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Aims Optimize and assess the performance of an existing data mining algorithm for smoking status from hospital electronic
health records (EHRs) in general practice EHRs.

Methods
and results

We optimized an existing algorithm in a training set containing all clinical notes from 498 individuals (75 712 contact mo-
ments) from the Julius General Practitioners’ Network (JGPN). Each moment was classified as either ‘current smoker’,
‘former smoker’, ‘never smoker’, or ‘no information’. As a reference, we manually reviewed EHRs. Algorithm perform-
ance was assessed in an independent test set (n= 494, 78 129 moments) using precision, recall, and F1-score. Test
set algorithm performance for ‘current smoker’ was precision 79.7%, recall 78.3%, and F1-score 0.79. For former smo-
ker, it was precision 73.8%, recall 64.0%, and F1-score 0.69. For never smoker, it was precision 92.0%, recall 74.9%, and
F1-score 0.83. On a patient level, performance for ever smoker (current and former smoker combined) was precision
87.9%, recall 94.7%, and F1-score 0.91. For never smoker, it was 98.0, 82.0, and 0.89%, respectively. We found a more
narrative writing style in general practice than in hospital EHRs.

Conclusion Data mining can successfully retrieve smoking status information from general practice clinical notes with a good per-
formance for classifying ever and never smokers. Differences between general practice and hospital EHRs call for opti-
mization of data mining algorithms when applied beyond a primary development setting.
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Introduction
Increasingly, electronic health records (EHRs) are used as a data
source for research purposes.1–3 Electronic health records, contain-
ing routine healthcare data, provide a unique insight into the daily
clinical care of all patients, not hindered by any constraints in the
form of exclusion criteria or selective participation as could be the
case in cohort or trial data.4 Information captured in EHRs can be re-
corded as structured or unstructured data. Clinical notes are an ex-
ample of unstructured data that contain patient-specific information
capturing nuances and clinical reasoning. However, extraction and
subsequent interpretation of clinical notes is challenging. There is
heterogeneity among clinicians regarding note-taking, including spel-
ling errors, abbreviations, and overall differences in writing style. Yet,
by using data mining techniques, it is possible to retrieve information
from EHRs including clinical notes.5 For example, Brunekreef et al.6

developed a rule-based text-mining algorithm to identify and charac-
terize patients with systemic lupus erythematosus from clinical notes.

In cardiovascular research and healthcare, having information
about smoking status is key, since it is being used to identify those
at high risk of cardiovascular disease, or is used as a predictor, a con-
founder, or a modifier when addressing research questions.7 In the
Netherlands, most cardiovascular risk management takes place in
general practice, and 75% of people visit their general practitioner
(GP) at least once a year.8 Therefore, general practice EHRs have

the potential to be a valuable source of information, including smok-
ing status information. In general practice EHRs, smoking status can
be listed in structured fields using the International Classification of
Primary Care (ICPC) code P17 (tobacco dependence). However,
P17 is generally reserved for those with extensive tobacco abuse
and is lacking in information such as attempts to quit smoking or start
smoking again after quitting. Generally, when data are extracted from
general practice EHRs for research, smoking information is not
provided apart from the P17 code. This despite the fact that more
information on smoking behaviour may be found in clinical notes,
provides not only more nuance but also longitudinal information,
making research into smoking trajectories possible.
First examples of natural language processing algorithms to classify

smoking status from clinical records originate from the ‘smoking
challenge’ issued as part of the i2b2 project (Informatics for
Integrating Biology to the Bedside),9 and since then, more have fol-
lowed or expanded upon this initiative.10–12 Differences between
countries and settings (e.g. hospital vs. general practice settings), par-
ticularly differences in language, can complicate or make it impossible
to reuse or build upon previously developed open-source algo-
rithms. Groenhof et al.13 developed a rule-based data mining algo-
rithm to retrieve information about smoking status (i.e. never,
current, and former smoker) from Dutch hospital EHRs. In this
study, we aim to optimize and assess the performance of an existing
data mining algorithm in clinical notes in general practice EHRs.
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Methods

