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Abstract: Intrinsically Disordered Proteins (IDPs) play crucial roles in signal transduction, cell differentiation,
and transcriptional regulation. Many disrupted genes associated with mental disorders are identified as IDPs,
and emerging evidence suggests the functional role of IDPs in neuropsychiatric disorders. However, few
studies comprehensively explore the functional association between protein disorder properties and different
mental diseases. To address this gap, we collected disrupted gene sets for seven mental diseases (MDD, SCZ,
BP, ID, AD, ADHD, ASD) and a control gene set from normal brains using DisGeNET and GeneCards
databases. The state-of-the-art predictor IUPred2A was then utilized to calculate the disorder properties ,
followed by a thorough comparison between the disordered proteins in mental diseases and healthy controls.
Functional enrichment analysis and protein-protein interaction networks were conducted to investigate the
IDPs’ functional roles in psychiatric diseases. Additionally, we demonstrated the role of IDPs in protein
binding formations through a case study of alpha-synuclein using protein docking. Our findings reveal that
differentially expressed proteins in mental disorders, especially in ASD and ADHD, exhibit more IDPs than
those in healthy controls. IDPs in psychiatric disorders are significantly enriched in neurodevelopmental
pathways and play an important role in in gene expression regulation. Our results indicate distinct functional
patterns of disorder proteins among mental diseases and healthy controls. When comparing the IDPs between
ASD and ADHD, we observed that IDPs in ADHD are more likely linked to the synaptic signaling and
regulation, while IDPs in ASD are more tendentiously related to diverse and complex biological processes. Our
work offers valuable insights into the important functions of IDPs in psychiatric disorders, enhancing our
understanding of the molecular mechanisms involved in psychiatric disorders.

Keywords: mental disorder; intrinsically disordered protein; neural signaling; neurological development

1. Introduction

Mental disorders are common diseases that affect the mental health of more than 22.1% of the
world’s population [1]. Due to the complexity of pathogenesis and unknown etiological factors, there
are rarely effective therapies for mental diseases. Although genetic variation assessment, such as
Genome-Wide Association Studies (GWAS), has found numerous genes associated with mental
disorders, the underlying molecular mechanisms are still not fully understood [2—4].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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In recent years, significant strides have been made in exploring the functional properties of
intrinsically disordered proteins (IDPs) and unraveling their crucial role in mental disorders [4-6].

Intrinsically disordered regions (IDRs) are the protein regions of biologically active and highly
conformationally variable, but lacking stable three-dimensional structures [7-9]. IDPs, which can
contain IDRs of varying lengths of IDRs or being completely disordered, are involved in a number of
biological regulation activities, such as signaling pathways, transcription, translation, and cell cycle
[10-14]. The precise regulation of affluent IDPs in cells ensures the accuracy of signaling pathways.
Mutations or changes in abundant IDPs could lead to multiple diseases [15-17].

IDPs play a crucial role in brain development. For example, ZSWIMS, a ubiquitin ligase,
catalyzes the development of the embryonic nervous system [18]. Its function is characterized by an
abundance of IDRs. These IDRs recognize the IDRs in the Dab1 protein, correcting its misfold through
the “disorder targets misorder’ mechanism [19]. ZSWIMS facilitates proper phosphorylation of Dabl
to maintain the regulatory role in the Reelin signaling pathway which is a key pathway in several
mental disorders, including Autism Spectrum Disorders(ASD), Schizophrenia(SCZ), Bipolar
Disorder(BP), Major Depression Disorders(MDD), and Alzheimer’s disease [18,20].

Mutations in IDPs have been found to be the main causes of protein aggregation in the brain,
which are associated with the plaques development and brain deposits in patients with
neurodegenerative disorders. Well-known IDPs, such as alpha-synuclein, amyloid beta peptide, and
also Huntington’s protein , are linked to the development of disorders like Alzheimer’s diseases,
Parkinson’s diseases, and Huntington’s diseases [21-27].

There are already some studies to reveal the functional importance of disorder properties by
investigating a single or a couple of genes in mental diseases [4,28]. However, the comprehensive
analysis of IDRs’ functional roles in the psychiatric disorders is rarely performed [29] . With improved
experimental methods and increased psychiatric cases, there is an urgent demand to collect the
current differential genetics data, conduct an in-depth disorder characteristics analysis, and
summarize the essential consequences of the major psychiatric disorders.

For this purpose, we meticulously gathered all proteins associated with the seven psychiatric
diseases (AD, Anxiety Disorder; ADHD, Attention Deficit Hyperactivity Disorder; ASD, Autism
Spectrum Disorder; BP, Bipolar Disorder; MDD, Major Depressive Disorder; ID, Intellectual
Disability; SCZ, Schizophrenia) through strict criteria guided process. The database was constructed
by comprising differentially expressed proteins from 7 diseases datasets and 1 control dataset
(BRAIN). Subsequently, the disorder properties of these proteins were characterized by the state-of-
the-art disorder predictor IUPred2A.

We conducted a thorough statistical study of the prediction results to both the disease dataset
and the control dataset, through focusing on the frequency of IDPs in each dataset. By utilizing the
protein interaction networks, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG), we examined the crucial roles that IDPs play in psychiatric disorders and detected some
significant enriched pathways and IDPs, and discussed their impact in psychiatric diseases.

We found that 50.53% proteins associated with mental disorders had IDRs (= 30 consecutive
residues in length), whereas the percentage in normal human brain proteins was 47.17%(p-
value<0.05).

