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Background: Bipolar disorder (BD) is easy to be misdiagnosed as major depressive
disorder (MDD), which may contribute to a delay in treatment and affect prognosis.
Circadian rhythm dysfunction is significantly associated with conversion from MDD to BD.
So far, there has been no study that has revealed a relationship between circadian rhythm
gene polymorphism and MDD-to-BD conversion. Furthermore, the prediction of MDD-
to-BD conversion has not been made by integrating multidimensional data. The study
combined clinical and genetic factors to establish a predictive model through machine
learning (ML) for MDD-to-BD conversion.

Method: By following up for 5 years, 70 patients with MDD and 68 patients with BD were
included in this study at last. Single nucleotide polymorphisms (SNPs) of the circadian
rhythm genes were selected for detection. The R software was used to operate feature
screening and establish a predictive model. The predictive model was established by
logistic regression, which was performed by four evaluation methods.

Results: It was found that age of onset was a risk factor for MDD-to-BD conversion.
The younger the age of onset, the higher the risk of BD. Furthermore, suicide attempts
and the number of hospitalizations were associated with MDD-to-BD conversion. Eleven
circadian rhythm gene polymorphisms were associated with MDD-to-BD conversion by
feature screening. These factors were used to establish two models, and 4 evaluation
methods proved that the model with clinical characteristics and SNPs had the better
predictive ability.

Conclusion: The risk factors for MDD-to-BD conversion have been found, and
a predictive model has been established, with a specific guiding significance for
clinical diagnosis.
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INTRODUCTION

Bipolar disorder (BD), including depressive and manic phases, is
a common mental disorder with high morbidity, disability, and
suicide risk, which seriously impairs social functioning (1-3). The
probability of depressive episodes in BD patients is 3 times more
likely than that of manic episodes (3), and the symptoms of the
first depressive episodes of BD are not significantly different from
those of major depressive disorder (MDD) (4), so misdiagnosis
as MDD is common at the early stage of BD (5). According to
Undurraga et al., the interval between the delay to diagnosis of
BD is about 6-8 years (6). BD patients who are misdiagnosed with
MDD receive inappropriate therapy, which may increase the risk
of suicide and have a poorer prognosis (7, 8). There are several
reasons for the delay in diagnosis of BD. One is the diversity of the
disease itself and another is that the symptoms are insufficient to
identify manic episodes (9). Moreover, the lack of identifying risk
factors for conversion from MDD to BD is also a reason for the
delay (9). Therefore, it is important to provide an early warning
and detection of the disease.

Some reports have identified risk factors that are related
to conversion to BD, most of which are clinical risk factors,
such as the age of onset of the MDD (10), family history
of affective disorders (10, 11), suicide attempts (12), psychotic
symptoms (13), the number of hospitalizations (14), etc. In
addition, dysfunction of 24-h circadian rhythms is also a risk
factor (7). Many studies have shown that patients with BD have
circadian rhythm dysfunction. Patients with BD have decreased
sleep requirements during manic episodes, and the sleep-wake
phase delay is common (15). Yoshikazu et al. have shown
that patients with BD have a higher rate of circadian rhythm
dysfunction symptoms than patients with MDD (7). Circadian
rhythm dysfunction is closely related to BD (16), and several
studies reveal that circadian rhythm dysfunction is associated
with the pathophysiology of BD (17, 18). In mammals, the
hypothalamus’s suprachiasmatic nuclei (SCN) act as a master
circadian pacemaker (19, 20). Regulation at the molecular level
mainly relies on transcriptional-translational feedback loops of
circadian rhythm genes (21, 22). The main loops include CLOCK,
ARNTL (including BMAL1, MOP3, etc.), PER (PER1, PER2,
PER3), and CRY (CRY1, CRY2) genes (15). Polymorphisms of
these genes may be associated with BD. It has been shown that the
circadian rhythm gene pathway is involved in the development
of BD (23). Therefore, many genetic studies have attempted to
determine the possible association between circadian rhythm
gene variation and BD (15). It has been found that mice
with CLOCK gene knockout or mutations in the CLOCK gene
show manic-like behavior (21). Park et al. have found that
the polymorphisms of the circadian rhythm genes TIMELESS
and CSNKIE are significantly related to BD (15). Banach et
al. have found that the CC genotype of rs11600996 of the
gene ARNTL and the TT genotype of rs228642 of the gene
PER3 is closely associated with patients with BD and alcohol
dependence (23). The previous case-control design showed that
the genotype frequencies of rs228642 of PER3 were associated
with BD (24). Daytime dysfunction in the Pittsburgh Sleep
Quality Index (PSQI) was significantly associated with rs228642

