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ABSTRACT
Introduction: Smoking cessation is essential part of a successful treatment in many chronic 
diseases. Our aim was to analyse how actively clinicians discuss and document patients’ smoking 
status into electronic health records (EHR) and deliver smoking cessation assistance.
Methods: We analysed the results using a combination of rule and deep learning-based algo-
rithms. Narrative reports of all adult patients, whose treatment started between years 2010 and 
2016 for one of seven common chronic diseases, were followed for two years. Smoking related 
sentences were first extracted with a rule-based algorithm. Subsequently, pre-trained ULMFiT- 
based algorithm classified each patient’s smoking status as a current smoker, ex-smoker, or never 
smoker. A rule-based algorithm was then again used to analyse the physician-patient discussions 
on smoking cessation among current smokers.
Results: A total of 35,650 patients were studied. Of all patients, 60% were found to have a 
smoking status in EHR and the documentation improved over time. Smoking status was docu-
mented more actively among COPD (86%) and sleep apnoea (83%) patients compared to patients 
with asthma, type 1&2 diabetes, cerebral infarction and ischemic heart disease (range 44-61%). Of 
the current smokers (N=7,105), 49% had discussed smoking cessation with their physician. The 
performance of ULMFiT-based classifier was good with F-scores 79-92.
Conclusion: Ee found that smoking status was documented in 60% of patients with chronic 
disease and that the clinician had discussed smoking cessation in 49% of patients who were 
current smokers. ULMFiT-based classifier showed good/excellent performance and allowed us to 
efficiently study a large number of patients’ medical narratives.
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Introduction

Smoking continues to be the leading preventable cause 
of death and illness, causing 8 million premature 
deaths each year [1]. In Finland, 14% of adults smoke 
daily [2]. Smoking is a clear risk factor for initiation 
and progression of several diseases and often affects 
long-term treatment outcomes [3,4]. Therefore, all 
clinical guidelines recommend that the risks of smok-
ing should be discussed with patients. It is also impor-
tant that the conversations are well documented. For 
health professionals, it is crucial to include this piece of 
information in their routine care in order to reliably 
assess the risks and efficacy of the treatment and to 
provide smoking cessation assistance. However, physi-
cians often underuse these opportunities to deliver 
cessation intervention to smokers [5,6]. Already, a 
short discussion with a patient has been shown to 
increase the likelihood of quitting [7,8] with combined 

behavioral support and pharmacotherapy being the 
most effective [9].

In Finnish electronic health records (EHR), smoking 
is usually documented as free text. This makes it chal-
lenging for secondary use of EHRs when, for example, 
the effectiveness of given treatments is evaluated. The 
development of natural language processing (NLP) 
technologies has improved these processes [10] but, 
due to the complex nature of clinical phrases and 
expressions, the applications have proven challenging. 
Even more obstacles are encountered when these appli-
cations have been transferred to other languages 
beyond English. In recent years, deep learning-based 
approaches have brought new solutions for NLP tasks 
but the algorithms still need large training sets to be 
valid. One solution is to utilize transfer learning [11]. 
In 2018, Howard and Ruder developed the Universal 
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Language Model Fine-tuning (ULMFiT) model a trans-
fer learning method that can be used for various NLP 
tasks, including text classification [12]. The idea is to 
first pre-train the language model to learn the structure 
and general features of the study language. This can be 
done without any labels, for example, with a massive 
text data obtained from the internet. Then, the model 
is fine-tuned with a domain-specific language. Finally, 
a classification model is built on top of the fine-tuned 
language model using a labelled dataset. Thus, knowl-
edge is transferred from the pre-training phase into the 
classifier that results in better classifiers than the ones 
trained on the labelled, usually much smaller dataset 
alone [10,11]. Besides ULMFiT, several similar models 
have been published, for example, by Google [13], 
Facebook [14] and OpenAI [15].

The aim of our study was to examine the documen-
tation of the discussions between the clinician and the 
patient about smoking and in case of current smokers, 
the encouragement of smoking cessation. We wanted 
to also know whether these practices have improved at 
the Turku University Hospital over a 9-year period. In 
total, we studied seven common chronic diseases in 
which smoking cessation is an essential part of the 
treatment. We also investigated the performance of a 
ULMFiT-based algorithm in classifying the patients 
into never, ex – or current smokers.