Data source
We used data from the JGPN. The database contained pseudonymized
routine healthcare data extracted from structured and unstructured
fields within the EHRs from all patients (n= 370000) registered in 72
general practices from the city of Utrecht and its vicinity in the
Netherlands.14 In the Netherlands, all inhabitants (except elderly people
dwelling in nursing homes) are obliged to register at a general practice
and have access to healthcare, since healthcare insurance is mandatory.
General practitioners act as gatekeepers to hospital care and play a
key role in cardiovascular risk management. As such, Dutch general prac-
tice data are a reliable reflection of the health status of a majority of the
Dutch population. The JGPN population is considered representative of
the Dutch population with regard to sex and age.14 However, the data
underlying this article cannot be shared publicly due to privacy
regulations.

Data collection
We extracted all available unstructured information (clinical notes) from
992 patients randomly selected from the JGPN database, with an over-
sampling of patients with a cardiovascular history to increase the possi-
bility of finding information about smoking status. The extracted data
were randomly divided into a training set (n= 498) and a test set
(n= 494). Medical history is registered within the general practice EHR
according to the ICPC codes. We defined the existence of a cardiovas-
cular history if a patient had one of the following ICPC codes registered:
K74, K76, K77, K86, K87, K90, K91, and K92. Each time a patient has con-
tact with the GP, this is registered as a contact moment. For each contact
moment, clinical notes are registered according to a preset structure,
called SOAP. SOAP stands for Subjective, Objective, Assessment, and
Plan and is a method of documenting a consultation in the EHR in general
practice. For this study, we extracted all SOAP notes from every consult-
ation, date of consultation, ICPC code of the specific consultation, year of
birth, sex, and medical history including cardiovascular disease, diabetes
(ICPC code T90), and chronic obstructive pulmonary disease (ICPC
code R95, R96, R91). For ICPC code definitions, we refer to
Supplementary material online, Table S1.

Reference
For both the training and the test sets, each contact moment was as-
signed a smoking status classification (i.e. ‘current smoker’, ‘former smo-
ker’, ‘never smoker’, or ‘no information’) using all clinical notes taken
during the specific contact moment, which served as a reference for
the data mining algorithm. Reference smoking statuses were assigned
by manually reviewing (A.R.d.B.) and interpreting clinical notes from
5000 contact moments from 100 patients of the training set. The remain-
ing clinical notes that contained smoking status information were found
by searching for (parts of) words that would indicate that smoking infor-
mation was present, such as ‘sm’, ‘cigarette’, ‘CVRM’ (CardioVascular
Risk Management), etc. and were subsequently manually reviewed in
its totality and assigned a smoking status. If no smoking status information
was detected in the clinical notes, they were assigned the ‘no information’
classification. The test set was assigned a reference after algorithm opti-
mization had been finalized.

Data mining algorithm
We used the data mining algorithm previously developed by Groenhof
et al.13 and optimized this specifically to be used in general practice
EHRs. The data mining algorithm can best be described as a decision

rule model. First, the algorithm mines information on smoking status
that is captured in clinical notes for each contact moment separately.
Second, for each contact moment, the retrieved information was cate-
gorized as either ‘current smoker’, ‘former smoker’, ‘never smoker’, or
‘no information’. Free-text fragments from clinical notes were used to
build text constructs: first, a keyword word (smoking, smoked, smoker, …)
was selected, then, the surrounding sentence fragments were assessed
for interpretation (+, sometimes, quit,…), and the smoking status was
finalized (Figure 1). If a patient was categorized as ‘current smoker’ or
‘former smoker’ for a contact moment, that patient could no longer
be categorized as ‘never smoker’ for a contact moment on a later
date. The final output of the algorithm will be a list of dates with as-
signed smoking statuses encompassing a patients’ smoking history
(Figure 2).

Only the training set was used to train and optimize the algorithm as
developed by Groenhof et al. The algorithm was trained using supervised
learning, meaning that the manually assigned reference in the training set
was available to train the algorithm on. The optimization process con-
sisted of an iterative evaluation of applying the algorithm to the training
set, performance assessment, determining which decisions resulted in
misclassifications, and adjusting the algorithm until no alterations could
be made, which resulted in improvements in classification. After training
and optimization, the algorithm was applied in an independent test set to
formally assess the performance of the algorithm.

