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Using random forest to identify 
longitudinal predictors of health 
in a 30‑year cohort study
Bette Loef1*, Albert Wong1, Nicole A. H. Janssen1, Maciek Strak1, Jurriaan Hoekstra1, 
H. Susan J. Picavet1, H. C. Hendriek Boshuizen1,2, W. M. Monique Verschuren1,3 & 
Gerrie‑Cor M. Herber1

Due to the wealth of exposome data from longitudinal cohort studies that is currently available, the 
need for methods to adequately analyze these data is growing. We propose an approach in which 
machine learning is used to identify longitudinal exposome‑related predictors of health, and illustrate 
its potential through an application. Our application involves studying the relation between exposome 
and self‑perceived health based on the 30‑year running Doetinchem Cohort Study. Random Forest 
(RF) was used to identify the strongest predictors due to its favorable prediction performance in prior 
research. The relation between predictors and outcome was visualized with partial dependence and 
accumulated local effects plots. To facilitate interpretation, exposures were summarized by expressing 
them as the average exposure and average trend over time. The RF model’s ability to discriminate 
poor from good self‑perceived health was acceptable (Area‑Under‑the‑Curve = 0.707). Nine exposures 
from different exposome‑related domains were largely responsible for the model’s performance, while 
87 exposures seemed to contribute little to the performance. Our approach demonstrates that ML 
can be interpreted more than widely believed, and can be applied to identify important longitudinal 
predictors of health over the life course in studies with repeated measures of exposure. The approach 
is context‑independent and broadly applicable.

The development of health problems in older age is influenced by a multitude of risk factors to which people are 
exposed over the life  course1. With increasing knowledge on risk factors, an ‘exposome approach’ is often advo-
cated, taking into account a broad range of exposures from different domains (i.e. specific/general external, and 
internal environment) that are repeatedly measured over the life-course2. Long-term cohort studies applying this 
approach can help in identifying predictors of health in older age, which is important for personalized preven-
tion. Since a wealth of data from longitudinal cohort studies is currently available, with each study measuring 
more aspects of the  exposome3, there is a need for methods to adequately analyze these large amounts of data.

In trying to predict health based on multiple exposures, we are faced with several challenges. First, the inclu-
sion of many (repeated measurements of) exposures poses considerable challenges, as traditional regression 
models are generally not well-suited to deal with large numbers of  covariates4. Second, in such regression models 
it is often assumed that the relation between each exposure and the outcome is linear in nature and that there 
are no (or a limited number of prespecified) interactions between exposures. However, these assumptions can 
often not be verified, and if they are violated, they may potentially lead to wrong conclusions. Nonetheless, these 
assumptions are frequently ignored or violated, thereby potentially biasing study  results5,6.

Machine learning (ML), which has been defined as “a family of mathematical modelling techniques that uses 
a variety of approaches to automatically learn from data, without explicit programming”7, offers a solution to 
deal with limitations of traditional statistical techniques. ML is able to analyze large amounts of data consisting 
of numerous  exposures8,9. It can be used to automatically create models that are able to predict the outcome with 
high accuracy and to identify the most important predicting exposures. In doing so, ML techniques often do 
not make assumptions on the exact functional form of the model and attempt to learn the model form directly 
from the data, such that it maximizes prediction  accuracy5.
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While in other research fields the use of ML is already established, within epidemiology and public health 
research the use of these techniques is still limited, although an increasing number of examples exist where 
the use of ML has contributed to building prediction models for both diagnosis and prognosis in healthcare 
 research9,10. In particular, application of ML to longitudinal data is still in its infancy. The limited use of ML in 
the field of epidemiology and public health research may be partly because ML models are often considered 
difficult to grasp. But when used together with methods to facilitate interpretability, there are opportunities for 
these fields to also incorporate ML techniques to analyze the wealth of data that arise from longitudinal cohort 
 studies8,9,11,12. ML can not only be used to generate predictions, but also to identify the strongest predictors for a 
certain outcome. Here, we propose an approach for this purpose. We illustrate this using an application, in which 
we identify exposures that were repeatedly measured over the life course that predict (but are not necessarily 
causally related to) poor self-perceived health. We make suggestions on how to deal with longitudinal exposures, 
to build a parsimonious prediction model, and to interpret this model. To do so, we chose to use the ML tech-
nique random  forest13, because it is one of the top-performing algorithms in predicting categorical  outcomes14 
and is relatively easy to understand due to its use of decision trees. It is also able to deal with high-dimensional 
data that may contain non-linear effects and many interactions between covariates, and can be used to rank the 
most important predictors to gain insight into the resulting prediction model. This ML technique was used on a 
longitudinal population-based study of adults with up to 6 repeated measurements of exposures over 30  years15,16.

Methods
Study design and population. The Doetinchem Cohort Study is a population-based prospective study 
into the impact of lifestyle and biological risk factors on the health of Dutch adults over the life  course15,16. In 
1987–1991, questionnaires were collected and physical examinations were performed on a random sample of 
12,404 inhabitants, aged 20–59 years, from the town of Doetinchem. Of those, 7768 participants were randomly 
selected and re-invited for participation in the subsequent study rounds every five years (Fig. 1). In the current 
study, 3419 participants aged 46–85 years at round 6 with complete data on the outcome measure self-perceived 
health in round 6 were included. Exposures were measured in round 1 through 5. Approval of the Doetinchem 
Cohort Study was obtained from the external Medical Ethics Committee of The Netherlands Organization for 
Applied Scientific Research and the University of Utrecht. Informed consent was obtained from all participants. 
The study was carried out in accordance with the standards set by the latest revision of the Declaration of Hel-
sinki.

Outcome measure. The outcome measure self-perceived health was measured on a 5-point Likert scale 
(excellent; very good; good; fair; poor). For ease of interpretation, this measure was dichotomized into excellent/
(very) good vs. poor/fair perceived health.

Exposures. In this study, many exposures from different domains are taken into account, i.e. an ‘exposome 
approach’ is applied. The ‘specific’ external environment of this exposome  concept2 is reflected by self-reported 
lifestyle exposures (e.g. alcohol use/smoking). The ‘general’ external environment is reflected by environmental 
exposures. They consist of the physical environment outside (air pollution/noise/green space measured using 
qualified  methods17–20) and inside the participants’ home (self-reported in-house environment), and the social 
environment (self-reported social support/loneliness). The internal environment includes biological exposures, 
i.e. anthropometric measures (e.g. BMI/blood pressure) measured by trained staff, exposures measured in blood 
(cholesterol), and self-reported medication use. Additionally, demographic characteristics (e.g. sex/age/educa-
tion) were included. All exposures are described in Table 1.

