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Abstract

Objectives: Researchers are increasingly using routine clinical data for care evaluations and feedback to patients and clinicians. The
quality of these evaluations depends on the quality and completeness of the input data.

Study Design and Setting: We assessed the performance of an electronic health record (EHR)-based data mining algorithm, using the
example of the smoking status in a cardiovascular population. As a reference standard, we used the questionnaire from the Utrecht Car-
diovascular Cohort (UCC). To assess diagnostic accuracy, we calculated sensitivity, specificity, negative predictive value (NPV), and pos-

itive predictive value (PPV).

Results: We analyzed 1,661 patients included in the UCC to January 18, 2019. Of those, 14% (n = 238) had missing information on
smoking status in the UCC questionnaire. Data mining provided information on smoking status in 99% of the 1,661 participants. Diagnostic
accuracy for current smoking was sensitivity 88%, specificity 92%, NPV 98%, and PPV 63%. From false positives, 85% reported they had

quit smoking at the time of the UCC.

Conclusion: Data mining showed great potential in retrieving information on smoking (a near complete yield). Its diagnostic perfor-
mance is good for negative smoking statuses. The implications of misclassification with data mining are dependent on the application of the
data. © 2019 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Information recorded in the electronic health records
(EHRs) has the possibility of revolutionizing our health
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care system into a ‘“‘Learning Healthcare System™ [1], in
which routine clinical care and science are aligned via a
constant cycle of data assembly, data analysis, interpreta-
tion, feedback, and change implementation [2]. EHRs
contain routinely collected care information on symptoms,
diagnosis, laboratory tests, other diagnostic tests, and treat-
ments and are therefore a potential source of data for epide-
miologic studies, pragmatic trials, drug safety evaluations,
and health care organization evaluations [3].

For all (scientific) evaluations, the validity of results de-
pends on the quality of input data. Current scientific evalu-
ations mostly depend on randomized controlled trials and
cohort studies. But these studies are affected by selection
and nonresponse, sparking interest in the use of routine care
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What is new?

Key findings

e Data mining showed great potential in retrieving
information on smoking from the electronic health
record (EHR). Its diagnostic performance is good
for negative smoking statuses.

What this adds this to what is known?

e Via data mining we can successfully extract infor-
mation from both structured and unstructured fields
in the EHR for scientific evaluations. Data quality
evaluation, comparing the EHR information to a
reference standard, should be part of the mining
process.

What is the implication and what should change

now?

e If EHR-based data mining algorithms are used to
retrieve information for care or scientific purposes,
the effect of time and clinical practice on the
outcome, and the implications of misclassification
need to be taken into account.

data for research purposes [4]. Routinely collected clinical
care data are not restricted by selection or nonresponse and
thus reflects the real-world situation better [4]. Yet, EHR
data consist of both structured and unstructured data: the
clinical notes. Clinical notes are case-specific notes that
capture nuances and clinical reasoning. Apart from large
heterogeneity among clinicians, clinical notes are prone
to spelling errors, abbreviations, inconsistencies, and idio-
syncrasies in a complex context. Also, clinical notes can
be subject to missing, which is usually not at random (con-
founding by indication). Careful evaluation of EHR data
quality and applicability needs to be considered when used
for (scientific and clinical) evaluations [5].

In the past years, many data mining algorithms have been
developed to extract data from the EHR [6]. The information
yield is large, but data quality is underreported. As a proof of
concept, we evaluated an EHR-based data mining algorithm,
applied to the case of smoking status (never, ever, current).
Smoking status is of large clinical importance for it may
be used to identify those at elevated risk of disease in risk
prediction algorithms, for example cardiovascular disease,
the results of which has consequences for clinical decision-
making [7]. Furthermore, smoking, as important causal fac-
tor in many noncommunicable diseases, is of great impor-
tance for etiologic and prognostic research questions as a
confounder, modifier, or predictor. Smoking status can
potentially be registered in several locations within the
EHR: structured questionnaires such as intoxication boxes
(predefined answers to the question “smoking?”),

unstructured questionnaires (“‘smoking?” with a free text
response field), and unstructured free text including clinical
notes and (discharge) letters. Especially with a characteristic
such as smoking that is subjective, might change over time,
and might feel stigmatizing, discrepancies in reporting can
easily occur. We wondered if we could apply data mining
to retrieve the smoking status from our EHR and provide
insight into the quality of the information.

