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Abstract

Aims: In this paper, we demonstrate the development and validation of the 10-years type 2 diabetes
mellitus (T2DM) risk prediction models based on large survey data.

Methods: The Survey of Health, Ageing and Retirement in Europe (SHARE) data collected in 12
European countries using 53 variables representing behavioural as well as physical and mental health
characteristics of the participants aged 50 or older was used to build and validate prediction models.
To account for strongly unbalanced outcome variables, each instance was assigned a weight according
to the inverse proportion of the outcome label when the regularized logistic regression model was
built.

Results: A pooled sample of 16,363 individuals was used to build and validate a global regularized
logistic regression model that achieved an area under the receiver operating characteristic curve of
0.702 (95% Cl: 0.698 — 0.706). Additionally, we measured performance of local country-specific models
where AUROC ranged from 0.578 (0.565 - 0.592) to 0.768 (0.749 - 0.787).

Conclusions: We have developed and validated a survey-based 10-year T2DM risk prediction model for
use across 12 European countries. Our results demonstrate the importance of re-calibration of the
models as well as strengths of pooling the data from multiple countries to reduce the variance and
consequently increase the precision of the results.
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Introduction

The number of people with diabetes mellitus is increasing rapidly. Nowadays, about 1 in 11 adults have
diabetes mellitus and about 90% of them have type 2 diabetes mellitus (T2DM) [1]. T2DM is a leading
cause of mortality and morbidity worldwide and presents a major economic burden to health systems
and society [2]. Its prevalence is rapidly increasing, and it is predicted that T2DM will increase by 48%
and will affect about 629 million people worldwide by 2045 [3]. Another risk factor for the
development of functional decline and disability besides T2DM is ageing [4, 5]. With the increase of
the population age worldwide, there are also more and more people living with T2DM. At the start of
2019 there were 101.1 million of people older than 65 years in the European Union (EU). This number
is expected to rise at 149.2 million by 2050 [6]. With older age, changes such as memory problems,
poorer functionality, visual and hearing impairment, and reductions in manual dexterity can make
management of the T2DM complex and challenging [7]. Because of non-specific symptoms, T2DM is
often diagnosed when complications appear. Older people with T2DM are more likely to be
hospitalized than those without T2DM. Moreover, T2DM is significantly correlated to mortality in
terms of socioeconomic status [8]. In a study conducted among 71,483 Swedish adults, the authors
found that T2DM is a strong risk factor for myocardial infarction, ischemic stroke, aortic valve stenosis,
and heart failure as well as blindness, chronical kidney disease or amputations. The prevention
activities and interventions are needed to be implemented among those who are at high risk of
developing T2DM [9]. Thus, populations younger than 65 years must be included in the research.

The Survey of Health, Ageing and Retirement in Europe (SHARE) is a multidisciplinary and cross-
national database of data on health of about 140,000 individuals aged 50 or older [10]. It is widely used
due to easy access to data from different European Union (EU) countries and the wide range of
included explanatory variables. The SHARE database allows researchers to use a wide range of
variables that may have impact on the onset of self-reported T2DM.



Prevention activities focusing on lifestyle changes can delay the onset of the T2DM in individuals with
pre-diabetes [11]. Recent studies showed that the healthy diet habits such as consummation of whole
grains, fruits and low-fat dairy products can lower the possibility of developing T2DM. On the other
hand, high intakes of red meat, processed meat and sweetened beverages consumption are the risk
factors for developing T2DM [12-16]. Another protective factor in adults is regular physical activity
[17], specifically participation in leisure-time running or moderate physical activity [18, 19]. Exercise is
also effective at improving blood glucose in individuals with established T2DM [20, 21]. American
Diabetes Association [22] recommended at least annual monitoring of people with prediabetes and
their inclusion in intensive behavioural lifestyle intervention, and usage of technology-assisted tools to
prevent diabetes and promote healthy lifestyle. Moreover, in older populations who already have
T2DM it is important to consider medical, psychological, functional, and social domains to determine
targets and therapeutic approaches for diabetes management.

