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ABSTRACT

Background: Transcriptomic profile differences between patients with bipolar disorder and healthy controls can
be identified using machine learning and can provide information about the potential role of the cerebellum in
the pathogenesis of bipolar disorder.With this aim, user-friendly, fully automated machine learning algorithms
can achieve extremely high classification scores and disease-related predictive biosignature identification, in
short time frames and scaled down to small datasets.

Method: A fully automated machine learning platform, based on the most suitable algorithm selection and
relevant set of hyper-parameter values, was applied on a preprocessed transcriptomics dataset, in order to
produce a model for biosignature selection and to classify subjects into groups of patients and controls. The
parent GEO datasets were originally produced from the cerebellar and parietal lobe tissue of deceased bipolar
patients and healthy controls, using Affymetrix Human Gene 1.0 ST Array.

Results: Patients and controls were classified into two separate groups, with no close-to-the-boundary cases, and
this classification was based on the cerebellar transcriptomic biosignature of 25 features (genes), with Area
Under Curve 0.929 and Average Precision 0.955. The biosignature includes both genes connected before to
bipolar disorder, depression, psychosis or epilepsy, as well as genes not linked before with any psychiatric
disease. Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis revealed participation of 4 identified fea-
tures in 6 pathways which have also been associated with bipolar disorder.

Conclusion: Automated machine learning (AutoML) managed to identify accurately 25 genes that can jointly — in
a multivariate—fashion - separate bipolar patients from healthy controls with high predictive power. The
discovered features lead to new biological insights. Machine Learning (ML) analysis considers the features in
combination (in contrast to standard differential expression analysis), removing both irrelevant as well as
redundant markers, and thus, focusing to biological interpretation.

1. Background

variety of cognitive and behavioral features (Duffy et al., 2017). It is a
highly hereditary disease, running in families, with an early onset, un-

Bipolar disorder (BD) is a mood disorder characterized by unusual predictable course and detrimental impact due to the great risk of fatal
fluctuations of mood, thinking, activity and sleep patterns, classified in self-destructive events, long term disability and great financial and so-
six subtypes (Alural et al., 2017) (with bipolar disorder types 1 and 2 the cial burden, despite existing pharmacological and psychotherapeutic
most prevalent) and presented as a constellation of phenotypes, with a treatment strategies (Fountoulakis et al., 2016). For these reasons, the

Abbreviation List: AutoML, Automatic Machine Learning; GEO, Gene Expression Omnibus; AUC, Area Under Curve; AP, Average Precision; TLE, Temporal Lobe
Epilepsy; BD, Bipolar Disorder; CNS, Central Nervous System; JADBIO, Just Add Data Bio; SES, Statistically EquivalentbioSignatures; LASSO, Least Absolute
Shrinkage and Selection Operator; ROC, Receiver Operating Characteristic (curve); CI, Confidence Interval; UMAP, Uniform Manifold Approximation and Projection.
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neuroanatomy (Ching et al., 2022), neurogenetics and neurobiology
(Charney et al., 2020) of BD are fields of intense research concerning all
brain areas and of paramount importance for 45 million patients glob-
ally (James et al., 2018). In this context, the cerebellum is a relatively
recent target of neurogenetics research in BD, with its main functional
roles related to modulation of movement, to emotion and to cognition
(Wang et al., 2017). Research has linked the cerebellum to emotional,
cognitive and affective processing and their disruption in mood disor-
ders (Adamaszek et al., 2017; Wang et al., 2017). Structural (Chambers
et al., 2022; Eker et al., 2014; Mahon et al., 2009; Moorhead et al., 2007;
Phillips et al., 2015; Redlich et al., 2014; Romer et al., 2018), functional
(Adamaszek et al., 2017; Liang et al., 2013, 2013; Phillips et al., 2015;
Shinn et al., 2017; Wang et al., 2017; Y. Wang et al., 2015), neuro-
transmission (Hossein Fatemi et al., 2005; Maloku et al., 2010), meta-
bolic (Altamura et al., 2013; Cecil et al., 2003; Pinna and Colasanti,
2021; Su et al., 2014), and transcriptomic (C. Chen et al., 2018; Chen
et al., 2013; McCarthy et al., 2014) alterations in the cerebellum in BD
point to the cerebellum’s particular role in the affected brain-wide
networks.

