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Abstract
Background  Schizophrenia (SCZ) is a neuropsychiatric disorder that is not yet fully understood, characterized by 
behavioral, emotional, and cognitive dysfunctions. In this study, we analyzed publicly available gene-expression data 
to identify SCZ-associated genes and pathways, offering deeper insights into its biological basis.

Methods  The data collection aimed to retrieve gene expression databases featuring samples from the brain’s 
prefrontal cortex and blood. After performing exclusion criteria and quality checks, 17 datasets were retrieved from 
six different sources: Brain biopsy (n = 6), whole blood (n = 2), peripheral blood mononuclear cells (n = 2), leukocytes 
(n = 1), lymphocytes (n = 1) and isolated neurons (n = 5). We used four brain datasets as the discovery set for the initial 
analysis. Differentially expressed genes (DEGs) were identified by comparing SCZ patients with controls and were 
subsequently used in enrichment analysis. Finally, we applied feature selection to pinpoint the most informative DEGs 
for SCZ and evaluated their accuracy using data from other tissues.

Results  This analytical approach identified 532 DEGs. Feature selection revealed three genes—HUWE1, PTGDS, and 
RPL31—that effectively discriminated SCZ from control samples. The 3-gene model’s performance was validated in 
other datasets, presenting accuracy (> 72%) in brain tissue, whole blood, PMBCs and leukocytes. Furthermore, the 
enrichment analysis revealed a potential linkage with neurodegenerative biological pathways.

Conclusion  These insights open new avenues for exploring key genes for SCZ, which can lead to new therapeutic 
targets or tools for diagnosis, potentially transforming the management of SCZ and enhancing patient care.

Keywords  Schizophrenia, Bioinformatics, IPD meta-analysis, Data mining, Neurodegenerative disorders
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Background
Schizophrenia (SCZ) is a multifactorial neuropsychiat-
ric disorder characterized by behavioral, emotional, and 
cognitive dysfunctions with worldwide prevalence rates 
ranging between 0.33% and 0.75% [1, 2]. Although the 
widely used Diagnostic and Statistical Manual of Mental 
Disorders (DSM) provides classification criteria, diagnos-
ing SCZ remains challenging, requiring extensive psychi-
atric assessment [3]. An additional diagnostic challenge 
involves distinguishing SCZ from other mental health 
conditions, as its symptoms overlap with psychiatric dis-
orders including major depressive disorder, schizoaffec-
tive disorder, and bipolar disorder [4]. Treatment usually 
involves antipsychotics and psychotherapy and, in some 
cases, hospitalization. Despite established diagnostic 
and treatment criteria, the neurobiological mechanisms 
underlying SCZ remain poorly understood. This knowl-
edge gap has driven increased research into SCZ-specific 
genetic expression patterns in recent years [5].

Recent years have seen intensified efforts to charac-
terize the SCZ expression profile, driven by the need to 
improve diagnosis, enhance treatment, and elucidate its 
underlying mechanisms. A primary focus has been the 
prefrontal cortex (PFC), as this brain region supports 
cognitive functions frequently impaired in SCZ - includ-
ing attention, working memory, and cognitive flexibility 
[6]. Furthermore, a previous study observed that patients 
with SCZ displayed altered activation of PFC during cog-
nitive tests, suggesting that this region’s disruption could 
be related to such deficits [7]. While brain biopsy-based 
biomarkers remain clinically impractical for diagnosis, 
numerous studies have examined this approach to iden-
tify potential biomarkers and elucidate key mechanisms 
in schizophrenia pathogenesis [8, 9].

Blood represents another crucial source for biomarker 
discovery due to its easy accessibility, with whole blood 
and peripheral blood mononuclear cells (PBMCs) being 
particularly valuable. Among several previously proposed 
blood based biomarkers [10], a microarray study iden-
tified six genes, including BTG1, GSK3A, HLA-DRB1, 
HNRPA3, SELENBP1, and SFRS1, which showed differ-
ential expression in brain and peripheral blood samples 
from individuals with SCZ. SELENBP1 emerged as a 
particularly potential biomarker candidate, demonstrat-
ing consistent differential expression across all examined 
tissues. However, subsequent replication studies yielded 
inconsistent results, highlighting the necessity for addi-
tional validation [11].

Machine learning has emerged as a transformative 
approach for transcriptomic data analysis in several dis-
ease contexts, offering a capacity to uncover complex 
patterns beyond the reach of traditional methods [12–
14]. Unlike conventional differential expression analyses, 
which rely on predefined case-control comparisons and 

emphasize statistical significance of individual genes, 
machine learning leverages multidimensional models 
that capture nonlinear relationships, spatial dependen-
cies, and higher-order interactions within raw or normal-
ized data [15, 16]. This enables not only more accurate 
classification of patients, but also the discovery of novel 
biomarkers and regulatory interactions with enhanced 
robustness [17–19]. In contrast to the lens of classical 
approaches, machine learning provides a multidimen-
sional framework that is capable of identifying highly 
informative transcriptomic alterations within disease 
contexts, thereby advancing the identification of dis-
rupted pathways and molecular mechanisms underpin-
ning [15].

