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ARTICLE INFO ABSTRACT

Keywords: Background: Many individuals with hypertension remain undiagnosed. We aimed to develop a predictive model
Artificial intelligence for hypertension using diagnostic codes from prevailing electronic medical records in Swedish primary care.
Hypertension

Methods: This sex- and age-matched case-control (1:5) study included patients aged 30-65 years living in the
Stockholm Region, Sweden, with a newly recorded diagnosis of hypertension during 2010-19 (cases) and in-
dividuals without a recorded hypertension diagnosis during 2010-19 (controls), in total 507,618 individuals.
Patients with diagnoses of cardiovascular diseases or diabetes were excluded. A stochastic gradient boosting
machine learning model was constructed using the 1,309 most registered ICD-10 codes from primary care for
three years prior the hypertension diagnosis.

Results: The model showed an area under the curve (95 % confidence interval) of 0.748 (0.742-0.753) for fe-
males and 0.745 (0.740-0.751) for males for predicting diagnosis of hypertension within three years. The
sensitivity was 63 % and 68 %, and the specificity 76 % and 73 %, for females and males, respectively. The 25
diagnoses that contributed the most to the model for females and males all exhibited a normalized relative in-
fluence >1 %. The codes contributing most to the model, all with an odds ratio of marginal effects >1 for both
sexes, were dyslipidaemia, obesity, and encountering health services in other circumstances.

Conclusions: This machine learning model, using prevailing recorded diagnoses within primary health care, may
contribute to the identification of patients at risk of unrecognized hypertension. The added value of this pre-
dictive model beyond information of blood pressure warrants further study.

Family practice
Gradient boosting
Prediction
Opportunistic screening

1 Background A major issue is that about half of the individuals with hypertension
are unrecognized (Zhou et al., 2021). This emphasizes the need for

Hypertension is of major global health concern with a prevalence of better screening to offer proper management and to reduce the risk of
35-50 % in the adult population and a significant contribution to future cardiovascular disease and mortality (Mancia et al., 2023). Since
morbidity and mortality (Zhou et al., 2021). few countries have the resources to offer population based systematic
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blood pressure screening, opportunistic screening during health care
visits is recommended, at least among people with a higher likelihood of
elevated blood pressure (Mancia et al., 2023).

Artificial intelligence (AI) holds the potential to improve the detec-
tion of hypertension (Chaikijurajai et al., 2020; Tsoi et al., 2021).
However, limited evidence exists for its clinical use, and further research
is necessary before implementation in health care (Padmanabhan et al.,
2021). A recent review aimed to assess the use of machine learning, a
type of Al, in predicting hypertension, and highlighted the potential
benefits of using Al in predicting hypertension (Silva et al., 2022). Thus,
Al-based methods may have the potential to identify additional, previ-
ously unknown, factors from the routine data collected by primary care
centres, which could help identify individuals at higher risk of hyper-
tension (Silva et al., 2022). The majority of patients with hypertension
are identified and monitored through primary care centres; therefore,
data from these centres are ideal to study the clinical practice of hy-
pertension (Hasselstrom et al., 2014).

Our study aimed to utilize machine learning to develop predictive
models for diagnosis of hypertension within three years by analysing the
diagnostic codes recorded in primary care electronic medical records.
The analyses were stratified by sex as there are diverging risk factors and
different patterns of diagnosis in males and females (Carlsson et al.,
2008; Gerdts et al., 2022).

2. Methods
2.1. Data sources

The Stockholm Region has a population of approximately 2.4
million. Data for this study was gathered from the Stockholm Region
regional health care data warehouse (VAL), which provides information
about all health care consultations in primary and secondary care
(defined as specialist outpatient care), diagnoses (according to ICD-10),
all hospitalisations with diagnoses and procedures, and of sex and age.
Cases with a newly recorded diagnosis of hypertension (ICD-10 code
110) were identified across primary and secondary care settings, but the
diagnoses used for predicting a new diagnosis of hypertension were
exclusively obtained from primary care settings. Up to five controls,
individually matched by age and sex to each case were randomly
selected from individuals who had not received a diagnosis of hyper-
tension registered in the Stockholm regional health care data
warehouse.