Machine learning is now gradually being used in psychiatry, in order
to optimize genetic analysis (Bracher-Smith et al., 2021; Karthik and
Sudha, 2021), to highlight the most characteristic differences among
groups of patients and controls, and to confirm their importance for
diagnostic classification into these groups. These complex classification
algorithms, produce genetic signatures using data from the analysis of
samples from living tissue, blood, saliva, as well as from postmortem
brain tissue (prefrontal cortex) (Karthik and Sudha, 2021). The data
include SNP (5 studies) (Bracher-Smith et al., 2021) and transcriptomics
(2 studies) (Karthik and Sudha, 2021; Wang et al., 2018) analysis results.
In this context, transcriptomic data analysis can contribute greatly to
psychiatric research (Hernandez et al., 2021). Data from the less
explored area of the cerebellum can add new and important bio-
signatures to the puzzle of BD pathogenesis and progression, and
potentially to treatment response and resistance. The main advantages
of Machine Learning (as well as multivariate statistical modelling)
versus standard univariate statistics (e.g. differential expression anal-
ysis) is that Machine Learning models consider the biomarkers in com-
bination, while univariate statistics do not. Machine Learning feature
selection algorithms, select biomarkers not based on their (univariate)
p-value and their correlation with the outcome, but based on the
added-predictive-value they provide to the model. Hence, feature se-
lection algorithms may remove (unconditionally) statistically significant
markers that do not provided added-value to the final model (remove
redundant markers). They may also discover markers that are not (un-
conditionally) statistically significant by themselves but become corre-
lated in combination with other markers.

Recently, the field of Automated Machine Learning (AutoML) has
emerged (Hutter et al., 2019) that strives to automate the machine
learning analysis of a dataset. More specifically, AutoML tools automate
the selection of algorithms and their hyper-parameter values (tuning
parameters that determine the predictive performance of the produced
model), the estimation of out-of-sample predictive performance, and the
selection of features to enter the model. They may also provide visual-
ization, interpretations, and explanation of the produced model (Xan-
thopoulos et al., 2020). AutoML tools, provided they are well-design,
may not only lead to a better predictive model than a human expert,
but may do so with minimal human effort and avoid methodological
errors in the analysis. The current study is, as far as we know, the first
where AutoML and transcriptomic data from the cerebellum were used
for biosignature identification and patient classification.

2. Aims of the study
The aim of this analysis is the selection of characteristic tran-

scriptomic biosignatures of bipolar disorder in the cerebellum, using the
AutoML platform for optimal performance (Karagiannaki et al., 2022;
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Tsamardinos et al., 2022, 2018). The features identified could facilitate
the discovery of the genetic networks related to BD, highlight their
importance at the local and brain-wide network levels and explore a
potential genetic overlap with other central nervous system (CNS)
disorders.

3. Methods
3.1. Data acquisition

The datasets employed for the analyses are public transcriptomic
data from previous studies (C. Chen et al., 2018; Chen et al., 2013) that
analyzed the transcriptomic profiles of the cerebellum and parietal
cortex of postmortem brain tissues and produced a set of biosignatures
(C. Chen et al., 2018). Patient and control groups were homogenized by
tissue sample location (cerebellum), psychiatric diagnosis, sex and age.
The data have been retrieved from the online BioDataome database
(Lakiotaki et al., 2018), which is constructed by uniformly preprocessed,
disease-annotated omics data from GEO and RECOUNT databases, based
on a uniform preprocessing pipeline, described in detail at the Bio-
Dataome documentation page (Lakiotaki, 2017). We analyzed the Bio-
Dataome data, which correspond to the GEO dataset GSE35978.
GSE35978 contains expression data from the human cerebellum (pro-
duced from GSE35974) and parietal cortex of post mortem brain tissue
samples, which have been extracted from unaffected subjects and
schizophrenic, bipolar and depressed patients. The brain tissue samples
were selected from the Stanley Foundation Brain Collection (Torrey
et al., 2000) of the Stanley Medical Research Institute (SMRI). Expres-
sion data were obtained by microarray analysis using the “[HuGen-
e-1 0-st] Affymetrix Human Gene 1.0 ST Array [transcript (gene)
version]”. The dataset was initially used for the analyses in (C. Chen
et al., 2018; Chen et al., 2013). Technical details about the initial
postmortem sample (age, Ph, postmortem interval, sex, etc.) are avail-
able at the EMBL-EBI page for E-GEOD-35978 (Chen, 2012). De-
mographic data about a. race/ethnicity, b. side of brain of the samples, c.
Bipolar Disorder types, d. Occurrence of psychotic features and e. cause
of death of the participants, are available at the Array Collection
description (“Brain Research — Tissue Repository,” 2014). Details
regarding the description of the original SMRI sample, inclusion and
exclusion criteria used for its composition and sample subjects diagnoses
and causes of death, are presented in SI, Section A.

