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Background

A number of studies have demonstrated that suicidal ideation in late life is associated with early-life circumstances. However, the importance of early-life circumstances in predicting suicidal ideation is not entirely clear. This study aims to use a machine learning approach to evaluate the importance of 32 early-life circumstances from six domains in predicting suicidal ideation in old age.





Methods

The data in this study come from a cross-national longitudinal survey, the Survey of Health, Aging and Retirement in Europe (SHARE). Participants recalled information on early-life circumstances in SHARE wave 7 and reported suicidal ideation in SHARE wave 8. The XGBoost model was employed to evaluate the importance of 32 circumstances in six domains (early-life socioeconomic status, early-life health and healthcare, early-life relationship, etc.) in predicting the suicidal ideation of middle-aged and older adults over 50.





Results

There were 46,498 participants in this study, of which 26,672 (57.36%) were females and 19,826 (42.64%) were males. XGBoost showed a strong predictive performance, with an area under the curve of 0.80 and accuracy of 0.77. Top predictors were mainly in the domains of childhood relationship, childhood socioeconomic status, childhood health, and healthcare. In particular, having a group of friends most critically influences suicidal ideation in old age.





Discussion

These findings suggest that early-life circumstances may modestly predict suicidal ideation in late life. Preventive measures can be taken to lower the risk of suicidal ideation in middle-aged and older individuals.
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1 Introduction

With the aging population increasing all over the world, the suicide of older adults has become a crucial public health problem (1). Large empirical studies have indicated that suicidal ideation is closely associated with completed suicide (2). In Europe, the lifetime prevalence of suicidal ideation was 7.8%, and there are significant variations in suicidal ideation by sex among middle-aged and older adults (3, 4). There is a need for knowledge about the causes and prevention of suicidal ideation in older adults. However, most studies exploring the predictors have mainly focused on late-life predictors (5, 6). Previous studies have established strong associations between (7, 8) childhood adversity and the increased likelihood of suicide in late life, including factors like childhood physical health (7–10), psychological, physical, and sexual abuse (7, 8, 10–13), family socioeconomic status (7, 9), parental divorce (10), exposure to holocaust and wars (14, 15), and hunger (16). In particular, childhood physical health, including physical illness and self-reported health, is closely associated with the risk of suicidal ideation in old age (9, 10). For instance, a US study revealed that individuals with poor health in childhood had 1.99 times greater odds of suicidal ideation than healthier counterparts (9). The correlation may stem from the fact that poor health during childhood increases the risk of mental health problems, chronic diseases, and poor social support (17–19), all of which can contribute to suicidal ideation in old age. Although the relationship between childhood adversity and suicidal ideation is widely established, the importance of these early-life circumstances in elderly suicide has not been sufficiently explored. Additionally, previous studies have demonstrated that there are variations in suicidal ideation by sex (20–22), pointing out the gender inequality in this phenomenon. The existing literature investigated the associations between early-life circumstances and suicidal ideation in late life mainly using conventional statistical models that struggle to deal with non-linear relationships and high-dimensional problems. Machine learning models show promising potential in coping with such problems and have been widely used in studies of medicine and psychology (23–25). So far, machine learning models have been applied to predict suicide using several datasets such as healthcare data, clinical data, registry data, and national survey data (26–29). For example, a study of the use of machine learning to predict the suicidal ideation of Korean adults, showed that the predictive performance of machine learning models outperformed conventional statistical models such as the logistic regression model (30). However, these studies applied machine learning models to predict suicidal ideation risk using late-life factors rather than early-life factors, which may make it difficult to comprehensively understand the relative importance of life-course factors in predicting elderly suicidal ideation (31, 32). In addition, these studies mostly utilized single-county datasets.