Methods

Study cohort and data source

The narrative reports of the patients who were 
>18 years of age and diagnosed between the years 
2010 and 2016 with asthma (ICD10 codes J45-46), 
chronic obstructive pulmonary disease (COPD, J44), 
type 1 diabetes (E10), type 2 diabetes (E11), sleep 
apnoea (G47), ischemic heart diseases (IHD I20-25), 
or cerebral infarction (I63) at the Turku University 
Hospital were included. Patients were either diagnosed 
for the first time with the disease or they were referred 
to secondary health care for treatment optimization. 
The patients’ medical narratives were then followed 
for two years starting from the first visit. Majority of 
the narrative reports, which are part of EHR, were 
made by physician, but small number of narratives 
were made by other healthcare professionals. If a 
patient had two or more of above-mentioned diag-
noses, the patient was only included in the group 
defined by the diagnosis that appeared first, i.e. a 
patient was first treated for this disease at the study 
hospital.

Identification of the patients’ smoking status

All Finnish sentences specific to smoking and tobacco 
were extracted from the medical narratives using the 
rule-based algorithm 1. These sentences were then 
analysed using the ULMFiT-based algorithm that clas-
sified smoking-related phrases into three classes: cur-
rent smoker, ex-smoker, or never smoker. The 
algorithm was pre-trained using the Finnish 
Wikipedia 2019 and then finetuned using the Finnish 
narrative reports of 5,000 cancer patients from the 
same hospital. The narrative reports were manually 
annotated into the same three classes [16]. In addition, 
a total of 40 random patients in each disease group 
studied were classified in a similar fashion by a physi-
cian (EH) in order to validate the performance of the 
algorithm in these particular disease groups. If the 
patient’s smoking status changed over time, the most 
frequently appearing status was included in the study.

Identification of the patients who were encouraged 
to quit smoking

In a similar manner, ad hoc rules for the Finnish terms 
related to an encouragement to quit smoking were used 
to extract corresponding sentences. The algorithm was 
manually validated using a random sample of 50 + 50 
patients classified as current smokers and either being 
or not being encouraged to quit smoking. Based on 
patients’ medical records, we also evaluated the num-
ber of visits to the nurse-managed smoking cessation 
program at the Turku University Hospital.

This retrospective, registry-based study approach 
was approved by the administration of the Turku 
University Hospital (number T316/2019). The data 
was stored and analyzed in a secured IT environment 
owned by the Turku University Hospital. Only the 
study team had access to the data through 2-factor 
authentication.

Statistical analyses

Statistical analyses were performed with Excel for Mac 
2018. The figure was made using Excel for Mac 2018. 
Continuous variables were presented as means and 
standard deviation (SD) for normally distributed vari-
ables or median and interquartile range (IQR) for non- 
normally distributed variables. Categorical variables 
were presented as frequencies and proportions. 
Statistical comparison between the groups was carried 
out using a chi-squared test. Statistical significance was 
considered as a p-value <0.05.
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The performance of the algorithms was assessed 
based on accuracy, precision, recall and F1-score. We 
built a 2 × 2 confusion matrix with the following labels: 
true positive (TP), true negative (TN), false-positive 
(FP) and false-negative (FN). We compared the algo-
rithms’ results to the physician’s classification (true 
values). Accuracy describes the proportion of true 
values ((TP+TN)/ n), precision defines the accuracy 
of positive values (TP/(TP+FP)), recall is the fraction 
of correctly predicted true values of all true values (TP/ 
(TP+FN) and F1-score combines precision and recall 
to a single value (2/(1/precision+1/recall)). The perfor-
mance of the ULMFiT algorithm was evaluated sepa-
rately for current, ex – and never smokers.

Results

Characteristics of the study cohort

Based on our approach we identified a total of 4,549 
adult asthma, 2,111 COPD, 5,931 sleep apnoea, 632 
type 1 diabetes, 8,281 type 2 diabetes, 9,200 IHD, and 
4,946 cerebral infarction patients (Table 1). The med-
ian length of their 2-year medical narrative after the 
given diagnosis varied from 12 to 28 events consisting 
mainly of inpatient and outpatient visits.

Smoking status in different disease groups and 
over time

Within the total cohort, 40.1% of all patient’s medical 
documentation failed to reveal any smoking-related 
phrases during their two-year medical narrative. 
When comparing the documentation since the years 
2010–2012 to 2016–2018, some improvement was 
observed especially in patients with cerebral infarction 
(344/695 and 453/674, +18%, p = 0.001, respectively) 
(Figure 1). A patient’s smoking status was documented 
significantly more frequently in COPD (86%) and sleep 
apnoea patients (83%) compared to other groups (84% 
vs 53%, p < 0.001). In general, health professionals had 
documented discussions on smoking with the ex – and 
current smokers more often than with the never smo-
kers during a two-year follow-up.