3.2. Data Processing

The preprocessed file includes data for 144 samples from the cere-
bellum and 168 samples from the parietal cortex. The 144 cerebellum
samples include unaffected subjects and patients with bipolar disorder,
schizophrenia and depression (SI, information on GSE35974 and
GSE35978). From the cerebellum group, all 50 unaffected subjects and
37 bipolar disorder patients (sex: females/ males, age span: 20-70) were
initially chosen (SI, Images 1A-1B and 1C-1D). From the initial hetero-
geneous groups of patients and controls, a number of subjects were
removed, and two new, smaller groups of affected / unaffected subjects
were produced, matched for sex (female / male) and for age. At the same
time, we aimed to exceed (as much as the sample sizes allowed) the
minimum threshold of 30 subjects per group required for the machine
learning analysis (SI, Images 2A-2B and 2C-2D). The final dataset in-
cludes the following two groups: Group A (BD) with 35 bipolar patients
(18 female and 17 male) and Group B (HC) with 37 unaffected controls
(19 female and 18 male). The small size of available data excluded the
possibility of testing after the initial training; this was balanced by the
extremely high AUCs produced during the initial (training) analysis.
During the initial microarray analysis, a number of transcriptomes were
used as controls (C. Chen et al., 2018; Chen et al., 2013). These have
been identified and removed from the csv. of the analysis, and the final
datasheet (Diagnosed Subjects x Features) consequently produced. The
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Receiver Operating Characteristic (ROC) Curve for class "bipolar”
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Image 1. Using the best performing model option in the
platform, the AUC for the positive class bipolar is 0.929
(~93%), with a 95% CI between 0.868 and 0.977, and the
APis 0.955, with a 95% CI between 0.914 and 0.986. Ac-
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datasets are 2D matrices (features/ genes x diagnosis for any given
subject, unaffected or patient).

3.3. Automated Machine Learning

For this study, we applied the fully automatic machine learning
(AutoML) platform Just Add Data Bio (JADbio) (Tsamardinos et al.,
2022). JADBIo tries several hundred Machine Learning pipelines (called
configurations in the AutoML literature) on a given dataset stemming
from different combinations of preprocessing, feature selection, and
modeling algorithms, as well as different hyper-parameter values for
these algorithms. Specifically, for classification problems JADBio tries
the Statistically Equivalent Signature (SES) and the Least Absolute
Shrinkage and Selection Operator (Lasso) feature selection algorithms,
Decision Trees, Random Forests, Ridge Logistic Regression, and Support
Vector Machines with different kernels (Tsamardinos et al., 2022). The
configurations are decided automatically based on the type and size of
data and the user preferences. The best configuration is determined by
estimating the performance of the models it produces using hold-out
estimation protocols such as cross-validation. The exact type of
cross-validation, is decided upon the characteristics of the dataset, but
for small sample studies it is a repeated, stratified Cross-validation,
meaning the cross-validation is repeated several times to reduce the
variance of the estimation. The final performance reported, as well as
the confidence intervals are corrected for a type of the “winner’s curse”,
specifically, it is corrected for the estimation bias that stems from the
fact that the best out of many configurations is selected. The correction
uses the Bootstrap-Bias Corrected CV method (Tsamardinos et al., 2018).
In (Tsamardinos et al., 2022), a comparative evaluation on 360 omics
datasets of small sample size shows that JADBio does not overestimate
performance, on average. JADBio fully automatically returns (a) a final
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predictive model, (b) an estimate of the model’s out-of-sample predic-
tive performance, and (c) selects a biosignature (set of measured
quantities such as transcriptomic, biochemical, neuroimaging, psycho-
metric or symptom intensity features) that enters the model. In typical
omics studies, the set of biomarkers is typically less than 20 (Liu et al.,
2013). JADBio has been selected as the system of choice for AutoML
because it is designed for high-dimensional/small-sample data and does
not overestimate predictive performance. It was also chosen because it
has been shown to reduce the number of biomarkers required for pre-
diction by a factor of ~4000, without a decrease in predictive perfor-
mance, compared to other AutoML platforms (Tsamardinos et al., 2022).
In addition, it has been previously applied to modeling problems in
oncology, neurology and psychiatry (Adamou et al., 2019, 2018; Bowler
et al., 2022; Deutsch et al., 2022; Deutsch and Stres, 2021; Karaglani
et al., 2022, 2020, 2020; Karstoft et al., 2020; Nissen et al., 2021; Pan-
agopoulou et al., 2021; Papoutsoglou et al., 2021; Rounis et al., 2021).

