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ORIGINAL ARTICLE
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Alexander J. Lawsond, Michiel L. Botse and Wilko Spieringa
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University Medical Center Utrecht, Utrecht University, The Netherlands; dDepartment of Clinical Chemistry, Immunology and
Toxicology, Heartlands Hospital University Hospitals Birmingham, UK; eJulius Center for Health Sciences and Primary Care, University
Medical Center Utrecht, Utrecht University, Utrecht, The Netherlands

ABSTRACT
Purpose: Chemical adherence testing is a reliable method to assess adherence to antihyperten-
sive drugs. However, it is expensive and has limited availability in clinical practice. To reduce the
number and costs of chemical adherence tests, we aimed to develop and validate a clinical
screening tool to identify patients with a low probability of non-adherence in patients with
uncontrolled hypertension.
Materials and Methods: In 495 patients with uncontrolled hypertension referred to the
University Medical Centre Utrecht (UMCU), the Netherlands, a penalised logistic regression
model including seven pre-specified easy-to-measure clinical variables was derived to estimate
the probability of non-adherence. Non-adherence was defined as not detecting at least one of
the prescribed antihypertensive drugs in plasma or urine. Model performance and test charac-
teristics were evaluated in 240 patients with uncontrolled hypertension referred to the
Heartlands Hospital, United Kingdom.
Results: Prevalence of non-adherence to antihypertensive drugs was 19% in the UMCU and
44% in the Heartlands Hospital population. After recalibration of the model’s intercept, pre-
dicted probabilities agreed well with observed frequencies. The c-statistic of the model was 0.63
(95%CI 0.53–0.72). Predicted probability cut-off values of 15%–22.5% prevented testing in
5%–15% of the patients, carrying sensitivities between 97% (64–100) and 90% (80–95), and
negative predictive values between 74% (10–99) and 70% (50–85).
Conclusion: The combination of seven clinical variables is not sufficient to reliably discriminate
adherent from non-adherent individuals to safely reduce the number of chemical adherence
tests. This emphasises the complex nature of non-adherence behaviour and thus the need for
objective chemical adherence tests in patients with uncontrolled hypertension.
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Introduction

Hypertension globally affects 30–45% of the adult
population and is an important treatable risk factor
for cardiovascular disease (CVD) and mortality [1,2].
Although awareness and treatment have improved
considerably, still approximately 50% of those receiv-
ing treatment for hypertension do not reach the blood
pressure (BP) targets recommended by guidelines [1].
Non-adherence to antihypertensive treatment is a
major contributor to suboptimal BP control at the
population level [3,4]. The estimated prevalence of

non-adherence ranges from 16–53% in patients with
uncontrolled BP to 10–86% in patients with resistant
hypertension [5]. Diagnosis of non-adherence is
important as non-adherence is associated with a
higher risk of acute cardiovascular events in the gen-
eral hypertensive population [3,6,7]. Moreover, early
recognition of non-adherence might reduce the num-
ber of costly diagnostic tests and invasive device-
based therapies [8].

Several methods are available to assess adherence,
but most are indirect, subjective and poorly reliable
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since they are shown to often overestimate adherence
[9]. As recommended by the 2018 European Society
of Cardiology (ESC)/European Society of
Hypertension (ESH) Guidelines, chemical drug
screening by liquid chromatography tandem mass
spectrometry (LC-MS/MS) in plasma or urine is one
of the most reliable methods for medication adher-
ence assessment [10,11]. However, due to the related
costs and infrastructure, LC-MS/MS–based analysis is
unlikely to become available in healthcare settings
with limited (financial) resources where the preva-
lence of hypertension is higher, and the control of
hypertension much lower [1]. To reduce healthcare
costs and make LC-MS/MS more accessible in these
settings a clinical screening tool that creates the
opportunity to carefully identify patients with a low
probability of non-adherence, and therefore do not
need to undergo further testing, would be desirable.
However, the limited clinical screening tools devel-
oped so far were either based on pharmacy refill data
[12–14], did not specify model coefficients [15], or
were not externally validated [12–14] making them
futile in clinical practice. Therefore, the aim of this
study was to develop and externally validate a screen-
ing tool, based on easy to collect clinical variables, to
estimate the probability of non-adherence in patients
with uncontrolled hypertension.