Statistical analyses
The classification performance of the algorithm was assessed by compar-
ing the data mining algorithm assigned smoking statuses with the refer-
ence (manually assigned smoking status). First, we assessed the
classification performance of the algorithm as developed by Groenhof
et al. without any optimization in the training set. Second, to show the
result of algorithm optimization, we assessed the performance of the op-
timized algorithm in the training set. Third, we formally assessed the per-
formance of the optimized algorithm in an independent test set. We
assessed algorithm performance for each smoking status category separ-
ately and the named entity recognition of the keywords associated with
smoking by calculating precision (positive predictive value), recall (sensi-
tivity), and F1-score (Supplementary material online, Box S1). The
F1-score expresses both precision and recall in a single measure and is
described as the harmonic mean of the algorithm’s precision and recall:

F1-score = 2× Precision× Recall
Precision+ Recall

An F1-score of 1 is the best possible result, and a score of 0 is the worst
possible result. We performed a performance assessment on a contact
moment level and on a patient level. The first level meant the perform-
ance of the algorithm to classify a certain contact moment, and the se-
cond level meant the performance of the algorithm to classify patients
as either ‘never smoker’ or ‘ever smoker’ using all information retrieved
by the algorithm from all contact moments of that patient. The data min-
ing algorithm was developed in SAS software, Version 9.4 TS1M6. All
analyses were performed in R Statistical Software version 3.5.1,
Foundation for Statistical Computing, Vienna, Austria.15

Results
The training set contained clinical notes from 498 patients with a to-
tal of 75 712 contact moments, and the median number of contact
moments per patient was 108 [interquartile range (IQR) 43–204].
The test set contained clinical notes from 494 patients with a total
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of 78 129 contact moments, and the median number of contact mo-
ments per patient was 105 (IQR 47–214). For both the training and
the test sets, most of the clinical notes did not contain any smoking
status information: in the training set, 1229 (1.6%) of the contact mo-
ments of 291 patients (58.4%) contained smoking status information,
and for the test set, this was 1457 (1.9%) of the contact moments of
288 patients (58.3%). Table 1 summarizes patients’ characteristics for
the training and test sets. Notably, 8.0% of patients in the training set
and 10.1% of patients in the test set had a P17 registration.

Algorithm optimization
Before optimization, the algorithm retrieved information about
smoking status from 96.3% (1184 of 1229) and performed poorly:
F1-score current smoker was 0.72, former smoker 0.43, and never
smoker 0.49 (Supplementary material online, Table S2). After adjust-
ment, the algorithm was able to retrieve information about smoking
status from 95.6% (1175 of 1229) contact moments and perform-
ance improved considerably: F1-score current smoker was 0.82, for-
mer smoker 0.71, and never smoker 0.85 (Table 2).

Figure 2 Example data mining algorithm results.

Figure 1 Data mining algorithm and validation process. *Examples of words translated from Dutch. EHR, electronic health record.
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Final performance assessment
In the test set, the algorithm was able to retrieve information about
smoking status from 89.5% (1304 of 1457) contact moments. Table 3
shows the performance of the test set: F1-score current smoker was
0.79, former smoker 0.69, and never smoker 0.83. If former smokers
and never smokers would both be classified as ‘current non-
smokers’, the precision for non-smokers would become 87.4%
[95% confidence interval (CI) 84.4–89.8%], recall 73.8% (95% CI
70.4–76.9%), and F1-score 0.80 (Supplementary material online,
Table S3). If current smokers and former smokers would both be
classified as ‘ever smokers’, the precision for smokers would become
93.0% (95% CI 91.2–94.4%), recall 87.4% (95% CI 85.3–89.2%), and

