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Partner relationships,
hopelessness, and health status
strongly predict maternal
well-being: an approach using light
gradient boosting machine

Hikaru Ooba?, Jota Maki'*?, Takahiro Tabuchi? & Hisashi Masuyama*

No recent study has explicitly focused on predicting the well-being of pregnant women. This study
used data from an extensive online survey in Japan to examine the predictors of the subjective well-
being of pregnant women. We developed and validated a light Gradient Boosting Machine (lightGBM)
model using data from 400 pregnant women in 2020 to identify three factors that predict subjective
well-being. The results confirmed that the model could predict subjective well-being in pregnant
women with 84% accuracy. New variables that contributed significantly to this prediction were
"partner help", "hopelessness," and "health status". A new lightGBM model was built with these three
factors, trained and validated using data from 400 pregnant women in 2020, and predicted using data
from 1791 pregnant women in 2021, with an accuracy of 88%. These factors were also significant risk
factors for subjective well-being in the regression analysis adjusted for maternal age, region, parity,
education level, and the presence of mental iliness. Mediation analysis, with “*hopelessness” as the
mediator, showed that both “partner help” and “health status” directly and indirectly affected the
outcome.

Significant changes have occurred since the emergence of the novel coronavirus disease (COVID-19). Existing
literature provides mixed evidence on the impact of the pandemic on the mental well-being of the general
population’?. Specific demographics, such as young women, appear to be particularly susceptible to adverse
mental health outcomes"**. Additionally, pandemic-induced isolation and changes in working styles, including
a rise in remote working, have altered stress responses and influenced family dynamics®~.

Among these general trends, the well-being of pregnant women has emerged as a vital yet understudied area of
concern. Pregnancy is a transitional period characterized by considerable physical and emotional changes. Even
before the pandemic, these changes affected both maternal and infant health®!!. Recent studies have reported a
decline in the subjective well-being of people affected by the COVID-19 pandemic'?. Consequently, identifying
the predictors of maternal well-being during these trying times has significant implications for public health
policy making.

To address this, our study aimed to develop a machine learning model specifically designed to predict the
subjective well-being of pregnant women during the COVID-19 pandemic. Machine learning offers a robust
methodology for dissecting the complex interplay between the factors that affect well-being. Using this model,
we also aimed to identify factors contributing to well-being, thereby informing early interventions to enhance
the quality of life (QOL) of mothers and children, including unborn babies. This research builds on previous
studies that found sociodemographic factors to be strongly associated with well-being in non-pregnant women"’.
Given the likelihood of shifting the determinants of well-being during the pandemic, our focus extends to the
unique challenges faced by pregnant women.
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Methods

Data source

We conducted a retrospective analysis of the Japan COVID-19 and Society Internet Survey (JACSIS), an annual
survey initiated in 2020. The survey was managed by Rakuten Insight Corporation, a leading Internet research
firm, and boasts a large, nationally representative sample pool of approximately 2.2 million panelists across vari-
ous age groups, sexes, and socioeconomic statuses'*!°. For the 2020 survey, we began collecting data on August
25,2020. We randomly distributed surveys to a sample of 224,389 individuals, stratified by sex, age, and prefec-
ture. The target number of respondents, stratified by sex, age, and prefecture, was set at 28,000, with an expected
response rate of 12.5%, based on Japan’s 2019 population distribution. This target was achieved on September
30, 2020. We filtered out invalid or inconsistent responses, such as male respondents claiming to be pregnant.
Respondents identified as expectant mothers were further categorized based on their expected delivery dates.
We then employed stratified random sampling to match Japan’s national distribution, considering factors such
as prefecture, sex, and age. The refined sample received the survey via email between October 15 and 25, 2020.
The surveys were structured to require the completion of each question before progressing to the next question,
eliminating the possibility of missing data due to non-response. To incentivize participation, respondents were
offered credit points—referred to as “E-points”— that could be redeemed for online shopping or converted to
cash. Another survey was conducted using a similar methodology from July 28 to August 30, 2021. We defined
the target population based on data from two separate periods: Participants who answered as pregnant between
October 15 and 25, 2020, were categorized as "2020 data,"” while those who answered as pregnant between July
28 and August 30, 2021, were categorized as "2021 data."

