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Background: Optimal selection criteria for the lung cancer screening programme remain a matter of 
an open debate. We performed a validation study of the three most promising lung cancer risk prediction 
models in a large lung cancer screening cohort of 6,631 individuals from a single European centre. 
Methods: A total of 6,631 healthy volunteers (aged 50–79, smoking history ≥30 pack-years) were enrolled 
in the MOLTEST BIS programme between 2016 and 2018. Each participant underwent a low-dose 
computed chest tomography scan, and selected participants underwent a further diagnostic work-up. Various 
lung cancer prediction models were applied to the recruited screenees, i.e., (I) Tammemagi’s Prostate, 
Colorectal, and Ovarian Cancer Screening Trial 2012 (PLCOm2012), (II) Liverpool Lung Project (LLP) 
model, and (III) Bach’s lung cancer risk model. Patients (I) with 6-year lung cancer probability ≥1.3% were 
considered as high risk in PLCOm2012 model, (II) in LLP model with 5-year lung cancer probability ≥5.0%, 
and (III) in Bach’s model with 5-year lung cancer probability ≥2.0%. The particular model cut-off values 
were employed to the cohort to evaluate each model’s performance in the screened population.
Results: Lung cancer was diagnosed in 154 (2.3%) participants. Based on the risk estimates by PLCOm2012, 
LLP and Bach’s models there were 82.4%, 50.3% and 19.8% of the MOLTEST BIS participants, respectively, 
who fulfilled the above-mentioned threshold criteria of a lung cancer development probability. Of those 
detected with lung cancer, 97.4%, 74.0% and 44.8% were eligible for screening by PLCOm2012, LLP and Bach’s 
model criteria, respectively. In Tammemagi’s risk prediction model only four cases (2.6%) would have been 
missed from the group of 154 lung cancer patients primarily detected in the MOLTEST BIS.
Conclusions: Lung cancer screening enrollment based on the risk prediction models is superior to 
NCCN Group 1 selection criteria and offers a clinically significant reduction of screenees with a comparable 
proportion of detected lung cancer cases. Tammemagi’s risk prediction model reduces the proportion of 
patients eligible for inclusion to a screening programme with a minimal loss of detected lung cancer cases.
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Introduction

With accumulating evidence on both benefits and harms 
of lung cancer screening, unresolved issues such as optimal 
selection criteria remain a matter of debate (1,2). Current 
inclusion criteria based on age and categorized smoking 
history are derived from the National Lung Screening 
Trial (NLST) (3). Recent results of the NELSON 
trial proved their modification may alter results of the 
screening programme (4). Development of more complex 
epidemiologic and molecular models for estimating 
an individualised lung cancer risk progressed in recent 
years, and it should inevitably reduce the screening 
false positive rate (5-8). These mathematical models are 
based on the regression analysis and aid in predicting 
lung cancer probability (6). Such risk prediction models 
include Tammemagi’s modified Prostate, Colorectal, Lung 
and Ovarian Cancer Screening Trial 2012 (PLCOm2012), 
Liverpool Lung Project (LLP) and Bach’s risk prediction 
model. Additionally, one of the abovementioned models—
Tammemagi ’s—is  recommended by the Nat ional 
Comprehensive Cancer Network (NCCN) Lung Cancer 
Screening Clinical Practice Guidelines to assist in the risk 
stratification of a lung cancer in selected individuals (9). 
Data from a large Polish lung cancer screening cohort of 
6,631 individuals from a single European centre was re-
analysed applying (I) Tammemagi’s PLCOm2012, (II) LLP, 
and (III) Bach’s lung cancer risk models. We present the 
following article in accordance with the TRIPOD reporting 
checklist (available at http://dx.doi.org/10.21037/tlcr-20-
753).

