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Abstract

Aims: We contribute to the methodological literature on the assessment of health inequalities by applying an algorithmic
approach to evaluate the capabilities of socioeconomic variables in predicting the prevalence of non-communicable diseases
in a Norwegian health survey. Methods: We use data from the seventh survey of the population based Tromse Study (2015—
2016), including 11,074 women and 10,009 men aged 40 years and above. We apply the random forest algorithm to predict
four non-communicable disease outcomes (heart attack, cancer, diabetes and stroke) based on information on a number
of social root causes and health behaviours. We evaluate our results using the classification error, the mean decrease in
accuracy, partial dependence statistics. Results: Results suggest that education, household income and occupation to a
variable extent contribute to predicting non-communicable disease outcomes. Prediction misclassification ranges between
25.1% and 35.4% depending on the non-communicable diseases under study. Partial dependences reveal mostly expected
health gradients, with some examples of complex functional relationships. Out-of-sample model validation shows that
predictions translate to new data input. Conclusions: Algorithmic modelling can provide additional empirical
detail and metrics for evaluating heterogeneous inequalities in morbidity. The extent to which education,
income and occupation contribute to predicting binary non-communicable disease outcomes depends on both
non-communicable diseases and socioeconomic indicator. Partial dependences reveal that social gradients
in non-communicable disease outcomes vary in shape between combinations of non-communicable disease
outcome and socioeconomic status indicator. Misclassification rates highlight the extent of variation within
socioeconomic groups, suggesting that future studies may improve predictive accuracy by exploring further
subpopulation heterogeneity.

Keywords: Non-communicable disease, socioeconomic status, machine learning, random forest, fearure importance, prediction,
partal dependence

Introduction and the shortcomings of statistical significance as a
single evaluation criterion [6, 7] suggest that existing

Decades of studies rooted in traditional data model- metrics of scientific evaluation should be supple-

ling have produced convincing evidence for the exist-
ence and persistence of health inequalities. Particular
attention has been given to the disease distribution
between social groups and the social origins of dis-
ease [1-5]. However, issues of model dependence

mented. Algorithmic modelling can provide such
additional metrics by providing indicators of the pre-
dictive accuracy of the model in predicting new data
input, and reduce model dependence through non-
parametric estimation [8].
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We therefore adopt an algorithmic modelling
strategy to explore the variation in association
between a set of socioeconomic status (SES) indica-
tors and a set of non-communicable diseases
(NCDs).We contribute to discussions on the statisti-
cal assessment of socioeconomic correlates of disease
by applying an out-of-sample predictive approach in
the context of a comprehensive Norwegian health
survey. We apply the random forest [9] algorithm on
classification problems, and compute variable impor-
tance statistics to assess to what extent these factors
contribute to correctly predicting a history of NCD
outcomes out of sample. We further compute partial
dependences between SES indicators and NCD out-
comes to assess how education, occupation and
income aids the algorithm in making predictions. We
discuss the potential benefits of integrating algorith-
mic modelling into the methodological toolbox of
health inequality researchers.

Methods and materials
The Tromso Study

The Tromse Study is conducted in Tromse munici-
pality in northern Norway and aims to include large,
representative samples of the local population. The
invitation of whole birth cohorts and random sam-
pling ensures a balanced representation of both gen-
ders, and a demographic closely mirroring the
Tromse population. The survey includes a wide
range of variables, including both questionnaires,
biological samples and clinical examinations. All
inhabitants aged 40 years and older (N=32,591)
were invited to Tromse7 (2015-2016, 65% partici-
pated) [10].

Table I presents summary statistics on all predic-
tors and outcomes applied in the algorithm. The
overall sample size was N=21,083.We applied simple
mean and median imputation to missing values. Our
outcomes are four NCDs: diabetes, heart attack,
stroke and cancer. These NCDs are leading causes of
premature mortality and represent a great burden of
disease globally [11]. The outcome measures com-
prise self-reports of both previous and current dis-
ease status. SES was measured using traditional
indicators such as level of education, household
income and occupational group. Following Olsen
et al. [12] we categorised occupations as follows:
unskilled (including semi-skilled manual jobs); inter-
mediary (including office, sales, service and care
jobs); lower professions requiring tertiary education
of up to 3 years; and higher professions including
administrative leaders, politicians, or professions
requiring at least 4 years of tertiary education.

