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CHAPTER 3

ABSTRACT

Background

Recognizing and addressing vulnerability during the first thousand days of life can prevent
health inequities. It is necessary to determine the best data for predicting multidimensional
vulnerability (i.e. risk factors to vulnerability across different domains and a lack of
protective factors) at population-level to understand national prevalence and trends.
This study aimed to 1) assess the feasibility of predicting multidimensional vulnerability
during pregnancy using routinely collected data, 2) explore potential improvement of
these predictions by adding self-reported data on health, wellbeing and lifestyle, and 3)
identify the most relevant predictors.

Methods

The study was conducted using Dutch nationwide routinely collected data and self-
reported Public Health Monitor data. First, to predict multidimensional vulnerability using
routinely collected data, we used Random Forest (RF) and considered the Area Under
the Curve (AUC) and F1-measure to assess RF-model performance. To validate results,
sensitivity analyses (XGBoost and Lasso) were done. Second, we gradually added self-
reported data to predictions. Third, we explored the RF-model’s variable importance.

Results

The initial RF-model could distinguish between those with and without multidimensional
vulnerability (AUC 0.98). The model was able to correctly predict multidimensional
vulnerability in most cases, but there was also misclassification (F1-measure 0.70). Adding
self-reported data improved RF-model performance (e.g. F1-measure 0.80 after adding
perceived health). The strongest predictors concerned self-reported health, socioeconomic
characteristics and healthcare expenditures and utilization.

Conclusions

It seems possible to predict multidimensional vulnerability using routinely collected data
that is readily available. However, adding self-reported data can improve predictions.
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INTRODUCTION

A strong foundation during the first thousand days of life, which span from conception till
a child’s second birthday, can positively impact health and development in later life and
across generations (1, 2). Adverse experiences and exposures can influence the health of
parents themselves, but can also be transmitted to their children, which, as these children
grown into adulthood and potentially become parents themselves, leads to new cycles of
adversity (2). In order to prevent health inequities and break the intergenerational cycle,
it is important to recognize and address vulnerability during the first thousand days (1-3).
This is also a focus in the Dutch nationwide action program Solid Start (in Dutch: Kansrijke
Start) (4). The concept of vulnerability is often used to describe subgroups with increased
risks to adverse health outcomes or limited access to healthcare. In short, vulnerability
encompasses a multifaceted and dynamic process in which diverse stressors at the
individual or contextual level can serve as risk factors, whereas protective factors have
the potential to mitigate or prevent vulnerability (5-9). Examples of risk factors encompass
unemployment or stress, while examples of protective factors include a strong social
network or effective coping skills.

The concept of vulnerability and its scope has garnered increasing attention among
providers and policymakers who strive to enhance the provision of care and support
during the first thousand days of life (4, 9, 10). In daily care, a common understanding
between professionals from the medical and social sector on the characteristics of high-risk
individuals can foster mutual understanding and improve cross-sectoral collaboration (9).
At national and local policy levels, drawing attention to the prevalence, geographical
distributions and trends in vulnerability can support policy monitoring and prioritization.
These insights not only foster a sense of urgency, but also enhance the conversation
between different stakeholders, and facilitate vision formulation and intervention
prioritization (11).

This study extends our prior research to predict population-level vulnerability among
pregnant women. Our previous study highlighted the significance of considering both risk
and protective factors, particularly in the context of adverse outcomes (12). Through Latent
Class Analysis (a data-driven technique to identify subgroups with similar characteristics),
we identified five groups of pregnant women with different social risk and protective
factors to vulnerability prior to pregnancy. Women in the ‘multidimensional vulnerability’-
group shared multiple risk factors across several domains (e.g. psychosocial, medical, and
socioeconomic), lacked protective factors and were most at risk of adverse outcomes such
as premature birth and caesarean section. Having risk factors in a single domain (e.g.
socioeconomic) was not necessarily associated with adverse outcomes. This study utilized
both routinely collected observational data and self-reported data on health, wellbeing
and lifestyle of the Public Health Monitor 2016 (PHM-2016) to predict multidimensional
vulnerability (12). Using the PHM-2016 resulted in a subset of the total Dutch pregnant
population. Hence, the prevalence of multidimensional vulnerability across the entire
population of pregnant women at a national level remains unknown, and it is unclear
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whether this can be assessed using solely routinely collected observational data and
what the added value of self-reported data is. Moreover, we lack an understanding of the
strongest predictors for population-level vulnerability.

Mapping out the percentage of multidimensional vulnerability among pregnant women
in the Netherlands and its predictors is relevant for risk stratification. In population health
management, this is an essential initial step to tailor (preventive) actions to the needs of
specific risk-groups to enhance population health (13, 14). Such stratification commonly
relies on routinely collected data (15), offering advantages such as widespread availability,
reduced practitioner burden, time and costs (16, 17). Moreover, the longitudinal and
systematic approach facilitates comparisons over time (16, 17). However, it is important
to empirically evaluate whether routinely collected data is sufficient for risk-stratification
for high-risk groups. In addition, there is a potential for improvement in predicting
multidimensional vulnerability at population-level by incorporating self-reported health,
well-being and lifestyle data. For example, studies indicate that self-reported health and
vulnerability correspond to or complement clinical measures in predicting adverse health
outcomes (18-22). Yet, the impact of adding self-reported data next to routinely collected
data in predicting vulnerability remains unexplored.

This study has three objectives. First, to assess the feasibility of accurately predicting
multidimensional vulnerability during pregnancy at population-level using solely routinely
collected observational data. We use the predictions to report on the prevalence and
spatial variation of multidimensional vulnerability during pregnancy at population-level
in the Netherlands. Second, to identify whether self-reported data on health, wellbeing,
and lifestyle could improve those predictions with routinely collected data. Third, to
identify the predictors that have the most significant impact on the classification of
multidimensional vulnerability.

