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Simple Summary: We aimed to predict the individual one-year risk of lung cancer for all individuals
aged 40 or above living in Denmark on 1 January 2017. For prediction, we used a wide range of data
from nationwide Danish databases on health and sociodemographics from 2007–2016. We developed
separate models for individuals with or without previous cancer diagnosis within ten years. Half of
the data was used for the development of the prediction models, and the other half for evaluating the
resulting models. In the population without and with previous cancer, 4274 (0.15%) or 482 (0.3%)
individuals received a lung cancer diagnosis in 2017. For both populations, older age was a relevant
predictor, and the most complex models, containing variables related to diagnoses, medication,
general practitioner, and specialist contacts, as well as baseline sociodemographic characteristics,
performed best. Our prediction models demonstrated a potential to support identifying individuals
at risk of lung cancer.

Abstract: Lung cancer can be challenging to diagnose in the early stages, where treatment options
are optimal. We aimed to develop 1-year prediction models for the individual risk of incident lung
cancer for all individuals aged 40 or above living in Denmark on 1 January 2017. The study was
conducted using population-based registers on health and sociodemographics from 2007–2016. We
applied backward selection on all variables by logistic regression to develop a risk model for lung
cancer and applied the models to the validation cohort, calculated receiver-operating characteristic
curves, and estimated the corresponding areas under the curve (AUC). In the populations without
and with previously confirmed cancer, 4274/2,826,249 (0.15%) and 482/172,513 (0.3%) individuals
received a lung cancer diagnosis in 2017, respectively. For both populations, older age was a relevant
predictor, and the most complex models, containing variables related to diagnoses, medication,
general practitioner, and specialist contacts, as well as baseline sociodemographic characteristics,
had the highest AUC. These models achieved a positive predictive value (PPV) of 0.0127 (0.006)
and a negative predictive value (NPV) of 0.989 (0.997) with a 1% cut-off in the population without
(with) previous cancer. This corresponds to 1.2% of the screened population experiencing a positive
prediction, of which 1.3% would be incident with lung cancer. We have developed and tested
a prediction model with a reasonable potential to support clinicians and healthcare planners in
identifying patients at risk of lung cancer.

Keywords: cancer diagnosis; automated risk calculation; prediction models; register data; lung
cancer; socioeconomic status

1. Introduction

Lung cancer is one of the most common cancers and the leading cause of cancer-related
deaths in both men and women globally [1]. The prognosis is poor because the majority of
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patients are diagnosed at advanced stages where curative treatment is no longer possible [2].
Therefore, early diagnosis of lung cancer is essential to improve the prognosis. However,
reasons for diagnostic delays are multifactorial, challenging clinicians to identify patients
in need of further investigation.

One factor is that the early stages of lung cancer are often asymptomatic. Another
factor is a significant patient delay because symptoms are common and non-specific [3].
A review found that lung cancer patients have had symptoms months before diagnosis
but had not assessed these symptoms as reasonable to seek medical attention [4]. Thirdly,
alarm symptoms of lung cancer, such as dyspnea, loss of appetite, and prolonged cough,
have a low predictive value [5] in the general population, meaning that many patients with
these symptoms must be investigated to identify one with lung cancer.

Identification of high-risk patients is necessary to facilitate earlier diagnosis. To
support clinicians and health administrators in this identification, other individual risk
factors such as smoking [6], age and socioeconomic status [7], and previous smoking-related,
breast or hematologic malignancies [8] could increase the precision in predicting individual
risk of lung cancer. Risk prediction models for lung cancer have been developed. Some
have focused on identifying high-risk individuals for lung cancer screening based on risk
factors such as age, smoking status, occupational exposure to asbestos, pesticides or fumes,
and family history of cancer [9,10]. A model by Hippisley-Cox et al., 2011 incorporated
both individual risk factors and data from general practitioners’ records on presentation of
alarm symptoms and systemic symptoms, e.g., tiredness, to identify patients at highest risk
that should be referred for further investigation [11].

Socioeconomic status (SES) is also an important modifying factor for healthcare-
seeking behaviour. Lower SES is associated with late stage cancer diagnosis [12], while low
SES predicts an overall slightly worse prognosis for lung cancer patients [13]. In a recent
cancer risk assessment model (CRAM) we investigated the predictive effect of combining
individual-level data on risk factors, hospital and primary care visits, main medical reasons
for diagnostic procedures or treatment, and SES on all types of cancer [14]. This study
identified 39 and 42 predictive individual risk factors in women and men, respectively,
and found that SES also affects risk prediction, but only marginally. SES may affect health
outcomes for cancer survivors by influencing cancer survivors’ health information-seeking,
healthcare-seeking behaviour, and cancer care decisions [15–17].

Denmark has a large array of high-quality national registers that provide a unique op-
portunity to perform large population-based studies linking information about diagnoses,
medications, etc., at the individual level. Consequently, it is possible to investigate whether
models based on an extensive amount of different and highly valid data can be effective
methods and tools for assessing the risk of having cancer based on Danish healthcare data.
As there is a possible difference in biological risk between individuals with and without
prior cancer, there is a probable need for risk prediction models including both populations
with and without a prior cancer diagnosis.

The objectives of this study were to develop and validate 1-year predictive models
to estimate the individual risk of having lung cancer, incorporating both baseline risk
factors and SES to help clinicians identify those at the highest risk for lung cancer for both
individuals with no former cancer diagnosis, and in individuals with a previous cancer
diagnosis. The prediction models based on already available register data could feed
directly into electronic patient record systems, identify patients at increased risk of lung
cancer and alert the physician to pay attention to the high-risk patients. The physician then
could evaluate the individual patient by considering symptoms, family history etc.