There are several metrics of predictive performance for binary clas-
sification problems. In the results we use the Area Under the ROC curve
(AUC) which equals the probability that the model will correctly rank a
pair of a randomly chosen positive and one negative sample, according
to their probabilities of being positive. We also use Accuracy defined as
the percentage of correct classifications by the model, Sensitivity (per-
centage of true positives over all positives), Precision (percentage of true
positives over all discoveries), and Specificity (percentage of true
negative over all negatives). Predictive models output a probability for
each new sample. One needs to set a threshold on this probability to
classify a subject to BD or not. Notice that AUC is a metric that does not
depend on a threshold, while all other metrics discussed above, do
depend on the choice of the classification threshold.
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UMAP plot

UMAP2

B Class "bipalar”
Class "unaffected"

UMART

Image 2. Complete separation of BD patients from unaffected controls, in UMAP plots based on all the 25 selected biosignatures. In the Box Plot contrasting the
cross-validated predicted probability of belonging to a specific class against the actual class of the samples, the medians are ~0,72 for the class “bipolar” and ~0,18

for the class “unaffected” (SI, Section B, Image 4).

3.4. Statistical analysis of the biosignature genes

After the identification of the biosignature genes, we proceeded to a
statistical investigation and analysis, in order to identify differences in
the expression of any selected gene between the two groups (bipolar
patients and healthy controls). For this analysis, we began with visual
exploration of the box and violin plot for every gene, and then computed
the basic descriptive statistics of the bipolar disorder and healthy con-
trols groups and the difference of the means between these groups, along
with their 99.8% confidence intervals. Finally we performed Welch’s t-
test to assess the statistical significance of the observed difference
(Additional details on the Statistical Analyses and results are reported in
Appendix I).

3.5. KEGG Analysis

KEGG is a reference Knowledge base (Kanehisa et al., 2022),
including various objects, for example genes, which can be categorized
into genetic pathways, genetic networks, and other systems (Kanehisa
et al., 2023). All database entries (for example genes) can be identified
by characteristic KEGG identifiers (kid) (Kanehisa et al., 2023). KEGG
mapping is the procedure which computationally generates the biolog-
ical (genetic, metabolic and other) systems in an organism-specific way
(Kanehisa et al., 2022, 2023), using the KEGG Mapper Search tool.
Specifically, the search matches the genetic loci on KEGG pathway maps

80

and other network entities and subsequently provides information about
the biological functions that these genetic loci are involved in.

In our study we performed a KEGG analysis of the genetic loci (the
biosignature genes) that were shown to be significant in differentiating
between the two groups. The procedure had the following steps. First we
entered the NCBI Entrez Gene ID number of each gene on the KEGG
Convert ID tool, in order to generate the KEGG identifiers from the
biosignature genes. Then we used the Search tool of the KEGG Mapper.
Initially, we inserted the KEGG identifiers of the significant genes and
subsequently performed the search. Specific pathways have been iden-
tified (see 4.3 in the Results).

4. Results
4.1. Classification between BD patients and unaffected controls

For the analysis, data were uploaded to JADBIO version 1.4.14 (April
2021). As the outcome the diagnosis (Bipolar or Unaffected) was
selected leading to a classification prediction task. The analysis protocol
selected by JADBio performed a repeated 10-fold cross validation
without the dropping heuristic (see (“Neuropathology Consortium,”
2014)) to evaluate each configuration. A total of 596 configurations
were used to train 5760 predictive models during cross-validation and
estimate their performance. The winning configuration (pipeline), i.e.,
the one exhibiting the highest cross-validated AUC, comprises of a
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preprocessing step by removing constant values, selecting features using
the Lasso (Least Absolute Shrinkage and Selection Operator) algorithm
with hyper-parameters penalty= 0.0, and lambda= 5.509e-02, and
predictive modeling algorithm the Ridge Logistic Regression with pen-
alty hyper-parameter lambda = 10.0. The time to complete the analysis
was 2 h 16 min. The technical analysis report is in SI-Appendix-2. The
results can be used interactively in the unique, shared link automatically
created by JADBio for each analysis: https://app.jadbio.com/share/
b2484058-15af-496c-adff-9e4eel fd4d3f.