Methods

Study populations

For the development of the clinical screening tool, we
used data from 495 consecutive patients with uncon-
trolled hypertension referred to the outpatient clinic
of the Vascular Medicine department of the
University Medical Centre Utrecht (UMCU) between
November 2017 and November 2020. Patients were
referred for diagnostic evaluation and/or treatment
advice if BP targets were not met despite BP lowering
treatment and/or suffered from target-organ damage.
All patients underwent diagnostic evaluation accord-
ing to a standardised protocol to identify underlying
causes of hypertension. The details of this protocol
have been described elsewhere [16]. Patients who
were prescribed at least one antihypertensive drug
were included in this study. Patients in whom no bio-
chemical drug screening was performed were
excluded (n¼ 14): nine patients were evaluated in
early November before the biochemical drug screen-
ing was fully implemented, two patients used cande-
sartan which could not be analysed by the LC-MS/MS

assay, and the results from three patients were miss-
ing for unknown reasons.

For external validation of the clinical screening
tool, data from 240 patients who attended the hyper-
tension clinic at Birmingham Heartlands Hospital in
the United Kingdom (UK) between January 2015 and
December 2018 were used. These patients were
referred by their general practitioner or other medical
specialists for the investigation and management of
uncontrolled hypertension. Patients underwent bio-
chemical drug screening in urine when either medica-
tion non-adherence was suspected by the treating
hypertension specialist or when patients fulfilled the
criteria for apparent resistant hypertension (in spite
of concurrent use of three antihypertensive agents of
different classes).

Since participants in this study were not subject to
procedures and were not required to follow rules of
behaviour outside the scope of routine clinical prac-
tice, no formal consent was required which was
approved by the institutional ethics committees.

Definition of outcome

The outcome of interest was non-adherence to antihy-
pertensive drugs. According to the guidelines for
reporting on medication adherence, the EMERGE tax-
onomy, non-adherence can occur in three different
phases of medication adherence: (1) initiation, (2)
implementation, and (3) persistence [17]. Since the
study population concerns patients with uncontrolled
hypertension who have been referred to a specialist
centre in which the initiation phase has long passed,
this study is mainly focussed on the implementation
and persistence phase of adherence.

Non-adherence to antihypertensive drugs was
assessed by chemical adherence testing which was
performed in accordance with the recommendations
in a recently published position paper on this method
[18]. For the UMCU population, chemical adherence
testing was performed using an LC-MS/MS method
which is able to detect 39 antihypertensive drugs
(covering >95% of the European antihypertensive
drug prescriptions) simultaneously [18,19] (see
Supplemental Table S1). In the UK population, the
LC-MS/MS method was able to measure urine con-
centrations of 24 commonly prescribed antihyperten-
sive drugs (covering over 90% of the UK
antihypertensive drug prescriptions) [18,20] (see
Supplemental Table S1). For both study populations,
all patients provided verbal consent for chemical
adherence testing in blood or urine on the day of
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their clinical appointment. Patients were not informed
in advance that drug testing would be performed at
their clinical visit.

We considered the lower limit of detection (LOD),
the lowest quantity of a drug that can be distin-
guished from the absence of that drug, as a cut-off
for adherence. Based on this cut-off, patients were
divided into two main categories: adherent (all of the
prescribed medications detected) or non-adherent (at
least one of the prescribed medications not detected).
Non-adherence was further categorised into full
non-adherence (complete absence of any prescribed
antihypertensive medications in the blood or urine
sample) and partial non-adherence (presence of fewer
medications than prescribed in blood or urine sam-
ple). In case of fixed-dose combinations, we consid-
ered all separate drug components.