The dataset lacked access to recorded systolic or diastolic blood
pressure values. Therefore, patient categorization as either cases or
controls relied on recorded diagnoses for hypertension (ICD-10 I10).
These diagnoses were sourced from primary care records, with no
indication provided regarding their accuracy. At the time of the study,
the diagnosis and management of hypertension in Swedish health care
was recommended to follow the prevailing European Society of Cardi-
ology/European Society of Hypertension guideline (Mancia et al.,
2023).

2.2. Study design and participants

This study used a case-control design.

The eligible population was individuals aged 30-65 years registered
at primary care centres in the Stockholm Region. The prevalence of
hypertension, both globally and specifically within a group of countries
to which Sweden belongs, classified as “High income western countries,”
increases with advancing age and the proportion of individuals with
hypertension who remain undiagnosed is lower in the age groups below
65 years (Zhou et al., 2021). Accordingly, the clinical utility the model
can provide is expected to be greatest in age groups below 65 years,
where the prevalence is not high enough to warrant screening everyone.
Thus, we selected 65 years as the upper age limit for inclusion in the
study.
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Cases and controls were identified from diagnostic codes in medical
records during 2014-2019. We included cases and controls who had
received at least one other diagnosis at a primary care centre in the
Stockholm Region within the three years prior to the diagnosis of hy-
pertension among cases.

For controls, we considered diagnoses registered during the three
years prior to the date of the index diagnosis of the case they were
matched to. Patients with a diagnosis of hypertension or car-
diometabolic disease (i.e., coronary artery disease (I20-125), atrial
fibrillation/flutter (148), heart failure (I50), stroke (160-169, 174, 180), or
diabetes mellitus (E10-E14)) recorded 2010-2013 were excluded from
the study, as their blood pressure should be part of the regular moni-
toring required for the underlying condition. Thus, a total of 507,618
individuals were included. These diagnoses (not hypertension), despite
being the bases for exclusion of study participants during 2010-2013,
may still be registered for both cases and controls during 2014-2019 and
subsequently become features utilised in the models.

2.3. Feature selection

We went back three years prior to the index date for all participants
and listed their diagnoses, based on the top 2000 most common diag-
nosis codes according to ICD-10 registered in primary care. The di-
agnoses with at least 50 occurrences were selected, resulting in 1,309
diagnoses as described elsewhere (Wandell et al., 2013).

2.4. Data analysis

This study employed the Stochastic Gradient Boosting (SGB) tech-
nique for data analysis, a form of machine learning utilized in related
research (Friedman, 2001). Tree-based machine learning methods such
as SGB have been recommended in a recent meta-analysis of machine
learning tools for detecting diabetes (Fregoso-Aparicio et al., 2021) and
SGB has previously been used to analyse factors influencing lung and
colorectal cancer risk (Nemlander et al., 2022).

The SGB models used a Bernoulli loss function fitted to 20,000 trees,
each having a maximum depth of five interactions, with a shrinkage
(learning rate) of 0.001, a minimum of ten observations in the terminal
nodes of the trees, and a subsampling rate (bag fraction) of 0.5. The
optimal number of trees to use for prediction was estimated using 10-
fold cross-validation, but the model failed to find an optimal number
of trees. We were unable to, within a reasonable amount of time, find an
optimal number of trees in the model with the most sensitive parame-
ters. Thus, we decided to settle with 20,000 trees, as increasing the
number would only marginally improve the model.

We split the data into a 70 % training set and a 30 % test set, ensuring
that the proportion of individuals with a recorded diagnosis of hyper-
tension was roughly equal between the training and test data sets.