Further analysis found that ASD and ADHD datasets hold more IDPs than the normal BRAIN
dataset. Additionally, ASD and ADHD datasets exhibited more IDPs than BP, MDD, and SCZ
datasets (Bonferroni p-value < 0.05). IDPs associated with psychiatric disorders are significantly
enriched in pathways related to neurodevelopment, and the known IDPs protein P53, occupies a
pivotal position among the psychiatric disease-differentiating proteins, and interacts with a wide
range of psychiatric disease-associated IDPs.

Our research aims to explore the neurobiological connections between IDPs and mental diseases,
and provide new insights into the pathogenesis and treatment of psychiatric disorders.
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2. Results&Discussion

2.1. Acquisition and characterization of differential genes in mental diseases

We created the MENTAL dataset, a disease database, and the BRAIN dataset, a control dataset,
as outlined in "Methods". The disease dataset was further subdivided into seven subsets: 68 proteins
related to anxiety disorders (AD dataset), 307 proteins related to attention deficit hyperactivity
disorder (ADHD dataset), 143 proteins related to autism spectrum disorders (ASD dataset), 602
proteins related to bipolar disorder (BP dataset), 512 proteins related to major depression (MDD
dataset), 812 proteins related to intellectual developmental disorders (ID dataset), and 939 proteins
related to schizophrenia (SCZ dataset).The list of genes is shown in Supplementary Tablel. Figure.
2A illustrates the gene relationships among the seven diseases datasets.

After obtaining differentially expressed genes and control genes for mental disease, we
functionally enriched them and examined the distinct functions of the differentially expressed
proteins associated with mental disorders using the MENTAL dataset. We observed significant
enrichment of proteins associated with psychiatric disease in processes related to behavior
(GO:0007610), head development (GO:0060322), neural projection development (GO:0031175), trans-
synaptic signaling regulation (GO:0099177), and brain development (GO:0007420), These processes
are closely linked to nervous system formation and function, as well as intraneuronal communication
and neurotransmitter release. There is evidence linking early neurodevelopment, synaptic density,
and neurotransmitter homeostasis to a variety of psychiatric disorders. For example, several brain
imaging studies of schizophrenic patients have shown that early brain development is different in
schizophrenia [30-32].

Furthermore, genes differentially expressed in mental diseases are strongly related to
transcription, signal transduction, protein-protein interactions, and gene regulatory mechanisms.
The encoded proteins are crucial parts of dendritic, axonal, post-synaptic, and pre-synaptic synapses.

The KEGG pathway enrichment analysis revealed significant enrichment of genes associated
with mental diseases in several pathways, including the cancer pathway (hsa05200), the
neurodegeneration pathway (hsa05022), the neuroactive ligand pathway (hsa04080), the MAPK
signaling pathway (hsa04010), and the Alzheimer's disease pathway (hsa05010). Figures 1B and 1C
show the detailed results of functional enrichment.

We used the STRING plug-in for Cytoscape software to construct a protein interaction network
for the MENTAL dataset in order to obtain the potential hub proteins and their interactions. The key
hub proteins including AKT1, TP53, and ACTB were identified by the degree algorithm in the
cytoHubba plug-in for Cytoscape software.

Previous studies have demonstrated that AKT1, TP53, and ACTB are strongly associated with
the development of psychiatric disorders. It has been suggested that TP53 plays a crucial role in
neuronal injury and death, despite the fact that it has been implicated in cancer [33]. Furthermore,
the AKT1 is a member of the AKT1-GSK3beta signaling pathway, which is a target of lithium, as a
result, it is implicated in the pathophysiology of schizophrenia [34,35].

Although limited evidence linking ACTB to psychiatric disorders, Actin Beta, encoded by ACTB,
has been found playing a significant role in presynaptic vesicle release, as well as in endocytosis and
vesicle recirculation processes, all of which are essential for intra-neuronal signaling. As regards the
fundamental function of 180 the Actin Beta, it is not surprising that ACTB plays a significant role in
mental health [27,36,37]. Figure. 1D depicts comprehensive data on the protein interaction network
associated with mental disorders.
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Figure 1. Gene Ontology (GO) Enrichment of Differentially Expressed Proteins in BRAIN dataset and
MENTAL dataset and Kyoto Encyclopedia of Genes and Genomes (KEGG) and Protein-Protein
Interaction Network Analysis of MENTAL dataset (A). The biological process (BP), cellular
component (CC), and molecular function (MF) terms of top 5 are associated with the BRAIN dataset.
(B). The BP, CC, and MF GO terms of top 5 are associated with the MENTAL dataset. (C). Based on
the number of enriched genes, the top 10 KEGG pathways in the MENTAL dataset were ranked. The
more enriched the path is, the closer it is too red from blue to red. The size of the circle indicates the
number of enriched genes. (D). Protein-protein interaction networks for the 100 proteins in the
MENTAL dataset, ordered from highest to lowest degree score. The colors represent different ranges
of degree values, from red to orange to yellow. The inner circle depicts the top 10 proteins in clockwise
order starting with AKT1.

2.2. Comparison of Protein Intrinsic Disorder Properties Between MENTAL Diseases and Controls

We predicted protein disorder for the seven psychiatric diseases in the MENTAL dataset and
the BRAIN dataset, and determined the percentage of IDPs in each dataset. The proportion of IDPs
in each dataset is as follows: ASD (66.43%), ADHD (59.93%)> ID (51.60%) > BP (50.83%) > MENTAL
(50.57%) > SCZ (50.48%) >BRAIN (47.17%) > MDD (47.07%) > AD (44.12%).