Statistical analysis. Statistical analysis consisted of six steps. A summary of these six steps is described 
below and in Fig. 2. For a full description, we refer to Supplementary Text S1 and Supplementary Text S2.

Step 1: assessing longitudinal exposures. To facilitate interpretation, we pre-processed and summarized expo-
sures that were measured during multiple measurement rounds, by introducing the Area-Under-the-Exposure 
(AUE) and the Trend-of-the-Exposure (TOE). The AUE represents the average of the exposure at round 1 
through 5. The AUE is computed by plotting observed exposure values against rounds, connecting the values 
with lines, and determining the average area under these lines (continuous exposures) or by calculating the pro-
portion of rounds that the individual occupied a certain state (categorical exposures). The higher the AUE, the 

Round 1: 1987-1991
12,404 participants 
aged 20-59 years 
(62% response rate)

Round 2: 1993-1997
6117 participants 
aged 26-65 years 

(79% response rate1)

Round 3: 1998-2002
4918 participants 
aged 31-70 years 
(75% response rate)

Round 4: 2003-2007
4520 participants 
aged 36-75 years 
(78% response rate)

Round 5: 2008-2012
4018 participants 
aged 41-80 years 
(78% response rate)

Round 6: 2013-2017
3437 participants 
aged 46-86 years 
(77% response rate)

3419 participants 
aged 46-86 years 
included in current 

study

Figure 1.  Flowchart of study participants. 1 Roughly two-third of the participants from round 1 were randomly 
selected and re-invited to participate in round 2.
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Exposure Label Rounda

Demographic exposures

Sex Male; female r1

Age In years r1–r5

Educational level (highest level of education attained)
Primary education or less; lower vocational education or lower secondary 
education; intermediate vocational education or higher secondary education; 
higher vocational education or university

r1–r4

Nationality Dutch; non-Dutch r1

Marital status Single, never married; married; widow/widower; divorced r1–r5

Household composition With partner; with partner and children; single-parent household; single 
household; other household r2–r5

Working hours In hours per week r2–r5

Lifestyle exposures

Alcohol use No, never; no, I stopped using alcohol; every now and then, but less than 1 
glass per week; yes r1–r5

Number of glasses of alcohol per day In glasses per day r1–r5

Smoking status Smoker; former smoker; never smoker r1–r5

Number of cigarettes per day In cigarettes per day r1–r5

Smoking pack years In the number of smoking years times the number of packs smoked per day r1–r5

Occupational physical activity (EPIC Physical Activity Questionnaire (Pols et al. 
1997)) Sedentary job; standing job; manual work; heavy manual work; not applicable r1–r5

Time spent on moderate to vigorous physical activity per week (EPIC Physical 
Activity Questionnaire (Pols et al. 1997))

 < 0.5 h; 0.5–3.5 h; ≥ 3.5 h or more, of which < 2 h vigorous; ≥ 3.5 h, of 
which ≥ 2 h or more vigorous r2–r5

Dutch Healthy Diet index 2015 (Looman et al. 2017) On a scale from 0 to 130 (a higher score indicates higher adherence to the 
Dutch dietary guidelines) r2–r4

Number of hours of sleep per day  ≤ 5 h; 6 h; 7 h; 8 h; ≥ 9 h r1–r5

Reproductive cycle status
Male; female, regular cycle; female, irregular cycle; female, pregnant; female, 
anticontraceptive or hormone use; female, unknown/surgery; female, meno-
pause

r1–r5

Environmental exposures

Total  NO2 concentration at home address (dispersion models (Velders et al. 2020))b In ug/m3 r1–r5

Total  PM2.5 concentration at home address (dispersion models (Velders et al. 2020))b In ug/m3 r1–r5

Total elemental carbon concentration at home address (dispersion models (Velders 
et al. 2020))b In ug/m3 r1–r5

Rail traffic noise levels in 2016 for the entire 24-h period at home address (Standard 
Model Instrumentation for Noise Assessments (Schreurs et al. 2010)) In dB r1–r5

Road traffic noise levels in 2016 for the entire 24-h period at home address (Stand-
ard Model Instrumentation for Noise Assessments (Schreurs et al. 2010)) In dB r1–r5

Normalized difference vegetation index in 2010 in buffer 300 m around home 
address (Landsat 5 Thematic Mapper (United States Geological Service) On a scale from − 1 to 1 (higher score indicating more greenness) r1–r5

Normalized difference vegetation index in 2010 in buffer 1000 m around home 
address (Landsat 5 Thematic Mapper (United States Geological Service)) On a scale from − 1 to 1 (higher score indicating more greenness) r1–r5

Damp stains in the house in the past two years Not at all; occasionally; often; always r2–r3

Mold growth in the house in the past two years Not at all; occasionally; often; always r2–r3

Hot water supply in the house Geyser with drain; geyser without drain; boiler; combi boiler; combination or 
other r2–r3

Heat source for cooking Gas; electric; combination or other r2–r3

Pet (cat, dog, bird or rodent) in the house Yes; no, not anymore; no, never r2–r3

Smoking in the participant’s environment Yes, at home and at work; yes, at home; yes, at work; no r2–r3

Social support measured by positive social experiences (Van Oostrom et al. 1995) On a scale from 8 to 32 (higher score indicates more positive experiences) r1–r3

Social support measured by negative social experiences (Van Oostrom et al. 1995) On a scale from 8 to 32 (higher score indicates more negative experiences) r1–r3

Social support measure for elderly (Van Eijk et al. 1994) On a scale from 12 to 48 (higher score indicates more social support) r5

Loneliness scale (De Jong-Gierveld et al. 1985) On a scale from 0 to 11 (higher score indicates more loneliness) r5

Biological exposures

Body mass index In kg/m2 r1–r5

Waist/hip ratio Ratio r2–r5

Waist circumference In centimeters r2–r5

Pulse rate In beats per minute r1–r5

Systolic pressure In mm Hg r1–r5

Diastolic pressure In mm Hg r1–r5

Total cholesterol In mmol/l r1–r5

HDL cholesterol In mmol/l r1–r5

Total/HDL cholesterol ratio Ratio r1–r5

Continued
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higher the prolonged exposure over the life course. The TOE represents the average trend in the exposure. It is 
computed through determining the slope in exposure for each pair of subsequent rounds, and taking the aver-
age over that (for continuous exposures) or through determining whether a change from one reference category 
to another category occurred during the rounds (categorical exposures). A positive value for TOE indicates an 
upward trend in exposure, whereas a negative value indicates a downward trend. An advantage of this approach 
is that the AUE and TOE can also be calculated in case of missing values.