For each of the two training data sets stratified by sex, we selected
diagnoses with at least 100 occurrences, resulting in 346 diagnoses for
males and 365 diagnoses for females. The SGB model was then applied
to each test dataset to obtain patient-specific probabilities of being
diagnosed with hypertension within three. The probabilities that
maximized the sum of sensitivity and specificity were used as cut-off
values; so that patients with a probability higher than this cut-off were
classified as being newly diagnosed with hypertension. The perfor-
mances of the final models were evaluated using area under the receiver
operator characteristics (ROC) curve (AUC), sensitivity, and specificity.

From the SGB model, we obtained a rank of the most important di-
agnoses related to newly diagnosed hypertension, presented as the
normalized relative influence (NRI) score with a corresponding odds
ratio of marginal effects (ORyg) of being diagnosed with hypertension
within three. For each diagnosis, the ORy was calculated using the
probabilities of being newly diagnosed with hypertension obtained
using the weighted tree traversal method.

In addition to these SGB models, we tested simplified SGB models to
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reach the optimal number of trees by splitting the data into a 50 %
training set and a 50 % test set. For both genders, the simplified models
had a maximum depth of five interactions, a shrinkage (learning rate) of
0.01, a minimum of ten observations in the terminal nodes of the trees,
and a subsampling rate (bag fraction) of 0.5.

All analyses were performed in R version 4.2.1 (R Core Team, 2023).

3. Results
3.1. General

A total of 84,603 cases and 423,015 controls were included. The
training data included 179,714 males and 175,619 females, while the
test data included 77,020 males and 75,265 females. The complex SGB
model did not reach an optimal number of threes (see method) but
showed an AUC of 0.75 (95 % confidence interval (CI) 0.74-0.75) for
females and 0.75 (95 % CI 0.74-0.75) for males (Figs. 1 and 2).

The simplified SGB model, where an optimal number of trees was
reached, had a poorer performance, showing that our complex model
was superior despite not reaching an optimal number of trees (see
Supplementary Figs. 1 and 2).

3.2. Predictive ability of the SGB model

The predictive ability of the complex SGB model is presented in
Table 1, which shows the confusion matrix for males and females based
on diagnoses made up to three years prior to the first recorded diagnosis
of hypertension in the test dataset. For females, the sensitivity was 63 %
and the specificity 76 %, while for males the sensitivity was 68 % and the
specificity was 73 %.

3.3. The impact of different ICD-10 codes (in the model)

Among females, 327 diagnoses showed an NRI > 0 %, and 25 of these
had an NRI > 1 %. Similarly, among males, 282 diagnoses showed an
NRI > 0 %, and 25 of these had an NRI > 1 %. Most of the diagnoses with
an NRI > 1 % had an ORyg > 1, See Supplementary Tables 1 and 2.
Tables 2a and 2b present the 25 diagnoses with the highest NRI ac-
cording to sex. 20 out of the 25 most common diagnoses overlapped for
females and males. All diagnoses in the machine learning model and
their respective NRIs are presented for females and males in Supple-
mental Table 2. For females, the five diagnostic codes with the highest
relative influence (NRI) were “obesity” (9.8 %),” dyslipidaemia” (9.5
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Fig. 2. Receiver operator characteristics curve for the optimal stochastic
gradient boosting model applied to the males in the test data set.

Table 1

Confusion matrix for predicting presence of registered new hypertension among
the 75 265 female and 77 020 male patients in the test dataset using the optimal
stochastic gradient.

Observed

Predicted Not Hypertension Hypertension Total

Not Hypertension (females) 47 948 4460 52 408
Hypertension (females) 15 251 7606 22857
Total (females) 63 199 12 066 75 265
Not Hypertension (males) 46 446 4244 50 690
Hypertension (males) 17 351 8979 26 330
Total (males) 63797 13223 77 020

Notes: Predictions based on 20,000 trees. Females: sensitivity: 0.630, specificity:
0.759; males: sensitivity: 0.679, specificity: 0.728.
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Fig. 1. Receiver operator characteristics curve for the optimal stochastic gradient boosting model applied to the females in the test data set.
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Table 2a

The 25 variables for females with highest normalized relative influence (NRI) for
predicting presence of new hypertension among females using the optimal sto-
chastic gradient boosting (SGB) model with 20,000 trees, together with odds
ratios for marginal effects (ORyg) of hypertension.
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Table 2b

The 25 variables for males with highest normalized relative influence (NRI) for
predicting presence of new hypertension among males using the optimal sto-
chastic gradient boosting (SGB) model with 20,000 trees, together with odds
ratios for marginal effects (ORyg) of hypertension.