We observed that the percentage of IDPs in the MENTAL dataset is greater than that in the
BRAIN dataset. The result indicates that only 47.17% of the proteins in the BRAIN dataset are
classified as IDPs, while the number in the MENTAL dataset is 50.57%. This is a significant difference
in the percentage of IDPs between the two datasets (P < 0.05). (Table 2, Figure 2B).

Then, in order to gain a better understanding of the relationship between psychiatric disorders
and IDPs, we compared the content differences between the seven psychiatric datasets (AD, ADHD,
ASD, BP, ID, MDD, and SCZ) and the BRAIN dataset. We discovered that, in comparison to the
BRAIN dataset, the percentage of IDPs in the ASD and ADHD datasets was significantly higher
(Bonferroni p-value < 0.05) than that in other datasets (Table 2, Figure 2B).

Lastly, we separately compared the differences between the ASD dataset and the other six
psychiatric datasets, as well as the differences between ADHD dataset and the remaining six
psychiatric datasets. We discovered that the percentage of IDPs in the ASD dataset was significantly
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higher than that in the MDD, BP, SCZ dataset (Bonferroni p-value < 0.05). Additionally, the
percentage of IDPs in the ADHD dataset was significantly higher than that in the MDD dataset
(Bonferroni p-value < 0.05). Furthermore, we discovered that while the percentage of IDPs in the BP
dataset was similar to that of the BRAIN dataset and other psychiatric datasets, the IDPs in the BP
dataset had longer IDRs, shown in Figure. 2D. Table 2 provides the detailed information.
Furthermore, Table 1 presents details on the top 15 proteins in the MENTAL dataset with the highest
percentage of protein disorder.

After identifying the varying proportions of IDPs between mental diseases and healthy controls,
we delved deeper into exploring potential functional pathways associated with IDPs in psychiatric
diseases. To facilitate this investigation, we categorized the proteins into two groups: namely 'LOW'
and 'HIGH', based on the length of the disordered regions. Subsequently, we conducted a series of
analyses, including functional enrichment and protein-protein interaction assessments.

Table 1. Top 15 proteins with the highest percentage of disordered residues in the MENTAL

dataset.
Amino acid Longest
Protein Protein Disease Protein  residues predicted disordere Function
name ID length(aa) to be disordered,  dregion
aa (%) (aa)
hILZOtE:;aS Inhibitor of
P ep1 PPRIB_ BPMDD/S 204(100) - protein-
HUMAN cz phosphatas
regulatory o1
subunit 1B '
B-cell beta
CLL/lymph BCL9_H .
oma 9 UMAN BP/SCZ 1426 1421(99.65) 532 Cfater.un
. binding
protein
Neuromod NEUM_ BP/MDD/S calmodulin
ulin HUMAN cz 238 23508.74) 235 binding
calcium-
ADHD/BP
Complexin-  CPLX2_ dependent
5 HUMAN /MD;)/SC 134 132(98.51) 125 protein
binding
Protein PRC2A_ RNA
PRRC2A  HUMAN SCZ 2157 2078(96.34) 1802 binding
Microtubul
e- MAP6_H calmodulin
associated =~ UMAN S5Cz 813 775(95:33) 448 binding
protein 6
ADHD/BP beta-
T ipti ITF2_H
ranscript HU o pp/Dy 667 635(95.20) 255 catenin
on factor 4 MAN o
SCZ binding
Methyl- AD/ADH
CpG- MECP2_ D/ASD/BP chromatin
binding HUMAN /MDD/ID/ 486 460(94.65) 269 binding
protein 2 SCZ
Myelin MBP_H calmodulin
bam? UMAN SCzZ 304 85(93.75) 168 binding
protein
TATA- RBP DNA
%6_ MDD 592 555(93.75) 243 N

binding HUMAN binding

doi:10.20944/preprints202402.0573.v1
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6
protein-
associated
factor 2N
Splicing protein
factor, SFR19_H domain
arginine/ser UMAN S5Cz 1312 1229(3.67) 737 specific
ine-rich 19 binding
RNA-
bmdn.lg FUS_HU MDD 506 490(93.16) 203 Ch?onTatm
protein MAN binding
FUS
Microtubul
e- TAU_H actin
- AD/MDD 7 703(92.74
associated =~ UMAN M %8 03(2.74) 603 binding
protein tau
Neurosecre VGF HU BP/MDD/S growth
tory protein N 615 568(92.36) 267 factor
MAN Ccz .
VGF activity
. STMNI1_ tubulin
Stathmin HUMAN MDD 149 137(91.95) 120 binding

AD, Anxiety Disorder; ADHD, Attention Deficit Hyperactivity Disorder; ASD, Autism Spectrum
Disorder; BP, Bipolar Disorder; MDD, Major Depressive Disorder; ID, Intellectual Disability; SCZ,
Schizophrenia.

2.3. Binding Sites Prediction in MENTAL Diseases and Controls

We employed ANCHOR to predict disordered binding sites within the protein sequences of
each dataset. Given the crucial role of IDPs in molecular functions through protein interactions.
disordered binding sites were identified based on a threshold ANCHOR SCORE of 0.5.

To reduce the impact of variations in protein sequence length across datasets on the comparison
of disordered binding sites, only the proteins of at least one disordered binding site are selected into
the comparison task. Our findings reveal that the ASD and ADHD datasets contained more proteins
with disordered binding sites than the BRAIN dataset does (Bonferroni p-value < 0.05), and
furthermore, the ASD and ADHD datasets surpass the MDD dataset in the number of proteins with
disordered binding sites (Bonferroni p-value < 0.05).