In this study, we employed a robust bioinformatics 
pipeline incorporating machine learning algorithms to 
identify transcripts significantly associated with SCZ 
pathophysiology. By analyzing publicly available post-
mortem PFC datasets, we applied this approach - pre-
viously validated in other disease contexts [12–14] - to 
elucidate key genes and pathways associated with SCZ. 
Additionally, we evaluated the diagnostic accuracy of 
identified biomarkers in more clinically accessible sam-
ples (e.g., blood). Our findings elucidate SCZ-associated 
genetic mechanisms and molecular pathways, advancing 
the understanding of disease pathophysiology. This work 
establishes a foundation for developing improved diag-
nostic tools and targeted therapies, ultimately aiming to 
enhance the quality of life for individuals with SCZ.

Methods
Search strategy and selection criteria
The 209 publicly available datasets were screened from 
the NCBI’s Bioproject database (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​
.​n​i​​h​.​​g​o​v​/​b​i​o​p​r​o​j​e​c​t​/) on February 07, 2025, using the 
query “Schizophrenia[All Fields] OR Schizophrenic[All 
Fields] AND (“transcriptome gene expression“[Filter] 
AND “org human“[Filter])”. Data collection was carried 
out independently by five researchers, each following the 
same standardized protocol. The first screening process 
aimed to exclude datasets not related to schizophrenia 
or not presenting the disease information on the features 
within their metadata (n = 68), had no control samples 
within (n = 22), did not feature human samples (n = 1), 
only measured miRNAs or circRNAs expression (n = 5) 
or had samples derived from induced pluripotent stem 
cells, cell lines or cells with modified expression in vitro 
(n = 73), excluding 169 datasets. The remaining 40 data-
sets were mostly of brain and blood samples, the second 
screening removed inadequate datasets which didn’t had 
gene symbols nor included the selected genes for valida-
tion (n = 8), datasets which were unavailable to download 
(n = 3), brain datasets featuring other regions than pre-
frontal cortex (n = 11 and datasets featuring methylation 
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(n = 1), a total of 23 removed datasets. After the screen-
ing, only datasets featuring samples from the brain’s 
prefrontal cortex, PBMC, leukocytes, lymphocytes, and 
whole blood, with both SCZ and control samples, were 
included in the analysis.

The final sampling for this analysis resulted in 17 data-
sets, for microarray, 6 featuring samples of whole brain, 
2 featuring brains’ prefrontal cortex pyramidal neuron 
cells, 1 featuring brains’ prefrontal cortex parvalbumin 
neuron cells, 2 featuring whole blood, and 2 featuring 
PBMCs. For RNA-seq, 4 datasets were included in this 
analysis, being 1 featuring peripheral blood, 1 featur-
ing lymphocytes and 2 featuring the brain’s PFC isolated 
neurons and oligodendrocytes. All patients with SCZ 
were diagnosed according to DSM-IV or DSM-III in their 
respective original studies, the great majority on treat-
ment with antipsychotic medicines, such as haloperidol, 
risperidone, olanzapine, clozapine and quetiapine. The 
overall age and sex distribution among each dataset with 
available information was assessed using the compare-
Groups package (version 4.9.1) [15], statistical difference 
in age among the groups was tested using Mann-Whit-
ney U, while the sex frequency was tested using Pearson’s 
chi-square.

The microarray datasets were downloaded using the 
GEOquery package (version 2.72.0) [16], using the func-
tion getGEO with the parameter GSEMatrix set as TRUE 
to download the expression matrix and FALSE to down-
load the metadata. Gene probes were collapsed using the 
WGCNA package (version 1.73) [17], using the function 
collapseRows with the expression data and annotation 
data as input, method parameter was set as “absMax-
Mean”. Outlier samples’ detection and removal were per-
formed using the arrayQualityMetrics package (version 
3.60.0), using the function outlier with the method set as 
“KS” [18]. For this analysis, only control and SCZ sam-
ples were included, even from datasets featuring other 
conditions such as bipolar disorder and PTSD. After 
the download, the datasets GSE17612 and GSE53987 
were transformed into log2, due to the absence of previ-
ous normalization, datasets with previous normalization 
were maintained untransformed. On the other hand, 
the RNA-seq datasets had their processed count tables 
retrieved directly from the geoNCBI’s download data 
platform. The download and all subsequent analyses were 
performed in R (version 4.4.2).