Step 2: choosing an ML algorithm: random forest. To analyze what longitudinal exposures had the greatest 
predictive value for self-perceived health, the random forest (RF) algorithm was  used13. Although many well-
suited options are available, RF was chosen due to its consistently good prediction  performance14. Other advan-
tages of RF are that it: (1) is relatively easy to understand for researchers new to the field of ML due to its use 
of decision trees; (2) is flexible, as it can be used for both regression and classification tasks and can deal with 
high-dimensional data that may contain non-linear effects and many interactions between covariates; (3) has a 
built-in mechanism that can be used to rank the most important predictors and can help the applied practitioner 
to gain insight into resulting prediction model. This non-parametric ML algorithm consists of an ensemble of 
decision trees that predict the outcome measure. Within RF, a decision tree is created on a bootstrapped dataset 
and this step is repeated many times, resulting in a forest of trees. In the current study, the predicted class (good/
poor health) by each decision tree was obtained for every individual, and then the proportion of trees that pre-
dict poor health was used as the predicted probability of poor health. To determine the prediction performance 
of the RF algorithm, the Receiver Operating Characteristic (ROC) curve and its Area-Under-the-Curve (AUC), 
sensitivity, specificity, and accuracy were used. Furthermore, calibration-in-the-large was assessed and a calibra-
tion curve was  plotted21.

Step 3: optimizing prediction performance. The tuning parameters of the RF algorithm (i.e. size of random 
sample of exposures used at each split (mtry), number of trees (ntree), minimum number of observations in the 

Table 1.  Overview of demographic, lifestyle, environmental, and biological exposures included in the 
current study. a Measurement rounds during which an exposure was measured (round 1 20–59 years, round 
2 26–65 years, round 3 31–70 years, round 4 36–75 years, round 5 41–80 years). b Based on concentration 
estimates of the year 2000 for round 1–3; the average of the years 2000 and 2010 for round 4; and the year 2010 
for round 5.

Exposure Label Rounda

Use of high blood pressure medication Yes; no r1–r5

Use of cholesterol lowering medication Yes; no r1–r5

Figure 2.  Summary of the six analysis steps.
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final nodes (nodesize), and maximum number of terminal nodes (maxnodes)) were tuned to improve prediction 
 performance22,23. In order to choose the optimal parameter settings, we divided the dataset in a random 80% 
training and 20% test dataset with a similar distribution of the proportions of good/poor perceived health in 
both datasets. Next, we selected the combination of settings that produced the highest prediction performance 
on the training dataset with a grid search in combination with five-fold cross-validation (the choice of k in k-fold 
cross-validation is usually 5 or 10) with R-package  caret24. Lastly, the model with the optimal settings was used to 
make predictions on the test dataset and the corresponding ROC curve and AUC were determined.

Step 4: ranking the variable importance. One of the primary outcomes of RF is the variable importance rank-
ing, which reflects a ranking of the importance of the exposures in the prediction performance of the RF. For 
classification (i.e. categorical outcome), the variable importance ranking plot shows a list of ‘most relevant’ vari-
ables, that are ranked by mean decrease in accuracy (MDA) that occurs when a particular exposure is permuted 
randomly in the RF. As the MDA indicates how much accuracy the prediction model losses by removing each 
exposure, it provides insight into the additive predictive value of a particular exposure in addition to all other 
exposures. Variables with a large MDA can thus be considered as strong independent predictors of the outcome. 
The variable importance ranking can be used to investigate and identify associations between exposures and the 
outcome. We obtained the variable importance ranking by taking the optimal parameter settings and fitting a RF 
on the entire dataset. In this study, we show the 30 top-ranked exposures in the variable importance.

Step 5: selecting exposures through cross‑validation. A good prediction model is characterized by its ability 
to strike a balance between prediction accuracy and parsimony. The variable importance ranking ranks the 
entire list of features, but does not automatically select the features that together are responsible for the optimal 
prediction performance. To this end, we considered the number of exposures included in the final model as an 
additional tuning parameter q, and performed a post-hoc cross-validation procedure in which the relationship 
between q and the prediction performance was evaluated, while taking the other tuning parameter values at their 
previously selected values. Afterwards, the AUC was estimated for each choice of q, and plotted against each 
other. The optimal value for q was chosen based on the flattening of the resulting curve.

Step 6: plotting partial dependence plots and accumulated local effects plots. The variable importance ranking 
identifies the most important exposures that predict self-perceived health. However, it does not provide infor-
mation about the shape of the relation between the exposure and self-perceived health. To visualize this rela-
tion, partial dependence plots (PDP)4 and accumulated local effects (ALE) plots were  produced25. These plots 
illustrate how the prediction of the outcome changes on average when the values of an exposure are changed 
and while all other exposures are kept constant at their original values. PDPs plot the value of the average pre-
dicted outcome on the y-axis against each value of the exposure on the x-axis. ALE plots look at the local effects 
of an exposure, i.e. the effect is estimated in a subpopulation located in a certain range of the  exposure26. An 
advantage of the ALE plots is that they largely avoid extrapolation of the effect at values of the exposure that do 
not occur in (combination with certain values of another exposure in) the dataset, which is especially a problem 
when there are highly correlated  exposures25. However, a consequence of this is that the local effects are only 
applicable to the specific subpopulation for which it was calculated, and therefore it is difficult to interpret and 
compare the size of different local effects. In this study, both PDPs and ALE plots were plotted for the number of 
most important exposures selected through cross-validation. The PDPs provide a general sense of the effect size 
of each exposure, while the ALE plots were used to check whether the slopes as observed in PDPs are possibly 
the result of extrapolation issues.

Analyzes were performed using R Version 4.0.2. (http:// www.R- proje ct. org/). RF was conducted using the 
R-package  randomForest27. The R-package caret was used to tune the RF  parameters24 and iml was used to plot 
the ALE  plots26.