The result indicates that the proteins in the ASD and ADHD datasets are more likely to bind
and, interact with other proteins than those in the BRAIN and MDD datasets. This tendency is also
associated with the higher prevalence of IDPs in the ASD and ADHD datasets. Supplementary Table
2 and Figure. 2C provide a comprehensive summary by regarding the disordered binding sites for
each dataset.

Table 2. Comparison of disorder properties in different mental diseases.

Protein length Intrinsic disorder estimates
Overall Proteins with long
disordered i f
Name N Mean SE Maximum Median 1s‘or er.e regions o
amino acids .
disorder (%)
(%)
BRAIN 2188 5758 109 4870 441 25.25% 47.17%
AD 68 6958 728 2768 479.5¢ 29.59% 44.12%
ADHD 307 9951 543 8797 710.0¢ 28.28%¢ 59.93%e
ASD 143 1033 683 4967 708.0¢ 29.22% 66.43%¢

BP 602 7531 29.2 8797 560.5¢ 24.98%¢ 50.83%
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MDD 512 687.8 28.6 6306 485.5¢ 23.07%¢ 47.07%
ID 812 9211 30.2 8797 634.5¢ 26.21%¢ 51.60%
SCZ 939 7542 232 8797 541.0¢ 26.02%¢ 50.48%
P-valuea P<0.001¢ P<0.0014 P<0.0014
MENTAL 2189 7919 15.6 8797 559.0e 25.67%¢ 50.57%¢
P-valueb P<0.001¢ P<0.0014 P<0.0014

BRAIN, Randomly selected controls from brain expression protein data after exclusion of MENTAL
data;AD,Anxiety Disorder; ADHD, Attention Deficit Hyperactivity Disorder; ASD,Autism Spectrum
Disorder;BP,Bipolar Disorder;MDD,Major Depressive Disorder;ID,Intellectual
Disability;SCZ,Schizophrenia; MENTAL,All relevant proteins in selected psychiatric disorders. 2P-
value for disease-specific comparison with BRAIN dataset; "P-value of MENTAL compared to BRAIN
dataset; ‘Kruskal-Wallis Test. dchi-square test; ¢Values different from BRAIN dataset.
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Figure 2. Summary of differential gene datasets for psychiatric diseases and results of protein disorder
and binding site prediction. (A) Intersections between the seven psychiatric disease datasets, with the
number in each region representing the number of genes contained in the corresponding disease
intersection. (B) Percentage of proteins containing disordered residues of each length in the seven
disease datasets, with the x-axis representing disordered residues of different lengths (30-90) and the
y-axis representing the percentage of proteins in the dataset containing at least one disordered residue
of that length. (C) Percentage of proteins containing at least one disordered binding site in the seven
disease datasets and the control dataset, with the X-axis representing the different datasets and the Y-
axis representing the percentage of proteins containing at least one disordered binding site. (D)
Percentage of disordered residues of each length in the seven disease datasets to the total number of
disordered residues in the datasets, with the x-axis representing disordered residues of different
lengths (30-90), and the y-axis representing disordered residues of each length as a percentage of the
total number of disordered residues contained in the proteins in the datasets.
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2.4. Comparison of Enrichment Analysis between Low Disorder and the High Disorder proteins

We conducted GO and KEGG functional enrichment analyses on the Low Disorder dataset and
the High Disorder dataset, respectively. We identified and listed the top 5 items for BP, MF, CC in
GO, as well as the top 10 pathways in KEGG. This analysis serves to further validate the pivotal role
of disordered proteins in psychiatric disorders and explore the key functions they played in these
conditions.

2.4.1. Gene Ontology Functional Analysis

The two protein categories distinctly differ in terms of molecular function; Low Disorder
proteins are implicated in molecular transmembrane transport, protein-protein interactions, and
oxidoreductase activity. In contrast, High-disorder proteins exhibit a strong preference for
intermolecular interactions, particularly those involving proteins and DNA. The majority of these
interactions are related to signaling, gene expression, and transcriptional regulation.

In biological processes, Low Disorder proteins are primarily involved in behavioral processes,
synaptic signaling, regulatory processes, and cellular responses. Correspondently, High Disorder
proteins are also involved in the regulation of synaptic signaling processes, but their primary
functions lie in nervous system development and cellular morphogenesis. The GO enrichment results
reveal that, although High Disorder proteins and Low Disorder proteins are implicated in distinct
biological processes, there is also some overlap between them, indicating that these two proteins
categories are not entirely function independently.

Furthermore, both Low Disorder and High Disorder proteins play vital role in synapses, for the
reason that their shared genetic origin as proteins are associated with mental disorders. This
reinforces the importance of synapses in the pathogenesis of psychiatric disorders.

We also performed GO enrichment analysis of IDPs in the ASD and ADHD datasets, considering
the significant differences in IDPs content between ASD and ADHD compared to the BRAIN dataset.
The results highlighted distinctions in the molecular functions and biological processes associated
with IDPs in these two diseases.

Specifically, the molecular functions performed by IDPs in ASD involve the binding of
chromatin DNA transcription factors RNA, etc., while those in ADHD are associated with both ion
transmembrane transport and chromatin binding. In terms of biological process enrichment, IDPs
from the ASD dataset are linked to a diverse range of biological processes, including learning and
memory, chemical synaptic modulation, behavior, head development, and cognition. Conversely,
IDPs from the ADHD dataset are related to processes such as membrane potential regulation, ionic
transmembrane transport regulation, and synaptic signaling.