Data analysis
Analysis design and batch effect correction
The datasets were split between discovery and validation 
sets. All combinations of brain datasets were merged to 
assess the most efficient combination based on the num-
ber of genes and samples comprising the merged dataset. 
The merging was performed using the dplyr package’s 

join_all function [19], merging by gene symbols in order 
to retrieve only common genes among the datasets, then 
the number of common genes and samples for each com-
bination were assessed (Supplementary Material 1). The 
most efficient discovery set was composed of 4 datasets 
(GSE17612 [20], GSE12649 [21], GSE53987 [22], and 
GSE92538 [22]), with a total of 226 samples (124 con-
trol and 102 SCZ) and 10,829 genes. The remaining 13 
datasets were kept for validation. Afterward, the batch 
effect was corrected using the Surrogate Variable Analy-
sis, available at the sva package’s (version 3.52.0) [23]. 
The batch effect correction was evaluated using Principal 
Component Analysis (PCA) before and after the Com-
Bat, principal components were retrieved using the stats 
package (version 4.2.2) prcomp function, with the param-
eter scale set as TRUE.

Furthermore, the validation microarray sets were 
arranged and merged according to the datasets’ tis-
sue. The brain validation dataset was composed of the 
2 remaining brain datasets (GSE21138 [24] GSE12654 
[25]), featuring 84 samples (43 control and 41 SCZ). The 
whole blood validation dataset was composed of 2 data-
sets (GSE38484 and GSE38481 [26]), with 235 samples 
(115 control and 120 SCZ). The PBMCs validation data-
set al.so was composed of 2 datasets (GSE18312 [27] 
and GSE27383 [27]), presenting 88 samples (34 control 
and 54 SCZ). Regarding isolated neurons, the Pyramidal 
neuron dataset was composed by 2 datasets (GSE93987 
[28] and GSE87610 [28]) and presented 309 samples (178 
control and 131 SCZ). The parvalbumin neuron dataset, 
GSE93577 [24], was maintained as an individual dataset 
and had 139 samples (69 control and 70 SCZ).

For the RNA-seq validation datasets, the lymphocyte 
dataset GSE165604 [29]was included individually, fea-
turing 37 samples (18 control and 19 SCZ). Peripheral 
blood was also included as validation, with the dataset 
GSE263180, which featured 29 samples (20 control and 9 
SCZ). Lastly, isolated neurons and oligodendrocytes were 
also assessed in validation, with 2 datasets (GSE112523 
[30] and GSE107638 [31]) being joined, totaling 74 sam-
ples (44 control and 30 SCZ) after removing non-SCZ or 
control samples. All merged validation datasets for each 
tissue with 2 or more datasets also had their batch effects 
corrected and evaluated using the same packages and 
methods as the discovery set.

Feature selection: differential expression analysis and 
machine learning
After the batch effect correction, differential expression 
analysis was applied to the discovery set, using the limma 
package (version 3.60.6) [32]. This analysis used a design 
data created based on groups (SCZ or control) informa-
tion and expression data as input, the statistical values 
were calculated by fitting a linear model with the function 
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lmFit, including contrasts based on groups with the func-
tion contrasts.fit, and applying empirical Bayes modera-
tion of the standard errors with the function eBayes, all 
functions parameters were set as default, aside from the 
input expression and design data. The performed com-
parison was SCZ vs. control groups, set with SCZ - con-
trol at the limma’s makeContrasts function, differentially 
expressed genes (DEGs) were identified using thresholds 
of |logFC| > 1 and FDR-adjusted p-value < 0.05.

The identification of the most informative DEGs, their 
expression data was retrieved, and feature selection was 
performed using the random forest algorithm, imple-
mented in the randomForest (version 4.7–1.2) [33] and 
caret (version 7.0–1) [34] packages. The random for-
est’s parameters were mtry set as 24, maxnodes set as 6, 
and generating 400 trees. The most informative DEGs 
were selected based on their mean decrease gini, which 
is related to the tree’s group homogeneity in its leaves, 
in order to retrieve the genes with highest classification 
potential. To assess these most informative genes’ overall 
profile, a heatmap with unsupervised hierarchical clus-
tering was created with these genes’ z-scaled expression 
values, using the Manhattan distance and ward D2 clus-
tering method. A k-fold cross-validation was also per-
formed to evaluate the predictive model, using the caret 
package’s confusion matrix to assess its overall perfor-
mance, with 5-folds and 100 repetitions. The inputs for 
the confusion matrix were the real classes of each sample 
and predictions performed by the model, trained with 
the “rf” method. The trControl parameter was set using 
the method “repeatedcv”, fold of 5, and repeat 100 times.

The validation step was performed to evaluate the most 
informative genes’ performance in discriminating SCZ 
from control samples in other tissue types. For this, the 
samples’ classification was performed in each valida-
tion dataset, classifying its samples into SCZ or control, 
the overall classification accuracy was assessed compar-
ing the models’ predicted sample classification and the 
real sample classification, its overall performance was 
assessed using ROC curves, with the package pROC 
(version 1.18.5) [35]. A total of eight validation sets 
were included, featuring samples of brain, whole blood, 
PBMCs, leukocytes, lymphocytes, brain PFC’s pyramidal 
neurons, parvalbumin neurons and isolated neurons.