F1-score 0.90 (Supplementary material online, Table S4). On a pa-
tient level, the algorithmwas able to retrieve smoking status informa-
tion from 96.5% (278 of 288) patients who had smoking information
in their EHR and correctly identified 98.5% (203 of 206) patients as
having no smoking status information in their clinical notes. Note, ac-
cording to ICPC code P17, only 50 patients would be classified as
smokers (Table 1). The performance to classify a patient as ever smo-
ker was precision 87.9% (95% CI 82.1–92.1%), recall 94.7% (95% CI
89.8–97.4%), and F1-score 0.91 and to classify a patient as a never
smoker 98.0% (95% CI 92.2–99.7%), 82.0% (95% CI 73.1–87.8%),
and 0.89, respectively (Table 4).

Discussion
The current study optimized and applied the data mining algorithm
previously developed by Groenhof et al.9 and assessed its perform-
ance in clinical notes from general practice EHRs. We show that
portability between these two healthcare settings, however possible,
is limited. After optimization, the algorithmwas able to retrieve a ma-
jority of information on smoking status that was available in clinical
notes, and the overall performance in an independent test set was
good in classifying patients as ever or never smokers during their
lifetime.
Interestingly, during the development stage in which the algorithm

was optimized to work in general practice clinical notes, we discov-
ered a distinctive difference between clinical notes in hospital EHRs
(in which the algorithm was initially developed) and general practice
EHRs. Although some GPs had adopted a systematic writing style in
EHRs comparable to the hospital clinical notes (for example: ‘alcohol:
yes; smoking: yes; BMI: 26’), the majority had adopted a more narra-
tive style of writing (for example: ‘wants to quit smoking 6–12 cig, has
quitted smoking for 9 months, but smokes when feeling bad, partner
still smokes, but only outside the house’). This narrative writing style
introduces more heterogeneity, especially in words used to give in-
terpretation, and is harder for the algorithm to classify correctly.
This resulted in twomain algorithm adjustments during the optimiza-
tion process. First, the hospital EHRs contained a questionnaire that
provided information about smoking status in an unambiguous man-
ner that was easy for the algorithm to categorize correctly. The GP
EHRs did not contain such questionnaires. Second, the distance in
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Table 1 Patient characteristics of the training and
test sets

Training set (498
patients, 75 712

contact moments)

Test set (494
patients, 78 129

contact moments)

Contact moments

per patient,

median (IQR)

108 (43–204) 105 (47–214)

Men, n (%) 248 (49.8) 234 (47.4)

Age in years, median

(IQR)

58 (39–74) 57 (40–73)

Follow-up time in

years, median

(IQR)

12 (7–23) 13 (7–24)

Medical history

Cardiovascular

history, n (%)

229 (46.0) 240 (48.6)

Diabetes, n (%) 97 (19.5) 102 (20.6)

Chronic obstructive

pulmonary disease,

n (%)

62 (12.4) 51 (10.3)

Smoking (P17), n (%) 40 (8.0) 50 (10.1)

IQR, interquartile ranges.
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Table 2 Contingency table training set after algorithm optimization per contact moment

Smoking status Reference

Current smoker Former smoker Never smoker No information Total

Data mining algorithm

Current smoker 497 74 12 22 605

Former smoker 61 252 32 0 345

Never smoker 3 18 202 2 225

Not classified 50 24 4 74 459 74 537

Total 611 368 250 74 483 75 712

Current smoker: precision= 82.1% (95% CI 78.9–85.1%), recall= 81.3% (95% CI 78.0–84.3%), F1-score= 0.82. Former smoker: precision= 73.0% (95% CI 68.0–77.6%), recall= 68.5%
(95% CI 63.4–73.1%), F1-score= 0.71. Never smoker: precision= 89.8% (95% CI 84.9–93.3%), recall= 80.8% (95% CI 75.3–85.4%), F1-score= 0.85. Named entity recognition of
keywords associated with smoking: precision= 98.0% (95% CI 97.0–98.7%), recall= 93.7% (95% CI 92.1–95.0%), F1-score= 0.96.
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the number of characters preceding and following the index word
used for interpretation needed to be adjusted. Due to the narrative
writing style of the GP EHRs, often more smoking-related words
were used in one clinical note. The algorithm was adjusted to merge
the phrases containing these words and analyse them as one phrase,
instead of treating them as separate phrases.