Both the molecular functions and biological processes enriched for IDPs in ADHD underscore
their essential role in synaptic signaling and regulate. The comprehensive findings of the GO analysis
are presented in Figure. 3.

2.4.2. KEGG pathway enrichment analysis

The KEGG enrichment results for Low Disorder and High Disorder proteins exhibited no
significant differences; both were enriched in several of the same pathways, including
neurodegenerative diseases, cancer, neuroactive ligand-receptor interactions, and the PI3K-Akt,
MAPK, and cAMP signaling pathways. Interestingly, all of these pathways were also represented in
the KEGG enrichment of the MENTAL dataset.

This suggests that the similarities between the KEGG enrichment values for low and high
disordered protein KEGG enrichment values can be attributed to their common origin from the
mental disorder Differential Gene Dataset. The top 10 pathways enriched by KEGG for the Low
Disorder and High Disorder datasets are illustrated in Figures 4C and 4D.
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Figure 3. Based on the Gene Ontology (GO) terms that were significantly enriched for function, the
top 5 GO terms in Biological Process (BP), Cellular Component (CC), and Molecular Function (MF)
were chosen. The length of the bar indicates the number of genes enriched for that term, and the color
of the bar ranges from red to blue, with the closer the red color, the more genes enriched for the altered
term. (A) Enrichment results for the Low Disorder dataset. (B) Enrichment results for the High
Disorder dataset. (C) Enrichment results of IDPs in ASD. (D) Enrichment results of IDPs in ADHD.

2.5. Comparison of PPI Network between Low Disorder and the High Disorder proteins

Protein interaction networks were constructed for proteins in the Low Disorder and High
Disorder datasets to gain a better understanding of the role of IDPs in psychological diseases and to
identify key IDPs crucial in these diseases. The final PPI network appeared as following:

The Low Disorder Protein Interaction Network consists of 619 nodes and 1455 edges, where each
node represents a protein. Edges between nodes indicate the existence of known or predicted
interactions between two proteins. Using a degree algorithm, we filtered out the top 50 nodes and
reconstructed the interaction network of these nodes. In this reconstructed network, there are 50
nodes and 970 edges, with an average of 19.4 edges per node connected to other nodes. According to
the degree algorithm, the top three proteins in the low disorder protein network are ACTB, AKT1
and KRAS.

Similarly, the High Disorder protein interaction network includes 605 nodes and 1707 edges. By
means of a degree algorithm, we filtered out the top 50 nodes and reconstructed the interaction
network of these nodes. In this reconstructed network, there are 50 nodes and 1426 edges, and on
average each node has 28.5 edges connected to other nodes. According to the degree algorithm, the
top three proteins in the highly disordered protein interaction network are TP53, CREB1, and
CREBBP

KRAS is identified as one of the top proteins in the Low Disorder. Proteins expressed by the
KRAS play a crucial role in mediating the regulation of the RAS/MAPK pathway , impacting
neuronal cell growth, proliferation, and differentiation, as well as influencing the development of the
central nervous system [38,39].

One of the top proteins identified in the High Disorder dataset is TP53, which codes for the P53
protein, a known IDPs. The P53 protein features a tetramerization and regulatory function-rich
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intrinsically disordered structural domain at its C-terminus, along with an intrinsically disordered
transcriptional activation structural domain at its N-terminus [40,41]. The presence of these
disordered regions is crucial for the multifunctionality of the P53 protein, known to interact with
nearly 1,000 partners.

The C-terminal structural domain of the P53 protein binding to GSK3, an interaction with
implications, as the association of GSK3 with schizophrenia has been demonstrated [42].

Among the top proteins identified in the High Disorder dataset are CREB1 and CREBBP,
encoding proteins known to have regions that are intrinsically disordered. CAMP Response Element
Binding 1 (CREB1), encodes a CREB transcription factor. In the eukaryotic transcriptional regulatory
network, the CREB binding protein (CBP) is a central node and is encoded by the CREBBP. CBP
interacts with over 400 transcription factors and other regulatory proteins. Remarkably, more than
1,400 amino acids (almost 60% of the sequences) are predicted to be intrinsically disordered, in
addition to seven known folded structural domains.

The phosphorylated kinase inducible activation domain (pKID) of CREB binds to the KIX
structural domain of CBP, folds into two a-helices, called A and aB, effectively triggering gene
expression [43,44]. A meta-analysis comparing the expression levels of CREB1, CREBBP, and EP300
in autopsy Brodmann Area 10(BA10) samples from patients with schizophrenia to healthy controls
revealed higher levels of CREB1 and CREBBP in samples of patient. Additionally, BA10 was found
to be involved in cognitive deficits associated with schizophrenia, suggesting that CREB1 and
CREBBP are implicated in the cognitive symptoms of diseases[4]. Furthermore, downregulation of
the CREB1 gene is linked to MDD, SCZ, and BP, according to the current study [28].