Identifying the most represented pathways: enrichment 
analysis
To identify which biological pathways were associ-
ated with the DEGs and random forest-selected genes, 
an enrichment analysis was performed with the DEGs’ 
available Entrez IDs, retrieved using the biomaRt pack-
age (version 2.60.1) [36], and sorted fold change val-
ues as input, using the clusterProfiler [37] package 
(version 4.12.6) [37]. The main employed function was 

the compareCluster, with a maximum gene set size of 
500, minimum gene set the size of 10, q value cutoff of 
0.2, p-value cutoff of 0.05 and p adjust method “FDR” 
as parameters. This analysis was performed twice, using 
the parameter “fun” set as “enrichPathway” for using the 
Reactome [38] and “enrichKEGG” for KEGG [39] data-
bases, aiming to provide further information regarding 
the DEGs and random forest genes’ associated pathways. 
The list with all packages employed in this study is avail-
able as Supplementary Material (Supplementary Material 
1).

Results
Study design and population description
From the 209 initially assessed datasets, 17 were retrieved 
for further analysis. The sampling details, including the 
exclusion criteria applied to each dataset, are available 
as supplementary material (supplementary material 2). 
The PFC, composed mainly of Brodmann Areas (BA) 10, 
46 and 9, has been selected due to neurobiological evi-
dence demonstrating its relevance to SCZ pathogenesis, 
as this region plays a central role in supporting cognitive 
functions well known to be impaired in this disease [6]. 
Furthermore, the PFC’s particular prolonged maturation, 
prolonged through adolescence, aligns with the typical 
onset period of SCZ [40].

After assessing all combinations of brain’s prefrontal 
cortex datasets, 4 datasets were selected as the Discovery 
dataset, while the remaining 2 brain datasets were used 
for validation, alongside 2 featuring PBMCs, 2 featuring 
whole blood, 2 featuring PFC’s isolated pyramidal neu-
rons, 1 featuring prefrontal cortex’s isolated parvalbumin 
neurons, 1 featuring leukocytes, 1 featuring lymphocytes 
and two featuring PFC’s isolated neurons (Fig.  1). All 
assessed combinations’s datasets, number of genes and 
samples have been summarized (Supplementary mate-
rial 3). Regarding the age and sex distribution among 
the datasets, several datasets had no age and sex related 
information available (GSE12649, GSE12654, GSE87610, 
GSE93577, GSE93987). Among the datasets with avail-
able age and sex information, the only significant dif-
ference was in sex distribution, observed in the Whole 
Blood set (comprising GSE38481 and GSE38484), where 
the SCZ group included more males than the control 
group (Supplementary material 4).

Differential expression and feature selection to 
characterize schizophrenia
The four datasets comprising the discovery set were 
retrieved, and batch effects were corrected (Figure S1). 
The final discovery dataset included 226 samples (124 
controls and 102 SCZ cases) and 10,829 genes A total of 
532 DEGs were identified when comparing the SCZ vs. 
control groups, of which 383 were upregulated and 149 
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were downregulated. A summary of all identified DEGs 
and their related statistics are available as Supplementary 
material (Supplementary material 5). To assess potential 
p-value inflation in our differential expression analysis, 
we generated a QQ-plot to visualize the observed ver-
sus expected p-value distributions (Figure S2). To iden-
tify the most informative differentially expressed genes 
(DEGs) distinguishing SCZ from control samples, we 
performed feature selection using the random forest 
algorithm. The top three genes—HUWE1, PTGDS, and 
RPL31—were selected based on the mean decrease in the 
Gini index, forming the most predictive model (Fig.  2A 
& Supplementary Material 6). To evaluate the expres-
sion profile of these genes, a heatmap with z-score-scaled 

expression data was employed (Fig. 2B). Two major clus-
ters were observed on the heatmap, the first being com-
posed of mainly SCZ samples (84.31%), while the second 
cluster was formed mainly by control samples (87.09%). 
Furthermore, all three genes were upregulated in SCZ 
samples: RPL31, HUWE1, and PTGDS had fold changes 
of 7.62, 20.84, and 26.90, respectively. The k-fold cross-
validation analysis revealed a good discrimination perfor-
mance in the discovery samples, with an accuracy of 1.0, 
95% confidence interval (C.I.) [0.98, 1], no information 
rate of 0.55, kappa of 1, sensitivity of 1, specificity of 1, 
positive and negative predictive values of 1.