Education was split into four categories: primary,
vocational, tertiary education of less than 4 years and
tertiary education of 4 years or more. Household
income was measured as eight absolute income cat-
egories, ranging from less than NOK150,000 to
greater than NOK1,000,000.

Additional predictors were selected to include a
broad range of social and demographic correlates of
the socioeconomic indicators and health. We included
key modifiable risk factors for NCDs such as alcohol
consumption, physical activity level, body-mass index
and smoking habits [13]. Indicators such as financial
conditions in childhood and parental education level
aim to capture the impact of early-life conditions on
adult health outcomes [4]. We further included indi-
cators of healthcare engagement (frequency of gen-
eral practitioner and specialist consultations) as
research has shown socioeconomic differences in
general practitioner service provision [14], and ine-
qualities in private medical specialist utilisation and
hospital outpatient care [15]. Further, indicators of
financial security and perceptions of occupational
status aim to capture health effects related to relative
social positioning and psychosocial stress [16].
Marital status was included to differentiate between
single and dual household incomes. Finally, we
include age and gender as demographic indicators.

Ethical statement

All participants gave informed written consent, and
the study was assessed by the Norwegian Center for
Research Data (reference 869500). This study was
not defined as health research by the Regional Ethics
Committee North and was exempted from the
requirement of study preapproval.

Predicting in and out of sample

Stochastic models imply strong assumptions on the
data generating process [17]. Approximating a true
functional relationship with simple parametric mod-
els such as linear regression introduces some error.
The difference between the estimated function and
the empirical function is the model bias [18].
Predictive exercises for model validation are a com-
mon feature of this strategy in the form of goodness
of fit tests and in-sample predictive power [6]. They
tend to yield coefficient estimates that give the best
in-sample predictions [8].

Supervised machine learning methods search for
functions that predict an output for the dependent
variable given the independent variable input. Their
goal is to achieve a balance between reducing the in-
sample and out-of-sample errors, by searching for
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Figure 1. The train test methodology as applied in this paper. All steps are repeated when hyperparameters are tuned. All steps of the mod-

elling procedure were performed for each outcome model.

functions that are sufficiently complex to fit the data
without fitting the underlying noise. Predictions are
evaluated by their ability to forecast the outcome for
future data inputs [8]. Figure 1 presents an overview
of the train test methodology as applied in this paper.
The goal of prediction is twofold; in-sample model fit
evaluation, and out-of-sample model validation. For
each model, the Tromse7 sample is therefore parti-
tioned into a training set and a test set. The models
are produced on each training set and then applied to
each test set. Models are validated by their generali-
sation error; the prediction error of a model when
applied to a general population [6], as represented by
the test set.

The random forest algorithm

We approach this concept of prediction using the
random forest algorithm. Random forest estimation
grows many decision trees, allowing each tree to vote
for the most popular class in classification problems
[9]. A major advantage of the random forest approach
is its ability to examine non-linear functional forms
and complex interaction terms among covariates
without the analyst having to prespecify a particular
functional form or interaction term [19, 20], or the
need for variable transformation [21]. We explore
these patterns by first conducting a variable impor-
tance analysis by retrieving the estimated mean
decrease in accuracy (MDA). MDA scores measure
the mean decrease in classification performance

when a given variable is excluded from the model
[18] after permuting each element of the set of Xj
predictors, in which j indexes each covariate, over all
trees in the forest [19]. Second, we estimate partial
dependences for education, household income and
occupation. Partial dependence functions represent
the effect of a given variable after accounting for the
average effects of the other variables [22]. They rep-
resent the functional forms of the association between
covariates and outcomes.