in PER3 in patients with MDD and BD (25), suggesting
that rs228642 in PER3 polymorphisms influences sleep quality,
especially in patients with MDD and BD. However, no studies
have investigated the relationship between circadian rhythm gene
polymorphism and MDD-to-BD conversion.

Machine learning (ML) studies complex distributions
and determines possible connections based on complex and
conditional relationships between variables. In addition, it
verifies the dependability of the test results through repeated
cross-validation (26). In recent years, the use of ML in the
psychiatric field has been increasing, and predictive models
have the potential to improve diagnosis and treatment (27).
Currently, many studies have established predictive models
to help identify and diagnose diseases. A risk stratification
model for conversion from MDD to BD was established using
a classification and regression tree (CART), including clinical
factors such as outpatient follow-up times (28). However,
the clinical factors included are not comprehensive. It is worth
pointing out that the stratification model utilizes a single site, and
thus needs to be verified (28). Another study with ML methods
used neuroimaging data to distinguish unipolar depression and
bipolar depression, and the classification model established has
certain guiding significance for the clinical identification of BD
(29, 30). On the other hand, some studies with ML make use of
inflammation markers and intestinal microbes to help identify
and diagnose BD (31, 32). However, no studies have focused on
combining clinical and genetic factors to establish a predictive
model for the risk factors for MDD-to-BD conversion.

This study aimed to find clinical risk factors for MDD-to-
BD conversion. Based on that, we tried to establish a predictive
model through ML by combining clinical and genetic factors.
We hypothesized that by combining clinical characteristics with
circadian rhythm gene polymorphisms, the predictive model
could aid in the accurate clinical identification of BD. In this
study, we compared the clinical characteristics of patients from
MDD and BD groups to identify clinical risk factors. Then,
we selected clinical and genetic features by three methods.
Finally, we established a predictive model and evaluated its
predictive ability.

METHODS
Subjects

This study was carried out among inpatients at Zhongda
Hospital. We recruited 500 patients with an initial diagnosis of
MDD, and their clinical variables were collected to establish a
database. The inclusion criteria for MDD were shown as follows.
All recruited subjects were between 15 and 65 years old, having
presented with depressive symptoms and received an initial
diagnosis of MDD from two senior psychiatrists according to the
Diagnostic and Statistical Manual of the American Psychiatric
Association (DSM-1V). All were initially inpatients and scored
18 or over on the 17-item Hamilton Depression Rating Scale
(HDRS-17) (33).

A cohort of 299 of the initially recruited subjects was followed
up successfully after 5 years and the diagnosis was determined
independently by two senior psychiatrists. Of these 299 subjects,
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those with a score of more than 6 on the Young Mania
Rating Scale (YMRS) (34) met the inclusion criterion for a
diagnostic conversion to BD, with the remainder confirmed in
their diagnosis of MDD.