2. Subjects and Methods
2.1. Study Design

This nationwide register-based cohort study is based on data extraction from Danish
national registers covering all individuals living in Denmark on 1 January 2017, aged
40 years or above, including ten years of retrospective data (2007 to 2016). The study
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population was divided in a cohort of individuals without a history of confirmed cancer
diagnosis from 2007 to 2016 (population 1) and a cohort of individuals with a history
of cancer from 2007 to 2016 (population 2) (Figure 1). The reasons for separate models
for the two populations are that the specific cancer history may have an overall effect on
the pattern of contact with the health system and the patient’s health concerns. Patients
with a previous cancer diagnosis may be more prone to contact their GP with symptom
experiences and may have a higher attention to bodily changes due to concerns about a
new cancer diagnosis compared to patients without previous cancer. In each of the two
populations, our aim was to predict 1-year risk of incident of lung cancer from 1 January
2017, using the preceding 10 years of patient history as predictors.

Cancers 2023, 15, x FOR PEER REVIEW 3 of 12 
 

 

2. Subjects and Methods 
2.1. Study Design 

This nationwide register-based cohort study is based on data extraction from Danish 
national registers covering all individuals living in Denmark on January 1, 2017, aged 40 
years or above, including ten years of retrospective data (2007 to 2016). The study popu-
lation was divided in a cohort of individuals without a history of confirmed cancer diag-
nosis from 2007 to 2016 (population 1) and a cohort of individuals with a history of cancer 
from 2007 to 2016 (population 2) (Figure 1). The reasons for separate models for the two 
populations are that the specific cancer history may have an overall effect on the pattern 
of contact with the health system and the patient’s health concerns. Patients with a previ-
ous cancer diagnosis may be more prone to contact their GP with symptom experiences 
and may have a higher attention to bodily changes due to concerns about a new cancer 
diagnosis compared to patients without previous cancer. In each of the two populations, 
our aim was to predict 1-year risk of incident of lung cancer from 1 January 2017, using 
the preceding 10 years of patient history as predictors. 

 
Figure 1. Flow chart of the study population without a history of cancer (population 1), and the 
study population with a history of cancer (population 2). * In the period 2007–2016. 

2.2. Data Sources 
All Danish citizens are assigned a unique civil registration number (CRN), used as 

the key identifier in all Danish health and social registers. The CRNs enable epidemiolog-
ical studies of the entire population, currently comprising approximately 5.7 million indi-
viduals [18]. 

Figure 1. Flow chart of the study population without a history of cancer (population 1), and the study
population with a history of cancer (population 2). * In the period 2007–2016.

2.2. Data Sources

All Danish citizens are assigned a unique civil registration number (CRN), used as
the key identifier in all Danish health and social registers. The CRNs enable epidemio-
logical studies of the entire population, currently comprising approximately 5.7 million
individuals [18].

2.2.1. Sociodemographic Data

The Danish Civil Registration System (CRS) includes all individuals living in Den-
mark [19] and maintains complete records of births, deaths, civil status, and migration
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status. CRS was used to identify individuals for inclusion in the study population and to
obtain demographic factors, age, civil status, and ethnicity. Employment status, educa-
tion, and personal income were obtained from Statistics Denmark, a national organization
compiling statistical information about the Danish society for the entire population [20,21].
Civil status was categorized as either “married/cohabiting” or “living alone”. Income was
ordered into tertiles; “low”, “medium”, or “high” according to disposable income after tax
payment year 2016. Occupational status was categorised into “employed”, “unemployed
or on welfare payment”, “education”, “early retirement”, “retirement pension”, and “un-
known or missing”. Ethnicity was categorized as “Danish”, “immigrant”, “descendant
(born in Denmark by parents born outside Denmark)”, and “unknown”.

2.2.2. Cancer Specific Data

Data on cancer diagnoses were obtained from The Danish Cancer Registry (DCR),
which contains data on all cases of cancer in the Danish population, including the date of
diagnosis and tumour characteristics [22]. We used data from DCR from 2007–2016 for
cancer history and from 2017 for the outcome.

2.2.3. Other Health Data

Information regarding somatic and psychiatric inpatient and outpatient hospital visits
and the main medical reasons for diagnostic procedures or treatment was retrieved from
the Danish National Patient Register (NPR) [23]. All ICD-10 codes at level 3 relevant
for conditions of interest from 2007 to 2016 were obtained. ICD-10 codes for that time
frame were also used to calculate Quan’s updated version of the Charlson comorbidity
index (CCI) [24].

Data on contacts with the primary healthcare system were obtained from The Danish
National Health Service Register (NHSR), obtaining data on the number and types of
contact and general practitioner procedures from 2007 to 2016.

Data on dispensed prescription pharmaceuticals were obtained from The Danish
National Prescription Registry (DNPR) [25], containing Anatomical Therapeutic Chemical
(ATC) codes, price, reimbursement, etc. We used data on all ATC-codes (level 3, e.g., A10)
from 2007 to 2016.

2.3. Outcome (Cancer)

The primary outcome was lung cancer occurrence in 2017 extracted from DCR and
dichotomized as either no or minimum of one lung cancer diagnosis in 2017 for both
populations, individuals with and without a history of cancer on 1 January 2017. Exposure
variables were all ICD-10 codes at level 3 from NPR as primary or secondary diagnosis, the
number of contacts with a general practitioner (GP) or practicing specialist, GP procedures
and measurements, and ATC codes from DNPR at level 3 (yes/no), in the exposure period
2007–2016. ATC codes had to be recorded at least twice during the exposure period to be
registered as “yes”.