Candidate determinants of well-being

We defined a binary outcome for well-being using a 10-point happiness scale. This scale was corroborated by a
study that assessed happiness levels in a general Japanese sample using the JACSIS survey'®. Based on this study,
the median happiness score in the Japanese sample population was 7, with an interquartile range (IQR) of 6-8.
Considering these findings, we defined a score of 7 or higher as good well-being (1) and a score of 6 or lower as
poor well-being (0). To identify potential determinants of psychological well-being, we included a wide array of
demographic, sociodemographic, and health-related variables such as age, sex, body mass index, marital status,
educational level, occupation, and household income. We also integrated established mental health scales, such
as the Kessler Psychological Distress Scale'” and the Edinburgh Postnatal Depression Scale'®. Additionally, to
capture the unique sociodemographic dynamics introduced by the COVID-19 pandemic, we considered factors
such as anxiety regarding future household income and trust in both community and online interactions. The
questionnaire comprised 552 items. Supplementary 1 provides the complete questionnaire.

Statistical methods
Our analytical strategy comprised multiple steps, from preliminary descriptive statistics to advanced machine
learning modeling.

Descriptive analysis
Initially, we assessed the pregnant respondents’ sociodemographic and health profiles in 2020 and 2021. We also
examined the distribution of their subjective well-being scores during the COVID-19 pandemic.

Model selection

We employed the Light Gradient Boosting Machine (LightGBM)" to examine the prediction metrics of the
outcome variable and to identify factors that contribute strongly to the prediction. Operating within a gradient-
boosting framework, LightGBM uses an ensemble of decision trees to minimize a designated loss function. Its
design optimization makes it highly efficient for computational processing and memory usage, making it ideal for
large datasets. Light GBM can directly handle categorical variables, reducing the risk of overfitting in survey data
rich in such elements. Furthermore, the gradient-boosting approach naturally captures the feature interactions.
The model offers a wide range of hyperparameters, including solutions for class imbalances, thus facilitating
task-specific performance optimization. Given these advantages, Light GBM emerged as the best-fitting model
for our study. The decision tree algorithm calculates the probability that each sample belongs to a specific class.
We classified samples into Class 1 if the calculated probability of belonging to Class 1 was 0.5 or higher, and into
Class 0 if it was below 0.5.

Selection of variables contributing to the prediction

Data from 2020 were randomly divided into training (64%), validation (16%), and test (20%) sets using the
scikit-learn library’s train_test_split function®. The model was trained using training and validation sets and
evaluated on the test set. To counter overlearning, we applied Optuna?! for hyperparameter optimization. We
used the SHapley Additive exPlanations (SHAP) package? to quantify the importance of each variable. This
method yielded insights into the influence of each variable on the model’s predictions.

Prediction of well-being

A new model based on the LightGBM was created, focusing exclusively on the three variables with the highest
SHAP values as explanatory variables. The selection of these three variables was guided by their high SHAP
values, which indicated a substantial influence on well-being. The model was trained using 80% of the 2020
data as the training set and the remaining 20% as the validation set. This trained model was employed to predict
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well-being levels in the 2021 data and assess its predictive accuracy. To examine the degree of influence of each
predictor on well-being, a multivariate logistic regression model was constructed using the same three influen-
tial variables identified in the 2021 data, with well-being as the dependent variable. Odds ratios (ORs) for these
variables were calculated to quantify their impact. The variance inflation factor (VIF)* was calculated to address
potential collinearity with a cutoff value of 10%*.

Statistical significance was set at P<0.05. All computations and visualizations were performed using Python
version 3.8.16.

Outcome

The primary outcome focused on the accuracy of the machine learning model, which was trained on the 2020
dataset and deployed to predict well-being in the 2021 dataset, using a binary well-being measure as the target
variable. Secondary outcomes included precision, recall, F1 score, area under the receiver operating characteristic
curve (ROC-AUC) for predictive accuracy, and odds ratios for key variables related to well-being. F1 score, a
standard performance metric, represents the harmonic mean of precision and recall®.