Exclusion criteria for MDD included documented history of
diagnoses on Axis 1 (including bipolar disorder, schizophrenia,
schizoaffective disorder, generalized anxiety disorder, panic
disorder or obsessive-compulsive disorder, intellectual
disability, personality disorder, substance misuse, alcohol,
and drug dependence history) of DSM-IV, pregnancy, lactation,
abnormalities of blood measures, heart, liver and kidney function
after examination, or a history of brain organic diseases and
endocrine diseases. The exclusion criteria of the BD group were
the same as those of the MDD group, except for the diagnosis
of BD. This study was approved by the Ethical Committee of
Zhongda Hospital (2021ZDSYLL062-P01), in accordance with
the Declaration of Helsinki. The sample size was calculated

by G Power. A two-sample f-test was carried out to check for
differences between two independent means (two groups). The
input parameters included: tails two; parent distribution normal;
effect size d 0.5; o err prob 0.05; power (1- B err prob) 0.08;
allocation ratio N2/N1 1. Each group should have more than
64 patients.

A previous similar cohort study showed the rate of conversion
from MDD to BD in 3 years as 12.4% (35). Assuming an
expected rate of conversion of 10-15% in the current study,
a cohort of 299 subjects would not yield enough subjects
converting to BD to meet the sample size required by the
power analysis. To address this, from a retrospective review of
inpatient medical records, another 34 patients were identified
who developed manic symptoms following an initial diagnosis
of MDD. These patients also provided signed informed consent
and were interviewed independently by two senior psychiatrists
to confirm a current diagnosis of BD with a score of more than 6

recruited patients

v

v

patients with a definitive
diagnosis of MDD who
were followed-up

patients developed BD
following an initial
diagnosis of MDD

patients included
in MDD group
N=70

sampling for the MDD group.

N=500 N=34
modified
failed to follow up —>| diagnosis as BD
N=201 = N=38
v v v
still diagnosed with total BD
MDD patients
N=261 N=72 excluded poor DNA
random < —>| quality patients
sampling v V N=4

FIGURE 1 | Patients flow chart throughout the trial. The 500 patients with an initial diagnosis of MDD were recruited and followed up after 5 years. In total, 299
subjects were followed up successfully. Of these 299 subjects followed up successfully, 38 subjects met the criteria for a diagnosis of BD and were included in the BD
group. Furthermore, from a retrospective review of inpatient medical records, another 34 patients were identified who developed manic symptoms following an initial
diagnosis of MDD and were included in the BD group. Of the total 72 BD patients, 4 patients with poor DNA quality were excluded. Finally, 68 patients were included
in the BD group. Of the 261 patients with MDD who followed-up successfully with a stable diagnosis of MDD, a subgroup of 70 subjects was selected by random

patients included
in BD group
N=68
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on the YMRS. The 34 patients also met the inclusion criterion for
a diagnostic conversion from MDD to BD.

In the patients with a stable diagnosis of MDD, a subgroup
of 70 subjects was selected by random sampling. There was no
significant difference in general clinical characteristics between
these 70 patients with MDD and the patients who were not
selected. The clinical characteristic variables in both MDD and
BD groups included gender, the age of the first onset of MDD,
family history of affective disorder, suicide attempt, psychotic
symptoms, and the number of hospitalizations.

Single Nucleotide Polymorphisms (SNPs)

Selection and Genotyping Methods

According to the circadian rhythm pathway, 6 candidate genes
were selected: CLOCK, ARNTL, CSKNI1E, PERI, PER2, and
PER3 (36). In total, 78 SNPs were finally selected, using dbSNP
(Map to Genome build: 36.3) and HapMap database (Public
Release #23) through literature review and site function.

Fasting venous blood was collected from all subjects at 8:00
in the morning into an EDTA anticoagulant tube and stored
at —80°C until genotyping. The genomic deoxyribonucleic acid
(DNA) was extracted from blood cells by that TTANamp Blood
DNA Extraction Kit (Tiangen) and divided into pieces for testing.

Genomic DNA was sheared and subjected to Illumina paired-
end DNA library preparation. All the SNPs were genotyped
using FastTaget. The captured libraries were loaded onto the
Ilumina HiSeq platforms. Sequencing was performed at Genesky
Biotechnologies Inc., Shanghai, China. The obtained data was
directly imported into GenomeStudio software for analysis to
obtain the genotype data.