Results
Study population (Step 1). Of the 3419 participants, 16% reported a poor or fair perceived health at 
round 6. Table 2 presents a selection of the 96 included exposures, based on the average value (AUE) and trend 
(TOE) over time of 45 exposures (Supplementary Table S2 presents all exposures) (Step 1). Table 2 shows for 
example that the AUE of the continuous exposure working hours was lower for those with poor versus good 
(14.9 vs. 22.1 h per week) perceived health, and the TOE was also lower for those with poor versus good (− 1.8 
vs. − 1.1 h per week) perceived health, which indicates that a poor perceived health is associated with working 
on average less hours over time and with a faster decline in the number of hours worked over time. The AUE and 
TOE of the categorial exposure marital status indicate that those with poor perceived health were less likely to 
be married over time (76% vs. 82%), and more likely to become widowed or divorced (21% vs. 16%), than those 
with good perceived health. Table 2 and Supplementary Table S2 also show that there were large differences in 
other exposures between those with poor and good perceived health. For example, the average BMI (26.9 vs. 
25.4 kg/m2) and the average trend in BMI (0.8 vs. 0.6 kg/m2) over time were higher in those with poor versus 
good perceived health. Figure 3 presents the average trajectories over time of a demographic/lifestyle/environ-
mental/biological exposure.

Predictors of self‑perceived health (Step 2–5). We then used RF to analyze which longitudinal expo-
sures had the greatest predictive value for self-perceived health. The AUC of the RF model including all 96 
exposures and with the optimal parameter settings for predicting self-perceived health on the training dataset 
was 0.742 (Supplementary Text S3). Fitting this model on the test dataset resulted in a slightly lower AUC of 

http://www.R-project.org/
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Table 2.  The average value and trend over time of a few selected exposures, stratified by good or poor 
perceived health status at round 6. The AUE and TOE indicate the average value of the exposure over time 
and the average trend in the exposure over time for continuous exposures, respectively. For the categorical 
exposures, the proportion of the time that participants were in a particular category (AUE) and the proportion 
of participants for whom a change from one reference category to another category occurred during the 
rounds (TOE) is presented. AUE Area-Under-the-Exposure, TOE trend-of-the-exposure. P-values were tested 
using the independent samples t test and chi-square test.

Exposure

Total population 
(n = 3419)

Good perceived 
health (n = 2876)

Poor perceived 
health (n = 543)

p-valueMean/% SD/n Mean/% SD/n Mean/% SD/n

Demographic exposures

Working hours (in hours per week), AUE 20.9 15.9 22.1 15.6 14.9 16.3  < 0.001

Working hours (in hours per week), TOE − 1.2 7.5 − 1.1 7.6 − 1.8 7.0 0.040

Marital status (% of the time married), AUE 81 32 82 31 76 37  < 0.001

Marital status (% from married to widowed or divorced), TOE 17 569 16 456 21 113 0.005

Lifestyle exposures

Smoking (in pack years), AUE 9 12 8 11 12 14  < 0.001

Smoking (in pack years), TOE 0.8 2.2 0.8 2.1 1.1 2.9 0.005

Alcohol use (% of the time every now and then or yes), AUE 89 26 90 24 84 31  < 0.001

Alcohol use (% from never user to current user), TOE 9 297 9 251 8 46 0.914

Environmental exposures

NO2 concentration (in ug/m3), AUE 27.7 1.9 27.7 1.9 27.7 1.9 0.922

NO2 concentration (in ug/m3), TOE − 1.6 0.6 − 1.6 0.6 − 1.6 0.7 0.662

Damp stains in the house (% of the time yes), AUE 22 34 22 34 26 36 0.014

Damp stains in the house (% from no to yes), TOE 10 295 10 246 11 49 0.553

Biological exposures

Body mass index (in kg/m2), AUE 25.6 3.5 25.4 3.3 26.9 4.2  < 0.001

Body mass index (in kg/m2), TOE 0.7 0.7 0.6 0.7 0.8 0.9  < 0.001

Use of high blood pressure medication (% of the time yes), AUE 10 21 9 20 15 25  < 0.001

Use of high blood pressure medication (% from no to yes), TOE 18 609 16 462 27 147  < 0.001
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Figure 3.  Examples of average trajectories over time of a demographic (a), a lifestyle (b), an environmental (c), 
and a biological (d) exposure for those with good (solid green line) and poor (dashed blue line) perceived health 
status at round 6.
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0.707 (95% confidence interval: 0.655–0.759) (Step 2–3) (Table 3). At the optimal threshold in the ROC curve, 
sensitivity was 0.593 and specificity was 0.725. The average estimated risk of poor self-perceived health given by 
RF in the test dataset was 17.4%, which is comparable to the observed prevalence of poor self-perceived health 
of 15.9%. This is in line with the calibration curve in Supplementary Fig. S2, which indicates that the predicted 
risks of poor self-perceived health broadly correspond to the observed proportions, with the curve being gener-
ally close to the diagonal.

Figure 4 displays the top 30 most important exposures in predicting self-perceived health based on the RF 
model (Step 4) performed on the entire dataset. To determine the number of top-ranked exposures needed to 
obtain an equally good prediction performance as in the model with all 96 exposures, we applied cross-vali-
dation on the training dataset (Step 5) (Fig. 5). The prediction performance sharply increased when selecting 
the first four exposures (AUC = 0.682). The AUC further increased when selecting between 5 and 9 exposures 
(AUC = 0.713), after which the curve flattened. Therefore, the optimum number of exposures to select was set 
at 9 exposures (Table 4). Applying the model with 9 exposures on the test dataset resulted in an AUC of 0.679 
(95% CI 0.625–0.733, sensitivity = 0.685 and specificity = 0.595 at optimal threshold in the ROC curve), which 
was slightly lower than the AUC of 0.707 in the model with all 96 exposures.

Relation between predictor and self‑perceived health (Step 6). We then plotted the relation 
between the top 9 predictors and poor self-perceived health in PDPs (Fig. 6) and ALE plots (Supplementary 
Fig. S3) (Step 6). To illustrate, having worked on average < 10 h/week over time was predictive of poor perceived 
health. An advantage of these plots is that they facilitate automatic interpretation of non-linear relations. To 
avoid presenting results based on a small number of observations, we only plotted values from the  5th-95th 
percentile of the predictor on the x-axes. Similar slopes were observed when using ALE plots (Supplementary 
Fig. S3), as the sign of the slopes (positive/negative) corresponds with the slopes in the PDPs. Supplementary 
Fig. S4 presents the distribution of the values of the predictors.