Predictive models have demonstrated their usability in exploring the risk factors for developing T2DM
for many years [23-30]. A prediction model is a mathematical equation using patient risk factor data
to estimate or predict the probability of patients experiencing a healthcare outcome [31]. As such,
clinical prediction models can estimate the potential risk of developing disease for an individual on the
conditional values of multiple predictors, such as gender, age, biomarkers [32], etc. Predictive
modelling can be conducted using different approaches including rules, logistic regression, machine
learning algorithms such as neural network, decision tree, support vector machine, Bayes network,
random forest, boosted regression trees or deep learning techniques. Despite several potential
advantages, artificial intelligence (Al) based methods are not widely deployed in the field of healthcare
[26, 33]. For understanding and interpreting these models, healthcare practitioners need a basic
understanding of the methodology of clinical prediction modelling [34].

The aim of this study was to develop and validate a T2DM risk prediction model using 53 variables
representing behavioural, physical and mental health characteristics of the participants older than 50
years. In contrast to other similar studies [35], the data used in this study were collected in a
longitudinal study of aging (SHARE). Since SHARE represents data collected in studies from different
countries, we were also interested how the prediction performance varies across countries when local
country-specific data are used compared to a global model build on data collected across the countries.

Methods

Study design and research data

Data from SHARE survey [36] waves 1 to 7 collected between 2004 and 2017 were used in this study
to develop and validate prognostic models for 10-year T2DM prediction in European countries. Waves
1 (2004-2005) and 2 (2006-2007) were used as baseline data, while waves 6 (2015) and 7 (2017) were
used as endpoints of the 10-year observation period [37]. The only exception was Israel, where wave
2 data were collected in 2009-2010 period and therefore the prediction window was shortened by
approximately two years. SHARE is a cross-national longitudinal study on aging in Europe that allows
simultaneous and consistent international comparisons of many factors including healthcare related
items. Participants of the SHARE survey from Austria, Belgium, Denmark, France, Germany, Greece,
The Netherlands, Israel, Italy, Spain and Sweden, Switzerland were included in this study. The data are
freely available to registered researchers from the SHARE Research Data Center (http://www.share-

project.org).
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Study setting and sample

Populations in the SHARE study dataset consist of older adults who are at least 50 years old when they
are invited for participation. Since the spouses of invited participants also participate in the interview,
there might be some participants younger than 50 years included in the study. Two overlapping
cohorts of data were used to select participants in the study. SHARE wave 1 included data for 43,969
participants from 12 countries while wave 2 included survey data for 55,295 participants from 14
countries. Age of the participants was limited to 50 or older and complete case analysis was performed
without missing value imputation. We decided against missing value imputation due to many
participants with large proportions of missing data where imputational approaches would result in
most of the values being imputed. Since there was more than 50% of values missing in most of the
samples with missing data, we removed all samples with missing data. More specific data preparation
steps with more exact numbers of participants included in the final sample of 16,363 participants are
described in the Results section under Data pre-processing.

Predictor variables

The variables included in model development and validation datasets consisted four groups of
variables shown in Table 1. Some of the variables were removed from the initial set of variables as
either they were not present in both waves or the questions significantly differed between waves 1
and 2.

Table 1. Overview of variables used as predictors in the model development and validation

Variable SHARE Number Examples / Sets of variables
group dataset of
variables
Demographic cv_r 2 Gender, Age.
Physical ph 15 Long-term illness, Heart attack (ever diagnosed), High
health blood pressure or hypertension, High blood cholesterol,

Stroke, Chronic lung disease, Asthma, Arthritis,
Osteoporosis, Cancer, Stomach or duodenal ulcer, peptic
ulcer, Parkinson disease, Cataracts, Hip fracture or femoral

fracture.
Aggregated gv_health 31 Activities of daily living / quality of life (13 variables), BMI
health data (2 variables), CASP (Control, Autonomy, Self-Realization

and Pleasure) score, EURO-D depression (14 variables),
Cognitive abilities (2 variables).