2.4. Statistical Analyses

The model development was carried out separately for population 1 and population 2.
These populations were randomly split into 50% development cohorts and 50% validation
cohorts, stratified by lung cancer in 2017. On the development cohort, the prediction
model was constructed in three steps: (1) All level 3 ICD-10 codes and ATC codes with a
prevalence below 0.1% in the cohort were excluded. (2) A backward stepwise selection
applying logistic regression with a p-value cut-off of 0.05 was carried out separately on
the remaining somatic diagnoses from NPR, somatic diagnoses from private hospitals,
psychiatric diagnoses, ATC codes, and contact types in the primary sector (register data).
(3) A combined backward stepwise regression with a p-value cut-off of 0.01 was carried out
on those predictors remaining after step 2, resulting in a final prediction model with odds
ratios (OR) and corresponding 95% confidence intervals reported.
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For both populations, four models were conducted containing different exposure variables:

• Model A contained ICD-10 codes, ATC codes, and GP and specialist contacts, as well
as age and sex

• Model B contained ICD-10 codes, ATC codes, GP and specialist contacts, and SES
(including marital status and ethnicity), as well as age and sex

• Model C contained age and sex
• Model D contained SES (including marital status and ethnicity)

The resulting logistic prediction models were then applied to the validation cohort,
yielding predicted cancer probabilities for each individual. Based on these, the area under
the receiver operating characteristics curve (AUC under ROC) was estimated with a 95%
confidence interval.

Setting the risk cut-offs to 1% and 5%, respectively, we estimated sensitivity, specificity,
positive predictive value (PPV), and negative predictive value (NPV) for models A and B
in both validation and development cohorts for both populations.

3. Results

The cohort without a history of cancer consisted of 2,826,249 individuals, of which
4274 (0.15%) were diagnosed with lung cancer in 2017 (Figure 1). The cohort with previous
cancer consisted of 172,513 individuals, of which 482 (0.3%) were diagnosed with lung
cancer in 2017 (Figure 1). Characteristics of the two cohorts stratified by development and
validation cohort are presented in Table 1. Overall, the lung cancer cases had a higher
median age than the control group (71 and 58 years, respectively) in the cohort without a
history of cancer (population 1). In the cohort with a history of cancer (population model
two), the median age was 72 years for cases and 70 years for controls. In both models, cases
were more often men living alone. For population 1 a lower proportion were immigrants
or descendants. Cases generally had a higher income, a lower proportion of current
employment, and lower education than controls, which was expected due to the higher
age of the cases. In population 1 approximately 33% of cases and 1.3% of controls died
during 2017, while these proportions for population 2 were about 45%, respectively 33%.
As expected, due to the random splitting, no clear differences between the development
and validation cohorts were observed.

Table 1. Characteristics of the study populations stratified by development and validation cohorts.

No history of Cancer (Population 1) History of Cancer (Population 2)

Cases (n = 4274) Controls (n = 2,821,975) Cases (n = 482) Controls (n = 172,031)
Development

(n = 2137)
Validation
(n = 2137)

Development
(n = 1,410,988)

Validation
(n = 1,410,987)

Development
(n = 241)

Validation
(n = 241)

Development
(n = 86,016)

Validation
(n = 86,015)

Age (Median
(Q1–Q3))

70.9
(64.2–76.7)

71.0
(63.8–76.9) 58.3 (49.2–69.5) 58.3 (49.2–69.6) 71.7

(66.1–77.6)
72.7

(67.4–77.8)
70.2

(61.6–76.9)
70.2

(61.6–76.9)
Age categories
Age 40.0–59.9 302 (14.1%) 300 (14.0%) 763,284 (54.1%) 761,932 (54.0%) 19 (7.9%) 13 (5.4%) 18,773 (21.8%) 18,831 (21.9%)
Age 60.0–79.9 1507 (70.5%) 1521 (71.2%) 537,684 (38.1%) 538,598 (38.2%) 178 (73.9%) 188 (78.0%) 52,995 (61.6%) 52,816 (61.4%)
Age ≥ 80.0 328 (15.3%) 316 (14.8%) 110,020 (7.8%) 110,457 (7.8%) 44 (18.3%) 40 (16.6%) 14,248 (16.6%) 14,368 (16.7%)
Sex
Male 1089 (51.0%) 1043 (48.8%) 685,720 (48.6%) 685,644 (48.6%) 125 (51.9%) 138 (57.3%) 41,027 (47.7%) 41,128 (47.8%)
Female 1048 (49.0%) 1094 (51.2%) 725,268 (51.4%) 725,343 (51.4%) 116 (48.1%) 103 (42.7%) 44,989 (52.3%) 44,887 (52.2%)
Marital status
Married 1110 (51.9%) 1139 (53.3%) 830,201 (58.8%) 831,395 (58.9%) 134 (55.6%) 127 (52.7%) 51,856 (60.3%) 51,992 (60.4%)
Widow or widower 385 (18.0%) 383 (17.9%) 131,362 (9.3%) 131,660 (9.3%) 50 (20.7%) 46 (19.1%) 14,007 (16.3%) 13,805 (16.0%)
Divorced 431 (20.2%) 418 (19.6%) 226,502 (16.1%) 225,893 (16.0%) 41 (17.0%) 49 (20.3%) 12,345 (14.4%) 12,513 (14.5%)
Unmarried 211 (9.9%) 197 (9.2%) 222,923 (15.8%) 222,039 (15.7%) 16 (6.6%) 19 (7.9%) 7808 (9.1%) 7705 (9.0%)
Ethnicity
Danish 2046 (95.7%) 2032 (95.1%) 1,283,538 (91.0%) 1,283,637 (91.0%) 227 (94.2%) 236 (97.9%) 81,822 (95.1%) 81,854 (95.2%)
Immigrants/
Descendants 91 (4.3%) 105 (4.9%) 127,450 (9.0%) 127,350 (9.0%) 14 (5.8%) 5 (2.1%) 4194 (4.9%) 4161 (4.8%)

Income #

High tertile 877 (41.0%) 874 (40.9%) 469,621 (33.3%) 470,706 (33.4%) 94 (39.0%) 92 (38.2%) 28,703 (33.4%) 28,620 (33.3%)
Middle tertile 798 (37.3%) 774 (36.2%) 470,625 (33.4%) 469,875 (33.3%) 92 (38.2%) 91 (37.8%) 28,775 (33.5%) 28,546 (33.2%)
Low
tertile/Unknown
or missing

462 (21.6%) 489 (22.9%) 470,721 (33.4%) 470,390 (33.3%) 55 (22.8%) 58 (24.1%) 28,538 (33.2%) 28,848 (33.5%)
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Table 1. Cont.