ICD-10 Description NRI ORyE ICD-10 code Description NRI ORyE

code (%) (%)

E66 Obesity 9.8 4.1 E78 Dyslipidemia 18.4 5.6

E78 Dyslipidemia 9.5 4.1 E66 Obesity 9.8 6.9

776 Persons encountering health services in other 5.3 1.6 776 Persons encountering health services in other 7.0 1.9
circumstances circumstances

701 Encounter for other special examination without 5.1 4.2 El1, E13, Diabetes type 2 6.6 2.9
complaint, suspected or reported diagnosis El4

M79 Other and unspecified soft tissue disorders, not 4.1 1.3 701 Encounter for other special examination 4.2 4.2
elsewhere classified without complaint, suspected or reported

El1, E13, Diabetes type 2 4.0 2.5 diagnosis

El4 R73 Elevated blood glucose level 2.6 4.7

JO6 Acute upper respiratory infections of multiple 3.3 1.3 Z03 Encounter for medical observation for 2.5 1.4
and unspecified sites suspected diseases and conditions ruled out

RO5 Cough 3.0 1.5 120, 121, 123, Coronary heart disease 2.5 2.6

R51 Headache 3.0 1.8 124, 125

F43 Reaction to severe stress, and adjustment 3.0 1.6 M79 Other and unspecified soft tissue disorders, not 2.4 1.4
disorders elsewhere classified

703 Encounter for medical observation for suspected 2.4 1.3 R51 Headache 2.2 2.2
diseases and conditions ruled out G47 Sleep disorders 1.8 1.6

ROO Abnormalities of heart beat 2.4 2 M10 Gout 1.7 2.6

F41 Anxiety disorders 2.4 1.5 N18, N19, Chronic renal disease 1.6 5.5

R73 Elevated blood glucose level 2.1 4 NO5

M54 Dorsalgia 1.6 1.2 Jo6 Acute upper respiratory infections of multiple 1.6 1.3

J45, J46 Asthma 1.6 1.5 and unspecified sites

J20 Acute bronchitis 1.5 1.5 M54 Dorsalgia 1.5 1.2

RO7 Pain in throat and chest 1.4 1.6 RO7 Pain in throat and chest 1.4 1.7

M25 Other joint disorder, not elsewhere classified 1.4 1.2 RO6 Abnormalities of breathing 1.3 1.8

R42 Dizziness and giddiness 1.4 1.5 R42 Dizziness and giddiness 1.3 1.8

R53 Malaise and fatigue 1.2 1.2 M25 Other joint disorder, not elsewhere classified 1.2 1.3

700 Encounter for general examination without 1.1 1.3 772 Problems related to lifestyle 1.2 2.3
complaint, suspected or reported diagnosis F41 Anxiety disorders 1.1 1.4

120,121,123,  Coronary heart disease 1.1 2.8 ROO Abnormalities of heart beat 1.1 2.1

124,125 Fo0 Attention-deficit hyperactivity disorders 1.1 4.2
E03, E05 Thyroid disorders 1.1 1.4 RO5 Cough 1.1 1.4
772 Problems related to lifestyle 1.0 2.1 F43 Reaction to severe stress, and adjustment 1.0 1.5
disorders

%), “persons encountering health services in other circumstance” (5.3
%), “encounter for other special examination without complaint, sus-
pected or reported diagnosis” (5.1 %), and “other and unspecified soft
tissue disorders, not elsewhere classified” (4.1 %). Similarly, for males,
the top five diagnoses with the highest NRI were “dyslipidaemia” at
18.4 %, “obesity” at 9.8 %, “persons encountering health services in
other circumstances” at 7.0 %, “diabetes” at 6.6 %, and “encounter for
other special examination without complaint, suspected or reported
diagnosis”, at 4.2 %.