The proportion of never smokers varied between dis-
ease groups from 3% to 53% (Table 1). Of COPD patients, 
70% were classified as the current smokers in comparison 
to 25–36% in the other disease groups (Table 1). Overall, 
the proportions of patients classified as current smokers 
decreased in all disease groups over the 9-year observa-
tion period. We compared the ratio of current smokers 
across the patient groups in years 2010–2011 (N = 2043/ 
5885, 34.7%) and 2015–2016 (N = 1962/6411, 30.6%), and 
found a 4.1% decline in active smoking.

Table 1. Characteristics and smoking statuses of the patient groups studied based on the two-year follow-up.

All 
N 35650

Asthma 
N 4 549

COPDa 

N 2 111

Sleep 
apnoea 
N 5 931

Type 1 
diabetes 

N 632

Type 2 
diabetes 
N 8 281

IHD2 

N 9 200

Cerebral 
infarction 
N 4 946

Men 18,997 (53.3) 1 455 (32.0) 1 397 (66.2) 3 945 (66.5) 335 (53.0) 4 267 (51.5) 5 246 (57.0) 2 352 (47.6)
Women 16,653 (46.7) 3 094 (68.0) 714 (33.8) 1 986 (33.5) 297 (47.0) 4 014 (48.5) 3 954 (43.0) 2 594(52.4)
Mean age (SD) 63.5 (16.4) 50.7 (19.0) 66.3 (10.8) 53.5 (12.7) 40.6 (18.3) 65.9 (13.4) 71.2 (13.0) 70.8 (14.2)
N of patients with at least 

one documented 
smoking status in EHR 3

21,372 (59.9) 2775(61.0) 1820(86.1) 4 949(83.4) 331 (52.4) 3 634 (43.9) 5 005(54.4) 2858(57.8)

Smoking status4

Current smoker 7 105/21,372 
(33.2)

813/2775 
(29.3)

1 268/1820 
(69.7)

1 243/4 949 
(25.1)

118/331 
(35.6)

1135/3 634 
(31.2)

1 586/5 005 
(31.7)

942/2 585 
(33.0)

Ex-smoker 4 852/21,372 
(22.7)

599/2775 
(21.6)

501/1820 
(27.5)

1 384/4 949 
(28.0)

38/331(11.5) 820/3 634 
(22.6)

1 114/5 005 
(22.3)

396/2 585 
(13.9)

Never smoker 9 415/21,372 
(44.1)

1363/2775 
(49.1)

51/1820(2.8) 2 322/4 949 
(46.9)

175/331 
(52.9)

1 679/3 634 
(46.2)

2 305/5 005 
(46.1)

1520/2 585 
(53.2)

N of texts per patient 
including smoking 
status, mean (SD)5

2.0(3.2) 1.7(2.7) 5.3 (5.8) 1.8(2.3) 1.5(3.3) 1.3(2.7) 1.8 (2.9) 2.4(3.6)

N of events per patient 
during the follow-up, 
median (IQR)5

18(9–34) 14(6–28) 22(10–43) 12[7–22] 18(8–31) 17(8–35) 19(11–34) 28(17–45)

Data is presented as n (%) unless otherwise stated. SD = Standard Deviation. N = Number. IQR = Inter quartile range. 
aChronic obstructive pulmonary diseases 2Ischemic heart diseases 3Electronic health records 4 percentages have been calculated from the patients whose 

EHR contains at least one smoking related sentence. 5One event/text = one visit 

EUROPEAN CLINICAL RESPIRATORY JOURNAL 3



Smoking cessation

About half of the current smokers (49%) had dis-
cussed smoking cessation with the healthcare pro-
fessional (Table 2). When the currently smoking 
asthma patients were selected as the control group, 
smoking cessation was discussed 9% more fre-
quently with COPD patients and 11% more fre-
quently with type 1 diabetes patients. On few 
occasions had current smokers been referred to the 
nurse-managed smoking cessation programme. 
However, asthma, COPD and sleep apnoea patients 
had significantly more visits to the intervention 
nurse than the other patient groups (223/3324, 
6.7% vs 55/3781, 1.5%, p < 0.001).