The validation sets were separated based on the tissue: 
brain, whole blood, PBMCs, leukocytes, parvalbumin 

Fig. 1  Sampling flow chart. Flow chart depicting the sampling process for this Individual participant data meta-analysis, with details about exclusion 
criteria and numbers of excluded/included studies
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neurons, pyramidal neurons, lymphocytes, and isolated 
neurons; each of them being composed of 1 to 3 differ-
ent datasets. Each tissue composed of 2 or more datas-
ets had its batch effect corrected before proceeding with 
the performance assessment (Figure S3). The validation 
data with brain cells was composed of 2 different datasets 
and presented 84 samples (43 control and 41 SCZ). The 
3-genes in this set had their expression values retrieved 
and the model’s predictive performance assessed using 
an ROC curve, presenting an AUC of 0.75, 95% C.I. [0.63, 
0.87] (Fig. 2C). The same was done with the whole blood 
set, which was composed of 2 different datasets, present-
ing 235 samples (115 control and 120 SCZ). In this data-
set, the ROC curve had an AUC of 0.72, 95% C.I. [0.66, 
0.79] (Fig.  2C). The PBMC set was also composed of 
2 datasets, had a total of 88 samples (34 control and 54 
SCZ), and the presented AUC in this tissue was 0.75, 95% 
C.I. [0.65, 0.85] (Fig. 2C). The leukocyte RNA-seq dataset 

was composed of 1 dataset featuring 29 samples (20 con-
trol and 9 SCZ), the AUC when classifying these samples 
was 0.98, 95% C.I. [0.93–1.00] (Fig. 2C).

Next, the pyramidal neurons microarray set was 
assessed, composed of 2 datasets and with 309 samples 
(178 control and 131 SCZ). Unlike the other tissues, the 
3-gene model showed reduced discriminative perfor-
mance in this dataset, with an AUCs of 0.59, 95% C.I. 
[0.53, 0.66] (Fig.  2D). Following, the parvalbumin neu-
rons set was composed of only 1 dataset, presenting 139 
samples (69 control and 70 SCZ). The 3-gene model accu-
racy was also reduced in this set, with an AUC of 0.46, 
95% C.I. [0.36, 0.56] (Fig.  2D). The lymphocyte classifi-
cation analysis, comprising 1 RNA-seq dataset (37 total 
samples: 18 controls and 19 SCZ cases), demonstrated 
modest discriminative performance with an AUC of 0.64 
(95% CI: 0.45–0.82) (Fig.  2D). Lastly, the RNA-seq set 
with isolated neuron samples was composed of 2 datasets 

Fig. 2  Most informative genes identification and discriminative performance assessment. A. Dot plot displaying the random forest’s importance values 
used to select the most informative genes to separate SCZ from control samples. Mean decrease accuracy is related to the models’ accuracy drop when 
variables are removed, while Mean decrease gini is related to the tree branches’ homogeneity variation when variables are removed. B. Heatmap with 
hierarchical clustering displaying the most informative genes’ z-scaled expression data in the discovery set, topside bars represent sample groupings 
(red for SCZ and blue for control). The employed distance and clustering methods were Manhattan and ward D2, respectively. Barplots at the right side 
display fold change values calculated in the SCZ vs. control comparison performed using limma, green bars represent significant fold changes by P-value 
adjusted by False discovery rate. C. ROC curves displaying the most informative genes’ performance when classifying SCZ and control samples, Y axis 
represent the sensitivity and X axis the 1-specificity. Curves are colored by sets (purple for leukocytes, green for brain, light blue for whole blood and light 
brown for PBMC). D. ROC curves displaying the most informative genes’ performance when classifying SCZ and control samples. Curves are colored by 
sets (brown for lymphocytes, grey for isolated neurons, blue for pyramidal neurons and dark yellow for parvalbumin neurons)
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with 74 samples (44 control and 30 SCZ). The model’s 
performance in this set achieved an AUC of 0.67, 95% 
C.I. [0.54–0.79] (Fig.  2D). The featured tissues, number 
of samples, calculated AUCs, type of data, and datasets 
composing each validation set were compiled in Table 1. 
These findings suggest that the model’s discriminatory 
signal may not be detectable in isolated neurons or lym-
phocytes but could be transmitted across the blood-brain 
barrier and rise from other supporting cell types.

Pathways associated with schizophrenia’s DEGs are also 
associated with other neuronal and psychiatric disorders
Following the identification of a SCZ-associated tran-
scriptomic signature and validation of the model’s accu-
racy across independent datasets (including multiple 
tissue types), we next investigated the biological path-
ways associated with these candidate genes. From the 
DEGs we identified 92 enriched pathways in the KEGG 
database and 432 in the Reactome database; the tables 
with all enriched pathways and input data are available 
as Supplementary material (Supplementary material 7). 
We then extracted the top 10 most enriched pathways 
(ranked by gene ratio) for both up and downregulated 
DEGs from each database. To ensure comprehensive cov-
erage, we additionally included pathways that showed 
enrichment in both DEG groups’ top 10, even if they 
didn’t rank among the top 10 in one group. Finally, we 
highlighted the top 10 pathways associated with our ran-
dom forest model’s top 5 most important genes.