Discussion
In this study, we described an approach based on ML to identify the exposures that predict self-perceived health 
best in a 30-year cohort study. Our approach involves (1) preprocessing the repeated measurements of exposures 
by constructing measures for the average value and trend over time of the exposures, (2) applying RF to build and 
optimize the prediction model, and using the AUC to determine the corresponding prediction performance, (3) 
ranking the exposures according to their contribution to the prediction performance, (4) selecting the exposures 
that all together more or less determine the overall prediction performance, and (5) using PDPs and ALE plots 
to determine the nature of their relation with the outcomes.

Our approach revolves around several key principles. First and foremost, a non-parametric approach seems 
well suited to an exploratory study. From the perspective of a statistician, data are generated by some stochastic 
model y = f (x) . In contrast to traditional regression approaches, ML approaches often make very few assump-
tions on the functional form of f (x)5. (One exception would, for instance, be  LASSO4). The goal of many expo-
some studies is to explore associations between exposure and outcome, when there typically exists little to no 
a priori knowledge on how each exposure is related to the outcome, or on their relative importance. For these 
studies there is not necessarily a strong reason to assume any specific functional form, especially when the data 
are high dimensional. Such assumptions could comprise the number of exposures to include, the linearity of 
relations, and the absence of interaction effects. Assuming a wrong functional form may even lead to wrong 
conclusions in some  cases6. For instance, if a linear relation between exposure and outcome is imposed on what 
is actually a parabolic relation, the corresponding regression parameter estimate is not informative, and could 
lead to not identifying this exposure as a relevant predictor. In our application we found that most exposures 

Table 3.  Prediction performance metrics for the total model and the models without a particular domain of 
exposures.

Model Optimal threshold ROC curve

Sensitivity and specificity 
at a predefined point 
of 0.5

AUC (95% CI) Threshold Specificity Sensitivity Sensitivity + specificity Accuracy Specificity Sensitivity

Total

0.707 (0.655–0.759) 0.789 0.725 0.593 1.318 0.704 0.777 0.787

Without demographic exposures

0.684 (0.630–0.739) 0.792 0.713 0.565 1.278 0.690 0.767 0.759

Without lifestyle exposures

0.695 (0.642–0.747) 0.875 0.494 0.815 1.309 0.545 0.774 0.806

Without environmental exposures

0.702 (0.650–0.754) 0.866 0.539 0.796 1.335 0.580 0.774 0.796

Without biological exposures

0.669 (0.611–0726) 0.811 0.645 0.611 1.256 0.640 0.730 0.685
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had non-linear relations with the outcome, which suggests that the risk of wrongly imposing a linear relation-
ship is not negligible.

Second, it is difficult for any researcher to perform model and variable selection in practice, especially for 
high dimensional data. Even for our setting (96 exposures), there is a risk of  overfitting4. Severe overfitting not 
only casts doubts on the prediction model, but also on the predictors it indirectly inferred while training. ML 
approaches automate model selection by finding a functional form that maximizes prediction accuracy, while 
using strategies (based on cross-validation and related techniques) to assess out-of-sample error and minimize 
the risk of overfitting. By contrast, stepwise selection methods completely neglect out-of-sample error and are 
thus prone to  overfitting28, yet are amongst the most popular variable selection methods in  epidemiology29. 
Furthermore, these methods completely neglect multiple testing issues, which is especially a problem in high 
dimensional  settings30.

Third, a combination of data pre-processing and post-hoc visualization techniques can generally be used to 
make ML models more interpretable in longitudinal exposome studies. Since individual exposure can change 
over time, the trajectory of exposure may be predictive. Therefore, to facilitate interpretation, we created aggrega-
tions of repeated exposure measurements, as has been recommended  previously12. In our study we represented 
the trajectories by considering both the average exposure over time and the average trend in the exposure, that 
describe the persistence and evolution of exposure respectively. These representation measures can then be used 
in the ML model. After training the ML model, visualization techniques such as  PDPs31 and ALE  plots25 can help 
in interpreting the ML model. For any given exposure, these plots illustrate how the prediction of the outcome 
changes on average when changing the values of that exposure while keeping all other exposures constant at 

Marital.status.perwidowed
Educational.level
Glasses.alcohol.trend
Glasses.alcohol.AUE
LPA.perinactive
PM25.AUE
Total/HDL.cholesterol.AUE
WHR.trend
Household.persingle
Diastolic.pressure.AUE
Reproductive.cycle.permenopause
NO2.trend
Working.hours.trend
Waist.circumference.trend
Total.cholesterol.trend
Diastolic.pressure.trend
Household.persingleparent
Packyears.trend
Sleep.trend
BP.medication.peryes
BMI.trend
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Figure 4.  Variable importance ranking of the 30 most important exposures in predicting self-perceived health. 
The x-axis displays the mean decrease in accuracy that occurs when a particular exposure is permuted randomly 
in the random forest. AUE, Area-Under-the-Exposure; BMI, body mass index; BP, blood pressure; LPA, leisure 
time physical activity; r5, round 5; trend, Trend-of-the-Exposure; WHR, waist/hip ratio.



9

Vol.:(0123456789)

Scientific Reports |        (2022) 12:10372  | https://doi.org/10.1038/s41598-022-14632-w

www.nature.com/scientificreports/

their original values. Although it is not possible to produce straightforward regression coefficients, such plots can 
always be applied to obtain an interpretation that is similar, in terms of the sign and magnitude of the effect size.

In the current study, all investigated domains (demographic, lifestyle, environmental, and biological expo-
sures) were represented in the identified predictors of self-perceived health. This agrees with prior prediction 
and risk assessment studies with health outcomes such as self-perceived health, mortality, and disability-adjusted 
life-years that also identified exposures from different domains to be important in predicting these health 
 outcomes32–34. While the biological factors were relatively overrepresented in the top-ranked predictors, this 
exposure domain did not outperform the other domains in its relative contribution to predicting self-perceived 
health (Table 3). Therefore, it cannot be concluded that self-perceived is primarily predicted by a particular 
domain. Instead, applying a broad range of exposures across domains (i.e. an exposome framework) seems to 
be more appropriate in this context. To this end, the approach applied in the current study is helpful, because 
it provides a direct comparison and ranking of the predictive performances of different types of predictors for 
self-perceived health.