Validation of the algorithms used

The performance of the rule-based algorithm 1 in 
finding smoking-related sentences is shown in Table 
3. The ULMFiT-based classifier performed best for 
never smokers (F1-score 91.9). For the classification 
of ex-smokers and current smokers, the F1-scores 
were 80.4 and 78.5, respectively. The errors observed 
were related [1] to the differentiation between current 
and former smoker [2], to ambiguous expressions such 
as ‘the patient has a long smoking history’ and ‘the 
patient is an occasional smoker’, and [3] to exposure to 
passive smoking. Among current smokers, an F1-score 
of the rule-based algorithm 2 (identifying sentences 
related to smoking cessation interventions) was 87.9.

Figure1. Percentage of patients with at least one documented smoking status during a two-year follow-up.

Table 2. Encouragement and active intervention for smoking cessation during a two-year follow-up among the current smokers.

All 
N 7 105

Asthma 
N 813

COPD1 

N 1 268

Sleep 
apnoea 
N 1 243

Type 1 
diabetes 

N 118

Type 2 
diabetes 
N 1 135

IHD2 

N 1 586

Cerebral 
infarction 

N 942

Smoking cessation encouraged 
by the clinician

3470 (48.8) 450 (55.4) 755 (59.5) 609 (49.0) 72 (61.0) 498 (43.9) 650 (41.0) 436 (46.3)

differences among 
subgroups relative to 
the asthma group

- 1 1.09 0.89 1.11 0.8 0.75 0.84

referred to nurse – managed 
smoking cessation program

278 (3.9) 74 (9.1) 89 (7.0) 60 (4.8) 1 (0.8) 23 (2.0) 23 (1.5) 8 (0.8)

Data is presented as n (%) unless otherwise stated. 1 Chronic obstructive pulmonary diseases 2Ischemic heart diseases 

Table 3. Performance of the algorithms employed.
Tested algorithm Performance of the algorithm Accuracy Precision Recall F1-score

rule-based 1 in identifying smoking related sentences 94.3 99.0 93.3 96.1
ULMFiT-based language model in classifying smoking statuses current smoker 85.9 66.2 96.2 78.5

ex-smoker 89.9 97.6 68.3 80.4
never smoker 93.4 94.9 89.2 91.9

rule-based 2 in identifying sentences related to smoking cessation interventions 87.0 94.0 82.5 87.9
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Discussion

In the present registry-based study, we report how 
often a patient’s smoking status and the conversation 
between the patient and the clinician about smoking 
cessation were documented in the narrative reports of 
EHR. A large number of reports of the patients with 
asthma, COPD, sleep apnoea, type 1 and 2 diabetes, 
IHD and cerebral infarction were followed for two 
years starting from their first visit to the Turku 
University Hospital due to the foregoing disease. We 
used a combination of rule-based and deep learning- 
based algorithms to extract and classify smoking sta-
tuses from written language of EHR. In 60% of 
patients, we found smoking status documented. On 
average, smoking status was documented significantly 
more frequently among the COPD (86%) and the sleep 
apnoea (83%) patients than in the rest of the patient 
groups (53%). Half of the patients classified as current 
smokers had discussed smoking cessation with the 
clinician. The trends over 9-year observation period 
showed that clinicians documented smoking status 
more often in years 2016–2018 than in years 2010– 
2012.

The Finnish EHRs include both structured and non- 
structured elements where smoking status is often 
documented in a non-structured manner. Many clin-
icians believe point-and-click EHR templates can limit 
their ability to capture the unique clinical story and to 
adequately document their medical decision-making 
process which is unique to each patient encounter 
[17]. On the other hand, without validated language 
models and classifiers working in multiple languages, 
narrative reports might become a challenge for build-
ing the foundation for evidence-based medicine and 
clinical decision support needed in every hospital. In 
this study, we showed that the performance of the 
ULMFiT-based algorithm varied from good to excel-
lent in classifying patients’ smoking status from 
Finnish narrative reports. Overall, ULMFiT and other 
deep learning-based approaches have shown to be pro-
mising tools in standardization of language used in 
narrative reports including abbreviations, acronyms, 
eponyms, slang and jargon words [18,19]. An addi-
tional benefit of using this type of language model is 
that, once fine-tuned for Finnish medical narratives, 
the classifier can be further developed for other study 
needs.