METHODS

Data sources

This study employed data from DIAPER (Data-InfrAstructure for ParEnts and childRen) (17).
DIAPER integrates individual-level, routinely collected observational data from various
nationwide data sources in the Netherlands, including Perined and Statistics Netherlands.
Perined collects routine care data on pregnancy, birth, and the first 28 days after birth
from midwives, gynaecologists, and paediatricians (23). Statistics Netherlands collects
data about social issues, including health, welfare, income, education, and labour (24, 25).
To enrich DIAPER, self-reported data on health, well-being, and lifestyle of the PHM-2016
were included (26). The PHM is a health survey conducted every 4 years among a varying
sample of Dutch adults aged 19 years and older (about 450.000 in 2016).
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Study population

The study population consisted of 4172 unique women with a pregnancy and childbirth
in 2017 or 2018 who participated in the PHM-2016 prior to pregnancy. Details on selecting
the study population are described in Chapter 2 (12). To illustrate the prevalence and
spatial variation of multidimensional vulnerability at national level, all unique registered
pregnancies in Perined from 2017 to 2021 were considered (n = 807.904) (17). Missing data
were imputed through Multiple Imputation using Chained Equations (MICE), leading to
five imputed datasets (27).

Independent variables

Analogous to our previous study, we included 42 variables in the predictive models (12).
Details on these variables have been described in Appendix 1 of our previous study
(Chapter 2) (12). The first category in each variable denotes the risk factor to vulnerability.

Of those 42 variables, 31 variables concerned routinely collected data available for all
pregnant women in DIAPER (n = 807.904). Those included individual characteristics (age,
ethnicity, parity, asylum seeker status), socioeconomic characteristics (educational level,
household income, socioeconomic position by occupational status, debts and payment
arrears, permanent employment contract, and full-time employment contract), household
characteristics (type of household, marital status, dissolution of marriage, household size,
and youth support utilization), healthcare expenditures and utilization (total healthcare
expenditures, General Practitioner’s (GP) expenditures, hospital expenditures, medication
use, and addiction related care utilization), psychosocial characteristics (mental healthcare
utilization, mild intellectual disability), life events (crime suspect, crime victim, having been
detained, frequent moving, loss of a family member), living conditions (home ownership,
motorized vehicle ownership, proximity to GP office, liveability neighbourhood).

The other 11 variables were derived from the PHM-2016 and consequently only available for
4172 individuals. These variables included lifestyle factors (smoking, alcohol use, physical
activity, Body Mass Index (BMI)), self-reported health (perceived health status, long-term
iliness, restricted by health), psychosocial characteristics (risk of depression or anxiety
disorders, loneliness, feelings of control over life) and socioeconomic characteristics
(insufficient financial resources).

Outcome: multidimensional vulnerability

The outcome measure is multidimensional vulnerability, as derived from our previous study
(Chapter 2) (12). Women classified into the ‘multidimensional vulnerability’-class share a
combination of multiple risk factors to vulnerability in several domains and lack protective
factors. It is not a straightforward equation and risk factors vary across individuals. Most
present risk factors include not having an income or receiving benefits, rental housing,
high GP healthcare expenditures, long-term illness, negative self-perceived health, and
elevated risks of feeling lonely, depressed or anxious.
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We added the variable multidimensional vulnerability to the dataset of 4172 individuals.
All women who were previously assigned to the multidimensional vulnerability-class were
classified as ‘yes’ (n = 249) and women in all other classes as ‘no’ (n = 3923).

Statistical analyses

To assess whether it is feasible to predict multidimensional vulnerability during pregnancy
using solely routinely collected data at population-level (objective 1), we employed
Random Forest (RF). RF is a machine learning method for regression and classification
that operates through the construction of multiple decision trees (28). The method makes
no assumptions about data distribution and works well with the number of individuals in
our dataset relative to the number of variables. Sensitivity analyses were conducted using
XGBoost and Lasso for validation (see Appendix 1).

We sought for the optimal model using the Area Under the Curve (AUC) and F1-measure
(29). The AUC, ranging between 0.5 (random) to 1.0 (perfect model), illustrates the ability of
the model to distinguish between those with and without multidimensional vulnerability.
Due to our imbalanced dataset with relatively few cases of multidimensional vulnerability,
we calculated F1-measures to focus on correct predictions of vulnerability (29). The F1-
measure balances precision, also known as positive predictive value (i.e. proportion of
correct predictions out of all predicted as vulnerable) and recall/sensitivity (i.e. proportion
of individuals with vulnerability correctly predicted as vulnerable by the model). We
treated both elements as equally important. A perfect score means the model can identify
all positive cases while also identifying only positive cases (instead of assigning those
without vulnerability incorrectly to the vulnerability-class). We additionally report on
specificity (i.e. proportion of correct negative predictions out of all without vulnerability)
and the confusion matrices showing true/false positives and true/false negatives. In model
development, we used default hyperparameters settings in the R-packing ‘ranger’ (30),
as these typically perform well. We used nested cross-validation to choose the threshold
probability for classifying multidimensional vulnerability into ‘yes’ and 'no’ and to assess
model performance (31). This involved splitting the dataset in an outer loop (six folds
of train-test combinations) and inner loop (five train-validate combinations), detailed in
Appendix 1. The final RF-model can be utilized for predicting outcomes on new datasets.
Being the best performing model, it was also used to report on the prevalence and
spatial variation of multidimensional vulnerability during pregnancy from 2017 to 2021.
We computed percentages for both national and municipality levels in the five imputed
datasets and we conducted an additional complete cases analysis at national level for
comparison. Municipality level results were visualized on a map of the Netherlands.