The final predictive model had an AUC for the bipolar class of 0.93
based on 25 selected characteristic biomarkers. Several predictive per-
formance metrics along with the Receiver Operating Characteristic
Curve (ROC curve) are shown in Image 1. The classification threshold
that maximizes the Accuracy, as well as the Balanced accuracy is 0.61.
For that threshold, Accuracy has been calculated at 0.843, Precision at
0.906 and Specificity at 0.921. A 2D visualization of the samples using
only the selected biomarkers and the Uniform Manifold Approximation
and Projection (UMAP) algorithm is shown in Image 2. The BD and HC
groups produced are completely separate, visually depicting the class
separation that is implied by a 0.93 AUC.

4.2. Biosignature identification

JADBIo selected the most important 25 out of the 28869 features of
the dataset using the Lasso algorithm with hyper-parameters penal-
ty= 0.0, and lambda= 5.509e-02. These 25 features constitute the
reference signature, used for the classification between BD and controls.
The best predictive model deriving from the current analysis is a linear
Ridge Logistic Regression model with penalty hyper-parameter lambda
=10.0.

In Image 3, we present the 25 genes along with their standardized
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Table 1
Genes ranked by absolute value of their Standardized coefficients.

Gene Assay Number Standardized Coefficient
VEPH1 8091678 -0.299
KREMEN2 7992758 -0.285
RNU6-576 P 7925874 0.278
RABGGTA 7978239 -0.268
RNU6-347 P 8063433 0.261
FGD2 8119132 -0.250
GDPD5 7950501 -0.244
AURKB 8012403 -0.240
FAM215A 8007548 -0.236
CARD16 7951408 -0.235
FBX017 8036686 -0.225
RNA5SP273 8147242 0.219
chr6:69375060-69375137 8127423 0.213
chr6:69375060-69375137 8127423 -0.213
NFAM1 8076441 -0.210
PROCA1 8013747 0.200
RNU6-1249 P 8008596 0.200
RNU6-1270 P 8088846 -0.193
chr7:57236783-57236849 8132988 -0.187
ASIC3 8137336 -0.187
PRSS22 7998878 -0.185
FNDC8 8006504 -0.1845
MGC34800 7995310 0.182
HIST1H4A 8117334 0.165
RNU6-1154 P 8143108 -0.161
MIR194-2 7949275 -0.299

coefficients in the model in order of decreasing absolute value. This
absolute value expresses the impact each gene has to the predictive
model. In particular, the largest absolute values, the highest the feature
impact..

T T

T 1
0 0.15 0.20 025 0.30

T
.
1

T
0.05 0

Image 3. In Image 3, we present the 25 genes along with their standardized coefficients in the model in order of decreasing absolute value. From top to the bottom,
the 25 selected genes which correspond to each gene number used in the initial study (Chen et al., 2013) are: VEPH1 (8091678), KREMEN2 (7992758), RNU6-576 P
(7925874), RABGGTA (7978239), RNU6-347 P (8063433), FGD2 (8119132), GDPD5 (7950501), AURKB (8012403), FAM215A (8007548), CARD16 (7951408),
FBXO17 (8036686), RNA5SP273 (8147242), chr6:69375060-69375137 (8127423), NFAM1(8076441), PROCAl (8013747), RNU6-1249 P (8008596),
RNU6-1270 P (8088846), chr7:57236783-57236849 (8132988), ASIC3 (8137336), PRSS22 (7998878), FNDC8 (8006504), MGC34800 (7995310), HIST1H4A
(8117334), RNU6-1154 P (8143108). MIR194-2 (7949275). The genes and their respective values, are presented in Table 1. A detailed statistical analysis illustrating
both the statistical significance and the effect size of those genes is presented in SI, Appendix 1.
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4.3. KEGG analysis

We applied KEGG analytical tools (Kanehisa, 2019, 2000; Kanehisa
et al., 2023) to the characteristic features with KEGG identifiers. Four of
the genes with KEGG identifiers (MIR194-2, CARD16, ASIC3, H4C1) are
involved in 7 KEGG pathways: MIR194-2 in the hsa05206 pathway
(“MicroRNAs in cancer™), CARD16 in the hsa04621 pathway (“NOD-like
receptor signaling”), ASIC3 in the hsa04750 pathway (“Inflammatory
mediator regulation of TRP channel”) and H4Cl in 4 pathways:
hsa05034 (“Alcoholism”), hsa04613 (“Neutrophil extracellular trap
formation”), hsa05203 (“Viral carcinogenesis)], hsa05322 (“Systemic
lupus erythematosus - Homo sapiens™).