No history of Cancer (Population 1) History of Cancer (Population 2)

Cases (n = 4274) Controls (n = 2,821,975) Cases (n = 482) Controls (n = 172,031)
Development

(n = 2137)
Validation
(n = 2137)

Development
(n = 1,410,988)

Validation
(n = 1,410,987)

Development
(n = 241)

Validation
(n = 241)

Development
(n = 86,016)

Validation
(n = 86,015)

Occupational
status
Employed/Education 364 (17.0%) 384 (18.0%) 754,453 (53.5%) 752,975 (53.4%) 32 (13.3%) 30 (12.4%) 23,172 (26.9%) 23,256 (27.0%)
Unemployed or on
welfare payment/
Unknown or
missing

98 (4.6%) 91 (4.3%) 101,338 (7.2%) 101,208 (7.2%) 12 (5.0%) 6 (2.5%) 3407 (4.0%) 3293 (3.8%)

Early retirement 229 (10.7%) 237 (11.1%) 120,084 (8.5%) 120,159 (8.5%) 16 (6.6%) 18 (7.5%) 6722 (7.8%) 6832 (7.9%)
Retirement pension 1446 (67.7%) 1425 (66.7%) 435,113 (30.8%) 436,645 (30.9%) 181 (75.1%) 187 (77.6%) 52,715 (61.3%) 52,634 (61.2%)
Education
High education 272 (12.7%) 307 (14.4%) 416,218 (29.5%) 416,453 (29.5%) 41 (17.0%) 37 (15.4%) 22,227 (25.8%) 22,171 (25.8%)
Medium education 887 (41.5%) 850 (39.8%) 591,310 (41.9%) 591,770 (41.9%) 83 (34.4%) 99 (41.1%) 35,436 (41.2%) 35,669 (41.5%)
Low education/
Unknown
or missing

978 (45.8%) 980 (45.9%) 403,460 (28.6%) 402,764 (28.5%) 117 (48.5%) 105 (43.6%) 28,353 (33.0%) 28,175 (32.8%)

Dead in year 2017 701 (32.8%) 738 (34.5%) 18,881 (1.3%) 19,047 (1.3%) 54 (22.4%) 56 (23.2%) 6379 (7.4%) 6323 (7.4%)
Incident lung
cancer
Age 40.0–59.9 302 (14.1%) 300 (14.0%) 19 (7.9%) 13 (5.4%)
Age 60.0–79.9 1507 (70.5%) 1521 (71.2%) 178 (73.9%) 188 (78.0%)
Age ≥ 80.0 328 (15.3%) 316 (14.8%) 44 (18.3%) 40 (16.6%)

n, numbers; %, percent; Q1–Q3, interquartile range; #, tertiles per age category (see description in Section 2). Note:
Due to confidentiality considerations, “Unknown/missing” cannot be reported separately due to low counts.
Bold indicate the variable categories.

3.1. Predictive Risk Factors for Population 1 (Individuals without a History of Cancer Diagnosis
from 2007 to 2016)

In this population, the selection procedure resulted in a model (model A) including age
groups, as well as 12 ICD-10 codes (only one of these, E66 obesity being protective), 14 ATC
groups (including six protective predictors), and six GP consultation types and procedures
(Table S3). Age was a strong predictor of lung cancer, with risk strongly increasing with
age for ages 45 to 85 but decreasing after 85. Model B, including SES resulted in a similar
list of diagnoses and medications but furthermore, included education groups as well as
occupation and country of origin (Table S5).

3.2. Predictive Risk Factors for Population 2 (Individuals with a History of Cancer Diagnosis from
2007 to 2016)

In this population, the selection procedure resulted in a model (model A) including
age groups, as well as 10 ICD-10 codes (only one of these, I20 Angina pectoris protective),
only one ATC group (N07: Other nervous system drugs), and five GP consultation types
and procedures (Table S4). Age above 60 years was a predictor of lung cancer, with no
clear trend with increasing age above this threshold, all age groups above 60 years showing
OR between 2 and 3. Model B, including SES resulted in a similar list of diagnoses and
medications but furthermore including education groups (Table S6).

3.3. Validation of the Different Models, Population 1 (Individuals without a History of cancer
Diagnosis within 2007 to 2016)

Model A resulted in an AUC of 0.80 (95% CI 0.79; 0.81) on the validation cohort, while
model B, including SES, resulted in an only slightly higher AUC of 0.81 (95% CI 0.78;
0.82). Model C, only including age and sex, and Model D, only including SES, resulted in
markedly lower AUCs of 0.75, and 0.73, respectively (Table 2).
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Table 2. Comparison of obtained AUC among different prediction models.

Cohort without History of Cancer (Population 1) Cohort with History of Cancer (Population 2)

Models Development cohort Validation cohort Development cohort Validation cohort

Model A * 0.81 (0.81–0.82) 0.80 (0.79–0.81) 0.73 (0.70–0.764 0.65 (0.620–0.69)

Model B ¤ 0.82 (0.81–0.83) 0.81 (0.80–0.82) 0.72 (0.68–0.75) 0.65 (0.62–0.69)

Model C # 0.75 (0.74–0.76) 0.75 (0.74–0.76) 0.58 (0.55–0.62) 0.58 (0.55–0.61)

Model D ˆ 0.74 (0.73–0.75) 0.73 (0.72–0.74) 0.63 (0.60–0.67) 0.61 (0.57–0.64)

AUC, area under the curve; SES, socioeconomic status (i.e., civil status, income, education level, occupation, and
ethnicity). * Model A contains ICD-10 codes, ATC codes, and GP and specialist contacts, as well as age and sex.
¤ Model B contains ICD-10 codes, ATC codes, GP and specialist contacts, and SES, as well as age and sex. # Model
C contains age & sex. ˆ Model D contains SES.