Next, to identify if self-reported data on health, wellbeing and lifestyle could improve
predictions with solely routinely collected data (objective 2), we gradually added self-
reported data from the PHM-2016 to the RF-model. Using the previous six train-test
combinations, we calculated average F1-measures for different variable sets; 1) solely
routinely collected data (baseline, 31 variables); 2) baseline combined with one varying
PHM-2016 variable (comprising 32 variables); 3) baseline combined with two varying
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PHM-2016 variables (comprising 33 variables); and 4) baseline combined with all PHM-
2016 variables, representing a potential optimum (42 variables). Comparing average F1-
measures for each combination helped identify which PHM-2016 variables enhanced
model performance.

To identify which variables were most important in model predictions (objective 3), we
assessed variable importance in the final RF-model with and without PHM-2016 data.
Variable importance was measured using out-of-bag (OOB) observations, explained
in Appendix 1. This process yields a ranking of variable importance (32). As sensitivity
analyses, we checked the permutation importance and Partial Dependence Plots (PDPs),
explained in Appendix 1.

Ethics approval

The Clinical Expertise Centre of the National Institute for Public Health and the Environment
confirmed that our study was not subject to the Dutch Medical Research involving Human
Subjects Act (WMO) (reference number: VPZ-574).

RESULTS

Study population

The study population comprised 4172 women (Appendix 2). Approximately 42.1% of
these women were nullipara, 4.6% had a low income and 6.0% a low educational level. In
comparison to all women with unique pregnancies between 2017 and 2021 (n = 807.904),
the distribution regarding most variables was comparable, but differences were found for
variables such as income, educational level and ethnicity. Among the 4172 women, there
was generally a lower incidence of the risk factors.

Predictions with routinely collected data

The RF-model which included the routinely collected data obtained an average AUC of 0.98
(see Table 1). Such a high AUC implicates that the model sufficiently distinguishes between
those with and without multidimensional vulnerability. The F1-measure had an average
of 0.70, indicating that the model is able to correctly predict cases of multidimensional
vulnerability, but that there are also cases missed as well as women incorrectly assigned to
the vulnerability-class. Appendix 2 presents the selected hyperparameters and thresholds
and the results of the separate folds. Results were consistent with those of XGBoost and
Lasso (Appendix 2).
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The percentage of individuals with multidimensional vulnerability during pregnancy in
the Netherlands was 8.1 in 2017 and decreased to 7.2 in 2021, as derived from the RF-
model (Figure 1). The percentages were slightly higher for XGBoost and lasso (respectively
8.0% and 9.1% in 2021), but showed a similar decreasing trend, as printed in Appendix 2.

Appendix 2 additionally shows the complete case analysis.

Figure 2 visualizes the geographical distribution of multidimensional vulnerability during
pregnancy in the Netherlands over the years 2017 to 2021, based on predictions of the
RF-model. There are differences between municipalities, with percentages ranging from

1.8 t0 17.5%.

Table 1. Results of the RF and the sensitivity analyses

Metrics
Mean from five-fold cross validation (SD)

Confusion matrices for
best fold
Number in each category

AUC F1-measure Precision Recall/ Specificity
sensitivity

Random  0.98 (0.00) 0.70(0.03) 0.74(0.06) 0.66 (0.04) 0.98(0.00)
Forest
XGBoost  0.98(0.00) 0.68(0.04) 0.70(0.02) 0.67(0.08) 0.98(0.00)

Lasso 0.98 (0.01) 0.68(0.04) 0.67(0.07) 0.70(0.07) 0.98(0.01)
regression

30(TP) 14 (FN)
6 (FP) 645 (TN)
34 (TP) 13 (FN)
10 (FP) 638 (TN)
32(TP) 11 (FN)
12 (FP) 640 (TN)

AUC = Area Under the Curve, TP = True Positive, FN = False Negative, FP = False Positive, TN: True Negative

Results based on analyses among study population of 4172 women

Figure 1. Percentage of multidimensional vulnerability during pregnancy in the Netherlands during the
years 2017 to 2021, based on the RF-model using routinely collected data prior to pregnancy.
Results based on analyses among all unique pregnancies from 2017 - 2021 (n = 807.904)
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Figure 2. Heatmap visualizing the geographical distribution of multidimensional vulnerability during
pregnancy in the Netherlands, at municipality level, for all pregnancies from 2017 to 2021. A darker color
indicates a higher percentage of vulnerability.

Results based on analyses among all unique pregnancies from 2017 - 2021 (n = 807.904)

Adding self-reported data to predictions

The baseline F1-measure (using routinely collected data; 31 variables) was 0.70 and the
potential optimum (using both routinely collected data and all self-reported data of the
PHM-2016; 42 variables) was found to be 0.83, shown as vertical lines in Figure 3. Including
self-reported variables improved the performance of the RF-models with solely routinely
collected data. Especially self-reported data on ‘perceived health status’ (average 0.80) and
‘restricted by health’ (0.79) improved the model’s performance, but also ‘long-term illness’
(0.77) and ‘risk to depression or anxiety disorders’ (0.74). Others had little impact or slightly
decreased performance, such as physical activity. Appendix 2 presents the results of adding
two varying self-reported variables. This further improved the performance of the model.
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Perceived health status -

Restrictad by health -

Long-term iliness -

Risk of depression or anxiely disorders -

Loneliness -

Insufficient financial resources -

Smoking =

Alcohol use -

variables PHM-2016 (self-reported)

Feelings of control over life -

Body Mass Index (BMI) -

Physical activity -

0.4
F1-measure

=
=
=
ra
==
&
=
&0

Figure 3. Variables on self-reported health, wellbeing and lifestyle added to the RF-model with solely
routinely collected data. The vertical lines show the average F1-measures.
Results based on analyses among study population of 4172 women