5. Discussion
5.1. Main findings

5.1.1. Genetic biosignature genes and bipolar disorder

The classification between the bipolar and unaffected control groups
was completed in < 1h, with accuracy ~93% and without overlaps
between the produced sets of individuals, based on the 25 genes of the
genetic biosignature. Potential connections, for some of the biosignature
genes, to BD- related symptoms, pathophysiology and treatment and to
the regulation of emotion, have been suggested in the existing scientific
literature and are briefly presented. A complete description of all the
complex potential connections of the identified genes with neuropsy-
chiatric disorders is presented in the SI, Section C.

VEPH]1, has been a candidate gene for association with bipolar dis-
order (Hattori et al., 2009), for neurodevelopmental abnormalities
related to BD (Madison et al., 2015) and response to lithium therapy
(Stacey et al., 2018). It has also been suggested as a potential link be-
tween affective disorders and psychosis (X. Chen et al., 2018). KRE-
MEN2 is implicated in the regulation of Wnt signaling pathways (Lou
et al., 2021; Mao et al., 2002; Mao and Niehrs, 2003). Wnt deregulation
has been linked to bipolar disorder, (Aghaizu et al., 2023). For
RABGGTA, potential associations between modulation of its expression
during exposure to lithium and antipsychotic medication, both first line
treatments for BD (Alnafisah et al., 2022; Breen, 2016; Fatemi et al.,
2009) have been proposed. FGD2 has been connected with microRNA
deregulation inducing manic-like behaviors in rat models (Leem et al.,
2023) and is a potential biomarker for suicidality (Le-Niculescu et al.,
2013). GDPDS is differentially expressed in experimental models of
mental illness after treatment with valproic acid, a major treatment
option in BD (Jiang et al., 2019). CARD16, has been associated with BD
(Hossain et al., 2022; Vastrad and Vastrad, 2022) and lithium response
(Cruceanu et al., 2013). PROCA1 has been connected to BD in twin
studies (Amare et al., 2021), to patient response to lithium treatment in
BD (Amare, 2018) and to treatment response in mood disorders
(Hettwer et al., 2022). ASIC-3, is expressed in crucial brain structures
related to emotion and cognition (Wemmie et al., 2013). HISTIH4A
gene expression is potentially connected to response to antidepressant
therapy (Belzeaux et al., 2012) and depression in mouse models
(Yamagata et al., 2017) Finally, a number of small non-coding RNAs and
pseudogenes, is included in the biosignature (RNU6-347 P,
RNU6-1154 P, MIR194-2). Both classes are a subject of intense research
in relation to their participation in the epigenetic modification of DNA
during the onset of psychotic disorders, depression and bipolar disorder
(Barbash et al., 2017; Yoshino and Dwivedi, 2020).

Another important finding is that RNU6-576 P, MIR194-2 and
GDPD5 have been associated with epilepsy (though not until now with
bipolar disorder). Both epilepsy and bipolar disorder are characterized
by episodic functional deregulation in the CNS (Mula et al., 2010),
co-occur (Bakken et al., 2014), share common symptoms and precipi-
tating factors (Bostock et al., 2017; Lyketsos et al., 1993), their treat-
ment with antiepileptics / mood stabilizers partially overlaps (Haggarty
et al., 2021), and potential pathophysiological links between epilepsy
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and bipolar disorder have been proposed recently (Lopez et al., 2017)
regarding aberrant neuronal excitation-inhibition related to ANK-3 gene
expression. ANK3 belongs to a cluster of genes with altered expression
patterns in the cerebellar vermis, in patients with bipolar disorder
(McCarthy et al., 2014; Oraki Kohshour et al., 2022). Significantly, al-
terations in RNU6-576 P and MIR194-2 expression are connected to
temporal lobe epilepsy (An et al., 2016; Barbash et al., 2017; Cava et al.,
2018; Niu et al., 2021; Yoshino and Dwivedi, 2020) which shares the
most common symptoms and pathways with Bipolar Disorders I and II
(Bakken et al., 2014; Bostock et al., 2017; Drange et al., 2020; Haggarty
etal., 2021; Lopez et al., 2017; Lyketsos et al., 1993). RNU6-576 P is the
most overexpressed small non-coding mRNA in the hippocampus of
patients with mesial temporal lobe epilepsy (Niu et al., 2021) and the
most important identifying biosignature in the cerebellum of BD patients
in this study. The role of MIR-194-2 expression in epilepsy has been
studied in the greatest detail, and a constant pattern of down-regulation
has been documented, in various epilepsy studies (An et al., 2016; Cava
et al., 2018; Li et al., 2014; Mills et al., 2020).