TP + TN

AU = p U FN 1+ TN + FP M
T ,
precision = TP & FP (2)
I i 3
ecall = ——m—
Tt = p L EN 3)

Precision - Recall
Fiscore=2+ ——M————— (4)
Precision + Recall

TP, True Positive; FP, False Positive; TN, True Negative; FN, False Negative.

Sensitivity analyses

We conducted a sensitivity analysis to validate the robustness and reliability of our machine learning model,
particularly in the context of varying variables and thresholds. First, to investigate the impact of different model
settings, we used various decision tree models to perform similar training and validation by comparing the
metrics on the test data. We chose Random Forest?® and Extreme Gradient Boosting (XGBoost)?” as our models.
Random Forest is a form of ensemble learning that trains multiple decision trees and integrates their results by
averaging or taking a majority vote. XGBoost is a type of gradient boosting framework designed to train weak
learners (usually decision trees) sequentially to correct errors from previous steps. Then we evaluated the robust-
ness of our machine learning model by altering the cutoff thresholds for binary classification of the 10-point
subjective well-being scale. Based on previous studies’, the thresholds were set to 6 and 8. We also tested the
prediction accuracy of the model using the top two and four features.

We conducted a multivariate logistic regression analysis to control for possible confounders. These included
education level*, gestational weeks'?, parity'?, maternal age?®, mental illness’, and regional COVID-19 prevalence.
The age threshold was set at > 35 years, aligned with the common definition of geriatric pregnancy®. To perform
a robust quantitative evaluation, we calculated doubly robust estimators (DRE)* for the 10-point well-being
scale. We transformed the key variables into a binary form as follows: "feeling hopeless" was scored as 1 for any
response other than "not at all" when queried about hopelessness in the past 30 days; "lack of help from a partner”
was scored as 1 for responses of "not at all" or "not very much" when questioned about partner support; "poor
health status" was scored as 1 for descriptors of "not good" or "not too good" when asked about current health.
We conducted a mediation analysis®! to quantify the direct and indirect effects of each variable on well-being,
as there was a possibility that one variable could act as a mediator among the three key variables influencing the
prediction. In the mediation analysis, we estimated two types of effects: direct effects, where the independent
variable influences the dependent variable without the mediator, and indirect effects, where the influence occurs
through the mediator. We also calculated bootstrap 95% confidence intervals (95% CI)*? with 1000 iterations for
DRE, direct effects, and indirect effects.

Ethical approval

All procedures were conducted in accordance with the ethical standards of the Declaration of Helsinki. The
Osaka International Cancer Institute Research Ethics Committee reviewed and approved the study protocol
(Approval No. 1412175183). All the participants provided written informed consent before responding to the
online questionnaire. Furthermore, Internet survey agencies complied with the Act on the Protection of Personal
Information in Japan'4. We also ensured participant data anonymization and secure storage.

Results

Participants

In 2020, a panel of pregnant and parturient women were surveyed. We randomly sampled 4373 (20.0%) of 21,896
women who met the inclusion criteria. We excluded fraudulent and other responses and included 1000 (4.6%)
participants in the final analysis, including 400 (1.8%) pregnant women. In 2021, of the 14,086 panelists who
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met the inclusion criteria, 8536 (60.6%) responded to the survey, and 8047 (57.1%) were selected for analysis
after excluding fraudulent and other responses. Of these, 1791 (12.7%) were pregnant women (Fig. 1). The
characteristics of the study population are summarized in Table 1.

Prediction of well-being

The distribution of the well-being is shown in Supplementary Fig. S1. The model demonstrated high accuracy
indices when it was trained and validated using only 2020 data, with values of 0.84 for accuracy, 0.85 for precision,
0.97 for recall, 0.91 for F1 score, and 0.80 for ROC-AUC (Supplementary Fig. S2). Using SHAP values, we
assessed the contributions of various characteristics to the objective variables (Figs. 2 and 3). We found that the
characteristic with the most significant impact on the outcome variable was "availability of partner help." The
next most significant characteristics were "frequency of feeling hopeless in the last 30 days" and "respondents’
health at the time of the response.” We also collected information on COVID-19 status and vaccination within
the questionnaire (Supplementary 1), but these did not contribute strongly to the prediction. Using these three
variables, we built the LightGBM model again, trained and validated it with 2020 data, and predicted the 2021
data. The model also demonstrated high indices with values of 0.88 for accuracy, 0.92 for precision, 0.95 for
recall, 0.93 for F1 score, and 0.83 for ROC-AUC (Table 2; Fig. 4). The results of the multivariate logistic regression
analysis are presented in Table 3. We found that none of the multivariate logistic regression model variables had
a VIF > 10.