Variable importance

Figure 4 shows the variable importance of all 42 variables. Top seven predictors for multi-
dimensional vulnerability during pregnancy were: ‘socioeconomic position (occupational-
status)’, ‘perceived health status’, restricted by health’, ‘permanent employment contract’,
‘medication use’, long-term illness’ and ‘total healthcare expenditures’. Out of these seven
variables, which represent both risk and protective factors, three concern self-reported
health, two concern socioeconomic characteristics and two relate to healthcare expenditures
and utilization. Related to financial status, self-reported ‘insufficient financial resources’ was
ranked higher compared to the routinely collected ‘household income’ and ‘depts and
payment arrears’. Likewise, self-reported ‘perceived health status’ and ‘feeling restricted
by health’ was ranked higher than ‘medication use’ and ‘total healthcare expenditures’. We
found the opposite for psychological characteristics: routinely collected ‘mental healthcare
utilization’ was ranked higher than self-reported ‘risk of depression or anxiety disorders’
or ‘loneliness’. However, differences were small.
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The permutation importance ranking (Appendix 2) yielded comparable results, although
‘mental healthcare utilization’ and ‘GP expenditures’ were ranked slightly higher. Appendix
2 additionally shows the rankings without self-reported data, using solely routinely
collected data (31 variables).

Sociceconomic position [occupational status) =
Perceived health status * =
Restricted by health * -
Permanant employment contract =
Medication use =

Long-term illness * -

Total healthcare expenditures -
General practitioners’ (GP) expenditures -
Insufficient financial resources * =
Mental healthcare utilization =
Type of household =

Educational level -

Home ownership =

Risk of depression or anxiety disorders ® =
Debts and payment arrears =
Fulltime employment contract -
Youth support utilization =
Loneliness =~

Marital status -

Feelings of control over life * =
Ethnicity =

Hespital expenditunes =

Body Mass Index (BMI) * -
Frequent moving =

Motorized vehicle ownership =
Alcohol use * =

Smoking * =

Parity -

Household income -

Addiction related cane utilization -
Mild intelleciual disability =

Crime victim -

Dissolution of mamiage -

Loss of a family member =

Crime Suspect =

Household size -

Asylum seeker status -

Proximity to general practitioners’ (GP) office -
Hawing been detained =

Liveability nelghbourhood = |

Age- |

Physical activity *= |

'

0.0

00 0.002 0.004 0.008
Out-of-bag (OOB) variable importance

Figure 4. Variable importance ranking of the RF-model for ‘multidimensional vulnerability’. The set of 42
variables used for classification are ordered from high to low importance. The length of a line represents
the importance of a particular variable on the model’s predictions. Self-reported data of the PHM-2016
is indicated with an asterisk (¥).

Results based on analyses among study population of 4172 women
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DISCUSSION

This study provides insight into predicting multidimensional vulnerability during
pregnancy at population-level in the Netherlands using pre-pregnancy routinely
collected data and the relevance of additional self-reported data on health, wellbeing,
and lifestyle. Based on our results, it seems reasonably feasible to predict multidimensional
vulnerability using solely routinely collected data, since the RF-model could distinguish
between those with and without multidimensional vulnerability and was able to correctly
predict multidimensional vulnerability in many cases. However, we found that adding
self-reported data improved model performance. Out of the seven strongest predictors
to multidimensional vulnerability in our dataset, three concerned self-reported health,
two concerned socioeconomic characteristics, and two related to healthcare expenditures
and utilization.

Using solely routinely collected data to predict multidimensional vulnerability appears
feasible, but several women were wrongly assigned to the vulnerability class, and
other cases were missed. The crucial concern is whether the model achieved adequate
performance, prompting consideration of using this readily available routinely collected
data versus acquiring self-reported data on experienced health. Both data sources have
advantages and disadvantages, and may be used for different purposes. Using routinely
collected data is relatively easy, accessible and time efficient. This pragmatic approach
recognizes that not all data are available and can be utilized, analysed and interpreted.
However, it is less accurate which might mainly affect those missed by the model.
Considering all relevant factors by using additional self-reported data leads to better
predictions. However, this has numerous implications and inherent challenges, including
increased burden to practitioners, time and costs. Based on our study, we consider
routinely collected data sufficient for policy monitoring of multidimensional vulnerability
at population-level. It can offer insight into its scope and development over the years and
help identify municipalities and neighbourhoods characterized by increased vulnerability,
enabling tailored (preventive) measures for efficient budget allocation. Simultaneously,
we agree with previous scholars that applying vulnerability in a dichotomous way is
challenging as the concept is multi-layered, contextualized and dynamic, requiring
caution to avoid over-inclusion or exclusion of individuals (33, 34). Our previous study
(12) revealed a greater array of vulnerability groups, with women having risk factors within
one specific domain and protective factors in others. We must not overlook these and
other intermediary and personal, contextual forms of vulnerability. Our predictive RF-
model was not intended for application in individual predictions and individual decision-
making but meant for risk-stratification on a population-level. Because risk assessment
is not straightforward, we consider routinely collected data by itself unsuitable for
individual predictions, given that it insufficiently accounts for protective factors and coping
strategies at an individual level, among others. We believe that an open conversation with
(future) parents about their experienced health and well-being is indispensable to better
understand their context and needs. It is essential that this is accompanied by a trusting
relationship, and appropriate follow-up steps, preventing stigmatization, simplification
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and harm (22, 33, 35). Given the added value of self-reported data however, we suggest
to explore how perceived health can be systematically included into screening guidelines
and care registries for professionals, to enhance the provision of personalized care and
support while further improving population-level predictions in the future.