3.4. Validation of the Different Models, Poulation 2 (Individuals wih a History of Cancer Diagnosis
within 2007 to 2016)

Model A resulted in an AUC of 0.66 (95% CI 0.62; 0.69) on the validation cohort, while
model B, including SES, resulted in an only slightly higher AUC of 0.65 (95% CI 0.62;
0.69). Model C, only including age and sex, and model D, only including SES, resulted in
markedly lower AUCs of 0.58, and 0.61, respectively (Table 2).

3.5. Predictive Performance

Investigating the predictive ability of the resulting models in population 1, model
A achieved a PPV of 1.3% and NPV of 98.8% with a 1% cut-off, detecting 216 true cases
among 17,002 positive predictions and overlooking 1921 cases. With a 5% risk cut-off, the
model achieved a PPV of 2.1% and NPV of 99.98%, detecting only seven true cases among
337 positive predictions and overlooking 2130 cases. The odds ratio for being diagnosed
with cancer in 2017 was 9.33 (8.08; 10.77) with a 1% cut-off and 14.05 (5.60; 29.32) with a 5%
cut-off, Table 3. Model B resulted in similar estimates (Table S1). Absolute predicted risk
agreement well with observed risk for predicted risk below 3% but overestimated the risk
when predicting a risk above 3% (Figure 2, Table S7). Investigating the predictive ability
of the resulting models in population 2, model A achieved a PPV of 0.006 and an NPV
of 0.997 with a 1% risk cut-off. Model B resulted in similar estimates (Table S2). Cut-offs
above 1% were infeasible for Population 2, due to the low number of persons with high
predicted risks.

Table 3. Absolute predictive performance of Model A.

Validation Cohort Population 1 Model A Population 2 Model A

Individuals 1,413,124 86,256

Total cancer cases 2137 241

Risk cut-off 1% 5% 1%

Number of subjects predicted
above cutoff 17,002 337 2324

Cancer cases detected 216 7 14

Positive Predictive value 1.3% 2.1% 0.6%

Sensitivity 10.1% 0.3% 5.8%

Odds ratio (95% Confidence
Interval)

9.33
(8.08; 10.77)

14.05
(5.60; 29.32) 2.23 (1.20; 3.84)
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4. Discussion

In this nationwide register-based cohort study, we developed risk prediction models
for lung cancer. The best model for individuals with no previous cancer diagnosis within
ten years incorporated both ICD-10 codes, ATC codes, number of GP and specialists
contacts and procedures, and baseline sociodemographic characteristics. Incorporating SES
only strengthened the predictive value marginally. The validation of the model resulted
in a reasonable predictive value with an AUC of 0.80 in the population with no previous
cancer diagnosis compared to other predictive models of lung cancer [9,10]. The absolute
predicted risk agreed well with the observed risk for predicted risk below 3%. These risk
cut-off scores reflected the lung cancer 1-year risk being below 1%. The algorithm can
potentially be used to identify individuals who are at 9–14 times increased risk of harboring
lung cancer. A recent study developing a predictive model for lung cancer using machine
learning to identify clinical and laboratory data with an AUC of 0.86 was more accurate
than standard eligibility criteria for lung cancer screening [26]. This study emphasized the
value of using available data for identifying high-risk individuals that should be referred
for further investigation, such as low-dose computed tomography [27]. Using predictive
models together with the continuous improvements in imaging technology for lung cancer
holds a promise of an earlier lung cancer diagnosis. A prerequisite is though, that patients
contact their GP and that the GP refers them for further investigations.

For individuals with a previous cancer diagnosis, the model with the best performance
had an AUC of 0.66, incorporating fewer ICD-10 codes, ATC codes, and GP and specialist
contacts compared to the population with no history of cancer, implying that register data to a
lesser degree predicted the risk for lung cancer in this population. For both populations, the
positive predictive values with a 1% cut-off indicate that any positive results would require
further follow-up to obtain a more accurate assessment of whether lung cancer was present.
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4.1. Strengths and Limitations

The main strength of this study was the nationwide design covering the entire Danish
population, including the whole population of interest, thus avoiding selection bias [28].
While data were extracted from high-quality administrative registries, the risk of informa-
tion bias was minimized. That we were able to differentiate between individuals with and
without previous cancer allowed for possible differences in biologic risk (e.g., genetic and
epigenetic) and healthcare-seeking behaviour between the two populations.

It was a limitation of our study that we did not include information about symptom
presentation, family history of cancer, or lifestyle, e.g., smoking status, and exposure to
asbestos, as such are not available from the administrative registries. Tobacco smoking
patterns are not a part of national registers and are frequently not registered in GPs’
patient files. Hence initiatives should be lauded, including information about lifestyle
and occupational exposure to the administrative registers and addressing the relevance
of the GP registering tobacco smoking habits for all patients. This would indeed improve
the opportunity to stratify subjects for early detection of lung cancer. Moreover, we only
had access to the outcome for 2017 and hence could not investigate changes in prediction
over time.

A limitation of the statistical models applied was the use of logistic regression with
backward regression and without interaction terms, hence only modelling the additive
interplay between different predictors. Moreover, it is important to emphasize that we
cannot claim causality between the models’ predictors and lung cancer.

A strength of this approach is though that the resulting models are easily interpretable
and applicable and can be fully reported and utilized based solely on the estimates reported
in this paper without the need of access to either development data or complicated model
specifications. Furthermore, a strength of our approach was the employment of a separate
large validation cohort.