Behavioral br 5 Smoking (ever smoked), Alcohol consumption (days a week

data in the last 6 months), Vigorous sports activities, Activities
requiring moderate level of energy, Question for
participants on their ability to answer questions by
themselves.

Outcome

The outcome used in model development was the presence of T2DM diagnosis in the follow-up period
of 10 years for all participants who reported no T2DM diagnosis at the baseline interview at wave 1 or
2. To check for T2DM status we used the question: “Diabetes or high blood sugar: ever diagnosed?”
from the SHARE physical health subset of data. In case of participants who were included in the study
in wave 1, we checked for presence of self-reported T2DM in all consecutive waves up to wave 6. Wave



7 was used as an endpoint for participants who entered the study in wave 2. The mean difference
between the first (wave 1 or 2) and the last (wave 6 or 7) interview was 10.5 + 0.7 years. Out of 16,363
participants eligible for the model development phase 1,360 (8.3 %) answered positive to diabetes or
high blood sugar question in waves 6 or 7. This percentage is comparable to the prevalence of T2DM
in most European countries [35].

Statistical analysis and model validation

Due to a high number of variables with a high risk of multicollinearity, we decided to use a regularized
logistic regression model. More specifically, an implementation of least absolute shrinkage and
selection operator (LASSO) regression model from gimnet package [38, 39] in R statistical language
[40] was adopted. To account for strongly unbalanced outcome variables, each instance was assigned
a weight according to the inverse proportion of the outcome label. The lambda value defining the
optimal number of variables to be included in the model was determined by 5-fold cross-validation.
The global model was built using a set of additional dichotomous variables representing 12 countries
while local country-specific models were developed using an initial set of 53 predictor variables.

Validation of the models was performed using repeated 10-fold cross-validation with 10 runs to
estimate the variance of the results. The same validation approach was used for a global model as well
as local country specific datasets. Basic prediction model metrics like Area Under the Receiver
Operator Characteristic Curve (AUROC), Sensitivity, Specificity, Positive Predictive Value (PPV) and
Negative Predictive Value (NPV) were calculated in each run and each fold of repeated 10-fold cross-
validation. Additionally, we calculated mean number of selected variables (by LASSO regression)
representing the complexity of the final models and percentage of positively classified cases that can
be used to estimate the cost of sending the individuals at risk to additional screening. 95% confidence
intervals were calculated for all performance metrics.

Calibration of the models was assessed using visual comparison of predicted versus actual values. Slope
and “calibration-in-the-large” (difference between mean predicted probabilities with mean observed
outcomes) were calculated and presented along with the visualization [41]. Calibration of the models
in this study was done using a regression based calibration approach where output values are
transformed using the regression function that aims to balance the observed and predicted probability
in the training set of data [42]. AUROC was calculated for basic and calibrated model to show that there
were no significant differences in terms of performance after the calibration of the model output.

Ethical considerations and reporting

Secondary analysis of data was conducted under the SHARE Data Access Rules [37] allowing free access
to the data for research purposes. During the SHARE study, all participants gave informed consent
prior to taking part in the study. Transparent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis (TRIPOD) reporting guideline for reporting results of multivariate
prediction models was followed to report the results in this study [43].