5.1.2. KEGG analysis results and bipolar disorder

The potential associations of the identified KEGG pathways with BD
(proposed pathophysiological or treatment mechanisms), have been
found in several studies, and are presented briefly. Potential associations
between the identified KEGG pathways and other neuropsychiatric
disorders are presented in the SI, Section C.

The hsa05206 pathway includes MIR194-2 gene and also miR-34a
gene (which is not included in the biosignature). miR-34a expression
alterations in the cerebellum have been connected to bipolar disorder in
previous studies in the same post-mortem sample (Bavamian et al.,
2015; C. Chen et al., 2018). The hsa05206 is of particular interest, as
both ANK3 (Ankyrin-3) and CACNB3 (voltage-dependent L-type calcium
channel subunit beta-3) genes, are directly targeted by miR-34a (Bava-
mian et al., 2015; C. Chen et al., 2018) and could be connected to the
neurobiology of bipolar disorder (Alural et al., 2017; Bavamian et al.,
2015; Harrison et al., 2018; Leussis et al., 2013; Yoon et al., 2022). The
hsa04621 pathway (includes CARD16 gene) implicates immunological
deregulation in bipolar disorder (“Bipolar pathways,) (Scaini et al.,
2019; Szatkiewicz et al., 2014) and depression (Zhang et al., 2022). The
hsa04750 pathway (includes ASIC3 gene), has been connected to the
metabolic syndrome in bipolar disorder and schizophrenia (Winterton,
2022). Interestingly, hsa05322, hsa05034, hsa05203 and hsa04613
pathways, involving H4C1, have been all associated with a genetic risk
for depression (Huang et al., 2021), with many mechanisms mediated by
immunological processes (Shen et al., 2022). Concisely 7 identified
KEGG pathways are associated with bipolar disorder or depression.

5.2. Statistical analysis

The visual data exploration and the descriptive statistical analysis of
the 25 genes of the biosignature (SI, Appendix 1), reveal the presence of
a statistically significant effect in each of the 25 genes of large or very
large size (with one medium exception) at a confidence level of 99.8%.
Some genes showed reduced levels of expression in the bipolar case,
while others were characterized by an increase in their expression. Of
course, there was no clear separation between the two groups in any
gene. However, this tendency of certain genes to over- or under-express
in the bipolar case suggests that these genes share important information
regarding the presence of disease, as indicated by the high performance
of the biosignature discovered by the JADBio platform.

5.3. Novelty of the study and the classification results

The aim of this study has been the search for differences in the ge-
netic expression in the cerebellum between bipolar patients and healthy
controls. The AutoML method applied on the genetic dataset, identified
a biosignature with robust prognostic value, confirmed by the
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classification results achieved. As far as we know, this is the first study of
that kind for bipolar disorder and has resulted to a complete separation
between the two groups (Image 2). The biosignature discovered and
used for the classification analysis, is consisted of a set of 25 genes with
known potential associations to bipolar disorder or other neuropsychi-
atric diseases with clusters of symptoms overlapping with the symptoms
of BD (schizophrenia, major depression) and with overlapping treatment
options (schizophrenia, major depression, epilepsy). The AutoML plat-
form JADBIO used in this study, has been successfully tested against
different, advanced predictive modeling systems in 360 high dimen-
sional datasets and has been applied to various datasets, in more than 40
published studies (Tsamardinos et al., 2022).