Groenhof et al. evaluated the performance of their algorithm in
patients who had both a data mining assigned smoking status and a
reference smoking status and found for the current smoker status
a PPV (Precision) of 63% (95% CI 58–67%) and a sensitivity
(Recall) of 88% (95% CI 83–92%), which translated to a F1-score
of 0.73. For non-smokers, this was 98% (95% CI 97–98%), 92%
(95% CI 90–94%), and 0.95, respectively.13 Compared with that of
Groenhof et al., our algorithm performed poorly for non-smokers
but better for current smokers. A likely explanation for the poor per-
formance in the non-smoker category is the more narrative style of
writing in general practice as compared with hospital EHRs and the
lack of information in structured data fields that were available in
the EHRs that Groenhof et al. used and that are easier to classify.

The algorithm in our study was able to retrieve information about
smoking for almost all patients (a yield of 96.5%) who had smoking
status information in their clinical notes. If no information about
smoking status was recorded, our algorithm was able to retrieve
this information as well (a yield of 98.5%). If both patients with and

without recorded smoking status information would be used for
the denominator, the yield of our algorithm (i.e. the percentage of pa-
tients fromwhom a smoking status could be retrieved) would decline
to 56.3%. Other studies that focused on the identification of smoking
status from EHRs using rule-based models reported a yield between
64 and 94%.16–19 The difference in yield can be explained by a differ-
ence in study population and rules and regulations between coun-
tries. In the Netherlands, smoking status is not recorded by default
when a patient is registered in general practice. This is in contrast
to studies set for instance in the UK, where registration of smoking
status is usual: for example, Marston et al.17 reported a yield of
84% and Atkinson et al.18 reported a yield of 94%. Also, two studies
reported a kappa (similarity between reference standard and algo-
rithm result) between 0.5 and 0.98.17,18 One study trained the algo-
rithm to have a precision of 93% and a recall of 58% but did not assess
performance in an independent test set.16 We expand upon existing
rule-based data mining algorithms for smoking status by assessing the
final algorithm performance in an independent test set, showing, un-
surprisingly, that algorithm performance diminishes when used on
new data. Thus, this underlines the importance of assessing algorithm
performance on data not used for algorithm development before
using such algorithms for scientific purposes or in clinical practice.
In this study, we confirm that the portability of datamining algorithms
between settings of care is limited, but that existing algorithms can be
optimized to perform well in other settings.
Normally, in the extraction of general practice, EHR information

on smoking data for research purposes is not included, apart from
ICPC code P17. Since P17 is generally reserved for those with exten-
sive tobacco abuse and no structured field is available to indicate if a
patient is a non-smoker, this is too limited. In our test set, we could
expand the information provided by P17 alone (10.1% of the pa-
tients) to a more nuanced information for more patients (56.3%).
The implications of the performance of our algorithm (precision
and recall) depend on the purpose of the mined data, which could ei-
ther be scientific or clinical. Supposing the algorithm is used to select
eligible patients in a smoking cessation study, the algorithm can be
used to make a reliable pre-selection by excluding never smokers
without excluding many smokers (high precision for never smoker
status) and inviting ever smokers for further selectionwithoutmissing
eligible participants (high recall for ever smoker status). When smok-
ing status information is used to answer aetiologic or prognostic
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Table 3 Contingency table test set per contact moment

Smoking status Reference

Current smoker Former smoker Never smoker No information Total

Data mining algorithm

Current smoker 576 93 30 23 722

Former smoker 71 265 19 4 359

Never smoker 2 18 230 0 250

Not classified 87 38 28 76 645 76 798

Total 736 414 307 76 672 78 129

Current smoker: precision= 79.7% (95% CI 76.6–82.6%), recall= 78.3% (95% CI 75.1–81.2%), F1-score= 0.79. Former smoker: precision= 73.8% (95% CI 68.9–78.2%), recall= 64.0%
(95% CI 59.2–68.6%), F1-score= 0.69. Never smoker: precision= 92.0% (95% CI 87.7–94.9%), recall= 74.9% (95% CI 69.6–79.6%), F1-score= 0.83. Named Entity Recognition of
keywords associated with smoking: precision= 98.0% (95% CI 97.1–98.7%), recall= 89.5% (95% CI 87.8–91.0%), F1-score= 0.94.
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Table 4 Contingency table test set per patient