In this study, we aimed to leverage XGBoost, a machine learning model, and cross-national survey data, to examine the importance of early-life circumstances in predicting suicidal ideation in late life. In addition, 32 early-life predictors were constructed based on the rich information about life history from the Survey of Health, Aging and Retirement in Europe (SHARE). The survey collected various information about individuals through face-to-face computer-aided personal interviews. A range of studies have used SHARE data to identify the risks of suicidal ideation in older adults (33–35), but few of them examined the early-life risks. Strengthening the understanding of the life-course predictions of suicidal ideation can enhance targeted prevention measures for older populations who have experienced adverse early-life circumstances.




2 Data and methods



2.1 Data



2.1.1 Participants

The data used in this study come from SHARE, a longitudinal cross-national survey that has been running from 2004 to the present (36). Until 2024, it has covered 28 European countries and Israel, and provided rich information on middle-aged and aged adults in health, social, economic, and other aspects. This study obtained the data of participants who were interviewed in SHARE wave 7 and wave 8 and were aged 50 years or above. After excluding the participants who were aged below 50 years, the final analytical samples consisted of 46,498 participants.




2.1.2 Assessment of suicidal ideation

In SHARE wave 8, participants were asked ‘In the last month, have you felt that you would rather be dead?’ This study constructed a binary variable to assess suicidal ideation. The answer ‘Any mention of suicidal feelings or wish to be dead’ is assigned a value of 1, and the answer ‘No such feelings’ is assigned a value of 0. Previous studies offered evidence for a binary measurement of suicidal ideation of older adults (33–35).




2.1.3 Assessment of predictors

Participants were asked to recall their life history in SHARE wave 7. Derived from SHARE wave 7, 32 early-life circumstances were constructed, including six domains: childhood socioeconomic status, childhood health and healthcare, childhood relationship, childhood war, childhood residence conditions, and childhood cognition. Previous studies have shown that these predictors contribute to the occurrence of suicidal ideation in late life (8, 11, 15, 37). Moreover, we included 23 late-life predictors that have been proven to influence suicidal ideation in old age, such as gender, marital status, age, education level, health conditions, and economic situation (5, 38, 39). Detailed descriptions of these predictors can be found in Appendix A, B. Considering the potential high correlation between the predictors, we calculated the correlation matrix for all predictors, which is shown as a heatmap in Appendix D. Additionally, it was observed that the majority of the predictors are not highly correlated.





2.2 Methods

XGBoost, which stands for eXtreme Gradient Boosting, is a powerful machine learning model with exceptional performance and efficiency in classification and regression. This model is based on the gradient boosting framework and good at dealing with large datasets and complex tasks. It has recently been applied to examine the predictors of suicide (40–43).

In this study, XGBoost was applied to evaluate the importance of 32 early-life circumstances in predicting suicidal ideation in old age. This model has several unique advantages in prediction compared with conventional linear regression models. First, XGBoost is good at capturing non-linear relationships between predictors and outcomes, which is often missed by linear models. Second, XGBoost can deal with multicollinearity effectively in which features are highly correlated. Third, XGBoost is a non-parametric model and allows the capture of a wider variety of patterns in the data. XGBoost Python package was used to develop the XGBoost model in this study. The ‘xgboost’ library in Python (version 3.10.9) was used to develop the XGBoost model in this study. Figure 1 shows the methodology process, including data pre-processing, model development, and model evaluation.




Figure 1 | Methodology process.





2.2.1 Data pre-processing

In this study, the average percentage of missing data across all variables was approximately 11%. Random forest imputation takes into account non-linearities and interactions and does not require the specification of a specific regression model (44). We employed random forest imputation to minimize bias from missing data, ensuring that our analysis remained robust and accurate.




2.2.2 Model development

To evaluate the generalization ability of the XGBoost model, the data of this study was first divided into training data and test data, comprising 70% and 30% of the data, respectively. Parameter tuning was performed exclusively on the training data using 10-fold stratified cross-validation with GridSearchCV, which ensured the balance of the outcome variable across folds. In addition, scale_pos_weight of the XGBoost model was adjusted to further accommodate the class imbalance problem as only a few older adults (5.88%) had suicidal ideation. After identifying the optimal hyperparameters, the model was re-trained on the whole training data. Finally, we evaluated the model’s predictive performance on the test data.