2. Methods
2.1. Study design and population

We performed a cross-sectional analysis, using data
from the Utrecht Cardiovascular Cohort (UCC) and the
EHR from the University Medical Center Utrecht. In short,
the UCC is a prospective cohort study targeted to uniform
assessment and registration of the guideline-based cardio-
vascular risk profile in all patients presenting with a (risk
factor for) cardiovascular disease within routine care [8].
The UCC has been approved by the Institutional Review
Board Biobank of the UMC Utrecht, and all data are
handled according to privacy regulations [2]. We used data
from patients included in the cohort up to January 28, 2019,
who had provided a written informed consent.

2.2. Data collection and definitions

The UCC smoking status was retrieved via a question-
naire that was either filled in at home via the patient portal
or on paper and registered within the EHR. Two questions
were asked on smoking: “Do you currently smoke?” and
“Did you smoke in the past?” which resulted in three
smoking status categories: current smoker, past smoker,
and never smoker. To assess diagnostic accuracy, we
dichotomized this into current smoker and nonsmoker, the
latter including both past and never smokers.

The data mining algorithm can be best described as a de-
cision rule model. First, we mined information on smoking
status in UCC patients’ EHR, with exclusion from the UCC
questionnaire (also registered within the EHR). This infor-
mation is captured in structured fields, including
specialism-specific questionnaires and the UMC Utrecht-
wide intoxications field, or in—unstructured-free text,
including clinical notes, correspondence from and to col-
leagues. Second, all free text and structured text fields from
365 days before to 7 days after the UCC were selected, with
the exception from letters after discharge, which were
searched within the week after the UCC (Fig. 1). Third,
retrieved information was categorized into current smokers,
past smokers, never smokers, and unknown. Structured text
statuses were directly categorized. Free-text fragments
were used to build text constructs: first a keyword word
(smoking, smoked, smoker, ...) was selected, then sur-
rounding sentence fragments were assessed for interpreta-
tion (%, sometimes, quit, ...) and the statuses were
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Fig. 1. Data mining algorithm.

finalized. Fourth, the status closest to the inclusion date was
included in the analyses. Lastly, statuses from free and
structured text were compared for agreement. This also
included a sanity check: patients who reported current
smoking before a ‘“‘never smoked” status were redefined
as ‘“‘quit smoking” in the latter status. If the algorithm
did not achieve agreement or was inconclusive, a manual
check of the EHR text fragments was conducted to finalize
the status. To assess diagnostic accuracy, we recoded a new
smoking variable similar to the categorization in the UCC.

Patient characteristics were derived from the UCC ques-
tionnaire, and anthropometric, blood pressure, and labora-
tory measurements were collected during the routine
hospital visit. In the UCC, we collected information on
sex, age, body mass index (BMI), origin, level of education,
specialism of inclusion, established cardiovascular disease,
and risk factors for cardiovascular disease. Established car-
diovascular disease was defined as a history of a coronary
heart disease, cerebrovascular disease, peripheral artery dis-
ease, and/or aneurysm of the abdominal aorta. A history of
coronary heart disease was defined as myocardial infarction
or coronary revascularization procedures. A history of

cerebrovascular disease was defined as ischemic stroke,
transient ischemic attack, cerebral hemorrhage, and/or ca-
rotid stenosis. A history of peripheral artery disease was
defined as intermittent claudication with a vascular cause
and/or peripheral artery revascularization procedures. A
history of an abdominal aortic aneurysm was defined as
an abdominal aortic aneurysm requiring surgery. Risk fac-
tors for cardiovascular disease were hypertension, defined
as a positive history of hypertension, prescription of blood
pressure lowering medication, and/or a blood pressure
higher than RR140/90 mmHg; and diabetes mellitus,
defined as a positive history of diabetes mellitus, prescrip-
tion of blood glucose lowering medication, and/or a HbAlc
above 48 mmol/mol.

2.3. Analyses

The yield of data mining was defined as the percentage
of UCC patients for whom a smoking status was retrieved.
Diagnostic accuracy was assessed comparing the data
mining status with the reference test: the UCC status based
on questionnaire responses. We calculated sensitivity,
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Table 1. Patient characteristics

Patients, n Total n = 1,661
Women, n (%) 769 (46)
Age (years), median (IQR) 60 (17)
Dutch origin, n (%) 1,205 (73)
Level of education, n (%)
Lower 499 (31)
Intermediate 355 (22)
High 536 (33)
Missing 271 (16)
Specialism of inclusion, n (%)
Cardiology 665
Cardiothoracic surgery 1
Diabetes 110
Geriatrics 325
Infectious diseases 14
Nephrology 94
Vascular medicine 134
Neurology 257
Vascular surgery 1
OBGYN 60
Manifest cardiovascular disease, n (%) 914 (55)
Risk factors, n (%)
Hypertension 701 (42)
Diabetes 320 (19)
Smoking
Current 189 (11)
Quit 674 (41)
Never 560 (34)
Missing 238 (14)

specificity, negative predictive value (NPV), and positive
predictive value (PPV).