Methods

MOLTEST BIS programme

Six thousand six hundred and thirty one volunteers 
(median age 63.0 years) were enrolled in the MOLTEST 
BIS programme between January 2016 and December 
2018. Inclusion criteria in the programme (age 50–79 
and ≥30 pack-years smoking history) were based on 
the Lung Cancer Screening NCCN Clinical Practice  
Guidelines (9). A comparative analysis was performed on 
the whole screening cohort. Each participant underwent 
1–2 low-dose computed chest tomography (LDCT) 
screening rounds and a selected group underwent a further 
diagnostic work-up. The screening protocol was based on 
the modified United Kingdom Lung Screen protocol with 
a 1-year follow-up including two screening rounds (10).  

Detailed methodology of the screening management in 
the MOLTEST BIS programme was the subject of the 
previous publication (11). Primarily, the MOLTEST 
BIS programme was a validation study for the early lung 
cancer biomarkers, which were discovered in our previous 
lung cancer screening programme (12). Currently, 
independent validation is performed, and the results will 
be published. The trial was conducted in accordance 
with the Declaration of Helsinki and the Harmonized 
Tripartite Guideline for Good Clinical Practice from the 
International Conference on Harmonization. The study 
was approved by the independent ethics committee of the 
Medical University of Gdańsk (NKEBN/376/2014), and 
all participants provided written informed consent.

Recruited cohort’s re-analysis according to the lung cancer 
risk prediction models

A comparative study of (I) Tammemagi’s PLCOm2012, 
(II) LLP, and (III) Bach’s lung cancer risk models was 
performed. Data required for risk estimation by different 
models were collected by the core research team and 
two independent groups of dieticians and cardiologists. 
The variables of less than 5% of missing data (e.g., body 
mass index) were subjected to missing data imputation; 
the k-nearest neighbour algorithm was used for that 
purpose. With regard to the Tammemagi’s risk prediction 
model, authors used a conversion algorithm to make the 
model’s education levels applicable to the Polish education 
system and the data available. Details are provided in the 
Supplementary file. In Tammemagi’s PLCOm2012 model (13) 
the following factors are taken into regression equation: (I) 
ethnicity; (II) age; (III) education; (IV) body mass index; 
(V) family history of lung cancer; (VI) personal history of 
cancer; (VII) COPD diagnosis; (VIII) smoking status; (IX) 
smoking duration; (X) number of cigarettes per day; and (XI) 
time elapsed since quitting. 

The construction of the LLP model required personal 
data on (I) presence of pneumonia, (II) asbestos exposure, 
(III) personal history of cancer, (IV) family history of cancer, 
(V) smoking duration, and (VI) age (14). 

The Bach’s model’s predictors include: (I) age; (II) 
gender; (III) asbestos exposure; (IV) smoking intensity 
(cigarettes per day); (V) smoking duration; and (VI) quit 
time in former smokers.

Formulas of the models, along with their mathematical 
and statistical aspects are presented in the Supplementary 
file.

http://dx.doi.org/10.21037/tlcr-20-753
http://dx.doi.org/10.21037/tlcr-20-753
https://cdn.amegroups.cn/static/public/TLCR-20-753-supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-20-753-supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-20-753-supplementary.pdf
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The detection rate was defined as the number of detected 
lung cancers divided by the number of screened participants 
given in percent. True positive cases were considered as 
diagnosed lung cancer cases, while false positive were cases 
classified as high risk according to the MOLTEST BIS 
inclusion criteria without a diagnosis of lung cancer.

Statistical analysis

The descriptive statistics and their 95% confidence 
intervals were calculated per each factor as well as for 
prediction model quality indices (15). Missing data at 
the level of less than 5% of the cases were imputed with 
the use of k-nearest neighbours’ algorithm (16). The 
hypothesis on equality of the areas under the receiver 
operator curve (AUC) among all prediction models 
was verified by Hanley-McNeil test (17). Contingency 
tables were analysed with the use of the chi-square test 
of independence. Formulas of the models, along with its 
mathematical and statistical aspects are presented in the 
Supplementary file. 

Results

MOLTEST BIS programme—general characteristics

From January 2016 to December 2018, a total of 6,631 
patients were screened. Interim results of the diagnostic 
work-ups and surgeries were previously published (11). 
Characteristics of the cohort are presented in Table 1. Lung 
cancer was diagnosed in 154 individuals. The overall lung 
cancer detection rate was 2.3%.