4.2. Clinical Implications

It can be challenging to identify patients with an existing yet undiagnosed lung cancer
because the predictive value of alarm symptoms is low, and many lung cancer patients have
unspecific and common symptoms. Nowadays, the clinical guidelines for the investigation
of possible lung cancer are based solely on symptoms, age, and smoking status. Our
findings may be used to help inform the revision of referral guidelines to include the use of
health registries.

It is our ultimate ambition that the prediction models based on already available
register data could feed directly into electronic patient record systems to identify patients at
increased risk of lung cancer and alert physicians. The system could integrate register data
with information already available in the GP´s electronic patient record, e.g., smoking his-
tory, and consequently generate a rank-ordered list of high-risk patients for the physician to
assess and prioritize patients for further evaluation for possible lung cancer. The physician
then could evaluate the individual patient on a clinical basis considering symptoms, family
history, and other factors not included in the prediction model.

Acknowledging that not all populations have as good registries and linking tools
as in the present study, the findings may primarily be transferable to populations with
comparable administrative registers. Other existing options of lung cancer identification are
widely discussed, among other population-based screening. A recent UK study evaluated
community-based lung cancer screening among individuals aged 55–80 years and identified
from primary care records as having ever smoked showed a lower participation rate
among individuals with current smoking status and socioeconomic deprivation [29] which
emphasize the need for additional strategies.

As the PPV is low clinical interpretation and individualised information of risk es-
timates based on patient history, clinical findings [30], and risk factors such as smoking
status is necessary for clinical decision-making on individual risk and management of
the individual patient. Also, available register data could be combined with an algorithm
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incorporating presented symptoms such as hemoptysis [11]. Further, as the prediction
models do not identify all lung cancer patients, clinicians cannot focus solely on high-risk
patients identified by the prediction tool, and careful attention should be paid to patients
with risk factors and vague symptoms of lung cancer [5]. Nevertheless, increased precision
in identifying patients for further investigation will reduce unnecessary worry related to
investigation for patients without increased risk of lung cancer and timely diagnosis of
patients with lung cancer, ultimately improving prognosis and survival.

The first prediction model (CRAM) for identifying the individual risk of any can-
cer included 39 and 42 risk factors for cancer for women and men, respectively, and
showed moderate accuracy. In addition to age, almost all included factors contributed
statistically significantly but also only marginally to the prediction models [14]. In this
study, we focused on a specific cancer type, lung cancer, and expected more precise risk
estimations. However, age was still the strongest predictor of lung cancer. An ongoing
challenge is diagnosing cancer with unspecific symptom presentation, and future predic-
tion studies could focus on cancer types with unspecific symptom presentation and long
diagnostic intervals [31].

5. Conclusions

We developed and validated prediction models to support in identifying individuals
at risk of lung cancer. The register-based predictive models demonstrate a potential to
support clinicians and healthcare planners in identifying individuals at risk of lung cancer
that should be referred for further investigation.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/cancers15020487/s1, Table S1: Diagnostic performance of lung cancer
prediction models for absolute risk cutoffs of 1% and 5%. Cohort without history of cancer (population
1). Table S2: Diagnostic performance of lung cancer prediction models for absolute risk cutoffs of
1%. Cohort with history of cancer (population 2). Table S3: Model A: Predictive risk factors in the
development cohort without history of cancer (population 1). Table S4: Model A: Predictive risk factors
in the development cohort without history of cancer (population 2). Table S5: Model B; Predictive risk
factors including socioeconomics in the development cohort without history of cancer (population 1).
Table S6: Model B; Predictive risk factors including socioeconomics in the development cohort with
cancer as outcome (population 2). Table S7: Predicted versus observed absolute risk of lung cancer
(population 1 and 2)

Author Contributions: Conceptualization, K.H.R., S.M., J.S. and D.E.J.; Formal analysis, S.M. and
S.W.; Funding acquisition, K.H.R. and D.E.J.; Methodology, K.H.R., S.M., S.W., J.S. and D.E.J.; Project
administration, K.H.R. and D.E.J.; Resources, P.F.H., A.N., S.R. and K.B.; Validation, P.F.H., A.N., S.R.
and K.B.; Writing—original draft, D.E.J.; Writing—review & editing, K.H.R., P.F.H., A.N., S.M., S.W.,
S.R., K.B. and J.S. All authors have critically revised the paper for important intellectual content and
approved the final version for submission. All authors have read and agreed to the published version
of the manuscript.

Funding: This research was funded by the Region of Southern Denmark, grant number 18/18053.

Institutional Review Board Statement: According to Danish law, studies based solely on register
data do not require approval from an ethics review board.

Informed Consent Statement: According to Danish law, studies based solely on register data do
not require informed consent from participants. Data were anonymized to the authors, and no
identification of individuals was possible.

Data Availability Statement: Data supporting the findings of this study was used under a license
granted specifically for the current study and therefore is not publicly available according to the data
protection regulations of Danish Data Protection Agency, Statistics Denmark and the Danish Health
and Medicines Authority.

https://www.mdpi.com/article/10.3390/cancers15020487/s1
https://www.mdpi.com/article/10.3390/cancers15020487/s1


Cancers 2023, 15, 487 11 of 12

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

References
1. Fitzmaurice, C.; Dicker, D.; Pain, A.; Hamavid, H.; Moradi-Lakeh, M.; MacIntyre, M.F.; Allen, C.; Hansen, G.; Woodbrook, R.;

Wolfe, C.; et al. The Global Burden of Cancer 2013. JAMA Oncol. 2015, 1, 505–527. [CrossRef] [PubMed]
2. Ferlay, J.; Autier, P.; Boniol, M.; Heanue, M.; Colombet, M.; Boyle, P. Estimates of the cancer incidence and mortality in Europe in