Additionally, we assessed factors associated with
misclassification of the data mining outcome, defined as
either a false-positive or false-negative status. We per-
formed a logistic regression analysis with misclassification
as the outcome and specialism of the UCC inclusion, differ-
ence in days between UCC and data mining status, number
of statuses found, different sources where statuses were
found, and type of source where the final status was derived
from as potential factors. For this analysis, we excluded
specialisms with less than five inclusions, and the depart-
ments of obstetrics and gynecology were combined.

All analyses were performed in R Statistical Software
version 4.3, Foundation for Statistical Computing, Vienna,
Austria.

3. Results

For these analyses, we used data from UCC patients
included in the cohort between January 2016 and January
28,2019 (n = 1,661; Table 1). The population was mostly

UCC questionnaire
n=1,661
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* UCC extraction at January 28th 2019

Legend. UCC: Utrecht Cardiovascular Cohort, +: smoking status known, -: status unknown

Fig. 2. Patient selection and availability of smoking status from UCC
and data mining.

of Dutch native origin (73%), with both men (54%) and
women (46%). The median age was 60 years (interquartile
range [IQR] 17). Most patients were included in the depart-
ments of cardiology (n = 665, 40%) and geriatrics
(n = 325, 20%). Over half of patients (n = 914, 55%)
had a history of a cardiovascular event, 42% suffered from
hypertension and 19% from diabetes.

Within the UCC, smoking status was reported by 1,423
patients (85%, Fig. 2). From data mining, smoking status
was available for 1,648 patients (99%, Fig. 2). For each pa-
tient, we found a median of 1.96 (range 1:15) number of
smoking statuses in the EHR.

Information on smoking status (Table 2) was retrieved a
median of 1.96 times per patient (minimum 1, maximum
15 times), and the sources were structured questionnaires
(35%), letters (29%), and nonstructured questionnaires
(36%). The median difference in days between mined and
UCC smoking statuses was 0 days (minimum O days,
maximum 360 days). Twelve patients did have a UCC status
but no data mining status, and one patient did not have a
UCC nor a data mining status: these patients came from a
neighboring hospital, underwent a percutaneous transluminal
coronary angioplasty (PTCA) in our center, and were dis-
charged to that neighboring hospital directly after this pro-
cedure. The correspondence on the PTCA did only feature
information about the procedure. This left us with 1,411 pa-
tients with both UCC and data mining smoking statuses
(Fig. 2).

Diagnostic accuracy was assessed in 1,411 patients with
both UCC and data mining smoking statuses (Table 3). The
prevalence of current smoking was 11%. If we would
include past smokers as smokers, the prevalence would in-
crease to 60%. Sensitivity was 88%, specificity 92%, NPV
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Table 2. Mining characteristics

Mining characteristics Total n = 1,611
Number of smoking status retrieved, 1.96 (1.0—15.0)

median (min-max)
Number of status sources per

patient, n (%)

1 874 (53)

2 602 (36)

3 185 (11)
Sources of final status, n (%)

Structured questionnaire 590 (35)

Letter 475 (29)

Unstructured questionnaire 596 (36)
Difference in days between mined and 0 (0; 360)

UCC status, median (min-max)

98%, and PPV was 63%. From 97 false positives, 82 (85%)
of patients explicitly reported they had quit smoking in the
UCC questionnaire. If we would include these 82 patients
as current smokers, the PPV for current smoking would in-
crease to 94% (Table 4). If we would exclude patients with
a manually reviewed status, diagnostic performance would
remain similar, only precision would decrease due to the
decrease in sample size.