Smoking status Reference

Ever
smoker

Never
smoker

No
information

Total

Data mining algorithm

Ever smoker 160 19 3 182

Never smoker 2 97 0 99

Not classified 7 3 203 213

Total 169 119 206 494

Ever smoker: precision 87.9% (95% CI 82.1–92.1%), recall 94.7% (95% CI 89.8–
97.4%), F1-score 0.91. Never smoker: precision 98.0% (95% CI 92.2–99.7%), recall
82.0% (95% CI 73.1–87.8%), F1-score 0.89.
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research questions, it can be used as either a determinant, confoun-
der, modifier, or predictor. Again, some information is generally bet-
ter than no information at all. (i) Used as determinant: misclassification
may result in an underestimation of the effect of smoking. If current
smoker status is used as a determinant, there may remain some mis-
classifications in favour of former smoker status (precision 79.7%),
and some will not be identified at all (recall 78.3%). If ever smoker
is used as a determinant, precision (87.9%) and recall (94.7%) will
be higher and less misclassification is likely to occur. (ii) Used as con-
founder: especially the current smoker classification is important
and misclassification may result in residual confounding. (iii) Used as
effect modifier: again, differentiation between current smokers and
former smokers is important, and the consequence of misclassifica-
tion may be over- or underestimation of the effect of the exposure
in the smoker subgroup. (iv) Used as predictor: misclassification may
result in an underestimation of the prognostic value. Used in clinical
practice, an algorithm can be of great benefit to mine the EHR and
use this information in a clinical decision support tool.20 For example,
if mined smoking status is used in a cardiovascular risk assessment
tool, a misclassification of current smoker status in favour of former
smokers may result in a risk overestimation. This is not so worrisome
though, since one will detect this during the consultation. If, however,
patients are not identified as smokers (recall 78.3% for current
smoker status), it could lead to an underestimation of risk and a pos-
sible undertreatment. The algorithm can then be used to identify
those without any smoking status information and give a notification
if a patient visits the general practice so that this information can be
acquired during the consultation.

The strengths of this study are the large sample of routine general
practice data and performance assessment in an independent test set.
Furthermore, we assign smoking status to each individual contactmo-
ment and as a result have longitudinal information on smoking per pa-
tient. Limitations include the limited generalizability of our algorithm
to EHRs in other languages besides Dutch and to domains other than
general practice. However, we have shown that an existing algorithm
can be optimized to perform in another setting. In a large proportion
of patient records (43.7%), no information about smoking status is re-
corded, which is a reflection of daily clinical practice. Furthermore,
the data mining algorithm operates under the assumption that pa-
tients could no longer be categorized as ‘never smoker’ for a contact
moment after a previous ‘current’ or ‘former’ smoker classification.
We assume the first entry to be correct, because we expect that pa-
tients are more inclined to trivialize their smoking behaviour.
However, from the clinical notes alone, we cannot entirely be sure
which entry is wrong. Additionally, the reference standard is formu-
lated by manually scrutinizing and interpreting the clinical notes by
one author only. Unfortunately, tests in, for example, urine or blood
to confirm smoking status are not available as an objective reference
standard. Lastly, the algorithm shows no perfect performance, which
is to be expected. The implications of misclassification depend on the
purpose of the algorithm, which is further discussed in this section.

Conclusion
Data mining can successfully retrieve smoking status information
from general practice clinical notes with a good performance for

classifying ever and never smokers. Differences between general
practice and hospital EHRs call for optimization of data mining algo-
rithms when applied beyond a primary development setting.

Supplementary material
Supplementary material is available at European Heart Journal – Digital
Health.
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