Sensitivity analyses

Table 2 shows the prediction accuracy for the 2021 data when the models, well-being thresholds, and number
of features were varied. Table 4 shows the results of the multivariate logistic regression analysis when covariates
were added as explanatory variables. As the VIF was > 10, we did not include “gestation weeks” in the analysis.

Pregnant and postpartum women
who met the requirements of the study subjects
from October 15, 2020 to October 25, 2020

Pregnant and postpartum women
who met the requirements of the study subjects
from July 28,2021 to August 30, 2021
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Figure 1. Inclusion of study participants.
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Availability of gathering information related to illness and health from various sources

Characteristics Pregnant women in 2020 (n=400) | Pregnant women in 2021 (n=1791) | p-value
Age, years (mean + SD) 31.9+49 31.5+4.5 0.12
Gestation week (mean +SD) 344+5.1 333154 <0.001
Parity

Nullipara 199 942 0.33
Multipara 201 849

Partner

Present 397 1758 0.18
Absent 3 33

Education

With a college degree 191 962 0.04
Without a college degree 209 829

Mental disorders

Present 56 208 0.21
Absent 344 1583

Region

Hokkaido area 6 75 0.02
Tohoku area 26 93

Kita-Kanto area 19 60

Tokyo area 105 581

Chubu-Hokuriku area 29 128

Chukyo area 44 200

Osaka area 71 283

Keihan area 15 59

Chugoku area 21 110

Shikoku area 12 32

Kyusyu-Okinawa area 52 170

Table 1. General characteristics of the study population (see Supplementary 2 for definitions of each region).
SD standard deviation.

Availability of partner help

Frequency of feeling hopeless in the last 30 days

Respondent’s health at the time of the response

Change in current household income

Respondent’s characteristics: like new things and have unique ideas

Respondent’s characteristics: calm and stable I Class O

I Class 1

Feel anxiety about the future of their household finances

T T T T
0.0 0.2 0.4 0.6 0.8

mean (|]SHAP value|) (average impact on model
output magnitude)

Figure 2. Order in which each variable contributes to the subjective well-being based on SHapley Additive
exPlanations (SHAP) value. Red colors indicate positive values, while blue colors indicate negative values.

» «

“Parity,” “education level,” and “mental disorders” were significantly different, but these did not affect the
trends in odds ratios for the three variables. The DREs were — 1.65 (95% CI—2.22,-1.12) for "lack of help
from a partner,"—1.32 (95% CI-1.60,—1.06) for "feeling hopeless," and - 0.73 (95% CI-1.03,-0.42) for
"poor health status,” respectively. In the mediation analysis, the direct effect of “lack of help from a partner”
on “Well-being” was —1.50 (95% CI-2.12,-1.21), and the indirect effect through “feeling hopeless” was —0.40
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Figure 3. Violin plot of the SHapley Additive exPlanations (SHAP) value of each variable for predicting
subjective well-being. The horizontal axis represents the impact on the objective variable model output, whereas
the vertical axis shows a high contribution of the feature variables. Red colors indicate positive values, while blue
colors indicate negative values. If the blue plots increase as the impact on machine learning output increases,
this suggests that the objective and explanatory variables are negatively correlated.

Model Accuracy | Precision | Recall | Fl-score | ROC-AUC
3 variables, threshold 7, Light GBM 0.88 0.92 0.95 0.93 0.83
3 variables, threshold 7, random forest 0.87 0.92 0.93 0.93 0.81
3 variables, threshold 7, XGBoost 0.87 0.92 0.94 0.93 0.81
2 variables, threshold 7, Light GBM 0.86 0.93 0.92 0.92 0.79
4 variables, threshold 7, Light GBM 0.89 0.92 0.96 0.94 0.84
3 variables, threshold 6, Light GBM 0.92 0.95 0.97 0.96 0.87
3 variables, threshold 8, Light GBM 0.78 0.85 0.86 0.85 0.79

Table 2. Prediction results for each parameter. For all patterns, the machine learning models were trained and
validated using 2020 data and tested on 2021 data. ROC-AUC area under the receiver operating characteristic
curve, LightGBM Light Gradient Boosting Machine, XGBoost Extreme Gradient Boosting.