2006. Ann. Oncol. 2007, 18, 581–592. [CrossRef] [PubMed]
3. Bradley, S.H.; Kennedy, M.P.T.; Neal, R.D. Recognising Lung Cancer in Primary Care. Adv. Ther. 2019, 36, 19–30. [CrossRef]
4. Shim, J.; Brindle, L.; Simon, M.; George, S. A systematic review of symptomatic diagnosis of lung cancer. Fam. Pract. 2014,

31, 137–148. [CrossRef]
5. Haastrup, P.F.; Jarbøl, D.E.; Balasubramaniam, K.; Sætre, L.M.S.; Søndergaard, J.; Rasmussen, S. Predictive values of lung cancer

alarm symptoms in the general population: A nationwide cohort study. NPJ Prim. Care Respir. Med. 2020, 30, 15. [CrossRef]
6. Crispo, A.; Brennan, P.; Jöckel, K.H.; Schaffrath-Rosario, A.; Wichmann, H.E.; Nyberg, F.; Simonato, L.; Merletti, F.; Forastiere, F.;

Boffetta, P.; et al. The cumulative risk of lung cancer among current, ex- and never-smokers in European men. Br. J. Cancer 2004,
91, 1280–1286. [CrossRef]

7. Cassidy, A.; Duffy, S.W.; Myles, J.P.; Liloglou, T.; Field, J.K. Lung cancer risk prediction: A tool for early detection. Int. J. Cancer
2007, 120, 1–6. [CrossRef]

8. Wu, G.X.; Nelson, R.A.; Kim, J.Y.; Raz, D.J. Non–Small Cell Lung Cancer as a Second Primary Among Patients With Previous
Malignancy: Who Is at Risk? Clin. Lung Cancer 2017, 18, 543–550.e3. [CrossRef]

9. Cassidy, A.; Myles, J.P.; van Tongeren, M.; Page, R.D.; Liloglou, T.; Duffy, S.W.; Field, J.K. The LLP risk model: An individual risk
prediction model for lung cancer. Br. J. Cancer 2008, 98, 270–276. [CrossRef]

10. Spitz, M.R.; Hong, W.K.; Amos, C.I.; Wu, X.; Schabath, M.B.; Dong, Q.; Shete, S.; Etzel, C.J. A Risk Model for Prediction of Lung
Cancer. JNCI J. Natl. Cancer Inst. 2007, 99, 715–726. [CrossRef]

11. Hippisley-Cox, J.; Coupland, C. Identifying patients with suspected lung cancer in primary care: Derivation and validation of an
algorithm. Br. J. Gen. Pract. 2011, 61, e715–e723. [CrossRef]

12. Clegg, L.X.; Reichman, M.E.; Miller, B.A.; Hankey, B.F.; Singh, G.K.; Lin, Y.D.; Goodman, M.T.; Lynch, C.F.; Schwartz, S.M.; Chen,
V.W.; et al. Impact of socioeconomic status on cancer incidence and stage at diagnosis: Selected findings from the surveillance,
epidemiology, and end results: National Longitudinal Mortality Study. Cancer Causes Control 2009, 20, 417–435. [CrossRef]
[PubMed]

13. Yang, R.; Cheung, M.C.; Byrne, M.M.; Huang, Y.; Nguyen, D.; Lally, B.E.; Koniaris, L.G. Do racial or socioeconomic disparities
exist in lung cancer treatment? Cancer 2010, 116, 2437–2447. [CrossRef]

14. Jarbøl, D.E.; Hyldig, N.; Möller, S.; Wehberg, S.; Rasmussen, S.; Balasubramaniam, K.; Haastrup, P.F.; Søndergaard, J.; Rubin, K.H.
Can National Registries Contribute to Predict the Risk of Cancer? The Cancer Risk Assessment Model (CRAM). Cancers 2022,
14, 3823. [CrossRef] [PubMed]

15. McCloud, R.F.; Jung, M.; Gray, S.W.; Viswanath, K. Class, race and ethnicity and information avoidance among cancer survivors.
Br. J. Cancer 2013, 108, 1949–1956. [CrossRef] [PubMed]

16. Galarce, E.M.; Ramanadhan, S.; Weeks, J.; Schneider, E.C.; Gray, S.W.; Viswanath, K. Class, race, ethnicity and information needs
in post-treatment cancer patients. Patient Educ. Couns. 2011, 85, 432–439. [CrossRef] [PubMed]

17. Rasmussen, L.A.; Jensen, H.; Virgilsen, L.F.; Falborg, A.Z.; Møller, H.; Vedsted, P. Time from incident primary cancer until
recurrence or second primary cancer: Risk factors and impact in general practice. Eur. J. Cancer Care 2019, 28, e13123. [CrossRef]
[PubMed]

18. Schmidt, M.; Schmidt, S.A.J.; Adelborg, K.; Sundboll, J.; Laugesen, K.; Ehrenstein, V.; Sorensen, H.T. The Danish health care
system and epidemiological research: From health care contacts to database records. Clin. Epidemiol. 2019, 11, 563–591. [CrossRef]
[PubMed]

19. Schmidt, M.; Pedersen, L.; Sorensen, H.T. The Danish Civil Registration System as a tool in epidemiology. Eur. J. Epidemiol. 2014,
29, 541–549. [CrossRef]

20. Baadsgaard, M.; Quitzau, J. Danish registers on personal income and transfer payments. Scand. J. Public Health 2011, 39, 103–105.
[CrossRef]

21. Jensen, V.M.; Rasmussen, A.W. Danish Education Registers. Scand. J. Public Health 2011, 39, 91–94. [CrossRef] [PubMed]
22. Gjerstorff, M.L. The Danish Cancer Registry. Scand. J. Public Health 2011, 39, 42–45. [CrossRef] [PubMed]
23. Schmidt, M.; Schmidt, S.A.; Sandegaard, J.L.; Ehrenstein, V.; Pedersen, L.; Sorensen, H.T. The Danish National Patient Registry: A

review of content, data quality, and research potential. Clin. Epidemiol. 2015, 7, 449–490. [CrossRef] [PubMed]
24. Quan, H.; Li, B.; Couris, C.M.; Fushimi, K.; Graham, P.; Hider, P.; Januel, J.M.; Sundararajan, V. Updating and validating the