We apply the algorithm separately for each NCD.
Outcomes are imbalanced, with non-NCD outcomes
being much more common for all NCD outcomes.
Class imbalances must be considered in classification
models to avoid naive predictions. We achieve bal-
anced outcomes by randomly selecting a subset of
observations (with replacement) from both outcomes
in the training set for each decision tree.

Each tree assumes that the population distribution
of the given NCD outcome is equal to 50%, ques-
tioning the external validity of our sampling method.
Therefore, before training the models and presenting
the out-of-bag (OOB) error estimate, we hold out a
random set equal to 20% of the data as a test set.
Train test partitions are generated for each individual
random forest model. Randomly partitioning the sets
from the Tromse7 dataset preserves the original data
generating process, even when data are trained on a
balanced subsample.

Random forests are estimated using the R pack-
age randomForest [23]. Partial dependences were



Table II. Prediction results from random forest training set and test set.
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Training set

NCD OOB False negative False positive Difference Sample 0 Sample 1
Diabetes 0.306 0.306 0.315 ~0.009 200 200
Stroke 0.289 0.287 0.349 -0.062 200 200
Heart attack 0.256 0.257 0.210 0.047 200 200
Cancer 0.340 0.343 0.312 0.030 200 200
Test set
NCD Test error False negative False positive Difference N (0) N (1)
Diabetes 0.308 0.356 0.332 0.024 4001 216
Stroke 0.282 0.258 0.270 ~0.012 4097 120
Heart attack 0.251 0.222 0.236 ~0.014 4064 153
Cancer 0.354 0.328 0.341 -0.013 3897 320
NCD: non-communicable disease; OOB: out-of-bag.
. T
calculated using the pdp package [24]. All models Age : N .
were estimated on 1000 decision trees. e frequency | e
BMI : L a
I
Childhood Economy : . A
Results Consul. 6P R
. Consult. Spec. : Am
Prediction o ! .
conomy| w1
I
Table II shows predictive accuracies from both train- Edueaton T B NeD
. 5 Education father [ 8} {Cancer
ing and test sets. The OOB error rate ranges from 3 ! & Diabotes
. K £ Education mother A Heart attack
25.6% for predicting a history of heart attack to 34% R ! . .
for the cancer outcome. False positives are more oveona eome i elua
common than false negatives, except in diabetes pre- — -
. . . . . . I
dictions. The difference in classification error rate 0ce saus s
between classes is small for diabetes (—0.009), slightly Occupaton i . B
higher for cancer (0.03), and the largest for heart Phys:shty " 4
. ex - !
attack (0.047) and stroke (-0.062). Comparing pre- s ! *
. . . . ‘Smoking daily iry -
dictions from the test and training sets, we find only o ! - = -
minor differences in performance between the OOB MDA

and test errors. Error rates for individual classes are
also comparable to predictions based on the training
set. Predictions from the training set assumed that
group sizes were equal, as each tree was fit on a bal-
anced class distribution by undersampling the major-
ity class. Congruence between the test and OOB
errors shows that the models translate to unbalanced
out-of-sample class distributions, if the algorithm is
trained on balanced data.

Variable importance and partial dependence

Figure 2 presents variable importance in terms of the
MDA score for all predictors over all outcomes. The
MDA compares the differences between the error
rate before and after permuting each predictor vari-
able, normalising the score by dividing the average
difference over all trees by their standard deviation
[23]. Scores are therefore relative to their variance
across all trees in the forest. While we concentrate
our presentation on the socioeconomic predictors,
variable importance scores are available for all pre-
dictors included in the model.

Figure 2. Variable importance (mean decrease in accuracy (MDA)
for all predictors in the model, by non-communicable diseases
(NCD).

Education performs worst for predicting heart
attack, contributes slightly more to predicting cancer
and stroke, but is clearly the most effective at predict-
ing diabetes out of the four NCDs. Household
income increases the predictive accuracy for cancer,
stroke and diabetes, but does not increase predictive
accuracy for heart attack. This predictor contributes
most to predicting diabetes and stroke, and shows
some increase in accuracy in predicting cancer.
Occupation increases predictive accuracy for diabe-
tes and stroke outcomes, but seems less effective as a
predictor for cancer and heart attack.