Statistical Analysis

SPSS version 25 was used to analyze the risk factors for the
clinical characteristics. The age of first onset and number
of hospitalizations, which did not conform to the normal
distribution, were performed using a non-parametric test. Using
a chi-square test, categorical variables, including gender, family
history, suicide attempts, and psychotic symptoms, were tested.
P < 0.05 was considered statistically significant. Haploview
4.1 program was used to test for gene detection rate and
minor allele frequency (MAF). The SNPs with a detection
rate lower than 90% or MAF lower than 5% were eliminated
(Supplementary Table S2). We normalized the original data.
Each continuous variable was given values between 0 and 1.
The three algorithms included random forest (RF), gradient
boosting decision tree (GBDT) and recursive feature elimination
(RFE) were used for feature selection. The factors included in
three machine learning algorithms were gender, the age of the
first onset of MDD, family history of affective disorder, suicide
attempts, psychotic symptoms, the number of hospitalizations,
and 59 SNPs in the Supplementary Data. The results from
these three algorithms were overlapped to obtain the important
features. Based on the final feature selection results, the R
Programming Language (package “rms”) was used to establish
the risk prediction model. The predictive model was established
by logistic regression, and the model evaluation was performed
by the area under curve (AUC), calibration, net reclassification

improvement (NRI), and decision curve analysis (DCA). A
nomogram was finally used to visualize the model that could
calculate the disease’s risk probabilities.

RESULTS

Of a total of 299 subjects successfully followed up, 38 were
diagnosed with BD, with a conversion rate of 12.7%. Finally,
an MDD group of 70 subjects and, after including the second
cohort of 34 patients who underwent an MDD to BD diagnosis
conversion, a BD group of 72 subjects (Figure 1) underwent
further genetic investigation. In terms of clinical factors, the
299 patients successfully followed-up with did not differ from
the 201 patients lost to follow-up (Supplementary Table S1).
Of the 78 SNPs, 11 had a MAF of 5%, 6 had a detection rate
<90%, and 3 had an HWpval of 0.05. One SNP had both
a MAF of 5% and a detection rate <90%, leaving 59 SNPs
for inclusion (Supplementary Data, Supplementary Table S2).
Poor DNA quality prevented genetic analysis for four subjects in
the BD group.

General Information

There were significant differences between the two groups in age
at the first onset, suicide attempt, and psychotic symptoms (P <
0.05) (Table 1). The logistic regression analysis showed that the
age of the first onset was a significant risk factor (Table 2).

Machine Learning

The result of characteristics selected by RFE included gender, age
at the first onset, suicide attempt, the number of hospitalizations,
rs4146388 in ARNTL, rs1056547, and rs9312661 in CLOCK,
rs10462024 and rs2585408 in PERI1, rs2304671 and rs10462023
in PER2. The AUC value was 0.852.

A GBDT method was used to select the top ten variables
according to the importance of the variables: gender, age of
the first onset, suicide attempt, the number of hospitalizations,
rs4146388 in ARNTL, rs1056547, rs9312661 and rs3736544 in
CLOCK, rs228669 and rs2859387 in PER3. The AUC value
was 0.802.

For RF with 5 cross-validation results, according to the
smallest Gini index, the top five variables in each classification
were chosen. They were gender, age of the first onset, suicide
attempt, the number of hospitalizations, rs4146388 in ARNTL,
rs2585405 in PER1. The AUC value was 0.616.

The Predictive Model

Two models were established: the first model (modell) contained
the age of first onset, gender, suicide attempts, and number
of hospitalizations; and the second model (model2) included
the age of first onset, gender, suicide attempts, number of
hospitalizations, rs4146388 in ARNTL, rs1056547, rs9312661,
and rs3736544 in CLOCK, rs2585408, rs10462024 and rs2585405
in PERI, rs2304671 and rs10462023 in PER2, rs228669 and
rs2859387 in PER3. Their evaluation was performed by
AUC value (Figure 2), calibration (Figure 3), NRI, and DCA
(Figure 4). The AUC value of modell was 0.792 (Figure 2A)
and that of model2 was 0.779 (Figure 2B). The AUC value of
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TABLE 1 | General characteristics of patients with MDD and BD.