Results

Data pre-processing

Preparation of the data in this study was performed by extracting baseline variable values at wave 1
for participants who entered the study in 2004 or 2005. Wave 1 data consisted of 43,969 participants
with 13,743 participants where no missing values were recorded for any of the 54 variables including
the outcome where data for the follow-up waves (up to wave 6) had to be present. After this step we
removed participants with diabetes present in wave 1 (n = 1,244) and participants who were younger
than 50 years (n = 518) to obtain a final set of 11,981 participants from wave 1. We repeated the



procedure for all eligible participants who joined the study in wave 2 (n = 4382) and obtained a final
set of 16,363 participants. Complete case analysis was performed as we removed all participants with
missing data in any predictor variable (n = 4,208) thus reducing the number of potential maximal
number of participants from 20,571 to 16,363. No bias due to imputation of the variable values was
introduced, especially given the fact that a large proportion of the participants with missing values
were missing almost all predictor variable values. A summary table with mean values or frequencies

for the basic variables by T2DM status is displayed in Table 2.

Table 2. Summary table for the basic SHARE variables by T2DM status

No T2DM T2DM p
Age Mean (SD) 64.9 (9.2) 65.4 (8.8) 0.003
Gender Male 6674 (90.3) 717 (9.7) <0.001
Female 8329 (92.8) 643 (7.2)
BMI Mean (SD) 26.1 (4.0) 28.8 (4.6) <0.001
BMI Class Underweight (below 18.5) 159 (96.4) 6(3.6) <0.001
Normal (18.5-24.9) 6125 (96.1) 248 (3.9)
Overweight (25.0-29.9) 6439 (91.2) 623 (8.8)
Obese (30.0 and above) 2280 (82.5) 483 (17.5)
Alcohol Almost every day 3469 (92.7) 274(7.3)  <0.001
consumption in
the last 6 Five or six days a week 433 (91.5) 40 (8.5)
months (br010) Three or four days a week 1260 (93.9) 82 (6.1)
Once or twice a week 3020 (93.1) 224 (6.9)
Once or twice a month 1776 (92.2) 150 (7.8)
Less than once a month 1236 (91.4) 117 (8.6)
Not at all in the last 6 months 3809 (89.0) 473 (11.0)
Vigorous More than once a week 6127 (93.0) 463 (7.0) <0.001
physical activity
(br015) Once a week 2315 (92.6) 184 (7.4)
One to three times a month 1449 (91.3) 138 (8.7)
Hardly ever, or never 5112 (89.9) 575 (10.1)




Additional to the global model built on data from all available participants, we also build country-
specific models on country level data. Table 3 presents number of available participants for each
country with percentage of positive T2DM cases in each country.

Model performance and variable importance

All 16,363 eligible participants were included in the global model with repeated cross-validation to
obtain global prediction model validation results. Additional to AUROC of 0.702 (95% Cl: 0.698 —0.706),
we also measured sensitivity of 0.642 (0.633 — 0.650) and specificity of 0.648 (0.643 —0.652) that were
well balanced.

Table 3. Percentage of participants who reported onset of T2DM in 10-year follow-up period

No T2DM T2DM

Country All 15003 (91.7) 1360 (8.3)
AT 879 (90.8) 89 (9.2)
BE 2112 (93.4) 149 (6.6)
CH 591 (95.3) 29 (4.7)
DE 1107 (92.6) 88 (7.4)
DK 1009 (93.8) 67 (6.2)
ES 1031 (84.9) 184 (15.1)
FR 1251 (91.9) 110 (8.1)
GR 1660 (92.8) 128 (7.2)
IL 929 (86.9) 140 (13.1)
IT 1262 (89.6) 146 (10.4)
NL 1470 (93.6) 101 (6.4)
SE 1702 (93.0) 129 (7.0)

From an economic perspective, especially in prediction models used for screening of population, it is
also important to know how many individuals were classified as high-risk patients. In our case, 37.8 %
of participants were classified as positive —i.e. candidates for further testing. We were also interested
in the number of variables selected by the LASSO logistic regression model where 40.10 (38.10—-42.10)
were selected on average. It should be noted that the global model consisted of 14 additional
dichotomous variables representing country of participants compared to local models where only 53
basic variables were used.