All these results collectively suggest the crucial role of disordered proteins in the development
of mental disorders. The concept of structural protein-based mechanisms underpinning mental
diseases can be significantly enriched through research on disordered proteins. Figures 4A and 4B
depict the protein interaction networks for the datasets with Low Disorder and High Disorder.
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Figure 4. For the Low Disorder and High Disorder datasets, a degree-based algorithm created protein
interaction networks, mapped the top 10 Kyoto Encyclopedia of the Genome (KEGG) pathways, and
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displayed the top 50 protein networks. (A) Protein-protein interaction networks of the top 50 proteins
in the LOW Disorder dataset, ranked in descending order of their degree scores. The colors represent
different ranges of degree values, transitioning from red to orange to yellow. The inner circle depicts
the top 10 proteins in clockwise order starting from ACTB. (B) Protein-protein interaction network
between the top 50 proteins in the Highly Disordered Dataset, ordered as in. The inner circle depicts
the top 10 proteins in clockwise order starting from TP53. (C) The top 10 KEGG pathways in the Low
Disorder dataset were ranked according to the number of enriched genes. The size of the circle
represents the number of genes enriched, and the closer to red color from blue to red color represents
the more significant enrichment in that pathway (D) The top 10 KEGG pathways in the High Disorder
dataset, ranked by the number of enriched genes. Circle and color mean the same as C.

2.6. A case study of IDP alpha-synuclein

Here, we selected IDP alpha-synuclein, whose abnormal deposition in the brain has been
strongly associated with Parkinson's disease [45,46] for protein interaction analysis. Recent studies
have shown that the SNCA gene encoding alpha-synuclein protein is upregulated in the peripheral
blood of patients with MD [47]. Despite the importance of alpha-synuclein in neuropsychiatric
disorders, most of the previous studies have dealt with only a small portion of the alpha-synuclein
protein. In this study, we selected a randomized Molecular Dynamics conformation containing the
entire a-synuclein sequence, and its binding partner tubulin (PDB:757]), a structural protein that also
plays an important role in depression for protein interaction. Our docking results show the
interactions between a-synuclein and tubulin. It has been studied that the functional conformation
of tubulin is formed through the binding with a-synuclein [48]. Also, the docking results suggest that
the roles of disordered and structural proteins in psychiatric disorders are not completely
independent of each other. These proteins may function through specific binding. This is consistent
with our functional enrichment results. By exploring the interactions between these two proteins, we
hope to provide some insights for further studies on the mode of disordered proteins in protein
interactions, especially the role of disordered proteins in protein interaction networks related to
mental diseases. The Molecular docking results are shown in Figure.5.

alpha-synuclein Tubulin (PDB:7S7J)
v.\/

ﬁ |
s
R: mj

alpha-synuclein-7S7J complex body

Figure 5. Molecular docking results of the IDP alpha-synuclein and the structural protein Tubulin.
The top left of the picture shows the 3D spatial structure of alpha-synuclein that we used for docking,
and the top right of the picture shows the 3D spatial structure of the Tubulin (PDB:757]) that we used
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for docking. The results of our molecular docking are shown in the lower portion of the picture. We
labeled the amino acids within 6 A of the distance between the two proteins as possible interaction
sites in PyMOL and showed the molecular structures of these amino acids.

3. DISCUSSION

Despite significant research efforts over the past few decades aimed at revealing the
pathophysiology of mental diseases [3,49-52], the precise molecular mechanisms underlying
psychiatric disorders remain an unresolved mystery. Previous research suggests that alterations in
the disordered properties of proteins are likely associated with the onset and progression of mental
disorders.

This paper delves into the distinctions in protein disorders from a proteomic viewpoint by
analyzing the disordered properties of proteins that differ across seven mental diseases. Furthermore,
it includes a discussion on the molecular pathways and mechanisms that underlie proteins that
display varying levels of disorder in these seven psychiatric diseases.

Our study results reveal a robust correlation between IDPs and psychiatric disorders,
particularly in proteins associated with ASD and ADHD, where IDPs are more prevalent. Studies
suggest that ASD and ADHD share certain common neurological conditions [53,54], and their
underlying neurobiological pathways exhibit remarkable similarities [55-57].

Our findings underscore the importance of IDPs in brain development [58] and highlight the
significance of IDPs in cell signaling and regulation [10,13]. These discoveries align with and support
previous research in the field. Although the proportion of IDPs in ASD equals to that in ADHD, the
biological processes involving IDPs in these two diseases differ significantly. In ADHD, IDPs are
predominantly enriched in synaptic signaling pathways, whereas in ASD, the processes involving
IDPs are more diverse and encompass pathways relevant to behavior, brain development, cognition,
synaptic signal transduction, and learning and memory.

The variations in the biological processes involving IDPs in ASD and ADHD may be linked to
their intricate pathogenic pathways and diverse clinical presentations. Further research on IDPs in
mental diseases, particularly ASD and ADHD, has the potential to contribute to a molecular-level
understanding of the pathogenic mechanisms of psychiatric disorders, providing a theoretical basis
for distinguishing between different psychiatric disorders.

The entire sequence of PPR1B is predicted to be disordered in the most IDPs. PPR1B encodes for
protein phosphatase 1 regulatory subunit 1B, a regulator of kinase or phosphatase associated with
glutamate and dopamine receptor activation. As a target of dopamine, PPR1B is strongly implicated
in the therapy of neurological and mental disorders [59-62]. Furthermore, we observed that majority
of the IDPs are associated with pathways or structures involving chromatin, nuclear membrane,
cytoskeleton, neurons, and other structures; This discovery aligns with the established role of IDPs
in synaptic and neuronal processes. We also found that some of the proteins that we categorized as
IDPs are proven targets for psychiatric drugs, a finding that may provide insights for further
elucidation of the mechanism of action of psychiatric drugs as well as the discovery of new
psychiatric drug targets. We show these drug targets categorized as IDPs in Supplementary Table 3.