Across domains, the average number of working hours over time was by far the leading predictor of self-
perceived health at older age. Having on average no working hours over time was in particular predictive of 
having poor perceived health (Fig. 6). In correspondence, in earlier studies into the predictive value of exposures 
across different domains on health outcomes, having a history of unemployment was among the top 5 factors 
associated with the greatest risk of poor health and  mortality33,35.

This paper is intended to provide other researchers with an example and tutorial of how ML can act as an 
useful addition to an epidemiologist’s toolkit. It can thus provide other researchers with an application of how to 
use an ML algorithm to answer a public health research question. However, the proposed approach only covers 
the bare necessities and should therefore be seen as a point of departure for epidemiologists. Limitations of our 
approach include the following. First, our approach was illustrated using RF, but many algorithms exist. As the 
focus of many epidemiologist and public health researchers is on the application itself and the relevance for health 
policy, only one algorithm was included in this paper and RF was considered a good choice for this purpose. 
However, some other algorithms that can be considered are other tree-based methods (e.g.36), support vector 
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Figure 5.  Exposure selection through cross-validation showing the prediction performance (Area-Under-the-
Curve, AUC) (y-axis) of the model using a particular number of top-ranked exposures (x-axis). The dotted gray 
line represents the optimum number of exposures to select (q = 9).

Table 4.  Top 9 predictors of self-perceived health.

# Exposure Label Type Round Domain

1 Working hours In hours per week Average over time r2–r5 Demographic

2 Waist circumference In centimeters Average over time r2–r5 Biological

3 Body mass index In kg/m2 Average over time r1–r5 Biological

4 Loneliness On a scale from 0 to 11 Measured in round 5 r5 Environmental

5 Waist/hip ratio Ratio Average over time r2–r5 Biological

6 Age In years Average over time r1–r5 Demographic

7 Sleep duration In hours per day Average over time r1–r5 Lifestyle

8 Smoking pack years In pack years Average over time r1–r5 Lifestyle

9 Total/HDL cholesterol ratio Ratio Average trend over time r1–r5 Biological
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Figure 6.  Partial dependence plots (PDPs) of the relation between predictors of self-perceived health and poor 
self-perceived health. The dotted gray line represents the reference value, i.e. the predicted outcome corresponds 
to the prevalence of poor perceived health in the total population at round 6 (0.16). AUE, Area-Under-the-
Exposure; BMI, body mass index; r5, round 5; WHR, waist/hip ratio.



11

Vol.:(0123456789)

Scientific Reports |        (2022) 12:10372  | https://doi.org/10.1038/s41598-022-14632-w

www.nature.com/scientificreports/

machines, and neural  networks7,14. In addition, we used the AUC of the ROC curve to assess the discriminative 
quality of our model, but alternative measures for discrimination are available too (e.g. the scaled Brier score)37.

Second, alternative strategies may exist to select the most important variables. Our strategy is based on consid-
ering the number of exposures as a tuning parameter using cross-validation and visually inspecting the exposures 
that substantially contribute to the prediction performance. There is room for interpretation differences here. 
Furthermore, the interpretation is strengthened by the modest contribution by many exposome variables. Such 
exposures may in truth be associated, but based on a prediction performance based metric they tend to be not 
as easily identified. It may therefore be more worthwhile to look at alternative variable selection  strategies38,39, or 
the use of p-values in variable  importance40,41. Furthermore, strongly correlated exposures may be more difficult 
to interpret in variable importance rankings, and may require other approaches to improve  interpretation42.

Third, our approach does not take into account potential informative censoring and/or missingness in lon-
gitudinal studies. The dropout of individuals may be related to their characteristics, and some approaches have 
been developed to deal with  this43,44.

Fourth, our approach has not taken into account class imbalance in the outcome. When the dataset is highly 
imbalanced, i.e. one class of the outcome is strongly overrepresented compared to another class, the ML algorithm 
will mainly focus on predicting the majority class well, whereas the minority class is most likely to be the class of 
 interest45. Class imbalance in our case study was limited, but in cases of severe imbalance (e.g. where one class of 
the outcome for example includes 1% and the other 99% of the cases), it may be worthwhile to apply a balancing 
technique such as over-sampling or under-sampling45,46.

Finally, it is important to note that the proposed approach focuses on prediction of a health outcome and 
it does not aim to estimate causal effects. Although there has been less emphasis in the literature on using ML 
for causal inference, this is currently a highly emerging field of  research9. Some interesting new developments 
include for example causal forests and causal structure  learning47,48.

Conclusion
We proposed an approach to predict health outcomes based on longitudinal exposures and to identify relevant 
predictors. This approach combines the use of ML, with its many attractive properties, with visualization meth-
ods to facilitate interpretability. We show that ML can be interpreted more than is widely believed, and can be 
a valuable asset in epidemiological research. With this paper, we aim to support others in implementing ML 
techniques for studying (longitudinal) predictors of health outcomes.

Data availability
The datasets generated during and analysed during the current study are not publicly available due to ethical 
restrictions related to participant consent but are available from the corresponding author on reasonable request.

Received: 27 October 2021; Accepted: 9 June 2022

References
 1. National Research Council. Preparing for an Aging World: The Case for Cross‑National Research (National Academies Press (US), 

2001).
 2. Vrijheid, M. The exposome: A new paradigm to study the impact of environment on health. Thorax 69, 876–878. https:// doi. org/ 

10. 1136/ thora xjnl- 2013- 204949 (2014).
 3. Kingston, A. & Jagger, C. Review of methodologies of cohort studies of older people. Age Ageing 47, 215–219. https:// doi. org/ 10. 

1093/ ageing/ afx183 (2018).
 4. Hastie, T., Tibshirani, R. & Friedman, J. The Elements of Statistical Learning 2nd edn. (Springer, 2009).
 5. Breiman, L. Statistical modeling: The two cultures (with comments and a rejoinder by the author). Stat. Sci. 16, 199–231 (2001).
 6. Mahmoud, H. F. Parametric versus semi and nonparametric regression models. Int. J. Stat. Probab. 10, 1–90 (2021).
 7. Jorm, L. R. Commentary: Towards machine learning-enabled epidemiology. Int. J. Epidemiol. 49, 1770–1773. https:// doi. org/ 10. 