Global model development and validation was followed by local, country specific model development
and validation using the same classification metrics and cross-validation settings. The results for 100
runs in each country including a comparison to a global (All) model are presented in Figure 1. AUROC
results ranged from 0.578 (0.565 - 0.592) in Greece to 0.768 (0.749 - 0.787) in Denmark. One can
observe large difference in variance of the results with much wider confidence intervals in case of
country specific models when compared to a global model built on much larger sample of data. There



were 3 countries (Denmark, Sweden and Switzerland) with mean AUROC higher than the AUROC of
the global model.

AUROC AUROC calibrated
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Figure 1. Overview of validation results for local and global models represented as mean values with
corresponding 95% confidence intervals.

We also compared the complexity of models by country in terms of number of variables selected. The
number of variables used in local models was significantly lower than number of variables in global
model even if we consider additional dichotomous country related variables in global models. The
simplest models in repeated 10-fold cross-validation were obtained on data from France with average
number of variables at 1.61 (1.26 — 1.96). On the other hand, the most complex models were
developed for data from Israel with average number of variables used in the model at 18.60 (16.80 —
20.50).

In Supplement 1 we provide information on selected features for all country specific as well as global
model validation runs. Additional to SHARE variable names, we provide the frequency of positive and



negative coefficients for a specific selected variable that explains the influence of the variable on the
outcome where positive outcome corresponds to higher ten-year risk for T2DM. There were 14
variables that were selected in all (n = 100) cross-validation runs for the global model. Those variables
represented the following characteristics of the participants: BMI, alcohol consumption, physical
activity, CASP (Control, Autonomy, Self-Realization and Pleasure) score, orientation in time score,
presence of any chronical health problems, high blood pressure or hypertension, high blood
cholesterol, self-rated health and three dichotomous variables representing country of the interview
(Spain, Israel and Italy).

In country specific models a set of selected variables varies from country to country. In countries with
extremely small number of selected variables, we observed a high frequency of variables like BMI, BMI
Class or Gender. In the Danish model with the best prediction performance, BMI was the only variable
that was selected in all cross-validation runs, followed by Alcohol consumption in the last six months
(br010) and Smoking status (br001) which were selected in 48% and 47% of the models, respectively.

Model calibration

Performance of the model, often measured as accuracy or AUROC (also known as c-statistics), is one
of the most important aspects when considering which prediction model can be applied in clinical
settings. However, the models need to be well calibrated as well to avoid over- (predicted probability
is much higher than observed probability) or under-prediction (predicted probability is much lower
than observed probability). One of the possibilities to observe the calibration of the model is to plot a
probability curve where we group and plot individuals according to their predicted probability against
the observed probability.

Figure 2 presents a typical example demonstrating that even with a very similar slope of the calibration
line we can observe very different calibration of the model [44]. Therefore a measure that can be used
to detect consistent deviance between predicted probability and observed proportion like
“calibration-in-the-large” gives us an important information on the calibration of the model. We can
observe the strong overprediction in the uncalibrated model with “calibration-in-the large” value of -
2.39. The AUROC (c-stiatic) remains the same — not only in case of a global model recalibration, but
also for the local models (Figure 1).

In supplemental material (Supplement 2) we provide calibrated vs. uncalibrated plots for all 12
country-specific models. Similar to the global model, the uncalibrated models demonstrate strong
overprediction in all local models as well. However, the problem of small sample size is much more
evident here as even after the calibration, some models show large deviations and variance from the
optimal predicted vs. observed probability line.
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Discussion
Main findings

We developed and validated prediction models for 10-year T2DM risk score prediction using SHARE
survey data. A global model from all available country-specific data was used and compared to local
models to demonstrate the strength of collecting the data from multiple countries in a single database.
A prediction model built on this database achieved an AUROC of 0.70 (95% Cl: 0.70 — 0.71). Twelve
country specific models were also developed and validated on the locally collected data to expose the
problems related to small sample size due to limited local level data collection. Additionally, we were
able to show large variance in the quality of collected data and results obtained in different countries.