In our study, adding self-reported data led to better model performance and self-reported
health indicators were found as important predictors to multidimensional vulnerability.
Consistent with the psychosocial literature, several subjective measures (e.g. self-reported
‘insufficient financial resources’) outweighed objective measures (e.g. registered ‘income’
and ‘debts and payment arrears’) as predictors in our study. For example, multiple studies
reported a stronger link between people’s subjective SES and wellbeing and physical
health compared to objective SES based on income or education (36-39). Arguably,
perceiving your circumstances through the lens of limited resources impacts decision-
making and behaviour (e.g. favouring short-term over long-term considerations), increases
uncertainties and stress, and thus exacerbates pre-existing vulnerabilities (40-43). Other
studies reported how self-reported health or vulnerability correspond to, outperform or
complement clinical measures in predicting physical health and mortality (18-20). However,
using self-reported health also has its challenges. For instance, it provides little guidance
regarding what respondents consider when reporting ‘poor health” and whether they
refer to physical pain, mental wellbeing, less vitality or other factors (21). Additionally,
people can have diverse perceptions of their health influenced by cultural contexts,
social positions, and personal health experiences (e.g. people suffering from the same
iliness for a longer time may report better levels of health due to various coping and
self-management strategies) (22, 44). Nevertheless, self-reported health seems to be an
important measure which can capture components of health or vulnerability that other
measures alone cannot.

Strengths, limitations and future research

The availability of nationwide data on a wide range of risk and protective factors to
vulnerability in many different domains was an important strength of this study. The
outcome ‘multidimensional vulnerability’ was also based on 42 variables (12). Additionally,
we conducted several sensitivity analyses, all of which yielded similar results, underscoring
the robustness of our model. However, this study also had several limitations, mostly
related to the data. One limitation concerns the representativeness of the dataset used to
construct and evaluate the predictive models. It is possible that some factors (e.g. asylum
seeker status) did not emerge as primary predictors because they were less present among
the 4172 women, despite their association with vulnerability and adverse outcomes in
the literature (45, 46). This may have also led to a slight underestimation of the actual
percentage of multidimensional vulnerability. Additionally, we missed data on important
topics that can contribute to vulnerability such as stress, health literacy, coping skills,
and adverse (childhood) experiences including violence. Another limitation is that we
insufficiently considered the dynamics around pregnancy in relation to vulnerability, since
we merely incorporated data prior to pregnancy that can be subject to change. Future
research should take into account that vulnerability can exist prior to pregnancy, but also
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arise or change during pregnancy, childbirth or after birth (9). Also a consideration of the
role of the father or woman's partner and wider social network could contribute to more
insights into vulnerability and better predictions.

CONCLUSIONS

This study shows that it is feasible to predict multidimensional vulnerability at population-
level using solely routinely collected data. Routinely collected data is readily available for
the entire population, thereby providing a robust foundation for longitudinal monitoring
and policy formulation at population-level. Nevertheless, while predictions are fairly
accurate, adding self-reported data is of added value.
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Key points

Considering the combination of both social risk and protective factors related to
vulnerability is needed to identify pregnant women at risk of adverse outcomes
Multidimensional vulnerability at population-level can be predicted using solely
routinely collected data

Using self-reported data in addition to routinely collected data can be relevant to
further improve the prediction of multidimensional vulnerability

The strongest predictors to multidimensional vulnerability are related to self-reported
health, socioeconomic characteristics and healthcare expenditures and utilization
Without additional data collection, routinely collected data could provide insight
in the prevalence, geographical distribution and trends in multidimensional
vulnerability at population-level, which can be used for longitudinal monitoring and
the formulation of policies.
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APPENDIX 1.
Methodology

Sensitivity analyses: XGBoost and Lasso regression

XGBoost (extreme gradient boosting) is a machine learning technique that iteratively
builds multiple shallow decision trees (1). Similar to RF, it is a flexible algorithm without
assuming a functional form. Logistic regression, on the other hand, does assume a strong
functional form, i.e. a linear relation between the independent variables and log odds.
Logistic regression is a standard approach for binary classification with a long history
in literature. The logistic regression analysis was conducted with lasso penalty to shrink
coefficients towards zero such that less important variables are left out the model (2).

Nested cross-validation

The three techniques RF, Lasso and XGBoost each have their own set of hyperparameters
that need to be chosen for the models. For RF, the default hyperparameter settings in
the R-package ‘ranger’ (3) were used, as these default settings generally yield good
performance. The parameter to choose for Lasso (R-package ‘gimnet’ (4)) was the lambda,
which defines the penalty, and for XGboost (R-package ‘xgboost’ (5)) the number of
trees and tree-depth. For Lasso and XGBoost we used cross-validation to choose the
hyperparameters. In addition, as the models predict the probability of multidimensional
vulnerability, we need to choose the threshold at which all predicted probabilities above
that threshold are classified as multidimensional vulnerable ‘yes’ (and as 'no’ below that
threshold). To choose the hyperparameters and threshold probability, and finally to assess
the performance of the models, we used nested-cross validation. Firstly, the dataset of 4172
women was split into six folds: 5 parts train-set, 1 part test-set (outer loop). Secondly, in the
nesting step (inner loop), each train set from the outer loop was again split into five folds: 4
parts train-set, 1 part validation-set. During each split, we made sure that the percentage
of multidimensional vulnerability was approximately equal in each part.