3.4. Marginal effects

The results for the sex-stratified models showed that the 5 diagnoses
with the highest NRI all had an ORyg > 1. For females, these diagnoses
were “obesity” (ORyg = 4.1), “dyslipidaemia” (ORyg = 4.1), “encounter
for other special examination without complaint, suspected or reported
diagnosis” (ORyg = 4.2), “encounters with health services in other cir-
cumstances” (ORyg = 1.6), “and other and unspecified soft tissue dis-
orders, not elsewhere classified” (ORyg = 1.3). Similarly, for males, the
top 5 diagnoses were “obesity” (ORyg = 6.9), “dyslipidaemia” (ORyg =
5.6), “encounter for other special examination without complaint, sus-
pected or reported diagnosis” (ORyg = 4.2), “diabetes type 2” (ORyg =
2.9), and “encounters with health services in other circumstances”
(ORpEg = 1.9).

4. Discussion

This study applied an SGB model to predict whether an individual
had hypertension or not, based on data on previous recorded diagnostic

codes in primary care electronic medical records from the three years
preceding a registered diagnosis of hypertension. In individuals 30-65
years old with no known major cardiovascular disease or diabetes, the
model showed a modest sensitivity and specificity of 63 % and 76 % in
females, and 68 % and 73 % in males, respectively. The diagnostic codes
contributing the most to the model irrespective of sex, with the highest
NRI were “dyslipidaemia”, “obesity”, and “encounters with health ser-
vices in other circumstances”, where “encounter for issue of repeat
prescription” is the most common subcode.

4.1. Results in perspective

The results of this study demonstrate an association between several
diagnostic codes and recorded diagnosis of hypertension within three
years, aligned with previous research and Al models. Specifically,
overweight or obesity (Kanegae et al., 2020; Liao et al., 2022), high
fasting glucose (Kanegae et al., 2020; Liao et al., 2022), dyslipidaemia
(Sakr et al., 2018; Ye et al., 2018), previously higher blood pressures
(Kanegae et al., 2020; Sakr et al., 2018), coronary heart disease (Ye
et al., 2018), multiple chronic diseases (Ye et al., 2018) and psychiatric
diseases (Ye et al., 2018) all exhibit a strong association in this model.
The results in this study are in accordance with the well-established
association with risk factors within the metabolic syndrome, where
high blood pressure occurs alongside with glucose intolerance and dia-
betes mellitus type 2, dyslipidaemia, abdominal obesity, and micro-
albuminuria (Carlsson et al., 2009). Previous studies developed Al
models to detect high blood pressure in undiagnosed patients, but only a
few were conducted specifically within primary care settings (Silva
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et al., 2022).

Other diagnoses that predict hypertension are those indicating that
the patient has visited health care for any reason, for example renewal of
prescription. Common diagnoses in primary care of various types, such
as “Other and unspecified soft tissue disorders” (including myalgia
(Wandell et al., 2013) and dorsalgia (Wandell et al., 2013), and acute
respiratory tract infections (Wandell et al., 2013), also had ORyg:s >1
for both females and males. The most likely explanation for these results
is that the likelihood of having hypertension detected increases in in-
dividuals with many visits to primary care centres and that individuals
with these diagnoses visit primary care centres more.

Values for sensitivity, specificity, and AUC ROC in the prediction
model used in this study show modest results. Previous prediction
models have relied on blood pressure measurements (Sheppard et al.,
2016). Previous studies with access to blood pressure measurements
have AUC ROC between 0.766 and 1.00 (Ford et al., 2013; Silva et al.,
2022). This study, however, is based on receiving a diagnosis of hy-
pertension in the electronic medical records and adds new comple-
mentary information. In this study, we demonstrate that prediction of
diagnosis of hypertension within three years in possible based solely on
previously recorded diagnoses without the need for collecting other
clinical information.