Clinical model parameters

The screening tool was built with the following pre-
specified clinical variables: age, sex, body mass index
(BMI, kg/m2), history of CVD (yes/no, defined
according to the atherosclerotic cardiovascular disease
(ASCVD) definition as proposed by the European
Guidelines on Cardiovascular Disease Prevention

[21]), office systolic BP (SBP, mmHg), office heart
rate (beats/min) and total number of antihypertensive
drug tablets. Selection of these variables was based on
previous studies that reported clinical screening tools
for non-adherence and etiologic studies that investi-
gated factors that were independently associated with
non-adherence measured by LC-MS/MS. These stud-
ies were identified through a systematic literature
search. See Supplementary Appendix A for further
details on this search and the selection process. After
identification of potentially suitable variables, a final
selection of the variables was made based on availabil-
ity in the dataset and clinical availability in the hos-
pital setting as well as in general practice, which will
facilitate future widespread use of the screening tool.

Missing data

For both the derivation and validation dataset, there
was a considerable amount of missing data for the
variables of interest, including systematically missing
data for office heart rate in the validation set
(Table 1). A complete case analysis excluding these
patients would yield loss of efficiency and would pro-
vide biased results, since missing data rarely occur
completely at random and are usually dependent on

Table 1. Baseline characteristics of the derivation set and validation set.
University Medical Centre Utrecht University Hospital Birmingham

n¼ 495 Missings n¼ 240 Missings

Clinical characteristics
Male sex 250 (51%) 0 (0%) 123 (51%) 0 (0%)
Age (years) 57 ± 14 0 (0%) 57 ± 14 0 (0%)
Current smoker 53 (11%) 0 (0%) 39 (24%) 75 (31%)
Body mass index (kg/m2) 28.2 ± 5.3 5 (1%) 32.2 ± 5.9 65 (27%)
History of cardiovascular disease 133 (27%) 0 (0%) 58 (24%) 0 (0%)

Laboratory values
Estimated GFR (ml/min/1.73m2) 81 ± 27 22 (4%) 75 ± 30 17 (7%)
HbA1c (mmol/mol) 39 ± 9 22 (4%) 46 ± 16 115 (48%)
Total cholesterol (mmol/L) 5.2 ± 1.2 22 (4%) 5.0 ± 1.3 58 (24%)
LDL-cholesterol (mmol/L) 3.1 ± 1.0 13 (3%) 3.0 ± 1.1 66 (28%)
HDL-cholesterol (mmol/L) 1.4 ± 0.4 22 (4%) 1.2 ± 0.4 60 (25%)
Triglycerides (mmol/L) 1.7 ± 1.2 22 (4%) 1.9 ± 2.0 58 (24%)

Blood pressure
Office systolic blood pressure (mmHg) 165 ± 28 1 (0%) 165 ± 27 1 (0%)
Office diastolic blood pressure (mmHg) 94 ± 14 1 (0%) 93 ± 18 3 (1%)
Office heart rate (bpm) 73 ± 13 3 (1%) NA 240 (100%)
Ambulatory systolic blood pressure (mmHg) 138 ± 19 18 (4%) 153 ± 20 199 (83%)
Ambulatory diastolic blood pressure (mmHg) 82 ± 11 18 (4%) 88 ± 13 199 (83%)

Medication use
Antihypertensive medication tablets (n/day) 3 (1-12) 0 (0%) 3 (1-10) 0 (0%)
class A 336 (68%) 0 (0%) 210 (88%) 0 (0%)
class B 204 (41%) 0 (0%) 104 (43%) 0 (0%)
class C 314 (63%) 0 (0%) 194 (81%) 0 (0%)
class D 253 (51%) 0 (0%) 147 (61%) 0 (0%)
class E 122 (25%) 0 (0%) 139 (58%) 0 (0%)
Non-adherence 93 (19%) 0 (0%) 105 (44%) 0 (0%)
Partial non-adherence 73 (15%) 0 (0%) 37 (15%) 0 (0%)
Full non-adherence 20 (4%) 0 (0%) 67 (28%) 0 (0%)