Firstly, using the cross-validation of the inner-loop, we chose the hyperparameters: for
Lasso, we chose the average lambda across the five validation folds and for XGBoost we
selected the hyperparameters for which the average AUC over the five folds was highest.
Secondly, using the defined hyperparameters, and the same inner loop, we selected the
threshold probability that yielded the highest F1-value on the validation set (averaged
over five validation folds). Thirdly, by utilizing both the selected hyperparameters and
average optimal thresholds, we calculated the F1-value on the test set of the outer loop
that has not been used in selecting hyperparameters and threshold. This three-step
process was repeated for the 6 folds of the outer loop, yielding the F1-measure of the
model averaged over the 6 test-sets. Using the average optimal thresholds (as well as the
defined hyperparameters), we fitted the model one last time on all data. The final model
can be utilized for predicting outcomes on new datasets. We used the final RF-model in
our next analyses.
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Variable importance with OOB-observations, including sensitivity analyses
Variable importance was measured with RF in the following way. RF takes a bootstrap
sample for every tree that it constructs. The data that are not used in the bootstrap
sample are called the out-of-bag (OOB) observations. RF makes a prediction for these
OOB-observation based on the tree that is constructed on the bootstrap-sample, leading
to an OOB-error. Next, to determine the tree-specificimportance of a variable, a variable is
randomly shuffled (permuted) in the bootstrap sample. In this new variant of the bootstrap
sample, a new tree is grown which gives a new OOB-error. This OOB-error is then compared
to the original OOB-error. If permuting a variable increases the error, it is considered
important as the model relied on it for prediction. Consequently, by permuting a variable
and comparing the OOB-error rates of the predictions before and after permutation (6),
we obtain a measure of variable importance for each variable for a single tree. The OOB-
errors increase for each variable are averaged over all trees and compared. The average of
all these tree importance values yields the ranking of variables for the model (7).

As sensitivity analyses, we also checked the permutation importance and Partial
Dependence Plots (PDP) (8-10). Permutation importance permutes the values of a specific
variable in the full dataset (rather than individual trees) to measure the impact on the
model’s performance. The PDP of each variable provides insight into the direction and
strength of the relationship with the dependent variable while holding all other predictors
constant. We checked whether the direction of the important variables aligned with their
categorization as risk or protective factors.
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APPENDIX 2.

Results

Table 1. Characteristics of the study populations (including missing data)

Original study  All unique
population pregnancies
(objective 1, 2017 - 2021
2and3) (objective 1)
Totaln= 4172 807.904
n (%) n (%)
Individual characteristics
Age 19-23 306 (7.3) 43797 (5.4)
24-35 3528 (84.6) 624292 (77.3)
>35 338(8.1) 135882 (16.8)
Missing - 3933(0.5)
Ethnicity Non-Western 420 (10.1) 170968 (21.2)
Western 343 (8.2) 89970 (11.1)
Native Dutch 3409 (81.7) 546624 (67.7)
Missing - 342 (<0.1)
Parity® Nullipara 1755 (42.1) 355979 (44.1)
Primipara, multipara 2410 (57.8) 449416 (55.6)
Missing <10 (<0.2) 2509 (0.3)
Asylum seeker status Yes 39 (0.9) 19582 (2.4)
No 4133 (99.1) 788322 (97.6)
Socioeconomic characteristics
Educational level Low 328(7.9) 80849 (10.0)
Moderate 1513 (36.3) 289681 (35.9)
High 2303 (55.2) 340669 (42.2)
Missing 28(0.7) 96705 (12.0)
Household income Low 202 (4.8) 60682 (7.5)
Moderate 3348 (80.2) 613979 (76.0)
High 591 (14.2) 103122 (12.8)
Missing 31(0.7) 30121 (3.7)
Socioeconomic position No income/receiving benefits 532 (12.8) 132780 (16.4)
(occupational status) Student 82 (2.0) 24988 (3.1)
Paid work 3502 (83.9) 632685 (78.3)
Missing 56(1.3) 17451 (2.2)
Debts and payment arrears Yes 45 (1.1) 19357 (2.4)
No 4127 (98.9) 788547 (97.6)
Insufficient financial resources Yes 524 (12.6)
No 3267 (78.3)
Missing 381 (9.1)
Permanent contract No 1929 (46.2) 433393 (53.6)
Yes 2243 (53.8) 374511 (46.4)
Full-time contract No 1925 (46.1) 653069 (80.8)
Yes 2247 (53.9) 154835 (19.2)
Lifestyle factors
Smoking Yes 661 (15.8)
No 3315 (79.5)
Missing 196 (4.7)
Alcohol use Yes (excessive) 418 (10.0)
No 3503 (84.0)
Missing 251 (6.0)
Physical activity Less than recommended 1696 (40.7)
As recommended or more 2158 (51.7)
Missing 318(7.6)
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Table 1. Continued.

Original study  Allunique

population pregnancies
(objective 1, 2017 - 2021
2and 3) (objective 1)
Totaln= 4172 807.904
n (%) n (%)
BMI Unhealthy BMI 1386 (33.2)
Healthy BMI 2641 (63.3)
Missing 145 (3.5)
Household characteristics
Type of household One-person/parent household 353 (8.5) 123697 (15.3)
Other 3819 (91.5) 684207 (84.7)
Marital status Unmarried 2147 (51.5) 433383 (53.6)
Married 2025 (48.5) 374521 (46.4)
Dissolution of marriage Yes 58 (1.4) 14928 (1.8)
No 4114 (98.6) 792976 (98.2)
Household size >6 persons 93 (2.2) 20412 (2.5)
<6 persons 4079 (97.8) 757300 (93.7)
Missing - 30192 (3.7)
Youth support utilization Yes 102 (2.4) 79473 (9.8)
No 4070 (97.6) 728431 (90.2)
Self-reported health
Perceived health status Negative 465 (11.1)
Positive 3653 (87.6)
Missing 54(1.3)
Long-term illness Yes 747 (17.9)
No 3362 (80.6)
Missing 63(1.5)
Restricted by health Yes 724 (17.4)
No 3330(79.8)
Missing 118(2.8)
Healthcare expenditures and utilization
Overall healthcare expenditures High 824 (19.8) 151443 (18.7)
Low-average 3297 (79.0) 627116 (77.6)
Missing 51(1.2) 29345 (3.6)
GP expenditures High 827 (19.8) 145166 (18.0)
Low-average 3308 (79.3) 633247 (78.4)
Missing 37(0.9) 29491 (3.7)
Hospital expenditures High 413 (9.9) 76523 (9.5)
Low or none 3708 (88.9) 731381 (90.5)
Missing 51(1.2) 0(0.0)
Medication use High 428 (10.3) 92295 (11.4)
Low or none 3744 (89.7) 715609 (88.6)
Addiction related care utilization  Yes 23(0.6) 4466 (0.6)
No 4149 (99.4) 803438 (99.4)
Psychosocial characteristics
Mental healthcare utilization Yes 228 (5.5) 50630 (6.3)
No 3907 (93.6) 739093 (91.5)
Missing 37(0.9) 18181 (2.3)
Risk of depression or anxiety Moderate - high risk 1716 (41.1)
disorders No or low risk 2256 (54.1)
Missing 200 (4.8)
Loneliness Feeling lonely 1100 (26.4)
Not feeling lonely 2719 (65.2)
... Missing T 353(85) ...
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Table 1. Continued.