The existing models use different follow-up periods for T2DM prediction, but most frequently five or
ten-year prediction window is used. Most prediction models can successfully identify people at high
risk of developing T2DM in a time frame of 5 to 10 years [45], but the performance of the model varies
among different studies and datasets. [35] updated the widely used Finnish diabetes risk
questionnaire, a simple tool for identification of those at risk for drug-treated type 2 diabetes. They
used clinically diagnosed T2DM as an outcome on a data sample of 18,301 participants from different
centres in different European countries with a five-year prediction window. The overall prediction
performance was 0.74 (0.73 - 0.76), but the AUROC on the level of healthcare centres where the data
was collected ranged from 0.63 to 0.78.

Kengne et al. [46] compared 12 prediction models for incident diabetes on data from eight European
countries. Most of the analysed prediction models have used the following variables when predicting
T2DM: age, gender and waist circumference. The AUROC ranged from 0.69 (0.68 - 0.70) to 0.85 (0.83
- 0.87). It is interesting to note that the lowest performance was recorded on the dataset from
Denmark, while our results using SHARE data achieved the best performance in the same country with



AUROC of 0.77 (0.75 - 0.79). Overall performance measured in AUROC for twelve different models
tested on pooled data from all eight European countries (n = 27,779) ranged from 0.76 (0.74 - 0.79) to
0.81 (0.77 — 0.84) for the QDscore model [47]. Both studies also emphasized the importance of model
recalibration, especially when adapting models to a specific population.

Limitations

There are multiple limitations related to the nature of the data that was collected in the scope of a
large cross-national study on aging. One of the limitations is related to the questions asked by the
interviewers including the question that was used to define the outcome of our models. The question
whether the participants were ever diagnosed with Diabetes or high blood sugar is not specific enough
to clearly identify the onset of T2DM. Therefore, it can only be used as a proxy to define T2DM patients
and can often be interpreted differently in the local context. It can also include patients with pre-
diabetes status as it also includes self-reported high blood sugar status. However, the percentage of
the positive cases in each country corresponds to the actual values of the T2DM prevalence in the
European countries. Another limitation includes the follow-up time from the initial interview for
specific participants. On average, the follow-up time exceeded 10 years, but there was also a case
where the initial wave of the study was conducted two years later as in other countries. Therefore, the
results from Israel should not be generalized and should be interpreted separately from other country
specific models.

Implications of the study

To our knowledge, this is the first study to explore the possibilities in building prediction models for
T2DM risk based on a large cross-national survey dataset. It offers policymakers the insight into the
possibilities, advantages and limitations on using the large survey studies to build screening prediction
models from data collected across different countries. In addition to prediction, we also assessed
calibration of the models that should represent an important characteristic for all prediction models
introduced in the clinical environment. In this respect, we show that one should observe both, the
offset and the slope of the probability plot curve as noted by Siregar et al. [48].

As discussed in the previous section on limitations, the outcome variable represents one of the
limitations in building even better prediction models from large survey datasets. In case of SHARE
dataset, the dried blood spot samples were already collected in waves 6 and 7 in most participating
countries [49]. It was found that we can reliably measure Haemoglobin Alc which would represent an
important step towards obtaining more reliable status of T2DM in participants of the SHARE study. It
is expected that the first results of the SHARE study including the Alc results will be available in 2020.

Multiple studies have already demonstrated the effectiveness of using electronic health record (EHR)
data to build T2DM screening models [50]. Despite many problems related to collecting the data that
can be used in building prediction models [51], we believe that a combination of data from EHR and
survey data could represent an important step toward reliable and effective screening prediction
models. Data from the Danish SHARE participants (n = 3,400) were already linked to registry data
(education records, dementia diagnoses, and mortality) to show important results in relation between
education and cognitive decline in older population [52]. This use case could point at a great potential
of linking data from the EHR and survey data for the future of screening model development at the
primary healthcare level.
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