For analysis on factors associated with misclassification,
we excluded departments with less than five patients
included in the UCC: both vascular and cardiothoracic sur-
gery departments were excluded because they included one
patient. This left us with 1,409 patients for this analysis
(Table 5). We found higher odds for misclassification in pa-
tients with multiple smoking statuses from multiple sour-
ces. Compared with information retrieved from structured
questionnaires, smoking status was misclassified less often
in letters (OR 0.45 [95% CI] 0.26; 0.77). Compared with
the department of vascular medicine, all departments,
except the department of infectious diseases, had lower
odds for misclassification, albeit not all reached statistical
significance. The difference in days between data mining,
and UCC status was not associated with misclassification.

4. Discussion

We assessed the performance of an EHR-based data
mining algorithm to detect the smoking status in a

Table 3. 2 x 2 contingency table on current smoking status

cardiovascular population. Data mining showed great po-
tential in retrieving information on smoking (a near com-
plete yield). Its diagnostic performance is good for a
nonsmoking status. The implications of misclassification
with data mining depends on the application of the data.

Many data mining algorithms have been developed and
published over the past years [6]. Four studies specifically
described smoking status mining. The yield in these studies
was between 68 and 94% [9—13] and reported similarities
between reference standard and data mining algorithm var-
ied from kappa 0.5 to 0.98 [12,13]. This variation might be
explained by differences in information sources, type of
mining (codes, free text, machine learning), and the study
population. Two studies from the United Kingdom based
their algorithms on “read codes,” a coded thesaurus of clin-
ical terms that has been issued by the National Health Ser-
vice (NHS) in 1985 and reported a yield of 94% [11,12].
Wau et al. used only free text mining, applied to a mental
health register and reported a yield of 68% [9]. Patel
et al. mined free text from electronic dental records using
three machine learning classifiers and reported a yield of
76% [13]. Our data mining algorithm was based on both
structured fields and free-text fragments, scoping the entire
EHR without restrictions to specific departments. Also, we
developed the algorithm together with clinicians, knowing
exactly where and how this kind of data is registered.
Involvement of clinicians in the development of decision
tools and data analytic developments has proven to result
in better performing tools before [14]. Furthermore, our al-
gorithm was optimized with data derived from a cardiovas-
cular cohort within our center (n = 1,200). Lastly, smoking
is an important risk factor for cardiovascular disease; this
should have been documented in the EHR for every cardio-
vascular patient, explaining our high yield.

The prevalence of current smoking was lower in our
study (11%) compared with other cardiovascular popula-
tions (16%—33%) [15,16]. This might be explained by
the decreasing trend in the prevalence of cardiovascular risk
factors: current smoking was prevalent in 48% of a cardio-
vascular population between 1996 and 1998 and decreased
over time to 25% in 2011—2014. Our cohort dates from
2016 to 2018 and follows this decrease in smoking preva-
lence. Past smoking in our cohort was 48%, which is in line
with the past-smoking prevalence in the SMART cohort,
another cardiovascular cohort from the UMC Utrecht

Table 4. 3 x 3 contingency table on smoking status categories

ucc ucc
Smoking status Current smoker Nonsmoker Smoking status Current smoker  Quit smoking  Never smoked
Data mining Data mining
Current smoker 165 97 Current smoker 165 82 15
Nonsmoker 22 1125 Quit smoking 12 394 33
Never smoked 10 191 507

Sensitivity: 88% (95% Cl 83%—92%); specificity: 92% (95% Cl
90%—94%); positive predictive value (PPV: 63% [95% CI| 58%—67];
negative predictive value (NPV 98% [95% Cl 97%—98%].

82/97 = 85% of patients smoked in data mining data but quit by
the time of the UCC questionnaire.
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Table 5. Factors associated with misclassification of the smoking
status®

OR (95% CI)
n = 1,409

1.07 (0.92; 1.45)

Characteristics

Number of locations where smoking
information was retrieved

Number of different sources 1.59 (1.09; 2.73)
Location of final status
Structured questionnaire Reference

Letter 0.45 (0.26; 0.77)
Unstructured questionnaire 0.75(0.47; 1.21)
Specialism

Reference

0.86 (0.46; 1.71)
0.61 (0.24; 1.48)
0.23 (0.09; 0.54)

1.54 (0.37; 2.35)

Vascular medicine
Cardiology
Diabetes care
Geriatrics
Infectious diseases

Nephrology 0.95 (0.37; 2.35)
Neurology 0.76 (0.32; 1.88)
OBGYN 0.62 (0.13; 2.09)

Difference in days between UCC and data
mining status date

0.99 (0.991; 0.999)

Abbreviations: OR, odds ratio; 95% CIl, 95% confidence interval;
OBGYN, departments of obstetrics and gynecology.