Finnish clinical guidelines encourage the clinicians 
to ask patients about smoking and advise the smokers 
to quit [20]. In Finland, 14% of people smoke daily [2]. 
The overall decline in active smoking during the study 
years (4%) was similar what has been reported in 

general adult population [2]. It is possible that docu-
mentation of smoking is most often missed when the 
patient does not smoke, since then no intervention is 
needed. Prior studies have reported that 44–95% of 
patients with asthma, COPD or diabetes have a smok-
ing status documented in primary care EHR [21–24]. 
Studies in secondary health care are scarce. Our study 
showed that clinicians ask smoking more frequently 
during recent years compared to before. The trends 
improved especially in the patient groups with the 
poorest documentation in the beginning of the study 
period. Due to the retrospective study design, the phy-
sicians or patients were not aware of the study, which 
increases the reliability of the results. Smoking status 
was documented most actively in patients with sleep 
apnoea and COPD. In the study hospital, asthma, sleep 
apnoea and COPD patients were treated by pulmonol-
ogists. It did not, however, explain the observed differ-
ences alone. Compared to other specialities, a 
pulmonologist may ask about smoking more system-
atically and the implementation of preliminary infor-
mation forms some years ago have probably increased 
documentation activity. A recent study also found, that 
pulmonologists experience less barriers, such as lack of 
training, than the other specialists [25]. In the present 
study, the minor proportion of patients had partici-
pated in the nurse-managed smoking cessation pro-
gram. That is most likely due to that fact that the 
Finnish primary healthcare system has the main 
responsibility in counselling and managing smoking 
cessation programs. However, physicians working in 
secondary care should also use their authoritative role 
in supporting cessation [5]. As a limitation, our study 
included patients only from one hospital and patients 
were classified only to one disease group based on the 
diagnosis that appeared first. This choice was made on 
the basis of making the patient group definitions and 
follow-up time definitions unique and simple. A more 
refined approach could be used in future studies

Previous studies have shown that, although physi-
cians ask about smoking, they are less likely to offer 
practical advice to quit [25]. In our study, 49% of 
current smokers had discussed smoking cessation 
with the physician. In addition to behavioural support, 
pharmacological treatment has also shown to increase 
the success rates in smoking cessation [26]. First-line 
pharmacotherapies for smoking cessation include nico-
tine replacement therapy (NRT). Since NRT is based 
on over-the-counter products, it was unfortunately 
impossible for us to follow the treatment through hos-
pital EHR. It is also possible that clinicians discussed 
smoking and smoking cessation with the patients more 
active than what was documented in EHR. The highest 
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intervention rate was among patients with type 1 dia-
betes (61%). These patients were younger than those in 
the other disease groups that may affect the physician’s 
activity. However, it seems that the clinicians still miss 
opportunities to talk about the importance of smoking 
cessation on long-term outcomes. Prior studies have 
found that the knowledge, attitudes, interest, lack of 
time and confidence are the common reasons not to 
implement smoking cessation intervention more effec-
tively [5,25]. However, many specialists do not refer 
smokers to a cessation nurse either [25]. Interestingly, 
in our study, the proportion sleep apnoea patients who 
were currently smoking and were encouraged to quit 
smoking by the clinician, was 11% less compared to 
asthma patients despite more frequent documentation 
of smoking status. The reason for this finding is 
unclear. One could speculate that clinicians do not 
consider smoking in sleep apnoea patients as harmful 
as in asthma patients. Another reason might be that 
sleep apnoea patients are less likely to accept referral to 
a smoking cessation program due to the fear of gaining 
more weight after smoking cessation. Furthermore, 
patients’ interest, physicians’ unawareness of available 
services and disregard for shared responsibilities could 
explain the discrepancy.

Conclusion

In conclusion, even when the negative effects of smok-
ing on treatment outcomes are well established, physi-
cians still do not systematically document patients’ 
smoking status. Therefore, it is possible that they do 
not take potential smoking into account when moni-
toring therapy outcomes either. Secondly, EHRs are 
growing sources for real-world data studies increasing 
the need for natural language processing. In the present 
study, we showed that a deep learning-based ULMFiT 
classifier can detect and classify patients’ smoking sta-
tus efficiently from medical narrative reports.
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EHR=electronic health records, NLP= natural language proces-
sing, ULMFiT=Universal Language Model Fine-tuning, 
COPD=chronic obstructive pulmonary disease, IHD=ischemic 
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