MDD (N = 70) BD (N = 68) P-value

Gender (male/female) 18/52 28/40 0.054
Age of onset (mean+SD) 46.01 + 14.372 32.84 £+ 15.830 0.000
Family history (yes/no) 57/13 47/21 0.093
Suicide attempt (yes/no) 47/23 33/35 0.027
Psychotic symptoms (yes/no) 3/67 11/567 0.021
The number of hospitalizations (mean + SD) 1.83 +£1.383 2.35 +£2.490 0.170
TABLE 2 | Logistic regression of clinical characteristics between patients with MDD and BD.

B BE Df P EXP 95%Cl
age of onset —0.051 0.013 1 0.000 0.950 0.927-0.974
constant 0.100 1121 1 0.929 1.105

A ROC curve for Logistic Regression model1 B ROC curve for Logistic Regression model2
o | o |
@© @©
= e |
Z S z S
2 =
@ 7]
c c
g I - ¢ 31
o™ o~
= AUC=0.792 o 7] AUC=0.779
o o
o o |
T T T T T T T T T T T T
00 0.2 04 06 08 1.0 00 02 04 0.6 08 10
1- specificity 1- specificity
FIGURE 2 | (A) The ROC curve and AUC value of model1. (B) The ROC curve and AUC value of model2.

modell was higher than model2, however, there is no significant
difference between the AUC value of modell and model2 using
the delong test (p-value = 0.805). The calibration curve of model2
(Figure 3A) was closer to the diagonal dotted line than that
of modell (Figure 3B), suggesting that model2 had a better
predictive effect. It could be seen from the DCA curve picture
that the curves of model2 are basically above that of modell.
It indicated that model2 had better performance than modell.
The Akaike information criterion (AIC) of modell and model2
were 165.95 and 158.17, and the NRI was 0.1851 [0.0207-
0.3494] (p = 0.027), indicating an improved predictive ability in
model2 compared with modell. We chose model2 as the final
predictive model based on the above results. Moreover, five cross-
validations was used as internal validation for model2 (Figure 5).
The mean AUC value was 0.7667 [95% confidence interval (CI):

0.6869-0.8466] and the prediction accuracy was 71%. Finally,
a nomogram was drawn (Figure 6) for its predictive ability.
According to the value of each risk factor corresponding to the
above scale (0-100), we could determine the corresponding score
of each risk factor from the nomogram. The total score was the
sum of the scores for each factor. From the downward projection
of the total score, the corresponding predicted value of the risk of
MDD-to-BD conversion could be obtained.

DISCUSSION

According to these results, the age of onset was the risk factor for
MDD-to-BD conversion using logistic regression analysis, RFE,
GBDT, and RF. Furthermore, suicide attempts and the number
of hospitalizations were also associated with MDD-to-BD
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conversion. Eleven circadian rhythm gene polymorphisms were  establish two models by ML, and four evaluation methods proved
associated with MDD-to-BD conversion by feature screening.  that the model with clinical characteristics and SNPs had the
In this study, the characteristics mentioned above were used to  better predictive ability.
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The conversion rate of our study was 12.7%, similar to a
prospective cohort study which showed the rate of conversion
from MDD to BD in 3 years was 12.4% (35). The conversion
rates have been reported as between 2.5 and 15.4% in follow-up
intervals of 3-9 years (37). The conversion rate of our study was
consistent with these studies.

The logistic regression analysis, RFE, and GBDT showed that
age at first onset is a risk factor for the disease. We found that
the younger the age of onset, the higher the risk of BD, which
is consistent with previous studies. Baldessarini et al. found a
different rate of switch-risk between adult patients with MDD
and adolescent patients with MDD, with the adolescent rate of
5.62%/year (9.33%/1.66 years) and an adult rate of 1.26%/year
(3.66%/2.90 years) (38), indicating that conversion is closely
associated with the age of onset.