Data re-analysis according to the lung cancer risk 
prediction models

There were 6,631 screenees, who entered the Tammemagi’s, 
LLP, and Bach’s risk prediction models. Out of 6,631 
MOLTEST BIS volunteers: (I) 5,470 (82.4%) met the 
1.3% threshold criterion of 6-year lung cancer probability 
by Tammemagi’s PLCOm2012; (II) 3,336 (50.3%) met the 
5-year lung cancer probability ≥5.0% based on the LLP 
risk estimates; and (III) 1,313 (19.8%) met the 5-year 
lung cancer probability ≥2.0% obtained with the use of 
Bach’s formula. Figure 1 presents a flowchart regarding 
the abovementioned participants’ assignment process. 
Characteristics of the cohorts are presented in Table 1. 
Considerably fewer individuals would have been eligible 

for enrollment to the lung cancer screening programme in 
the Polish setting, i.e., 17.6%, 49.7%, and 80.2% based on 
Tammemagi’s PLCOm2012, LLP and Bach’s risk prediction 
models, respectively (P<0.0001). In the MOLTEST 
BIS programme154 participants were diagnosed with 
lung cancer. Among (I) 5,470 high-risk individuals in 
Tammemagi’s PLCOm2012, (II) 3,336 in LLP, and (III) 1,313 
in Bach there would be accordingly 150 (97.4%), 114 
(74.0%) and 69 (44.8%) detected lung cancer cases. The 
potential overall detection rate, i.e., the number of detected 
lung cancer cases among the high-risk population, would be 
2.7% in Tammemagi’s PLCOm2012, 3.4% in LLP and 5.3% 
in Bach risk prediction model. The rate of screen-detected 
lung cancer cases applying Tammemagi’s PLCOm2012, LLP, 
and Bach cohorts to the MOLTEST BIS cohort would be 
97.4%, 74.0%, and 44.8%, respectively. The areas under 
the receiver operating characteristic curve (AUC ROC) for 
the Tammemagi’s PLCOm2012, LLP and Bach’s models did 
not differ significantly (P>0.05) (15), and were 0.717 [95% 
confidence interval (CI): 0.670–0.763], 0.667 (95% CI: 
0.619–0.714) and 0.701 (95% CI: 0.655–0.748), respectively. 
ROC curves are presented in Figure 2. 

In addition, thresholds for the three models that 
select the same number of individuals for screening were 
considered. Thresholds that screen 2/3 of the study 
population were chosen and compared. Sensitivities 
were 93.51%, 89.61% and 83.12% for the Tammemagi’s 
PLCOm2012, LLP and Bach’s models, respectively. 

Discussion

NCCN recommendations suggest the implementation 
of a lung cancer risk model (PLCOm2012) while discussing 
with an individual at-risk enrollment into the screening 
programme (shared decision-making). Additionally, utilising 
Lung Imaging and Reporting Data System (LungRADS) 
has resulted in the re-definition of positive results. Both 
tools, in a different manner, are aimed at more accurate 
targeting the population at need of screening in terms of 
gaining beneficial effect, i.e., early diagnosis of lung cancer 
followed by radical surgical treatment, which, in turn, leads 
to many-year survival.

Therefore, risk prediction models have gained much 
attention in recent years (1,13,18,19). The collected 
evidence indicates that use of high-quality risk stratification 
models to define the eligibility for lung cancer screening 
enrollment can—among other benefits—improve the 
screening efficiency (6). Ten Haaf and colleagues have 

https://cdn.amegroups.cn/static/public/TLCR-20-753-supplementary.pdf
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recently reported a validation study, which showed that 
selected risk prediction models outperform the NLST 
eligibility criteria (18). Such models include Tammemagi’s 
modified Prostate, Colorectal, Lung and Ovarian Cancer 
Screening Trial 2012 (PLCOm2012), LLP and Bach’s risk 
prediction model. This study assessed the performance of 
these three risk prediction models in a large lung cancer 
screening cohort from Gdańsk, Poland. Throughout last 

ten years over 15,250 individuals have been screened in two 
lung cancer screening programmes in one screening centre 
(11,12). This retrospective study was based on full data 
collected during the latest screening programme conducted 
in Gdańsk—the MOLTEST BIS programme. We decided 
to follow the NCCN Guidelines and perform a comparative 
analysis of risk estimates and enrollment thresholds of 
the only one risk prediction model recommended in the 