1093/ ije/ dyaa2 42 (2020).
 8. Beam, A. L. & Kohane, I. S. Big data and machine learning in health care. JAMA 319, 1317–1318. https:// doi. org/ 10. 1001/ jama. 

2017. 18391 (2018).
 9. Bi, Q., Goodman, K. E., Kaminsky, J. & Lessler, J. What is machine learning? A primer for the epidemiologist. Am. J. Epidemiol. 

188, 2222–2239. https:// doi. org/ 10. 1093/ aje/ kwz189 (2019).
 10. Rose, S. Intersections of machine learning and epidemiological methods for health services research. Int. J. Epidemiol. 49, 1763–

1770. https:// doi. org/ 10. 1093/ ije/ dyaa0 35 (2021).
 11. Mooney, S. J. & Pejaver, V. Big data in public health: Terminology, machine learning, and privacy. Annu. Rev. Public Health 39, 

95–112. https:// doi. org/ 10. 1146/ annur ev- publh ealth- 040617- 014208 (2018).
 12. Wiemken, T. L. & Kelley, R. R. Machine learning in epidemiology and health outcomes research. Annu. Rev. Public Health 41, 

21–36. https:// doi. org/ 10. 1146/ annur ev- publh ealth- 040119- 094437 (2020).
 13. Breiman, L. Random forests. Mach. Learn. 45, 5–32 (2001).
 14. Fernández-Delgado, M., Cernadas, E., Barro, S. & Amorim, D. Do we need hundreds of classifiers to solve real world classification 

problems?. J. Mach. Learn. Res. 15, 3133–3181 (2014).
 15. Picavet, H. S. J., Blokstra, A., Spijkerman, A. M. W. & Verschuren, W. M. M. Cohort profile update: The Doetinchem Cohort Study 

1987–2017: Lifestyle, health and chronic diseases in a life course and ageing perspective. Int. J. Epidemiol. 46, 1751–1751g. https:// 
doi. org/ 10. 1093/ ije/ dyx103 (2017).

 16. Verschuren, W. M., Blokstra, A., Picavet, H. S. & Smit, H. A. Cohort profile: The Doetinchem Cohort Study. Int. J. Epidemiol. 37, 
1236–1241. https:// doi. org/ 10. 1093/ ije/ dym292 (2008).

 17. Klompmaker, J. O. et al. Green space definition affects associations of green space with overweight and physical activity. Environ. 
Res. 160, 531–540. https:// doi. org/ 10. 1016/j. envres. 2017. 10. 027 (2018).

 18. Schreurs, E., Jabben, J. & Verheijen, E. STAMINA-Model description. Standard Model Instrumentation for Noise Assessments. 
(National Institute for Public Health and the Environment, Bilthoven, 2010. Available from: https:// www. rivm. nl/ publi caties/ stami 
na- model- descr iption- stand ard- model- instr ument ation- for- noise- asses sments)

https://doi.org/10.1136/thoraxjnl-2013-204949
https://doi.org/10.1136/thoraxjnl-2013-204949
https://doi.org/10.1093/ageing/afx183
https://doi.org/10.1093/ageing/afx183
https://doi.org/10.1093/ije/dyaa242
https://doi.org/10.1093/ije/dyaa242
https://doi.org/10.1001/jama.2017.18391
https://doi.org/10.1001/jama.2017.18391
https://doi.org/10.1093/aje/kwz189
https://doi.org/10.1093/ije/dyaa035
https://doi.org/10.1146/annurev-publhealth-040617-014208
https://doi.org/10.1146/annurev-publhealth-040119-094437
https://doi.org/10.1093/ije/dyx103
https://doi.org/10.1093/ije/dyx103
https://doi.org/10.1093/ije/dym292
https://doi.org/10.1016/j.envres.2017.10.027
https://www.rivm.nl/publicaties/stamina-model-description-standard-model-instrumentation-for-noise-assessments
https://www.rivm.nl/publicaties/stamina-model-description-standard-model-instrumentation-for-noise-assessments


12

Vol:.(1234567890)

Scientific Reports |        (2022) 12:10372  | https://doi.org/10.1038/s41598-022-14632-w

www.nature.com/scientificreports/

 19. United States Geological Service. Global Visualization Viewer. Available from: https:// earth explo rer. usgs. gov/
 20. Velders, G. J. et al. Effects of European emission reductions on air quality in the Netherlands and the associated health effects. 

Atmos. Environ. 221, 117109 (2020).
 21. Van Calster, B., McLernon, D. J., van Smeden, M., Wynants, L. & Steyerberg, E. W. Calibration: The Achilles heel of predictive 

analytics. BMC Med. 17, 230. https:// doi. org/ 10. 1186/ s12916- 019- 1466-7 (2019).
 22. Probst, P., Wright, M. N. & Boulesteix, A. L. Hyperparameters and tuning strategies for random forest. Wiley Interdiscip. Rev. Data 

Min. Knowl. Discov. 9, e1301 (2019).
 23. Scornet, E. Tuning parameters in random forests. ESAIM: Proc. Surv. 60, 144–162 (2017).
 24. Kuhn, M. Building predictive models in R using the caret package. J. Stat. Softw. 28, 1–26 (2008).
 25. Apley, D. W. & Zhu, J. Visualizing the effects of predictor variables in black box supervised learning models. J. R. Stat. Soc. Ser. B 

82, 1059–1086 (2020).
 26. Molnar, C., Casalicchio, G. & Bischl, B. iml: An R package for interpretable machine learning. J. Open Sour. Softw. 3, 786 (2018).
 27. Liaw, A. & Wiener, M. Classification and regression by randomForest. R News 2, 18–22 (2002).
 28. Smith, G. Step away from stepwise. J. Big Data 5, 1–12 (2018).
 29. Walter, S. & Tiemeier, H. Variable selection: Current practice in epidemiological studies. Eur. J. Epidemiol. 24, 733–736. https:// 

doi. org/ 10. 1007/ s10654- 009- 9411-2 (2009).
 30. Mundry, R. & Nunn, C. L. Stepwise model fitting and statistical inference: Turning noise into signal pollution. Am. Nat. 173, 

119–123. https:// doi. org/ 10. 1086/ 593303 (2009).
 31. Zhao, Q. & Hastie, T. Causal interpretations of black-box models. J. Bus. Econ. Stat. https:// doi. org/ 10. 1080/ 07350 015. 2019. 16242 

93 (2019).
 32. GBD 2016 Risk Factors Collaborators. Global, regional, and national comparative risk assessment of 84 behavioural, environmental 

and occupational, and metabolic risks or clusters of risks, 1990–2016: A systematic analysis for the Global Burden of Disease Study 
2016. Lancet 390, 1345–1422. https:// doi. org/ 10. 1016/ s0140- 6736(17) 32366-8 (2017).