2.2.3 Model evaluation

We used a range of indicators to evaluate the predictive performance of the XGBoost model. These indicators include the area under the curve (AUC), accuracy, positive predictive value (PPV), negative predictive value (NPV), sensitivity, specificity, and F1 score.




2.2.4 Feature importance

In this study, the XGBoost model provides the importance of each feature by calculating each feature’s importance score. This is based on the ‘gain’ method.






3 Results



3.1 Descriptive analysis

In this study, the total number of final analytic samples was 46,498. Of these participants, 2,736 (5.88%) individuals aged 50+ years reported having suicidal ideation in the last month, whereas 43,762 (94.12%) did not. To assess whether there were statistically significant differences in the bivariate relationships between having suicidal ideation and not having suicidal ideation with other variables in the study, we conducted a t-test for continuous variables and a chi-squared test for categorical variables. The mean age of participants with suicidal ideation was 73.75 years (SD = 10.25), which was higher than those without at 70.19 years (SD = 9.23). Females (7.09%) exhibited higher rates of ideation than males (4.27%), and the prevalence was notably higher among widowed (10.71%), divorced (7.86%), and separated (7.97%) individuals than among married ones (4.24%). Education also played an important role, with those having less than an upper secondary education showing the highest ideation rate (8.38%) and those with tertiary education showing the lowest rate (3.75%). Although differences between urban (5.81%) and rural (6.03%) participants were not significant, living in nursing homes was associated with a significantly higher rate of suicidal ideation (14.73%). Across countries, the prevalence ranged from 3.35% in Northern Europe to 6.86% in Western Europe. Overall, participants who are female, unmarried, widowed, or divorced, have lower levels of education, and live in nursing homes and Western European countries, are more susceptible to harboring suicidal ideation. Detailed characteristics of the sample refer to Table 1.


Table 1 | The demographic characteristics of participants in this study.






3.2 The prediction of suicidal ideation

The XGBoost model demonstrated robust predictive ability on the test data for predicting suicidal ideation among middle-aged and aged individuals. The XGBoost model achieved an AUC score of 0.80, accuracy of 0.77, sensitivity of 0.69, specificity of 0.77, PPV of 0.16, NPV of 0.98, and F1 score of 0.25. The best parameters were a learning_rate of 0.05 and a maximum depth of 3,200 estimators. Details regarding the importance of early-life and late-life predictors can be found in Appendix C. Additionally, we evaluated the predictive ability of the XGBoost model only using early-life predictors, with an AUC score of 0.64, an accuracy of 0.65, a sensitivity of 0.56, a specificity of 0.65, a PPV of 0.09, an NPV of 0.96, and an F1 score of 0.15, which are somewhat lower than those using early-life and late-life predictors together.




3.3 Variable importance

Table 2 presents the importance and ranking of 32 early-life circumstances from six domains in the XGBoost prediction model. In the domain of childhood socioeconomic status, the father education level had the highest importance, suggesting the important role of father education level in children’s suicidal ideation in old age. However, a family’s financial situation during childhood had no obvious effect. It concludes that some socioeconomic circumstances, including parental education and breadwinner occupation, are crucial and others, such as family financial difficulty, may not be direct predictors of suicidal ideation. In the domain of childhood health and healthcare, self-reported health status and access to healthcare resources, such as receiving vaccinations and regularly visiting a dentist, were the strongest predictors, emphasizing the critical role of early health intervention and preventive healthcare in mitigating suicidal ideation in late life. In the domain of childhood war, early exposure to war World War I and World War II had a lower importance in predicting suicidal ideation in old age than most predictors from the domain of childhood health and healthcare. In the domain of childhood relationship, childhood friendship had the most critical effect in prediction, including whether having a group of friends and whether feeing lonely. Living with father during childhood was also a significant predictor. In the domain of childhood residence conditions, the importance of having a cold running water supply ranked first, indicating the importance of basic amenities in affecting children’s future mental health. In the domain of childhood cognition, academic performance in mathematics and language ranked 12 and 10, respectively, suggesting that early cognitive development can influence late suicidal ideation.