Table 1 Descriptive characteristics of the MOLTEST BIS programme’s and the simulated cohorts’ meeting high-risk criteria

Characteristics MOLTEST BIS Tammemagi’s PLCOm2012 LLP Bach

Number of patients, n (%) 6,631 5,470 (82.5) 3,336 (50.3) 1,313 (19.8)

Lung cancer cases, n (%) 154 150 (97.4) 114 (74.0) 69 (44.8)

Age (years), median (range) 63 [50–87] 64 [50–87] 67 [52–87] 69 [59–81]

Female patients, n (%) 2,829 (46.6) 2,667 (48.8) 1,409 (42.2) 462 (35.2)

Current smokers, n (%) 4,410 (72.6) 4,135 (75.6) 2,400 (71.9) 1,041 (79.3)

Former smokers, n (%) 1,665 (27.4) 1,332 (24.4) 936 (28.1) 272 (20.7)

Smoking duration (years), median (range) 40 [15–70] 40 [15–70] 44 [3–70] 50 [38–70]

Number of cigarettes per day, median (range) 20 [10–100] 20 [10–100] 20 [5–100] 20 [10–80]

Pack-years, median (range) 40 [30–200] 40 [20–200] 44 [1–200] 50 [27–200]

Time elapsed since quitting (years, if any),  
median (range)

0 (0–45) 0 (0–30) 0 (0–25) 0 (0–45)

Body mass index 27.2 (14.2–40.0) 26.9 (14.2–39.8) 27.1 (14.2–39.8) 26.9 (14.2–39.7)

Asbestos exposure, n (%)

Yes 403 (6.6) 365 (6.7) 317 (9.5) 134 (10.2)

No 5,672 (93.4) 5,105 (93.3) 3,019 (90.5) 1,179 (89.8)

COPD, n (%)

Yes 945 (15.6) 971 (17.8) 696 (20.9) 288 (21.9)

No 5,130 (84.4) 4,499 (82.3) 2,640 (79.1) 1,025 (78.1)

Education, n (%)

High school grade 4,489 (73.9) 4,370 (79.9) 2,777 (83.2) 1,156 (88.0)

College grade 1,586 (26.1) 1,097 (20.1) 559 (16.8) 57 (12.0)

Family history of lung cancer, n (%)

Yes 1,125 (18.5) 1,157 (21.2) 532 (16.0) 221 (16.8)

No 4,950 (81.5) 4,313 (78.9) 2,804 (84.0) 1,092 (83.2)

History of pneumonia, n (%)

Yes 2,681 (44.1) 2,426 (44.4) 1,778 (53.3) 610 (46.5)

No 3,394 (55.9) 3,044 (55.7) 1,558 (46.7) 703 (53.5)

LDCT, low-dose computed tomography; PLCOm2012, modified Prostate, Colorectal, Lung and Ovarian Cancer Screening Trial 2012; LLP, 
Liverpool Lung Project; COPD, chronic obstructive pulmonary disease.
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document, along with two other, well-documented—LLP 
and Bach’s (7,9,20).

Yet, we are aware that there are more models, e.g., Two-
Stage Clonal Expansion (21). It is difficult to answer the 
question what makes a risk prediction model superior to 
others. We did not directly compare the validated models 
to the NCCN criteria. However, NCCN criteria make 
obvious epidemiological context for our study. Taking 
the AUC (true positive vs. false positive) under the 
consideration—the three tested models do not significantly 
differ. There is other, less obvious criterion which may 
help to assess the value of the model namely the desired 
reduction of screened population with a minimal loss to 
the number of detected lung cancer cases. It is difficult to 
describe this approach with mathematical tools. We believe 