An OR above 1 means higher odds of misclassification.

# Input variables: specialism of UCC inclusion, difference in days
between UCC and data mining status, number of status retrieved,
number of different sources mining statuses were retrieved from,
different sources of the final status.

(50%) [17]. Compared with the sensitivity, specificity, and
NPV, PPV we observed was much lower. This might be ex-
plained by some underreporting of smoking in the UCC
questionnaire, for this is self-reported [18]. More impor-
tantly, some patients smoked according to the data mining
status but quit at the time they filled in the UCC question-
naire. Possibly, this is due to time and clinical interference.
If we would consider these quit smokers to be current
smokers in the UCC, the PPV would increase to 94%.
The implication of the PPV we found in our study, and
diagnostic performance of data mining algorithms in gen-
eral, depends on for which purpose the data are being used.
The application of mined data can be either clinical
decision-making or research. If a mined smoking status is
used for clinical decision-making including prediction, we
might misclassify some patients as smokers although they
just have recently quit smoking. Because the contribution
to risk from smoking does not disappear overnight after
smoking cessation, we think this overestimation of risk is
negligible. If you would use it for risk assessment, we
would recommend to ask the patient and take time since
cessation into consideration when calculating a risk score
so the risk is not underestimated for recently quit smokers.
Because the risk from smoking might not yet have
decreased to zero, preventive measures directed toward
other risk factors might still be indicated. If a mined

smoking status is used for research, we can think of three
scenarios. First, smoking is used as a confounder: misclas-
sification is only an issue in positive tests (e.g., the current
smokers), but because these contain mostly quit smokers
who just recently quit, the risk from smoking did not
decrease yet and overestimation seems negligible. Second,
smoking is used as a modifier: differentiation between past
and current smokers can be a problem. Selective re-
evaluation of only positive smoking statuses would increase
accuracy and still be less laborious than collecting informa-
tion on smoking for all patients. Third, smoking is used as
determinant for etiologic evaluations with the effect of
smoking being acute or chronic: misclassification can be
problematic if current smoking is used and structured re-
evaluation of positive statuses is recommended, but
misclassification of chronic exposure, that is, packyears,
is less influenced by misclassification. Yet, reliable selec-
tion of individuals that do not smoke is reliable. Thus, if
EHR-based data mining algorithms are used to retrieve in-
formation for care or scientific purposes, the effect of time
and clinical practice on the outcome, and the implications
of misclassification need to be taken into account.

Our study has strengths and limitations. We were able to
include patients from all departments in our center treating
CVD patients, which makes our result generalizable to a
large group. The algorithm mined the entire EHR of our pa-
tients, without restrictions to department or type of text,
included all information on smoking that was retrieved, in-
terpreted them in correlation to the other information on
smoking that was retrieved from one patient and then
included the information on smoking that was documented
in the EHR closest in time to our reference test. The down-
side of mining multiple statuses was that we also found
conflicting statuses from multiple sources, which was asso-
ciated with more misclassification. Furthermore, we used
the UCC questionnaire as our reference standard. It would
have been preferable to have an objective reference test for
smoking via blood or urine. Such a test is unfortunately not
available. EHR data quality should be of main concern, and
methods to improve this should be addressed in future
research.

From a data analytics perspective, we applied a fairly
simple rule-based decision tree mining technique in this
project. Many more (complex) (clinical) text mining pro-
grams and packages are being developed such as tidytext
in R and word2vec for Python [19,20]. Because these kinds
of techniques rely on standard text principles including ne-
gations, stemming, and word order, they might be more
easily scalable to other settings compared with the pre-
sented rule-based model that was trained on our local data
[21]. The Institute of Electrical and Electronics Engineers
(IEEE, https://www.ieee.org/) and Association for
Computing Machinery (ACM, https://www.acm.org/) also
present many advanced papers on text mining in general,
for example on sentiment-analysis [22] and hidden medica-
tion patterns in EHRs [23]. The main focus of these papers
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is, however, on mathematics and formulas, and efforts must
be made to help translate these complex formulas into
actionable data analytics understandable for the clinician.
To serve this purpose, we are working on pipeline for these
more advanced clinical text mining methods that is ex-
pected to be submitted for publication soon.

In conclusion, data mining showed great potential in
retrieving information on smoking (nearly complete yield).
Its diagnostic performance is good for negative smoking
statuses. The implications of misclassification with data
mining is dependent on the application of the data.
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