All data in n (%) or mean ± standard deviation. GFR, glomerular filtration rate (calculated with Chronic Kidney Disease Epidemiology Collaboration
[CKDEPI] formula), LDL, low-density lipoprotein, HDL, high-density lipoprotein, class A, ACE-inhibitors, angiotensin receptor blockers and direct renin
inhibitors, class B, beta-blockers, class C, calcium channel blockers, class D, diuretics, class E, others.
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the outcome [22]. Therefore, missing data were
handled using 10-fold multilevel multiple imputation
with fully conditional specification to take the uncer-
tainty of imputed values into account (jomoImpute-
algorithm in R, mitml package). The choice of 10
imputations was based on simulation studies that
showed that there tends to be little or no practical
benefit to using more than 10 imputations [23]. The
resulting 10 completed datasets were analysed separ-
ately and the results were combined using Rubin’s
rules [24,25].

Statistical analyses

The clinical screening tool was developed and vali-
dated using the Transparent Reporting of a
Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) criteria [26].

Model derivation
Model derivation was performed by multivariable
logistic regression, including the seven pre-specified
clinical variables as described above. No stepwise vari-
able selection was performed as this would increase
the risk of selecting spurious variables (overfitting)
and an increased risk for failing to include important
variables (underfitting) [26]. Continuous variables
were truncated to the 1st and 99th percentile to limit
influence of outliers. Next, by comparing Akaike’s
Information Criterion (AIC), we tested whether loga-
rithmic or quadratic transformations of continuous
variables improved model fit [27]. The final model
coefficients were estimated using penalised estimation
methods using an L2 quadratic (i.e. ‘ridge’) penalty to
further prevent overfitting [28,29].

Model validation
Internal validity of the model was assessed with a cali-
bration plot showing the agreement between the
observed frequencies of non-adherence and the
pooled probabilities of non-adherence of the 10
imputed datasets. Discrimination of the model was
assessed by the ROC-curve and c-statistic that was
obtained using bootstrapping with 1000 boot-
strap samples.

External validity of the model was tested in the
Heartlands Hospital population. To adjust for vari-
ation in the underlying prevalence of non-adherence,
the intercept of the derived model was recalibrated
such that the mean predicted probability equals the
observed prevalence in the validation set [30]. In add-
ition to discrimination and calibration, test

characteristics (sensitivity, specificity, positive and
negative predictive value) for different cut-off values
of the predicted probability were determined. These
estimates and their standard errors were logit trans-
formed, pooled by using Rubin’s rules, and then back
transformed [25]. The final model was presented after
pooling the recalibrated intercepts and shrunken beta
coefficients. All analyses were conducted with R stat-
istical software version 4.0.3 (R Development Core
Team, Vienna, Austria).

Results

Baseline characteristics and prevalence of
non-adherence

In Table 1, the baseline characteristics based on the
observed, non-imputed data of patients in the deriv-
ation and validation population are provided. In the
derivation set, patients smoked less often and on
average had a lower BMI and more often a history of
CVD, compared to patients in the validation set. In
the 495 UMCU patients with uncontrolled hyperten-
sion whose blood sample underwent LC-MS/MS ana-
lysis, the prevalence of non-adherence was 19% (fully
non-adherent 4%, partially non-adherent 15%). The
prevalence of non-adherence, determined based on
LC-MS/MS in urine samples, among 240 patients
recruited in the Heartlands Hospital was 44% (fully
non-adherent 28%, partially non-adherent 15%). As
Supplemental Table S2 illustrates, the percentage of
fully adherent patients decreases as the number of
prescribed antihypertensive drug classes increases.