4.2. Strengths and limitations

One strength of this study was the inclusion of all new cases of a
recorded diagnosis of hypertension in Region Stockholm during the
study period, providing a detailed dataset of previously registered di-
agnoses for machine learning analysis. Conducting the study in a real-
world primary care setting, where more than 50 % of all healthcare
encounters take place (Wandell et al., 2013) enhances the external
validity of the findings and their applicability to clinical practice.
Another strength is that we excluded patients with hypertension, car-
diovascular disease, and diabetes for three years (2010-2013) prior to
finding diagnosis of hypertension within three years (2014-2019). Yet,
these diagnoses occurred as risk factors if they presented before the
hypertension diagnosis during the study period.

A weakness of the study design is that the model depends only on
previous diagnoses registered by the general practitioner. Previous
studies have highlighted that general practitioners may not document all
symptom diagnoses presented during consultations (Ford et al., 2013),
and the registration of diagnoses may vary over time. In addition,
registration of related diseases like obesity, dyslipidaemia, chronic
kidney disease, and peripheral arterial disease are known to be limited
in primary care in Sweden (Wandell et al., 2013). Given the known low
detection rate of hypertension it is likely that several controls have
undetected hypertension. Further, ethnicity, which plays a significant
role in the prevalence of hypertension, could not be included, as data on
ethnicity are not registered in the clinical setting (Carlsson et al., 2008).

Relying solely on diagnosed hypertension rather than actual blood
pressure values introduces uncertainty regarding the results, as patients
with elevated blood pressure readings where diagnoses have not been
made are not classified as cases. A sensitivity analysis for the number of
visits was not performed and we cannot determine whether the NRI for
certain diagnoses is linked to the diagnosis itself or to the fact that the
patient has visited the primary care and received a diagnosis. Addi-
tionally, the model has a weakness in its clinical utility in that patients
without previous visits have not been included in the model.

Machine learning techniques such as SGB do not make any distri-
butional assumptions about the underlying data (Chen and Guestrin,
2016). However, risks can arise from the environmental constraints set
during the design of the study, such as the age limit of 65 years, which
may exert an influence and limit the generalizability of the results. One
strength lies in the algorithm’s consistent interpretation of diagnoses
once they have been established. However, there is a risk that bias in the
initial assignment of diagnoses may influence the reliability of the
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model.
4.3 Clinical implications

International guidelines recommend that people at high risk of
having elevated blood pressure should be offered opportunistic
screening for hypertension in relation to health care visits, and patients
with established hypertension should have their blood pressure
controlled at least annually (Mancia et al., 2023). Swedish recommen-
dations align with these guidelines. In Sweden, most adults visit primary
care, for various reasons, at least once every year. Although this would
offer an excellent chance for opportunistic screening, blood pressure is
not routinely measured at primary care visits in Swedish primary care.
Further, a recent Swedish study on the time required to follow guidelines
for the management of hypertension suggests that there is room for
improvement (Johansson et al., 2023). We postulate that the modelling
approach used in our machine learning model could assist clinicians in
flagging patients at-risk for hypertension and ensure that a blood pres-
sure check is offered by the care giver. This may help optimize resource
and time utilization, and eventually increase the number of patients
with previously undetected hypertension being offered appropriate
treatment.

Further studies could include additional variables or qualitatively
assessing how stakeholders in primary care perceive the model (Terry
et al., 2022). Additional studies targeting older individuals are also
warranted.

5 Conclusion

The study demonstrated that a machine learning model using diag-
nostic codes from electronic medical records could predict a diagnosis of
hypertension within three years better than chance. The top contrib-
uting diagnoses were consistent with known risk factors for
hypertension.
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