(95% CI-0.60,—0.27). For “poor health status” as the explanatory variable, the direct effect was—0.97 (95%
CI-1.43,-0.73), and the indirect effect was—0.59 (95% CI-0.63,—0.35).

Discussion

This study is novel because it shows that a machine learning model trained using data collected from pregnant
women can predict heterochronous well-being with 88% accuracy. The variables that significantly contributed
to this prediction were “lack of help from a partner;” “feeling hopeless,” and “poor health” Multivariate logistic
regression analysis using these variables as explanatory variables also confirmed that they were significantly
associated with subjective well-being. These trends remained consistent after adjusting for age, region, parity,
educational level, and history of mental illness. Furthermore, DRE showed a trend toward lower well-being when
any prediction variable was negatively skewed. Mediation analysis, assuming ’feeling hopeless’ as the mediator,
indicated a trend toward lower well-being when the predictors were negatively skewed. Additionally, the results
showed that each variable exerted both direct and indirect effects on maternal well-being through ’feeling hope-
less, with the direct effects being more substantial than the indirect effects. This trend is consistent with the results
of the summary plots of the SHAP values from the machine learning model.

These results suggest that during the COVID-19 pandemic, pregnant women’s family relationships, mental
state, and health may be strong predictors of subjective well-being. Previous online survey using the WHO-5
Well-Being Index and the Cambridge Worry Scale® noted a high percentage of pregnant women experiencing
low well-being during the COVID-19 pandemic. A study conducted during the COVID-19 pandemic that
investigated happiness among people without limiting the participants to pregnant women'® suggested that
social factors, like the presence of a partner or trust in the community, are positive determinants of happiness
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Figure 4. Receiver operating characteristic (ROC) curves for models trained using 2020 data and tested on

2021 data.
Factor Coefficient | p-value | 95% CI VIF
Intercept 0.018 <0.001 | 0.001-0.034
Frequency of feeling hopeless | 1.747 <0.001 | 1.487-2.052 | 4.390
Availability of partner help 2.811 <0.001 |2.259-3.497 |4.851
Respondent’s health 1.963 <0.001 | 1.627-2.368 | 5.303

Table 3. Results of the multivariate logistic regression analysis. CI confidence interval, VIF variance inflation

factor.

Factor Coefficient | p-value | 95% CI VIF
Intercept 0.002 <0.001 | 0.001-0.005
Frequency of feeling hopeless | 1.717 <0.001 | 1.454-2.028 | 4.581
Availability of partner help 2.902 <0.001 |2.312-3.643 | 5.668
Respondent’s health 1.933 <0.001 | 1.597-2.340 | 6.230
Age =35 years 1.074 0.730 | 0.716-1.611 | 1.364
Region 1.036 0.314 | 0.968-1.110 | 3.985
Parity 0.634 0.015 | 0.439-0.917 | 1.973
Education level 0.587 0.003 | 0.410-0.839 | 1.191
Mental disorders 1.951 0.004 | 1.253-3.025 | 1.197

Table 4. Results of the multivariate logistic regression analysis when age, region, parity, education level, and
presence of depression are included. CI confidence interval, VIF variance inflation factor.