Original study  All unique
population pregnancies
(objective 1, 2017 - 2021
2and3) (objective 1)
Totaln= 4172 807.904
n (%) n (%)
Feelings of control over life Low 144 (3.5)
Moderate 2741 (65.7)
High 1006 (24.1)
Missing 281 (6.7)
Mild intellectual disability Yes 13(0.3) 7187 (0.9)
No 4159 (99.7) 800717 (99.1)
Life-events
Crime suspect Yes 95(2.3) 35393 (4.4)
No 4077 (97.7) 772511 (95.6)
Crime victim Yes 874 (20.9) 171564 (21.2)
No 3298 (79.1) 636340 (78.8)
Having been detained? Yes not shown 2592 (0.3)
No not shown 805312 (99.7)
History of frequent moving® Yes 53(1.3) 14081 (1.7)
No 4119 (98.7) 793823 (98.3)
Loss of a family member Yes 147 (3.5) 32839 (4.1)
No 4025 (96.5) 775065 (95.9)
Living conditions
Home ownership Rented 990 (23.7) 264519 (32.7)
Owner occupied 3099 (74.3) 531526 (65.8)
Missing 83(2.0) 11859 (1.5)
Motorized vehicle ownership No 494 (11.8) 162579 (20.1)
Yes 3678 (88.2) 645325 (79.9)
Proximity to General Practitioners’ >3 km 265 (6.4) 62040 (7.7)
(GP) office <3 km 3847 (92.2) 740876 (91.7)
Missing 60 (1.4) 4988 (0.6)
Liveability neighbourhood Low-mediocre 273 (6.5) 87013 (10.8)
High 3695 (88.6) 714817 (88.5)
Missing 204 (4.9) 6074 (0.8)

a: Following guidelines of Statistics Netherlands, the data of some variables were rounded (parity) or not
shown (having been detained) to prevent the disclosure of information about individuals.

b: Erratum: in the original paper of Molenaar et al. (12), there were inaccuracies in the reported percentages
of the variable ‘history of frequent moving’, which consequently deviate from the values presented here.

Missing data are shown in italic.
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Objective 1

Table 2. Hyperparameters and thresholds used for RF, XGBoost and Lasso regression

Hyperparameters and thresholds

Threshold (average Lambda Tree depth Number

optimal) of trees
Random Forest 0.37 (0.01) NA default default
XGBoost 0.36 (0.04) NA 2 51
Lasso regression 0.26 (0.04) 0.01 (0.003) NA NA

Results based on analyses among study population of 4172 women

Table 3. Results of the RF and sensitivity analyses for the six separate folds

Metrics
AUC F1-measure Precision  Recall/ sensitivity Specificity
Random Forest Average 0.98(0.00) 0.70(0.03) 0.74(0.06) 0.66 (0.04) 0.98 (0.00)
Fold 1 0.98 0.68 0.69 0.67 0.98
Fold 2 0.98 0.68 0.68 0.69 0.98
Fold 3 0.98 0.70 0.74 0.67 0.98
Fold 4 0.98 0.75 0.83 0.68 0.99
Fold 5 0.98 0.72 0.74 0.69 0.98
Fold 6 0.97 0.66 0.75 0.59 0.99
XGBoost Average 0.98(0.00) 0.68 (0.04) 0.70(0.02) 0.67 (0.08) 0.98 (0.00)
Fold 1 0.98 0.68 0.68 0.69 0.98
Fold 2 0.98 0.68 0.68 0.69 0.98
Fold 3 0.98 0.61 0.70 0.55 0.98
Fold 4 0.98 0.75 0.72 0.77 0.98
Fold 5 0.98 0.66 0.74 0.60 0.99
Fold 6 0.97 0.70 0.71 0.70 0.98
Lassoregression Average 0.98(0.01) 0.68(0.04) 0.67(0.07) 0.70(0.07) 0.98 (0.01)
Fold 1 0.97 0.64 0.54 0.78 0.96
Fold 2 0.98 0.71 0.65 0.77 0.98
Fold 3 0.97 0.65 0.71 0.60 0.98
Fold 4 0.98 0.74 0.74 0.73 0.98
Fold 5 0.98 0.66 0.68 0.64 0.98
Fold 6 0.97 0.69 0.70 0.67 0.98

Results based on analyses among study population of 4172 women
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Table 4. Average proportion of multidimensional vulnerability in the Netherlands over the years 2017 -
2021 for the three regression models

2017 2018 2019 2020 2021

RF Average proportion  0.081 0.079 0.079 0.077 0.072
SD 8.21E-05  2.65E-05  6.7E-05 5.93E-05  0.000105

XGBoost Average proportion  0.090 0.088 0.088 0.085 0.080
SD 0.000105 0.000151  9.21E-05 7.95E-05  5.55E-05