First, the KEGG database’s top 10 pathways enriched 
by upregulated DEGs may suggest consistent associations 
between the identified genes with neuronal and psychiat-
ric disorders. Pathways such as “Phagosome”, “Alzheim-
er’s disease”, “Diabetic cardiomyopathy”, “Amyotrophic 
lateral sclerosis”, “Prion disease”, “Huntington’s disease”, 

“Pathways of neurodegeneration − multiple diseases”, 
and “Parkinson’s disease” included one or more genes 
from the random forest model in its composition, poten-
tially involving neuronal loss or inflammatory processes 
[41, 42]. (Fig. 3). Alongside them, the “Synaptic vesicle 
cycle and Oxidative phosphorylation” pathways were 
also enriched in this gene set (Fig. 4). On the other hand, 
its downregulated counterpart’s top 10 enriched path-
ways were mostly associated with metabolic pathways, 
such as “Gastric acid secretion”, “Aldosterone synthesis 
and secretion”, “Carbohydrate digestion and absorption”, 
“Growth hormone synthesis”, secretion and action”, “Thy-
roid hormone synthesis”, “Ferroptosis”, “Aldosterone − 
regulated sodium reabsorption”, “Glutamatergic synapse”, 
“cGMP − PKG signaling pathway” and “Mineral absorp-
tion” (Fig. 4).

Regarding the Reactome database’s top 10 pathways 
enriched by upregulated DEGs, the pathways “Trans-
mission across Chemical Synapses”, “Neurotransmitter 
receptors, and postsynaptic signal transmission”, “HSP90 
chaperone cycle for steroid hormone receptors (SHR) 
in the presence of ligand”, “Neuronal System”, and “Cel-
lular response to starvation” had random forest genes in 
their compositions (Fig.  3). Furthermore, the pathways 
“citric acid (TCA) cycle and respiratory electron trans-
port”, “Respiratory electron transport, ATP synthesis by 
chemiosmotic coupling, and heat production by uncou-
pling proteins”, “Transferrin endocytosis and recycling”, 
“Iron uptake and transport” and “Respiratory electron 
transport” were also enriched by this set of genes (Fig. 4). 
The downregulated DEGs’ enriched pathways were “Opi-
oid Signalling”, “Signaling by NTRK1 (TRKA)”, “Signaling 
by NTRKs”, “VEGFA − VEGFR2 Pathway”, “CS/DS deg-
radation”, “CLEC7A (Dectin − 1) induces NFAT activa-
tion”, “Golgi Associated Vesicle Biogenesis”, “Fcgamma 

Table 1  Characterization of validation datasets, exhibiting type of tissue, number of samples, overall performance of the most 
informative genes when discriminating SCZ and control samples, type of data (microarray or RNA-seq) and datasets that compose the 
validation set. The assessed brain’s prefrontal cortex are mainly from brodmann’s areas (BA) 10, 46 and 9
Tissue Samples AUC Type of data Datasets composing
Brain prefrontal cortex (BA 10, 46, 9) N = 84

[SCZ: 41, Control: 43]
0.75, 95% C.I. [0.63, 0.87] Microarray GSE12654, GSE21138

PBMC N = 88
[SCZ: 54, Control: 34]

0.75, 95% C.I. [0.65, 0.85] Microarray GSE18312, GSE27383

Whole Blood N = 235
[SCZ: 120, Control: 115]

0.72, 95% C.I. [0.66, 0.79] Microarray GSE38484, GSE38481

Brain dorsolateral prefrontal cortex (pyramidal neurons) N = 309
[SCZ: 131, Control: 178]

0.59, 95% C.I. [0.53, 0.66] Microarray GSE93987, GSE87610

Brain dorsolateral prefrontal cortex (parvalbumin neurons) N = 139
[SCZ: 70, Control: 69]

0.46, 95% C.I. [0.36, 0.56] Microarray GSE93577

Leukocytes N = 29
[SCZ: 9, Control: 20]

0.98, 95% C.I. [0.93–1.00] RNA-seq GSE263180

Lymphocytes N = 37
[SCZ: 18, Control: 19]

0.64, 95% C.I. [0.45–0.82] RNA-seq GSE165604

Brain prefrontal cortex (neurons) N = 139
[SCZ: 70, Control: 69]

0.67, 95% C.I. [0.54–0.79] RNA-seq GSE112523, GSE107638
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Fig. 3  Network of the most informative genes in the enrichment analysis. Enriched pathways in both KEGG and Reactome databases. The network 
displays the pathways that were enriched using the up and downregulated DEGs as input, highlighting the pathways containing genes selected by 
the random forest. Red and blue dots represent the up and down regulated DEGs, respectively. Dot size for pathways is related to the number of genes 
comprising the pathway
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receptor (FCGR) dependent phagocytosis”, “Response to 
metal ions” and “Metallothioneins bind metals” (Fig. 4).