We speculate that the overexpression of IDPs in psychiatric diseases may cause aberrant protein
interactions, and disrupt the balance of signaling networks [63]. The occurrence of psychiatric
diseases could in part, be attributed to an imbalanced signal transduction.

Furthermore, psychiatric disorders are associated with the initiation of protein aggregation
driven by the IDPs overexpression. For instance, protein aggregation resulting from the increased
release of synaptic nuclear proteins and Tau is implicated in neurodegenerative disorders such as
Parkinson's disease and Alzheimer's disease [23,64]. Similarly, chronic psychiatric diseases have been
linked to occurrences of protein aggregation. In the mouse brain, dysbindin, produced by the
Schizophrenia susceptible gene DTNBP1, co-aggregates with DISC1 , causes deleterious effects on
receptor neurons , specifically being pulling away from the initial aggregation site [65]. Recently,
patients suffering from SCZand MDD simultaneously were found to exhibit TRIOBP-1 aggregation
[66].
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Our study has certain limitations. Despite the abundance of gene-protein and disease-gene data
being available in the databases like DisGeNE and GeneCards, it is still possible to miss newly
identified genes linked to mental disorders. Furthermore, despite the utilization of highly reliable
predictors, in vitro studies continue to be the gold standard for precisely assessing whether a protein
structure affects mental disorders or not. Therefore, care should be taken to interpret our findings.

In summary, our study contributes to the exploration of the neurobiological mechanisms
underlying psychiatric disorders, providing a novel perspective from the standpoint of protein
disorders. We discuss the potential specific roles and mechanisms of IDPs in psychiatric disorders.
Our next step could be to study the aggregate properties of IDRs in the psychiatric disease-related
proteins, including radius of gyration, end-to-end distance, polymer scaling index, and aggregate a
sphericity. We might also explore the impact of conformational changes of IDRs in mental disease-
associated proteins on the function of full-length proteins and how conformational changes of IDRs
in mental diseases are linked to cellular function, localization, amino acid sequences, evolutionary
conservation, and disease variation, in conjunction with another newly released molecular model for
generating IDR conformational assemblies [67,68]. We hope that our research will advance a deeper
understanding of the pathogenic mechanisms of psychiatric disorders, and offer new insights for
future diagnosis and treatment.

GeneCards
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Figure 6. Data processing.

4. MATERIALS AND METHODS

4.1. Datasets

To create a dataset related to mental disorders, we searched the DisGeNET [69] and GeneCards
[70] databases by the following keywords: ‘anxiety disorder’, ‘attention deficit/hyperactivity
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disorder’, ‘autism spectrum disorder’, ‘bipolar disorder’, ‘intellectual disability’, “major depressive
disorder’, and ‘schizophrenia’. The genes with at least one of the following conditions are
considered: (i) gene-disease association score> 0.1 in the DisGeNET database; (ii) gene score > 1 in the
GeneCards database; and (iii) genes included by both databases.

The above steps resulted in the selection of 2388 differential genes for mental disorders. Since
the brain is primarily involved in the occurrence of psychiatric disorders, we concentrated on genes
that are expressed in the brain. To ensure that the disease related genes screened are expressed in the
brain, we applied the following criteria to the psychiatric differential gene dataset: (i). either
Cerebellum, Cerebral Cortex, Hippocampus, or Lateral Ventricle tissue were collected from the
Human Protein Atlas [71]; (ii) For the Allen Human Brain Atlas [72], genes of at least 75% expression
rates in normalized microarray datasets from 6 donors' brain samples, and co-occurrence in more
than half of the donors; (iii) Genes were considered to be brain-expressed for the RNA-Seq
developmental transcriptome dataset from the BrainSpan Atlas of the Developing Human Brain [73]
if they had an RPKM (reads per kilobase of transcript per million mapped reads) value > 1 in at least
75% of samples from at least one developmental stage. Differential genes for psychiatric disorders
meeting any one of the above requirements are retained in the final dataset. Figure 6 illustrates the
differential genes selection pipeline for psychiatric diseases.

Finally, we mapped the screened differential genes to the corresponding proteins via UniPro-
tKB [74] to obtain a mentally differential protein dataset containing 2,189 non-redundant proteins,
which we named the MENTAL dataset.

For comparison, we also established a control dataset named BRAIN using Brain-Specific
Proteome data in the Human Protein Atlas (Uhlen et al., 2010). The BRAIN dataset contains genes
only expressed in normal brains collected from the Human Protein Atlas. The criteria for curating the
BRAIN dataset are as follows: (i) Genes of a minimal expression signal in the human brain; (ii) Genes
of immunohistochemistry evidence of brain expression; (iii) Genes can be mapped to proteins by the
UniProt database ;(iv) Genes not found in the MENTAL dataset.

In the Human Protein Atlas, the proteins in the dataset were categorized into three classes based
on the relative expression levels: (i) Elevated in brain, (ii) Low tissue specificity but expressed in
brain, and (iii) Elevated in other but expressed in brain.

After categorizing the proteins in the MENTAL dataset according to their expression levels,
brain-normal proteins were chosen at random for each expression level in order to match the number
of proteins in the MENTAL dataset. 2,188 non-redundant proteins were included in the BRAIN
dataset.

Finally, we obtained 2,189 proteins in the disease MENTAL dataset and 2,188 proteins in the
control BRAIN dataset.