Lasso regression Average proportion  0.100 0.098 0.098 0.097 0.091
SD 0.000116  8.69E-05  7.05E-05  5.66E-05  9.52E-05

Results based on analyses among all unique pregnancies from 2017 - 2021 (n = 807.904)

Table 5. Complete cases

2017 2018 2019 2020 2021
RF Proportion 0.086 0.084 0.083 0.080 0.075
XGBoost Proportion 0.095 0.092 0.091 0.087 0.081
Lasso regression  Proportion 0.106 0.103 0.102 0.099 0.093

Results based on analyses among all unique pregnancies from 2017 - 2021 with complete data on all
variables
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Objective 2

Percalved health status & Long-term lliness -
Perceived health status & Restricted by health -
Perceived health status & Feelings of contral over life =
Perceived health slalus & Loneliness -
Restricied by health & Long-term illr -
Perceived health status & Body Mass Index (BMI) =
Percalved health status & insufficient financlal resources =
Parceived health status & Alcohol usa =
Percaived health status & Physical activity -
Restricted by health & In: icient financial resources =
ed by health & Lonelin =
Perceived health status & Risk of depression or anxiely disonders =
Resiricied by health & Feelings of control over lifa =
Long-term iliness & Risk of depression or anxiety disorders -
Resfricted by health & Body Mass Index (BMI) -
Restricted by health & Risk of depression or andety discrders -
Perceived health status & Smoking =
Restricted by health & Alcohol use -
Restricted by health & P Cal dclivity =
Restr by health & Smoking =
Long-term liiness & insufficlent financlal resources -
Long-term ilinass & Feelings of control over lifa -
Long-term iliness & Smoking =
Long-term iliness & Alcohol use =
Long-term illness & Loneliness =
Long-term iliness & Physical activity =
Long-term liness & Body Mass Index (BMI) =
Risk of depression or anxiety disorders. & Physical activity -
Risk of depression or anxiety disorders & Insufficient financial resources -
Risk of depression or anxiety disorders & Alcohol use -
Risk of depression of andely & Body Mass Index (BMI) =
Risk of depréssion or anxiely disonders & Loneliness =
Risk of depression or andety dizorders & Feelings of control over life =
Body Mass Index (BMI) & Insufficient financial resources -
Risk of depression or anxiety disorders & Smoking -
Feelings of control over life & Insufficient financial resources =
Insufficient fina resources & Smoking =
Insufficient fir | resources & Physical activity =
Loneliness & Insufficlent financial resources -
Insufficient financial resources & Alcohol use =
Fealings of control over life & Lonelinesa -
Fealings of control over life & Alcohol use -
Feelings of control over life & Body Mass Index (BMI) =
Loneliness & Physical actvity =
Lonelingss & Smoking =
Feelings of control over life & Physical actvity =
Loneliness & Alcohol usa -
Body Mass Index (BMI) & Physical activity -
Body Mass Index (BMI) & Loneliness -
Aloohol use & Smoking =
Body Mass Index (BMI) & Smoking =
Feelings of confral over life & Smoking =
Physical activity & Alcohol use -
Physical activity & Smoking =
Body Mass Index (BMI) & Alcohol use -

variables PHM-2016 (self-reported)
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Figure 1. Two variables on self-reported health, wellbeing and lifestyle added to the RF-models with

solely routinely collected data.
Results based on analyses among study population of 4172 women
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Objective 3

Sociceconomic position (occupational status) -
Total healthcare expenditures =
Medication use =

Mental healthcare utilization -

Permanent employment contract =
General practitioners’ (GP) expendituras =
Type of household =

Home ocwnership =

Educational level -

Debts and payment arrears =

Ethnicity =

Youth support utilization -

Hospital expenditures =

Marital status =

Fulltime employment contract =

Molorized vehicle ownership -

Househaold income =

Parity =

Fraquent moving =

Crime victim -

Crime suspect =

Dissolution of marriage =

Addiction related care utilization =

Mild intellectual disability -

Loss of a family mamber -

Proximity to general practitioners’ (GP) office -
Agylum seeker status -

Age -

Household size =

Having been detained -

Liveability neighbourhood -
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QOut-of-bag (OOB) variable importance

Figure 2. Variable importance ranking of the RF-model for ‘multidimensional vulnerability’, using 31
variables (solely routinely collected data).
Results based on analyses among study population of 4172 women
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CHAPTER 3
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Figure 3. Permutation importance ranking of the RF-model for ‘multidimensional vulnerability’, using 31
variables (solely routinely collected data)
Results based on analyses among study population of 4172 women
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Predicting population-level vulnerability among pregnant women

Socioeconomic position (occupational status)=
Perceived health status * -
Medication use =

Restricted by health * -

Total healthcare expenditures -
General practitioners’ (GP) expenditures =
Mental healthcare utilization =
Long-term illness * =

Insufficient financial resources * -
Type of househald -

Permanent employment centract =
Home ownership =

Debts and payment arrears =
Educational level -

Feelings of contral over life * =
Youlh support utllization =

Body Mass Index (BMI) * =

Risk of depression or anxiety disorders * -
Loneliness * -

Ethnicity =

Smoking * =

Marital status =

Haspital expenditures -

Liveability neighbourhood -

Crime victim -

Fulltime employment contract -
Crime suspeci =

Frequent moving =

Alcohel use * -

Mild intellectual disability -

Age =

Parity =

Physical activity * =

Addiction related care utilization -
Maolarized vehicle ownership -
Household size -

Dissolution of marriage =
Househeld income -

Loss of a family member =
Praximity to general practitioners’ {GP) office -
Having been delained =

Asylum seeker status -
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Importance (mean decrease in AUC)

Figure 4. Permutation importance ranking of the RF-model for ‘multidimensional vulnerability’, using the
set of 42 variables (both routinely collected data and self-reported data)
Results based on analyses among study population of 4172 women
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