Development and internal validation of the
diagnostic model

Table 2 shows the pooled model coefficients and cor-
responding odds ratios. Logarithmic or quadratic
transformations of continuous predictors did not
improve the model fit. The model formula that was
used to estimate probabilities of non-adherence is
shown in Supplemental Table S3. Internal validation

Table 2. Model coefficients and odds ratios.

Co€effici€ent
Odds ratio
(95% CI)

Intercept �6.5909
Age (per year) �0.0269 0.97 (0.95–0.99)
Sex (female) �0.0359 0.96 (0.59–1.57)
Office systolic blood pressure (mmHg) 0.0215 1.02 (1.01–1.03)
Office heart rate (beats/min) 0.0053 1.01 (0.99–1.02)
Number of tablets (n/day) 0.3028 1.35 (1.16–1.58)
History of CVD (yes) �0.1977 0.82 (0.46–1.47)
BMI (kg/m2) 0.0614 1.06 (1.01–1.12)

CVD, cardiovascular disease; BMI, body mass index.
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showed good agreement between the predicted proba-
bilities and observed frequencies of non-adherence
(Supplemental Figure 1A). The discriminative ability
of the diagnostic tool in the development dataset was
fair with a c-statistic of 0.73 (95% confidence interval
(CI) 0.66� 0.79) (Supplemental Figure 2A).

External validation of the diagnostic model

Figure 1(A) shows good agreement between predicted
probabilities and observed frequencies of non-
adherence after adjustment of the intercept (mean
correction factor 0.394). This indicates that, after
adjusting the mean predicted risk to the observed
risk in the validation set, the clinical screening tool
could be applied to populations with uncontrolled
hypertension with different overall prevalence of
non-adherence. Discriminative performance of the
diagnostic model in the Heartlands Hospital popula-
tion was poor with a c-statistic of 0.63 (95% CI
0.53� 0.72) (Figure 1(B)).

Table 3 shows the test characteristics and propor-
tion of patients spared testing for cut-off values of the
predicted probability of non-adherence between
10� 25%. This range was chosen because it showed
the highest sensitivities and negative predictive values;
characteristics that are desirable when the purpose of
the diagnostic tool is to rule out non-adherence. The
proportion of patients spared LC-MS/MS testing
reflects the proportion of patients with a predicted

probability equal or below the cut-off value in which
(according to this screening tool) no further testing is
needed. Predicted probability cut-off values of
15%–22.5% prevented testing in 5% (95% CI 2� 8%)
to 15% (95% CI 10� 20%) of the patients with
uncontrolled hypertension, carrying sensitivities
between 97% (64� 100) and 90% (80� 95), and nega-
tive predictive values between 74% (10� 99) and 70%
(50� 85) (Table 3).

Discussion

In this cross-sectional, diagnostic study, we report the
development and external validation of a screening
tool, based on seven objective and easy-to-collect clin-
ical variables, for estimating non-adherence to antihy-
pertensive drugs in patients with uncontrolled
hypertension. Validation showed good agreement
between model predictions and observed frequencies
of non-adherence. However, the discriminative ability
of the screening tool was insufficient to reliably dis-
tinguish between adherence and non-adherence in
patients with uncontrolled hypertension.

This is one of the first studies describing the devel-
opment and validation of a clinical screening tool for
biochemically confirmed adherence to antihyperten-
sive drugs. In 2017, Gupta et al. also developed and
validated two diagnostic models for biochemically
confirmed non-adherence in patients with suboptimal
BP control [15]. These models, based on a smaller set

Figure 1. External validation of the clinical screening tool for non-adherence. (A) Plot of external calibration of clinical screening
tool in Heartlands Hospital population showing the agreement between predicted and observed probabilities of non-adherence
after recalibration. (B) Receiver operating characteristics (ROC) curve showing the discriminative performance of the diagnos-
tic tool.
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of model parameters compared to this study, showed
somewhat higher c-statistics upon external validation
(0.710 and 0.708). However, Gupta et al. used selected
study populations, including patients referred for
chemical adherence testing, for both the development
and validation of the models. Therefore, their results
cannot be generalised to all patients referred with
uncontrolled hypertension. Moreover, the lack of
reporting of their model coefficients makes it impos-
sible to validate their model externally, let alone use it
in clinical practice.