4.2. Intrinsic Disorder Prediction

We used a state-of-the-art disorder prediction program IUPred2A [75] to predict the disorder
properties in each dataset. IUPred2A is a combinatorial prediction model using support vector
regression (SVR) algorithms by integrating information based on residue-residue interactions and
specified lengths of secondary structure patterns. The online application of IUPred2A accepts
UniProt identifiers or a protein sequence in FASTA format as input. The final result will be the
disorderly tendency score for each residue in the sequence. Residues with scores above 0.5 are
classified as disordered, while scores below 0.5 indicate ordered. In this study, protein regions with
a continuous length > 30 disordered residues are characterized as an IDR, and proteins with at least
one IDR were classified as IDPs [29]. This allows us to conduct significant assessments of the
propensity to disorder between different protein groupings. Based on the presence or absence of
IDRs, we divided mental disease-related proteins into two categories: 'LOW Disorder’ and "HIGH
Disorder’, respectively.
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4.3. Binding Sites Prediction

The ANCHOR software was used to identify the binding regions [76,77]. Most disordered
proteins function by binding to structured partners through a disorder-to-order transition event.
ANCHOR uses methods for pairwise energy estimation to predict disordered binding regions by
finding fragments located in disordered regions interacting with globular protein partners to gain
stabilizing energy. Every protein sequence in the seven disease datasets and the BRAIN dataset had
predicted disordered binding sites; we compared the number of proteins with disordered binding
sites between the seven disease datasets and the BRAIN dataset, then investigated the patterns of
disordered binding sites in each dataset.

4.4. Protein-protein interaction (PPI) network construction

We constructed a network of protein-protein interactions (PPI) in using the UniProt ID as the
input, the string value ‘Protein Query’ as the data source, the threshold of ‘0.90" as the confidence
score. Then, we completed the network creation by the STRING plug-in, which eliminated the nodes
without edges in each network. Each node in the protein interaction network constructed by the
STRING plugin represents a protein, named after the gene corresponding to that protein. Therefore,
in the protein interaction network below, we will refer to the corresponding protein by the gene name
instead. The construction of network edges is based on known interactions, including those from
curated databases, experimentally validated interactions, and predicted interactions such as gene
neighborhoods, gene fusions, and gene co-occurrence. Additional factors such as text mining, gene
co-expression and protein homology are also considered.

The CytoHubba plugin was utilized to filter out the top 50 pivotal proteins in each dataset based
on the descending order of degrees. The interaction network for these important proteins was
reconstructed. We set the confidence (score) criterion to 0.40 while creating the top 50 network of
proteins interactions. The final interaction network containing the essential proteins was exhibited in
clockwise order based on the degree score. The top 10 hub proteins were identified by degree score
in the deepest layer of the network.

4.5. A case of psychiatric disease-associated disorder proteins

Our studies have found that most of the IDPs in psychiatric disorders are involved in protein-
protein interactions, and in order to explore the mode of action of disordered proteins in protein
interaction networks, we have conducted a case study of one of the currently prevalent IDP proteins,
a-synuclein. a-Synuclein's aberrant deposition in the brain has been implicated in the pathogenesis
of Parkinson's disease, and recent studies have demonstrated that the protein encoding the SNCA
gene is upregulated in the peripheral blood of patients with Parkinson's disease [47]. We selected a
randomized Molecular Dynamics conformation of alpha-synuclein and selected Tubulin (PDB:757]),
another potential biomarker of MD, as the target for interaction with alpha-synuclein protein.
Tubulin is a structural protein, and research suggests that Tubulin may be a potential biomarker for
MD (H. Singh et al., 2020). We performed molecular docking of alpha-synuclein and Tubulin using
CLUSPRO v.2 [78-81] and used PyMOL 2.6.0a0 open-source version to label amino acids with
distances below 6 A between the two proteins as possible interaction sites between alpha-synuclein
and Tubulin. By exploring the interaction relationship between IDPs (alpha-synuclein) and structural
proteins (Tubulin) associated with MD, we hope to provide some insights into further exploring the
interaction patterns between IDPs and structural proteins in a wider range of psychiatric disorders.

4.6. Protein Functional Annotation

We used the Metascape [82] to apply GO and KEGG analysis with all the following criteria:
a minimum overlap of 3, a p-value cutoff of 0.05, and a minimum enrichment of 3. We identified the
top 5 enriched gene counts in Biological Process (BP), Molecular Function (MF), Cellular Component
(CC), and the top 10 pathways with enriched gene counts in KEGG. R version 4.2.3 was utilized to
visualize these observations.
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4.7. Statistical Analysis

The statistical analysis was conducted using R version 4.2.3. Normality tests and tests for
variance homogeneity were conducted on each dataset, and it was determined that none of the
datasets had a normal distribution and that variances were not equal across groups. Therefore,
protein sequence lengths between groups were compared using the Kruskal-Wallis Test,
proportional comparisons were made using the chi-squared test, and pairwise comparisons were
adjusted the Bonferroni correction.

5. Conclusions

We found that psychiatric disease-associated proteins contain more IDPs compared to normal
brain proteins, and in particular, there are significant differences in the levels of IDPs in ASD and
ADHD compared to normal brain proteins. IDPs may influence early neurodevelopment as well as
signaling through protein-protein interactions, which may in turn influence the onset of psychiatric
disorders.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org. Table S1: The genes involved in this study; Table S2: Binding Sites Prediction for
Diseases and BRAIN; Table S3: IDPs in existing psychiatric drug targets.
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