during the pandemic. The authors pointed out that in many regions, physical isolation measures to contain the
spread of COVID-19 led to a reduction in social interactions and an increase in the possibility of psychological
isolation. A study analyzing emotions in posts on online support forums for pregnant women during the
COVID-19 pandemic* noted an abundance of negative sentiments. These stemmed from distress related to the
despair due to the loss of social and familial support, and anticipated grief from family and support structure
changes. Due to their higher risk of severe complications from COVID-19 infection, perinatal women were
particularly prone to being physically distanced both for their own safety and that of their children. As these
findings indicate, the presence of a partner strongly influenced the well-being of pregnant women, and our
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results emphasized this aspect. A sense of hopelessness may also influence the decline of well-being due to
decreased social interaction and increased psychological isolation. A meta-analysis® of pregnant women’s QOL
conducted before the COVID-19 pandemic found that partner support®® was a factor that improved QOL, and
physical factors (e.g., complications during pregnancy, physical symptoms such as nausea and vomiting®’, and
sleep disturbances®®) and psychological factors (e.g., anxiety, stress, and depression during pregnancy’) were
associated with reduced QOL. Another research® suggests that during an infectious disease epidemic, pregnant
women may be particularly distressed because of concerns about their health. Social capital has been suggested
to positively impact health status because of its knowledge transfer channels, reinforced behavioral norms, and
community cohesion®. Recent studies*’ have indicated that community cohesion is linked to the increased use
of preventive health care. In terms of health status, social capital may also have an impact'®.

Our study had several limitations. First, this was an exploratory study using machine learning methods to
examine factors affecting pregnant women’s subjective well-being during the COVID-19 pandemic, and not a
study to evaluate causal relationships. Therefore, it is unclear whether improving the predictors identified in
this study would improve pregnant women’s well-being. Second, this was a cross-sectional study based on web-
based self-reports, and the small sample size may involved selection bias. Although stratified random sampling
was conducted, the 2020 survey yielded only 400 pregnant women due to budget constraints. The 2021 survey
enabled us to collect more data. Despite the different periods and numbers of people in the data used for learning
and validation and the data used for testing, predictions can be made with high accuracy, and we believe that
qualitative trends are captured. Third, it is essential to note that well-being is a multifaceted concept, and overall
subjective well-being, as rated on a 10-point Likert scale, does not capture all aspects of pregnant women’s well-
being. However, social desirability bias can be reduced by using anonymous questionnaires on a simple scale*!.
Fourth, 2021 test data may include data from pregnant women in 2020. However, since it usually takes 10 months
from pregnancy to delivery, and it is rare for a woman to have another pregnancy immediately after childbirth, we
believe that even if the test data contain duplicates, the number is likely to be small. Fifth, because our study ret-
rospectively analyzed data from the JACSIS, our findings may not be generalizable to non-Japanese populations.

Conclusion

We developed a highly accurate model to predict the subjective well-being of pregnant women. Partner’s help,
pregnant women’s sense of hopelessness, and pregnant women’s health status significantly contributed to this
prediction.

Data availability
The datasets generated and/or analyzed during the current study are available from the corresponding author

upon reasonable request.