The poor discriminative power of our model in
external validation can probably be explained by dif-
ferences in patient selection between the derivation
and validation population. Whereas for the develop-
ment of the model, all consecutive patients visiting
the outpatient clinic of the UMCU were systematically
screened by LC-MS/MS, patients in the Heartlands
Hospital population were only subjected to drug
screening when either the clinician suspected therapy
non-adherence or when patients fulfilled the criteria
for apparent resistant hypertension. As the clinician’s
suspicion of non-adherence is likely based (in part)
on clinical characteristics included in the diagnostic
model, only patients with a high probability of non-
adherence were referred for drug screening. This
probably resulted in partial verification bias [31] and
underestimation of discriminative ability. For the
screening tool to be clinically relevant and reliable,
the use of an unselected population of patients with
uncontrolled hypertension is essential for the develop-
ment of the model, as this is the population in which
the screening tool will ultimately be applied. Thus,
further evaluation of the screening tool developed in
the current study in unselected populations of
patients with uncontrolled hypertension would be
appropriate. Although this may result in a more reli-
able estimate of discriminative power of the tool, this
measure will be at most 0.73 (c-statistic internal valid-
ation), indicating moderate discrimination [32].

Another explanation for the inadequate discrimin-
ation of the diagnostic model described in this study

could be the homogeneous clinical characteristics of
the patients in the Heartlands Hospital population
compared to the UMCU population. Consequently,
these patients had fewer distinguishing factors for
predicting higher or lower probabilities of non-adher-
ence. Also, adherence in the derivation population
was assessed by LC-MS/MS in plasma compared to
urine in the validation population. There is evidence
that LC-MS/MS in urine may be less accurate than in
serum for a number of compounds [33,34], especially
for the evaluation of substances with low bioavailabil-
ity, low renal excretion or high metabolism rate,
which probably led to misclassification of non-adher-
ence and eventually the discriminative ability of
the model.

To establish an easily applicable screening tool that
can reliably select patients with a very low probability
of non-adherence, who would consequently not need
to be exposed to a costly chemical adherence test, the
tool requires a high negative predictive value to pre-
vent non-adherent patients from not being identified.
However, the validated screening tool presented here
had poor discrimination resulting in a negative pre-
dictive value of 74% at best. Such a negative predict-
ive value means that in case of a negative test result
of the screening tool there is still a 26% chance of
non-adherence. These results are in line with findings
from previous studies reporting on tools to predict
non-adherence in patients with uncontrolled hyper-
tension [12,13]. In summary, these results indicate
that it is not possible to sufficiently accurately predict
whether a patient will be adherent with antihyperten-
sive treatment based on a combination of either clin-
ical characteristics or self-reported barriers to
medication adherence. This emphasises the need for
direct and objective chemical adherence testing in
routine clinical practice.

The current study had several strengths, including
the identification of clinical model parameters
through a systematic literature search and the use of
penalised estimation methods, both reducing the risk
of overfitting. Another strength of this study is that

Table 3. Test characteristics and proportion of patients spared chemical adherence testing.
Cut-off value of predicted probability