 33. Puterman, E. et al. Predicting mortality from 57 economic, behavioral, social, and psychological factors. Proc. Natl. Acad. Sci. U 
S A 117, 16273–16282. https:// doi. org/ 10. 1073/ pnas. 19184 55117 (2020).

 34. Shooshtari, S., Menec, V. & Tate, R. Comparing predictors of positive and negative self-rated health between younger (25–54) and 
older (55+) Canadian adults: A longitudinal study of well-being. Res. Aging 29, 512–554 (2007).

 35. Engchuan, W. et al. Sociodemographic indicators of health status using a machine learning approach and data from the english 
longitudinal study of aging (ELSA). Med. Sci. Monit. 25, 1994–2001. https:// doi. org/ 10. 12659/ msm. 913283 (2019).

 36. Chen, T. & Guestrin, C. in Proceedings of the 22nd acm sigkdd international conference on knowledge discovery and data mining. 
785–794.

 37. Wu, Y. C. & Lee, W. C. Alternative performance measures for prediction models. PLoS ONE 9, e91249. https:// doi. org/ 10. 1371/ 
journ al. pone. 00912 49 (2014).

 38. Degenhardt, F., Seifert, S. & Szymczak, S. Evaluation of variable selection methods for random forests and omics data sets. Brief 
Bioinform. 20, 492–503. https:// doi. org/ 10. 1093/ bib/ bbx124 (2019).

 39. Santos, S. et al. Applying the exposome concept in birth cohort research: A review of statistical approaches. Eur. J. Epidemiol. 35, 
193–204. https:// doi. org/ 10. 1007/ s10654- 020- 00625-4 (2020).

 40. Altmann, A., Toloşi, L., Sander, O. & Lengauer, T. Permutation importance: A corrected feature importance measure. Bioinformatics 
26, 1340–1347. https:// doi. org/ 10. 1093/ bioin forma tics/ btq134 (2010).

 41. Janitza, S., Celik, E. & Boulesteix, A.-L. A computationally fast variable importance test for random forests for high-dimensional 
data. Adv. Data Anal. Classif. 12, 885–915 (2018).

 42. Strobl, C., Boulesteix, A. L., Kneib, T., Augustin, T. & Zeileis, A. Conditional variable importance for random forests. BMC Bioin‑
form. 9, 307. https:// doi. org/ 10. 1186/ 1471- 2105-9- 307 (2008).

 43. Ishwaran, H., Kogalur, U. B., Blackstone, E. H. & Lauer, M. S. Random survival forests. Ann. Appl. Stat. 2, 841–860 (2008).
 44. Kvamme, H., Borgan, Ø. & Scheel, I. Time-to-event prediction with neural networks and Cox regression. J. Mach. Learn. Res. 20, 

1–30 (2019).
 45. Liu, X. Y., Wu, J. & Zhou, Z. H. Exploratory undersampling for class-imbalance learning. IEEE Trans. Syst. Man Cybern. B Cybern. 

39, 539–550. https:// doi. org/ 10. 1109/ tsmcb. 2008. 20078 53 (2009).
 46. Branco, P., Torgo, L. & Ribeiro, R. P. A survey of predictive modeling on imbalanced domains. ACM Comput. Surv. 49, 1–50 (2016).
 47. Athey, S. & Wager, S. Estimating treatment effects with causal forests: An application. Observ. Stud. 5, 37–51 (2019).
 48. Heinze-Deml, C., Maathuis, M. H. & Meinshausen, N. Causal structure learning. Annu. Rev. Stat. Appl. 5, 371–391 (2018).

Author contributions
B.L. wrote the first draft of the article with further contributions from A.W., N.J., M.S., J.H., S.P., H.B., M.V., and 
G.C.H. B.L. and A.W. analysed the data. G.C.H. coordinated the work done for the current study. All authors 
interpreted the data, reviewed and edited the manuscript, and approved the final version of the article.

Funding
This study was funded by the Strategic Program project “COMPLEXA” of the Dutch National Institute for Public 
Health and the Environment (RIVM). The funding bodies had no role in the study design; collection, analysis, 
and interpretation of data; writing of the manuscript; or the decision to submit the manuscript for publication.

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- 022- 14632-w.

Correspondence and requests for materials should be addressed to B.L.

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.

https://earthexplorer.usgs.gov/
https://doi.org/10.1186/s12916-019-1466-7
https://doi.org/10.1007/s10654-009-9411-2
https://doi.org/10.1007/s10654-009-9411-2
https://doi.org/10.1086/593303
https://doi.org/10.1080/07350015.2019.1624293
https://doi.org/10.1080/07350015.2019.1624293
https://doi.org/10.1016/s0140-6736(17)32366-8
https://doi.org/10.1073/pnas.1918455117
https://doi.org/10.12659/msm.913283
https://doi.org/10.1371/journal.pone.0091249
https://doi.org/10.1371/journal.pone.0091249
https://doi.org/10.1093/bib/bbx124
https://doi.org/10.1007/s10654-020-00625-4
https://doi.org/10.1093/bioinformatics/btq134
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.1109/tsmcb.2008.2007853
https://doi.org/10.1038/s41598-022-14632-w
https://doi.org/10.1038/s41598-022-14632-w
www.nature.com/reprints


13

Vol.:(0123456789)

Scientific Reports |        (2022) 12:10372  | https://doi.org/10.1038/s41598-022-14632-w

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:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

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

	Using random forest to identify longitudinal predictors of health in a 30-year cohort study
	Methods
	Study design and population. 
	Outcome measure. 
	Exposures. 
	Statistical analysis. 
	Step 1: assessing longitudinal exposures. 
	Step 2: choosing an ML algorithm: random forest. 
	Step 3: optimizing prediction performance. 
	Step 4: ranking the variable importance. 
	Step 5: selecting exposures through cross-validation. 
	Step 6: plotting partial dependence plots and accumulated local effects plots. 


	Results
	Study population (Step 1). 
	Predictors of self-perceived health (Step 2–5). 
	Relation between predictor and self-perceived health (Step 6). 

	Discussion
	Conclusion
	References