R

ived: 26 ng 2023; Acc

ed; 7 October 2023

References
1. Zacher, H. & Rudolph, C. W. Individual differences and changes in subjective wellbeing during the early stages of the COVID-19
pandemic. Am. Psychol. 76, 50-62 (2021).
2. Pierce, M. et al. Mental health before and during the COVID-19 pandemic: A longitudinal probability sample survey of the UK
population. Lancet Psychiatry 7, 883-892 (2020).
3. Ettman, C. K. et al. Prevalence of depression symptoms in US adults before and during the COVID-19 pandemic. JAMA Netw.
Open 3, €2019686 (2020).
4. Henseke, G., Green, F. & Schoon, I. Living with COVID-19: subjective well-being in the second phase of the pandemic. J. Youth
Adolesc. 51, 1679-1692 (2022).
5. Mojtabai, R., Olfson, M. & Han, B. National trends in the prevalence and treatment of depression in adolescents and young adults.
Pediatrics 138, 20161878 (2016).
6. Brooks, S. K., Weston, D. & Greenberg, N. Psychological impact of infectious disease outbreaks on pregnant women: Rapid evidence
review. Public Health 189, 26-36 (2020).
7. Mappa, L, Distefano, E A. & Rizzo, G. Effects of coronavirus 19 pandemic on maternal anxiety during pregnancy: A prospectic
observational study. . Perinat. Med. 48, 545-550 (2020).
8. Da Costa, D., Dritsa, M., Larouche, J. & Brender, W. Psychosocial predictors of labor/delivery complications and infant birth
weight: A prospective multivariate study. J. Psychosom. Obstet. Gynaecol. 21, 137-148 (2000).
9. Diego, M. A. et al. Prepartum, postpartum, and chronic depression effects on newborns. Psychiatry 67, 63-80 (2004).
10. Ibanez, G., Blondel, B., Prunet, C., Kaminski, M. & Saurel-Cubizolles, M. J. Prevalence and characteristics of women reporting
poor mental health during pregnancy: Findings from the 2010 French National Perinatal Survey. Rev. Epidemiol. Sante Publique
63, 85-95 (2015).
11. Chang, S. R, Kenney, N. J. & Chao, Y. M. Y. Transformation in self-identity amongst Taiwanese women in late pregnancy: A
qualitative study. Int. J. Nurs. Stud. 47, 60-66 (2010).
12. Yan, H., Ding, Y. & Guo, W. Mental health of pregnant and postpartum women during the coronavirus disease 2019 pandemic: A
systematic review and meta-analysis. Front. Psychol. 11, 617001 (2020).
13. Oskrochi, G., Bani-Mustafa, A. & Oskrochi, Y. Factors affecting psychological well-being: Evidence from two nationally
representative surveys. PLoS ONE 13, e0198638 (2018).
14. Rakuten Insight, Inc. About us: Rakuten insight. https://insight.rakuten.co.jp/en/aboutus.html (2020).
15. Tabuchi, T. et al. Heat-not-burn tobacco product use in Japan: Its prevalence, predictors and perceived symptoms from exposure
to secondhand heat-not-burn tobacco aerosol. Tob. Control 27, e25-e33 (2018).
16. Osawa, L., Goto, T., Tabuchi, T., Koga, H. K. & Tsugawa, Y. Machine-learning approaches to identify determining factors of
happiness during the COVID-19 pandemic: Retrospective cohort study. BMJ Open 12, 054862 (2022).
17. Kessler, R. C. et al. Short screening scales to monitor population prevalences and trends in non-specific psychological distress.
Psychol. Med. 32, 959-976 (2002).

Scientific Reports |

(2023) 13:17032 | https://doi.org/10.1038/s41598-023-44410-1 nature portfolio


https://insight.rakuten.co.jp/en/aboutus.html

www.nature.com/scientificreports/

18. Cox, J. L., Holden, J. M. & Sagovsky, R. Detection of postnatal depression. Development of the 10-item Edinburgh Postnatal
Depression Scale. Br. J. Psychiatry 150, 782-786 (1987).

19. Ke, G. et al. LightGBM: A highly efficient gradient boosting decision tree in Advances in Neural Information Processing Systems
(eds. Guyon, I. et al.) vol. 30 (Curran Associates, Inc., 2017).

20. Pedregosa, F. et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 12, 2825-2830 (2011).

21. Akiba, T, Sano, S., Yanase, T., Ohta, T. & Koyama, M. Optuna: a next-generation hyperparameter optimization frameworkK In
Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining 2623-2631 (Association
for Computing Machinery, 2019). https://doi.org/10.1145/3292500.3330701.

22. Lundberg, S. M. & Lee, S.-I. A unified approach to interpreting model predictions. In Proceedings of the 31st International Conference
on Neural Information Processing Systems (NIPS’17) (eds. Guyon, L. et al.) 4769-4777, vol. 30 (Curran Associates, Inc., 2017).

23. Austin, P. C. & Steyerberg, E. W. Events per variable (EPV) and the relative performance of different strategies for estimating the
out-of-sample validity of logistic regression models. Stat. Methods Med. Res. 26, 796-808 (2017).

24. Kim, J. H. Multicollinearity and misleading statistical results. Korean J. Anesthesiol. 72, 558-569 (2019).

25. Baron, R. M. & Kenny, D. A. The moderator-mediator variable distinction in social psychological research: Conceptual, strategic,
and statistical considerations. J. Pers. Soc. Psychol. 51, 1173-1182 (1986).

26. Breiman, L. Random forests. Mach. Learn. 45, 5-32 (2001).

27. Chen, T. & Guestrin, C. XGBoost: A Scalable Tree Boosting System. in Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining 785-794 (Association for Computing Machinery, 2016). https://doi.org/10.
1145/2939672.2939785.

28. Hicks, S. A. et al. On evaluation metrics for medical applications of artificial intelligence. Sci. Rep. 12, 5979 (2022).