Table 2 | The importance of early-life circumstances in suicidal ideation prediction.



We further utilized the XGBoost model to identify the ten most crucial early-life circumstances contributing to suicidal ideation among middle-aged (50–59) and older individuals (60+), as detailed in Table 3. There was heterogeneity between the two age groups. For instance, the mother education factor was more predictive for middle-aged individuals than for older adults. The predictive performance of the model by age groups is shown in Appendix E.


Table 3 | Top 10 early-life circumstances for middle-aged and aged individuals.



Figure 2 shows the importance of the top 10 early-life predictors in suicidal ideation. The majority of the top 10 predictors were from the domains of childhood relationship (having a group of friends, feeling lonely for friends, and living with father), childhood socioeconomic status (father education and living arrangement), and childhood health and healthcare (vaccination and regularly visiting the dentist). This highlights that predictors during childhood are strongly linked to suicidal ideation in late life.




Figure 2 | Importance of top 10 early-life circumstances predictors for suicidal Ideation.







4 Discussion

This study applied the XGBoost model to evaluate the importance of 32 early-life circumstances in predicting suicidal ideation in middle-aged and aged European and Israeli populations using cross-national data. Seventy percent of the study data was used to train the prediction model and 30% was used to assess the trained model. Scale_pos_weight of XGBoost was used to handle the class imbalance problem and 10-fold cross-validation was used to deal with overfitting problem. The performance indicators show the good predictive ability of the XGBoost model, with an AUC of 0.80 and accuracy of 0.77. The results demonstrate that the top predictors are mainly in the domains of childhood relationship, childhood socioeconomic status, childhood health and healthcare, and, especially, whether having a group of friends, which have the most critical influence on suicidal ideation in old age.

To the best of our knowledge, this study is the first to shed light on the relative importance of 32 early-life circumstances from six different domains, leveraging the advantages of the XGBoost predictive model. Some findings align with previous studies emphasizing the importance of childhood socioeconomic status, childhood health and healthcare, childhood resident conditions, and early-life war exposure in predicting suicidal ideation among older adults (8, 11, 15, 37). This study also provides new findings, such as the high importance of childhood friendship and childhood cognition in predicting late suicidal ideation, which lacked sufficient attention in previous studies. Related studies attempted to explore the associations between early-life peer relationships, childhood cognitive function, and mental health in old age (45, 46), but there are still few studies exploring the influence of these childhood factors on late-life suicidal ideation. This study is beneficial in providing new evidence for the targeted and precise intervention to mitigate some lasting effects of early-life circumstances in later suicidal ideation. Additionally, this study emphasized the significance of exploring the causes of suicidal ideation from the life-course perspective.

The top 10 factors among 32 early-life circumstances may inform suicide prevention efforts. These top factors belong to five domains: childhood socioeconomic status, childhood health and healthcare, childhood relationship, childhood residence conditions, and childhood cognition. First, in the domain of childhood relationship, having a group of friends is associated with better social support and mental health. Empirical studies demonstrated that a lack of such a network can lead to loneliness and social barriers, which are known risk factors for suicidal ideation in adulthood (6, 47). This study identified having a group of friends as the most crucial early-life factor for predicting suicidal ideation, aligning with these studies. Therefore, encouraging children to build friendships is crucial in reducing the risk of suicidal thoughts later in life. Feeling lonely is also a critical factor that can lead to persistent mental health problems, including suicidal ideation. Evidence revealed the association between childhood loneliness and a long-term disruption in mental health that extends into adulthood (48). Addressing loneliness in children and adolescents is vital in preventing suicidal behaviors in adulthood. Living with a father provides stable emotional support and healthy socialization patterns. It was demonstrated that a fatherless childhood is associated with higher risks of mental health (49). This suggests that maintaining a supportive family environment is crucial for suicide prevention.