Partial dependence plots for education, household
income and occupation are presented in Figure 3.
Education gradients show decreases in the relative
probability of positive classification for all NCD out-
comes as education increases, except cancer. For the
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Figure 3. Partial dependence plot for three individual socioeco-
nomic indicators. Y-axis represents the partial dependence; the
proportion of trees voting for positive outcomes, averaged over all
predictors in the model. Y-axis scaling is not standardised.

cancer outcome, the partial dependence increases
post upper secondary education (category 2). For all
other NCD outcomes, the education gradient shows
minor deviation from a negative linear function.
Opverall, partial dependence decreases as household
income increases. For the cancer outcome, probabili-
ties increase for those between the lowest and second
lowest earners, starts dropping until reaching middle-
income earners, showing a flatter but slightly positive
gradient among high earners. Partial dependences
between diabetes and income show a complex function
that broadly separate low, middle and high-income
groups, and show minor variations within these broader
categories. The relationship between household income
and stroke shows a gradient with a sharp decline
towards the higher end of the income distribution. For
the heart attack outcome, we observe a negative curvi-
linear reduction in partial dependence, with the effect
tapering ever so slightly towards the top of the income
distribution. While some minor differences can be
found between occupational groups, there are no clear
occupational gradients in diabetes and stroke based on
prediction. There are greater differences between

unskilled and other occupational groups for the heart
attack outcome. The occupational gradient is largely
similar to the educational gradient in cancer, likely due
to some overlap in the definition of tertiary education
and occupational categories 3 and 4.

Discussion

We show that education, household income and
occupation increase predictive accuracy for several
NCDs. The empirical differences between groups are
highlighted, as the partial dependences show that the
probability of a given individual being classified with
a positive outcome varies between most levels of edu-
cation and income, and to a lesser extent occupation.
The relationship between educational attainment,
morbidity and mortality is empirically well estab-
lished [1, 4]. For the predicted gradient between can-
cer and education, it is important to note that the
outcome measure does not differentiate between
cancer types. Certain types of cancer do show reverse
SES gradients [1], and this is a likely driver of the
results found in this study. However, the reverse gra-
dient is small and defines a difference between par-
ticipants with upper secondary education and those
with tertiary education. Future predictive modelling
studies should aim to distinguish different cancer
outcomes when calculating gradients.

Household income predictions show a complex
picture of NCD prevalence between reported income
levels. The income-health gradient is long estab-
lished, but the precise mechanisms remain up for
debate [2, 16]. Results from this study show a com-
plex function with several changes over the income
range and substantial variation between the NCDs
under study. While we cannot comment on the causal
pathways between household income and NCD
prevalence, the functional relationship presented by
Figure 3 suggests that the issue is not restricted to
issues of poverty, given the shape of the income gra-
dients present in diabetes, stroke, heart attack, and to
a lesser extent, cancer.

Occupational groups are associated with complex
multimorbidities [5]. Occupation and education only
partly explain the income-health gradient in Europe
[25], suggesting that occupation provides separate
causal pathways to health independent from income.
A study using the same occupational indicator
employed in this study identified an occupational gra-
dient in self-rated health [12]. While we find that
occupation improves prediction for diabetes and
stroke, occupational gradients in these outcomes are
comparatively flat from the perspective of the model.
Occupational group differences may be statistically
significant [5, 12], but lack predictive capabilities. An



important finding regarding an occupation-health gra-
dient is therefore that statistical significance does not
imply accurate prediction, and that occupational gra-
dients are sensitive to model and indicator selection.
This is consistent with the general point highlighted in
the literature [19] that statistical significance is neither
necessary nor sufficient for predictive validity.

Elstad et al. [26] call for future studies on health
inequalities in the Nordic countries to embrace causal
inference techniques. Following examples in the
broader methodological literature [6, 8, 27, 28], we
argue that the methodological agenda should be
expanded. Algorithmic approaches extend opportuni-
ties for causal inference via heterogeneous treatment
effect estimation [8]. Further, these methodological
paradigms overlap in key areas. For instance, match-
ing techniques in causal inference and ensemble
methods such as the random forest algorithm share
similar goals in reducing model dependence.