10.0% 12.5% 15.0% 17.5% 20.0% 22.5% 25.0%

Sensitivity 0.99 (0.53–1.00) 0.98 (0.53–1.00) 0.97 (0.64–1.00) 0.95 (0.73–0.99) 0.93 (0.82–0.97) 0.90 (0.80–0.95) 0.86 (0.77–0.92)
Specificity 0.00 (0.00–1.00) 0.03 (0.00–0.74) 0.06 (0.02–0.18) 0.10 (0.05–0.18) 0.15 (0.09–0.23) 0.19 (0.12–0.27) 0.24 (0.17–0.34)
Positive predictive value 0.44 (0.37–0.50) 0.44 (0.37–0.50) 0.44 (0.38–0.51) 0.45 (0.38–0.51) 0.46 (0.39–0.52) 0.46 (0.39–0.53) 0.47 (0.40–0.54)
Negative predictive value 0.18 (0.00–1.00) 0.65 (0.00–1.00) 0.74 (0.10–0.99) 0.72 (0.23–0.96) 0.72 (0.45–0.89) 0.70 (0.50–0.85) 0.70 (0.53–0.83)
Proportion of patients

spared testing (%)
1 (0–3) 3 (0–5) 5 (2–8) 8 (4–12) 12 (7–17) 15 (10–20) 20 (14–25)

The proportion of patients spared intensive testing is the proportion of patients with a predicted probability equal to or below the cut-off value.
Estimates and corresponding Bootstrap-based 95% confidence intervals are presented for different cut-off values of the predicted probability by the diag-
nostic tool.
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clinical variables were routinely collected, resembling
daily clinical practice, which is essential in a diagnos-
tic study. Also, in contrast to previous studies on
diagnostic models for non-adherence in patients with
uncontrolled hypertension, we were able to externally
validate the developed screening instrument. External
validation is required to guarantee generalisability and
should be done before a diagnostic model can be
applied in clinical practice [26]. In our case, external
validation revealed an insufficient discriminatory
power of the model which would otherwise have
stayed unnoticed and therefore emphasises the
importance of external validation.

Limitations of the study should also be considered.
The validation set had a relatively small sample size,
which may have increased the risk of biased and
imprecise estimates of model performance. Previous
simulation studies indicated that validation studies
need at least 100 events to provide reliable results
[35,36]. Although our study meets this condition (105
events), external validation in larger datasets would be
preferable. Another limitation is that some of the clin-
ical variables in the validation set contained a consid-
erable amount of missing values, including
systematically missing data on the clinical variable
heart rate. However, we applied multilevel multiple
imputation to handle these missing data and thereby
reduced the risk of bias and improved efficiency for
the analysis [37]. Furthermore, data on number of
comorbidities, socio-economic status, and experience
of side effects from antihypertensive drugs, which
have previously been described as being associated
with non-adherence [38] and thus could improve
model performance, were not available in both data-
sets. Lastly, we acknowledge that, despite being an
objective and direct method, there are limitations to
the use of LC-MS/MS to diagnose adherence to anti-
hypertensive drugs. For example, due to the long
half-life of several antihypertensive drugs (e.g. amlodi-
pine; half-life 30–50 h [39]) these drugs would remain
detectable in the patient’s plasma or urine long after
the last ingestion. This means that intermittent non-
adherence could have been missed. Moreover, patients
that only take their medications before visiting the
doctor’s office (‘white-coat adherence’) [37] are likely
to be classified as biochemically adherent despite
being non-persistent. Also, the LC-MS/MS methods
used for this study, particularly the one used for the
Heartlands Hospital population, could only measure a
limited number of antihypertensive drugs. Although
this assay still covers the majority of routinely pre-
scribed antihypertensive drugs [40], this may have

resulted in an underestimation of non-adherence to
antihypertensive drugs.

In conclusion, the combination of seven easy-to-
measure clinical variables is not sufficient to discrim-
inate adherent from non-adherent individuals with
uncontrolled hypertension to safely reduce the num-
ber of biochemical adherence tests. This emphasises
the complex nature of non-adherence behaviour,
which cannot simply be captured by a few clinical
characteristics, and thus the need for objective chem-
ical drug tests in patients with uncontrolled
hypertension.
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