical validation in large-scale real-world data and evaluation of its clinical utility for auxiliary 
subtyping or outcome prediction.

We believe leveraging these limitations to guide the planning of future validation and in-depth research will help advance the field 
toward greater reproducibility and clinical relevance.
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6. Conclusion
In this paper, we explore the changes in brain causal networks with ASD using the PCMCI-SVM model and achieve a classification 
accuracy of 91.29%. In the PCMCI-SVM model, the analysis highlighted significant differences in the right thalamus. Additionally, 
among the significant differences, there are a substantial number of interhemispheric connections and connections between 
subnetworks. The results show that cognitive processes and brain connectivity are largely influenced by causal interactions between 
different brain regions. In summary, the PCMCI-SVM model can deepen our understanding of the ASD causal network and enrich our 
comprehension of ASD.
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