Strengths and limitations

Our approach has several strengths. The exploratory
algorithmic approach to data analysis allows us to
highlight the complex functions necessary for pre-
dicting a history of NCDs at the individual level. Our
results further highlight the importance of indicator
selection, and the non-parametric estimation proce-
dure reduces issues that may arise from model
dependence. This is important in the context of
NCDs as their disease aetiology often defies the
expectation of single cause explanations; rather, the
risk of a given individual developing these diseases
relies on many risk factors. Lundberg [29] argues
that the communicative efficiency of paradigms such
as the social determinants of health perspective suf-
fers from determinism, and that social regularities
cannot be translated into individual predictions
because there are large individual variations within
social groups. This is an important observation, but
in its generalised state it risks missing the forest for
the trees. Predictive metrics are necessary precisely
because of subpopulation heterogeneity in the indi-
vidual development of ill health and disease. They
highlight not only the extent to which models make
correct predictions; they equally highlight the cases
in which predictions are wrong and, importantly,
how incorrect predictions might occur (e.g. false pos-
itives/negatives). Presenting evidence from predictive
metrics is therefore to a greater degree congruent
with the disease aetiology of the NCDs under study
than studies that emphasise statistical significance.
Another strength of our study lies in the out-of-sam-
ple model validation. The relative congruence
between the training and test set predictions shows
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that, if the data generating process within the
Tromse7 sample carries over to other data contexts,
similar predictions are expected. A clear direction for
future studies is therefore to evaluate empirically the
extent to which the data generating process in the
Tromse study indeed translates to external data con-
texts. Our study provides a baseline for which future
studies may refine their predictive efforts in the con-
text of health inequalities in NCD prevalence.

Our approach is, however, not without limitations.
Simultaneity issues are present in all cross-sectional
studies. Interpreting variable importance scores for
specific features thus requires some caution. Due to
the retrospective and cross-sectional nature of the
data, we cannot disentangle those who change their
behaviours after receiving a diagnosis from those
who do not. This may negatively impact the predic-
tive power of factors such as smoking, alcohol con-
sumption and physical activity. Those individuals
with a high healthcare uptake will include those that
visit their general practitioner and seek specialist care
because of their illness, possibly inflating their pre-
dictive importance. The large MDA feature impor-
tance score observed for employment status may in
part reflect the impact of ill health and health shocks
on the probability of employment and labour market
exit identified in the literature [30]. Despite these
limitations, the MDA scores for education, income
and occupational group show that predictive models
including socioeconomic indicators will outperform
predictive models in which socioeconomic indicators
are absent; even in a predictor space including proxi-
mal risk factors and indicators sensitive to simultane-
ity issues. Congruence in predictions between the
training set and the test set suggests that overfitting is
not a substantial issue when these predictors are
included. Further, the partial dependence metrics
show that the algorithm uses the information in the
socioeconomic indicators to create socioeconomic
gradients in health when averaged over all other pre-
dictors in the model.

Conclusions

Results from algorithmic modelling show that the
extent to which socioeconomic status contributes to
predicting binary NCD outcomes depends on the
NCD and the choice of socioeconomic indicator.
Evaluating partial dependences reveals that social
gradients in NCD outcomes vary in shape between
combinations of NCD outcome and socioeconomic
indicator. Misclassification rates highlight the extent
of variation within socioeconomic groups, suggesting
that future studies may improve predictive accuracy
by exploring further subpopulation heterogeneity.
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There is ample opportunity to leverage predictive
modelling further in Norway, due to the vast amount
of population data stored in central registries and
large cohort surveys. Future studies should apply
predictive algorithms in a longitudinal context, such
that information on changes in individual behaviour
and timing of disease onset can be exploited in inves-
tigations on the predictive contributions that socio-
economic status makes.
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