Discussion
This study employed a robust bioinformatics pipeline to 
identify consistent transcriptomic signatures of schizo-
phrenia (SCZ) across multiple publicly available gene-
expression datasets. This method of employing machine 
learning algorithms to identify transcriptomic biomark-
ers for characterizing diseases was used in previous 
studies with other diseases, such as Tuberculosis [12], 
HTLV-1 [13], and even Parkinson’s disease [43]. In this 
study, the brain’s prefrontal cortex’s Brodmann areas 9, 

10, and 46, were the tissues used as the discovery set, as 
these areas’ dysfunction is a hallmark of SCZ [44, 45]. 
The predictive model based on random forest achieved 
AUCs > 0.70 in brain, blood, leukocytes and PBMC sam-
ples, exhibiting a consistently high accuracy even in more 
accessible types of tissue. Finally, this predictive model 
was composed of only three upregulated genes in SCZ: 
HUWE1, PTGDS, and RPL31.

The most informative gene, HUWE1, is suggested to 
play key roles as a conserved regulator in neuron progen-
itor cells’ proliferation and differentiation [46]. Despite 
being located on the X-chromosome, this gene’s expres-
sion levels are comparable between males and females 

Fig. 4  Dot plot for the enrichment analysis top pathways. Enriched pathways in both KEGG and Reactome databases. The dot plot displays the pathways 
that were enriched using the up and downregulated DEGs as input. The dot size represents the pathways’ gene ratio, while the color represents its P-
value adjusted by False discovery rate. Background color represents the two different databases assessed for the enrichment, light blue represents KEGG 
pathways and light red represents reactome pathways. The Y and X axis displays the pathways and DEG set, separated by fold change direction (up or 
down compared with control), respectively. Pathway names written in bold letters have the 3 genes in its composition. Employed parameters in each 
enrichment were: Maximum gene set size of 500, minimum gene set size of 10, q-value cutoff of 0.2, p-value cutoff of 0.05, p-adjustment method “FDR”, 
and fun was set as “enrichPathway” for Reactome and “enrichKEGG” for KEGG
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due to X-inactivation in females [47]In the SCZ context, 
de novo mutations in this gene were found in patients 
with this disease [48], which can be related to this gene’s 
defective variations being associated with intellectual dis-
ability [49], a common symptom of SCZ. Unlike the other 
two genes, RPL31 presents no previous associations with 
SCZ, although a previous study identified proteins coded 
by genes from the same family with lower abundance in 
SCZ compared to control in neural cells derived from 
olfactory neurosphere-derived (ONS) cells [50]. How-
ever, the results observed in the previous study cannot 
be directly compared with this analysis’s results, due to 
methodological differences between both studies.

The third gene composing this model, PTGDS, may 
also present important associations with SCZ, being 
previously proposed as a cerebrospinal fluid biomarker 
for this disease and also for Alzheimer’s [51]. This gene 
was selected as a biomarker in the brain datasets, despite 
being highly expressed in non-neuronal cell types [52], 
which suggests a strong influence of glial and other sup-
porting cell types of cells present in the brain. Encoding 
for the protein prostaglandin D synthase, PTGDS, par-
ticipates in prostaglandin metabolism, as it catalyzes the 
conversion of prostaglandin H2 to PGD2, a potent modu-
lator of inflammation in the central nervous system. This 
molecule plays major roles in neuroinflammatory pro-
cesses [53], being related to pathways enriched in KEGG, 
such as “Phagosome” and glial-associated pathways 
enriched in Reactome, including “Cellular response to 
starvation” and “Fcgamma receptor (FCGR)-dependent 
phagocytosis” [54].

The influence of glial and other supporting cell types 
was also observed in the lower performance validation 
analyses using isolated neurons, which achieved AUCs < 
0.59. This suggests that isolated neurons lack the discrim-
inative expression levels seen in whole-brain samples. In 
addition to PTGDS’s expression being more prominent in 
non-neuronal cell types, the reduced performance of our 
model in isolated neuron datasets may also reflect the 
absence of neuron-glia interactions. Neuron–glia com-
munication plays a fundamental role in regulating neuro-
nal activity and gene expression [55], and the lack of these 
interactions in isolated neuron samples could diminish 
the signal detected in bulk tissue analyses. The successful 
validation in whole blood, leukocytes, and PBMCs sug-
gests that the biomarker’s expression profile can cross the 
blood-brain barrier and be detected in peripheral circula-
tion. Notably, the reduced classification performance in 
isolated lymphocytes implies the discriminative signal 
may not be lymphocyte-specific, but rather influenced by 
other leukocyte populations - a hypothesis supported by 
the stronger performance observed in leukocyte samples.