29. Glick, I, Kadish, E. & Rottenstreich, M. Management of pregnancy in women of advanced maternal age: Improving outcomes for
mother and baby. Int. ]. Womens Health 13, 751-759 (2021).

30. Funk, M. J. et al. Doubly robust estimation of causal effects. Am. J. Epidemiol. 173, 761-767 (2011).

31. Tibbe, T. D. & Montoya, A. K. Correcting the bias correction for the bootstrap confidence interval in mediation analysis. Front.
Psychol. 13, 810258 (2022).

32. Farrell, T. et al. The impact of the COVID-19 pandemic on the perinatal mental health of women. J. Perinat. Med. 48, 971-976
(2020).

33. Mortazavi, F,, Mehrabadi, M. & KiaeeTabar, R. Pregnant women'’s well-being and worry during the COVID-19 pandemic: A cross-
sectional study. BMC Pregnan. Childb. 21, 59 (2021).

34. Chivers, B. R. et al. Perinatal distress during COVID-19: Thematic analysis of an online parenting forum. J. Med. Internet Res. 22,
€22002 (2020).

35. Lagadec, N. et al. Factors influencing the quality of life of pregnant women: A systematic review. BMC Pregnan. Childb. 18, 455
(2018).

36. Gharacheh, M., Azadi, S., Mohammadi, N., Montazeri, S. & Khalajinia, Z. Domestic violence during pregnancy and women’s
health-related quality of life. Glob. J. Health Sci. 8, 27-34 (2015).

37. Lacasse, A., Rey, E., Ferreira, E., Morin, C. & Bérard, A. Nausea and vomiting of pregnancy: What about quality of life?. BJOG 115,
1484-1493 (2008).

38. Da Costa, D. et al. Sleep problems and depressed mood negatively impact health-related quality of life during pregnancy. Arch.
Womens Ment. Health 13, 249-257 (2010).

39. Lee, J. K, Lin, L. & Magee, C. Investigating the relationships between social capital, chronic health conditions and health status
among Australian adults: Findings from an Australian national cohort survey. BMC Public Health 20, 329 (2020).

40. Kim, E. S. & Kawachi, I. Perceived neighborhood social cohesion and preventive healthcare use. Am. J. Prev. Med. 53, e35-e40
(2017).

41. Krumpal, I. Determinants of social desirability bias in sensitive surveys: A literature review. Qual. Quant. 47, 2025-2047 (2013).

Acknowledgements

This study was funded by the Japan Society for the Promotion of Science (JSPS) KAKENHI grants (grant nos.
18H03062 and 19K22788), the JSPS Grant-in-Aid for Young Scientists (grant no. 19K20171), and the Japan
Health Research Promotion Bureau Research Fund (grant no. 2020-B-09), which were awarded to TT. Proof-
reading for this manuscript was provided by Editage (https://www.editage.jp/).

Author contributions

Data: T.T. had full access to all data and took responsibility for the integrity of the data and accuracy of the data
analysis; Concept and design: H.O.; Acquisition, analysis, or interpretation of data: H.O.; Drafting of the manu-
script: H.O,; Critical revision of the manuscript for important intellectual content: All authors; Statistical analysis:
H.O.; Administrative, technical, and material support: .M., T.T., and H.M.; Supervision: H.M.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/s41598-023-44410-1.

Correspondence and requests for materials should be addressed to J.M.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2023) 13:17032 | https://doi.org/10.1038/s41598-023-44410-1 nature portfolio


https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1145/2939672.2939785
https://www.editage.jp/
https://doi.org/10.1038/s41598-023-44410-1
https://doi.org/10.1038/s41598-023-44410-1
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023, corrected publication 2025

Scientific Reports|  (2023) 13:17032 | https://doi.org/10.1038/s41598-023-44410-1 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Partner relationships, hopelessness, and health status strongly predict maternal well-being: an approach using light gradient boosting machine
	Methods
	Data source
	Candidate determinants of well-being
	Statistical methods
	Descriptive analysis
	Model selection
	Selection of variables contributing to the prediction
	Prediction of well-being
	Outcome
	Sensitivity analyses
	Ethical approval

	Results
	Participants
	Prediction of well-being
	Sensitivity analyses

	Discussion
	Conclusion
	References
	Acknowledgements