5.4. Limitations of the study

The present study was based on samples from patients with BD type I
and II, with an increased analogy of deaths from suicide, and was based
on post-mortem tissue sampling and microarray analysis. Any potential
diagnostic heterogeneity from the inclusion of BD2 subjects in the
sample is not a restrictive factor for the analysis. Some genetic differ-
ences between patients with BD I and BD II have been suggested (Ger-
shon, 1982; Heun and Maier, 1993; Kvalgy et al., 2018; McGrath et al.,
2004; Sadovnick et al., 1994; Tondo et al., 2022), using family data-
bases, but findings from very large genetic studies have revealed a more
complex picture: BD1 and BD2, although partially different in terms of
clinical presentation and not genetically identical (Mullins et al., 2021),
are genetically similar (Mullins et al., 2021), strongly genetically
correlated (Mullins et al., 2021), and so are considered as parts of a
genetic spectrum (Coleman et al., 2020) and “sufficiently similar to
justify joint analysis” (Coleman et al., 2020), as it is in the case of two
very recent major genetic studies of BD, with very large samples
comprising more than 40.000 and 185.000 BD patients respectively
(Coleman et al., 2020; Mullins et al., 2021). Additionally, the bipolar
spectrum is highly heterogeneous, with many different biotypes and
their probable neurobiological causes (Ching et al., 2022; Dai et al.,
2020; Diaz et al., 2020; Duffy et al., 2017; Guzman-Parra et al., 2021).
These different biotypes can be fully represented only in very large
samples (Ching et al., 2022).

We observed that 15 out of 31 BD subjects from the Array Collection
(“Brain Research — Tissue Repository,” 2014) and 4 out of 9 subjects of
the initial Stanley Neuropathology consortium sample, have died of
suicide, a rate higher than the statistically expected suicide rate for both
BD1 and BD2 subtypes (Novick et al., 2010). A higher suicide rate in the
sample could potentially indicate a stronger genetic correlation of the
sample to MDD, although suicide is common and also during episodes of
mania. Indeed, suicide mainly occurs during the depressive state of the
disease and - occasionally — during a manic episode, and could be
connected to certain patterns of gene expression (Kung et al., 2010) and
biosignature differences (Sher et al., 2022) found also in the cerebellum.
Also, its frequency can vary depending on the depressive, manic or
mixed state of the disease (Valtonen et al., 2008).

Regarding the estimation of performance, we note that it is very
challenging given the number of available samples, the high-
dimensionality of the problem, the fact that non-linear algorithms that
may overfit are also tried, and that numerous pipelines were tried.
Reporting the cross-validation estimate of the winning pipeline is known
to be plagued by the “winner’s curse” and be optimistically biased.
JADBIo uses several estimation principles that overcome these limita-
tions and do not require one to retain a completely separate hold-out set
for statistical validation of the methodology and thus “lose samples to
estimation” (Tsamardinos, 2022). It has been shown not to overestimate
performance in a large evaluation study (Tsamardinos et al., 2022).
However, an external validation dataset would be necessary to confirm
the results and to ensure that results transfer to datasets from other
laboratories.

Finally, further studies, in more post-mortem samples, using
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microarray (Choi et al., 2021), RNA-seq and other methods, are very
important, as the genetic characteristics of post-mortem brain tissue
samples could be extremely complex in the same area (Cariaga-Martinez
and Alelt-Paz, 2016) and divergent from the same characteristics of the
living brain, in health and disease; still they remain one of the corner-
stones of research on the neurobiology of the CNS and its disorders
(Harrison, 2011; Lewis, 2002; McCullumsmith and Meador-Woodruff,
2011; Sullivan et al., 2018).

5.5. Implications of the study

The discovery of a genetic biosignature leading to classification with
AUC> 90% and complete separation between the classification groups
(bipolar patients, healthy controls), indicates the existence of differ-
ences in the cerebellar genetic expressions of bipolar patients and
healthy controls. The biosignature, includes genes with known potential
associations with BD and with neuropsychiatric disorders whose
symptoms overlap with the symptoms of BD, plus new genes with
emerging properties, potentially related to brain function. Future
studies, based on advancements in knowledge of the cerebellar tran-
scriptomic landscape (Aldinger et al., 2021), could provide additional
insights into the cerebellar region specificity of our findings and of
future ones, on the potential connection of bipolar disorder with other
neuropsychiatric diseases which have similar cerebellar genetic profiles,
on the potential effect of medications (ex. lithium) to gene expression in
the cerebellum, on the interaction of brain-wide networks affected by
BD, with cerebellar-based networks leading to alterations of the cere-
bellar gene expression, and on the role of cerebellar- based networks in
the regulation and deregulation of emotional states.

6. Conclusions

The AutoML classification analysis of the expression data from the
cerebellum of bipolar patients and healthy individuals produced a
robust genetic biosignature and resulted in the complete separation
between the patient and control groups. These results point to the ex-
istence of a discrete genetic expression profile in the cerebellum of bi-
polar patients, compared to controls. Also, they support the further
application of AutoML, as a promising tool for genetic research in
neuropsychiatric disorders.
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