While most of the top informative genes we identi-
fied have been previously linked to SCZ, our enrichment 

analysis further supports their association with this dis-
order. Notably, several KEGG pathways—particularly 
those involving the random forest-selected genes—
showed relevance to SCZ, with most being associated 
with neuronal disorders. Despite their dominant etio-
logic pathways and clinical presentations being different, 
both Alzheimer’s disease and SCZ share the brain’s white 
matter impairment and cognitive deficit as common fea-
tures [56]. Furthermore, people with schizophrenia have 
2–4 times higher risk of developing Alzheimer’s than the 
general population [57]. Amyotrophic lateral sclerosis 
also has associations with SCZ, their common biologi-
cal mechanisms being not well understood, however, a 
genetic loci correlation of 14.3% between both diseases 
has been observed [58]. Regarding Prion and Hunting-
ton’s diseases, both diseases lack strong associations with 
SCZ, being mostly related due to the SCZ-like psychosis 
clinical feature [59, 60]. Lastly, SCZ is a risk factor for 
Parkinson’s disease [61] and diabetes [62], although more 
studies are necessary to enlighten possible associations 
between these conditions.

Several enriched pathways containing random forest 
genes in the Reactome database may have associations 
with the SCZ’s abnormal synaptic functions and neuronal 
plasticity [63], such as “Transmission across Chemical 
Synapses”, “Neurotransmitter receptors and postsynap-
tic signal transmission”, and “Neuronal System”. Further-
more, the pathways enriched by downregulated DEGs 
related to Neurotrophins, such as signaling by NTRKs, 
are also related to survival, differentiation, and plastic-
ity of neurons [64]. The NTRK1 (TRKA) is related to the 
maintenance of neuronal cells’ integrity in adulthood 
[65]. The gene HUWE1 may play a major role in these 
pathways, encoding for E3 ubiquitin ligase, as a regulator 
for synaptic protein turnover, neuronal differentiation, 
and neurotransmission, processes which dysregulation 
has been associated with SCZ [66].

Some enriched pathways containing upregulated DEGs 
were related to mitochondrial activity, such as “the cit-
ric acid (CA) cycle and respiratory electron transport”, 
“Respiratory electron transport, ATP synthesis by chemi-
osmotic coupling, and heat production by uncoupling 
proteins” and “Respiratory electron transport”. The mod-
el’s gene RPL31 can also be related to these metabolic and 
energy-related pathways, as it encodes for a ribosomal 
protein, which participates in translational control and 
protein synthesis [67]. Furthermore, reduced number of 
mitochondria in several brain regions has been associ-
ated with the SCZ’s pathophysiology before [68], perhaps 
the upregulated DEGs enriching these pathways reflect 
the lower number of mitochondria compensating for the 
lack of units with higher activity levels.

This study has some limitations; information regarding 
the samples’ ethnicities is not available in the metadata 
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of several employed studies, possibly introducing a bias 
regarding ethnicity representation, which cannot be mea-
sured with the present data, once SCZ clinical presenta-
tion and risk vary across different ethnic and ancestral 
backgrounds [69, 70]. Covariates such as gender and age 
couldn’t be included in the limma model used to identify 
the DEGs, as this model demands consistent metadata 
across all unavailable datasets. Another potential bias is 
related to the use of antipsychotics, as all datasets have 
samples from SCZ patients who use antipsychotics reg-
ularly; this probably creates a confounding factor as to 
whether the changes in their gene expression levels are 
related to the disease or the treatment. Another limita-
tion is towards the results’ causal interpretations, as this 
study’s cross-sectional nature doesn’t provide enough 
information to establish if the observed gene expres-
sion values are SCZ causes or consequences. To address 
this limitation, longitudinal studies that evaluate these 
gene expressions across time points would be necessary. 
Lastly, further studies are necessary to explore this set 
of genes’ performance with other populations to further 
validate these genes and pathways’ specific expression in 
SCZ.

Conclusions
The enrichment analysis revealed pathways with previ-
ous associations towards SCZ’s pathophysiology in both 
KEGG and Reactome databases, which anchors this 
study’s findings with the present knowledge towards 
SCZ. Our findings suggest that SCZ may involve sys-
temic inflammatory processes rather than being central-
ized around neurons, which may potentially shift future 
research focus toward other non-neuron cell types. 
Although further studies are necessary to further validate 
this biomarker’s performance and application, includ-
ing in other populations, our findings pinpointed key 
genes and their associated pathways that are differentially 
expressed in SCZ, shedding light on potential disease’s 
underlying mechanisms. This knowledge is crucial for 
potentially developing a new diagnostic test based on the 
expression levels of three genes, using easily accessible 
blood samples. This approach represents a significant 
improvement over current diagnostic strategies, enhanc-
ing the detection and management of SCZ.
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