Second, in the domain of childhood health and healthcare, vaccinations had a long-term impact on health. A study found that vaccinations before the age of 15 have positive associations with cognitive and educational outcomes (50), which may decrease the risks of mental health. Thus, improving access to vaccinations is beneficial for indirectly decreasing suicide risk. Early health conditions persistently impact health outcomes in late life. Poor health in childhood is associated with higher odds of work-limiting disability and chronic health conditions (51), which may increase the suicide risk. In terms of suicide prevention, addressing early health concerns allows for timely interventions that may decrease the risk of later suicidal ideation. Regular dental visits indicate a family’s exposure to preventive care. Evidence shows that regular dental visits during childhood positively impacts the quality of life in old age (52). Improving the availability of preventive care for children may lower the risk of suicide in old age.

Third, in the domain of childhood residence conditions, residential conditions such as access to cold running water affect children’s mental and physical health. Research has shown that poorer residential conditions are linked to adult mortality (53). Therefore, improving early residential conditions is an effective strategy for reducing long-term health issues, ultimately aiding in suicide prevention. Fourth, in the domain of childhood socioeconomic status, father education often correlates with the family’s socioeconomic status, in which higher education levels can decrease the risks of depression and other mental health problems (54). Focusing on individuals from disadvantaged childhood socioeconomic backgrounds may reduce their risk of developing suicidal ideation. Difficult living arrangements, including living in an orphanage and being fostered by another family, may cause emotional and behavioral problems, increasing long-term psychological stress. Evidence has proven the associations between living in an orphanage and cognitive disease in late life (55). Early intervention measures of paying more attention to children with difficult living arrangements can reduce adult mental health issues. Finally, in the domain of childhood cognition, early language performance has an impact on late-life health. A study has shown that low linguistic ability in early life is a strong predictor of poor cognitive function in late life (56). Enhancing language performance may improve social interactions and psychological adjustments, thus reducing suicide risk.

The study has strengths in four aspects. First, it used a large set of early-life circumstances from six domains, providing a comprehensive analysis of how different early-life circumstances contribute to the risk of suicidal ideation in old age. Second, this study used the cross-national data that included the majority of European countries, rather than data of a single country, enhancing the generalizability of the identified early-life risks. Finally, this study considered the heterogeneity of the importance of early-life circumstances for late-life ideation among middle-aged individuals and older adults, which is crucial for designing targeted interventions based on age.

There are several limitations to this study. First, the information about suicidal ideation was self-reported by participants, and early-life circumstances were based on the participants’ recall, which may introduce information bias. Second, there was a survival bias in this study as individuals with adverse early-life circumstances may have died earlier and therefore were not included in the study. Third, this study identified the association between early-life circumstance and late-life suicide rather than examining the causality. Additionally, the XGBoost predictive model was developed using SHARE data that primarily includes high-income countries. It is uncertain whether the model will be robust when applied to data from middle- and low-income countries.




5 Conclusion

In this study, the findings illustrate that early-life circumstances play a crucial role in predicting suicidal ideation in late life, especially the predictors in the domains of childhood relationship, childhood socioeconomic status, and childhood health and healthcare. The predictors identified in this study were in line with previous studies, reaffirming the long-term effect of early-life circumstances on suicidal ideation. In addition, this study highlights the promise of machine learning models in identifying the risk for suicidal ideations. Based on our findings, several preventive measures can be helpful to lower the risk of suicidal ideation in late life. On one hand, early-life stage interventions are crucial. For example, encouraging children to build friendships, improving access to preventive care such as vaccinations, improving early health conditions, and improving residential conditions, may contribute to lowering the risk of suicidal ideation in late life. On the other hand, the identified key early-life circumstances, such as the top ten circumstances, may be used to screen older populations for further diagnoses and care. However, there is the heterogeneity of the importance of early-life circumstances for late-life ideation between middle-aged individuals and older adults. The heterogeneity is crucial for designing age-specific interventions when screening susceptible populations.
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