While using GBDT and RF to screen the characteristics, it
was found that suicide attempts were also closely related to
MDD-to-BD conversion. Previous studies have clustered many
risk factors and identified the four most important variables,
including suicide attempts (12). It was found that the number of
hospitalizations was associated with MDD-to-BD conversion by
using RFE, GBDT, and RF to screen the characteristics. Dominika
et al. also found that the number of hospitalizations can be the
predictive factor (14).

This study provided preliminary evidence that several SNPs
of multiple circadian rhythm genes were associated with MDD-
to-BD conversion. Some polymorphisms, such as rs2859387 of
PER3 and rs4146388 of ARNTL, were related to the occurrence
of BD in previous studies. We found rs4146388 in ARNTL
was associated with MDD-to-BD conversion. Significant epistasis
was found in the ARNTL (rs4146388 and rs7107287) and
PER3 (rs2172563), indicating that the sum effects influence the
occurrence of BD (39).

Mansour et al. found that the genotype distribution of PER3
rs2859387 was significantly different between BD and healthy
control subjects (40). At the same time, our results showed
that this SNP is associated with MDD-to-BD conversion. This
polymorphism is located in the exon region; it is a synonymous
mutation, and how it affects the process of transcription and
translation has not yet been clearly determined. However, the
sequence change may affect the post-transcriptional processes
and regulation, translational efficiency, or protein folding,
affecting protein expression and biological function. We have also
identified SNPs that have not been found to be associated with
affective disorders in previous studies. More research is needed
to clarify the correlation between them.

The purpose of the feature selection process is to use an
adequate but minimal number of features to achieve optimal
prediction results of the model (41). Two methods for feature
selection achieved high AUC values. Although the AUC value
of RF was lower than others, almost all of the selected features
were included in the results of FRE and GBDT, indicating that
the results of the three methods have excellent consistency.

In this study, four methods were performed to evaluate the
effectiveness of the model. Although the AUC value of the model2
with SNPs showed no difference from that of the modell without
SNPs, three other feature selection methods showed that the

predictive ability of the model with both clinical characteristics
and SNPs was improved. The AUC value of model2 was lower
than modell. It may be due to the fact that the AUC is an
insensitive metric when evaluating improvement in predictive
performance (42). The AUC value, including genetics, would
be substantially lower than a model with clinical characteristics
(43). Researchers have used the classification regression tree
to establish a predictive model for mood disorders that only
included SNPs and had the insufficient predictive ability (39).
A risk-stratification model which only included clinical factors
was established by the same method, with an AUC of 0.743 (28).
The above predictive models only included unilateral factors with
insufficient efficacy. At the same time, the clinical and genetic
polymorphisms were combined and four methods were used to
evaluate the predictive models established in this study. We have
found that the predictive ability was better than the previous two
models. All showed that combining clinical characteristics and
genetic polymorphism is the better choice.

There are some limitations. First of all, the sample size of
this study is small; however, we did the power analysis, and
this study achieved the requirement of the minimum number of
patients. Second, the dropout rate of patients who followed up
was relatively high, impacting the sample size. More studies with
a larger sample size, more follow-up times, and more extended
follow-up periods are needed to be carried out to get a lower
dropout rate and validate the predictive model.

CONCLUSION

We have found that the age of onset was a risk factor
for MDD-to-BD conversion using logistic regression analysis,
RFE, GBDT, and RF. Furthermore, suicide attempts and the
number of hospitalizations were also associated with MDD-to-
BD conversion. We showed that eleven circadian rhythm gene
polymorphisms were associated with MDD-to-BD conversion
by feature screening. A model with both clinical features and
genetic polymorphisms had a better predictive ability. In future
research, a follow-up study with a larger sample is needed to
verify our predictive model and modify the accuracy of the
predictive model.
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