Charlson comorbidity index and score for risk adjustment in hospital discharge abstracts using data from 6 countries. Am. J.
Epidemiol. 2011, 173, 676–682. [CrossRef]

25. Pottegard, A.; Schmidt, S.A.J.; Wallach-Kildemoes, H.; Sorensen, H.T.; Hallas, J.; Schmidt, M. Data Resource Profile: The Danish
National Prescription Registry. Int. J. Epidemiol. 2017, 46, 798–798f. [CrossRef]

http://doi.org/10.1001/jamaoncol.2015.0735
http://www.ncbi.nlm.nih.gov/pubmed/26181261
http://doi.org/10.1093/annonc/mdl498
http://www.ncbi.nlm.nih.gov/pubmed/17287242
http://doi.org/10.1007/s12325-018-0843-5
http://doi.org/10.1093/fampra/cmt076
http://doi.org/10.1038/s41533-020-0173-3
http://doi.org/10.1038/sj.bjc.6602078
http://doi.org/10.1002/ijc.22331
http://doi.org/10.1016/j.cllc.2017.02.007
http://doi.org/10.1038/sj.bjc.6604158
http://doi.org/10.1093/jnci/djk153
http://doi.org/10.3399/bjgp11X606627
http://doi.org/10.1007/s10552-008-9256-0
http://www.ncbi.nlm.nih.gov/pubmed/19002764
http://doi.org/10.1002/cncr.24986
http://doi.org/10.3390/cancers14153823
http://www.ncbi.nlm.nih.gov/pubmed/35954486
http://doi.org/10.1038/bjc.2013.182
http://www.ncbi.nlm.nih.gov/pubmed/23681189
http://doi.org/10.1016/j.pec.2011.01.030
http://www.ncbi.nlm.nih.gov/pubmed/21354761
http://doi.org/10.1111/ecc.13123
http://www.ncbi.nlm.nih.gov/pubmed/31231898
http://doi.org/10.2147/CLEP.S179083
http://www.ncbi.nlm.nih.gov/pubmed/31372058
http://doi.org/10.1007/s10654-014-9930-3
http://doi.org/10.1177/1403494811405098
http://doi.org/10.1177/1403494810394715
http://www.ncbi.nlm.nih.gov/pubmed/21775362
http://doi.org/10.1177/1403494810393562
http://www.ncbi.nlm.nih.gov/pubmed/21775350
http://doi.org/10.2147/CLEP.S91125
http://www.ncbi.nlm.nih.gov/pubmed/26604824
http://doi.org/10.1093/aje/kwq433
http://doi.org/10.1093/ije/dyw213


Cancers 2023, 15, 487 12 of 12

26. Gould, M.K.; Huang, B.Z.; Tammemagi, M.C.; Kinar, Y.; Shiff, R. Machine Learning for Early Lung Cancer Identification Using
Routine Clinical and Laboratory Data. Am. J. Respir. Crit. Care Med. 2021, 204, 445–453. [CrossRef]

27. Tammemagi, M.C.; Lam, S. Screening for lung cancer using low dose computed tomography. BMJ Br. Med. J. 2014, 348, g2253.
[CrossRef]

28. Thygesen, L.C.; Ersbøll, A.K. When the entire population is the sample: Strengths and limitations in register-based epidemiology.
Eur. J. Epidemiol. 2014, 29, 551–558. [CrossRef]

29. Crosbie, P.A.J.; Gabe, R.; Simmonds, I.; Hancock, N.; Alexandris, P.; Kennedy, M.; Rogerson, S.; Baldwin, D.; Booton, R.; Bradley,
C.; et al. Participation in community-based lung cancer screening: The Yorkshire Lung Screening Trial. Eur. Respir. J. 2022,
60, 2200483. [CrossRef]

30. Shapley, M.; Mansell, G.; Jordan, J.L.; Jordan, K.P. Positive predictive values of ≥5% in primary care for cancer: Systematic review.
Br. J. Gen. Pract. 2010, 60, e366–e377. [CrossRef]

31. Koo, M.M.; Unger-Saldaña, K.; Mwaka, A.D.; Corbex, M.; Ginsburg, O.; Walter, F.M.; Calanzani, N.; Moodley, J.; Rubin, G.P.;
Lyratzopoulos, G. Conceptual Framework to Guide Early Diagnosis Programs for Symptomatic Cancer as Part of Global Cancer
Control. JCO Glob. Oncol. 2021, 7, 35–45. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1164/rccm.202007-2791OC
http://doi.org/10.1136/bmj.g2253
http://doi.org/10.1007/s10654-013-9873-0
http://doi.org/10.1183/13993003.00483-2022
http://doi.org/10.3399/bjgp10X515412
http://doi.org/10.1200/GO.20.00310
http://www.ncbi.nlm.nih.gov/pubmed/33405957

	Introduction 
	Subjects and Methods 
	Study Design 
	Data Sources 
	Sociodemographic Data 
	Cancer Specific Data 
	Other Health Data 

	Outcome (Cancer) 
	Statistical Analyses 

	Results 
	Predictive Risk Factors for Population 1 (Individuals without a History of Cancer Diagnosis from 2007 to 2016) 
	Predictive Risk Factors for Population 2 (Individuals with a History of Cancer Diagnosis from 2007 to 2016) 
	Validation of the Different Models, Population 1 (Individuals without a History of cancer Diagnosis within 2007 to 2016) 
	Validation of the Different Models, Poulation 2 (Individuals wih a History of Cancer Diagnosis within 2007 to 2016) 
	Predictive Performance 

	Discussion 
	Strengths and Limitations 
	Clinical Implications 

	Conclusions 
	References