that this is the most important criterion. The range of 
screenees’ reduction varies from 17.6% to 80.2%, yet it 
comes along with a substantial loss of detected lung cancers 
of up to 55.2%. In authors’ opinion, out of the three 
analysed models the Tammemagi’s PLCOm2012 offers an 
optimal balance between clinical and statistical features. If 
Tammemagi’s PLCOm2012 risk prediction model would have 
been applied—(I) the number of individuals included to the 
screening programmes would have been reduced by 17.6%; 
(II) only 2.6% of the detected lung cancer cases would 
have been missed. However, the other two models’ power 
is similar with AUC of 0.667 and 0.701. In specific settings 
such models, which (I) screen fewer individuals, (II) reach 
higher detection rates, yet (III) quantitatively fail to lose 
more cancer cases may be more appealing in terms of the 
cost-effectiveness. Based on ethnicity/race, our cohort was 
homogenous and all participants were Caucasian. However, 
Tammemagi’s PLCOm2012 risk prediction model includes 
an ethnicity/race factor, which must be specified. Thus, in 
authors’ opinion the results are relevant among the majority 
of the European settings. Implemented definitions of true 
positive (i.e., lung cancer cases) and false positive (i.e., high 
risk according to the MOLTEST BIS inclusion criteria 
without diagnosis of lung cancer cases) do not come along 
with the classic screening definitions of other programmes 
(4,22). They are associated with the direct analysis of 
prediction models and vastly alter from the screening ones.

To conclude, all three models perform better than a 
screening programme based on the NCCN selection 
criteria. In authors’ opinion, lung cancer risk prediction 
models are more accurate in targeting a population at-
risk in comparison to currently widely used standard lung 

Figure 1 Flowchart of the study. LLP, Liverpool Lung Project.

Figure 2  ROC curves for risk prediction models in the 
MOLTEST BIS cohort. ROC, receiver operating characteristic 
curve; LLP, Liverpool Lung Project; AUC, area under the receiver 
operating characteristic curve.
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cancer screening eligibility criteria based on age and pack-
years (9,23). However, further research is sought to harness 
the full advantage of the risk prediction model’s potential. 
Optimal thresholds require evaluation based on long-term 
benefits and harms, preferably in a prospective study.

There are a few study limitations with the majority of 
them concerning Tammemagi’s model. Firstly, the risk 
prediction models considered in this study were developed 
in a cohort originating from a different region than the 
Eastern European setting (7,13,20). For example, the 
educational system varies widely between North America 
and Europe. In our region of Europe, a typical educational 
path is structured as high school-university. 

However, the level of education in Tammemagi’s model 
is not related to the character of labour which is being 
performed. It instead serves as an indicator of possessed 
knowledge, the level of self-consciousness and internal 
intention to specific sort of behaviour, self-care, and healthy 
living style, Therefore, it is likely that an individual who 
had accomplished a graduate degree, temporarily working 
in a profession below his/her professional qualifications, 
will be featured by the lower lung cancer incidence than a 
person with lower educational degree executing the same 
type of labour. The opposite situation is encountered much 
more seldom. Briefly, the decisive epidemiological factor 
here is not labour character by itself, but educational status 
ensuring the health-promoting behaviour. Keeping this 
in mind ad hoc small group interviewing for the purpose 
of confronting educational level with labour character 
(manual or mental) will not alter analysis outcomes. The 
dichotomised educational status variable, definitely not 
ideally, but sufficiently emulates Tammemagi’s model 
component.

Next, our data about the age of cancer diagnosis in 
personal or family history was incomplete. Along with the 
information regarding the presence of COPD and history 
of pneumonia, it was self-reported by the participants. 
However, we strived to reduce the risk of overestimation 
of positive cancer prediction, as the formula’s variable 
responding to the age below 60 years was additionally 
promoted in the estimation of the 6-year lung cancer 
probability.

Finally, we suggest that risk prediction models in their 
current state of standardisation are valuable selection 
criteria almost ready for the application in the screening 
programmes as selection criteria. Yet, results of our paper 
constitute a factual opinion based on the retrospective study 
of the large European screening cohort. In our opinion, 

Tammemagi’s PLCOm2012 is the most promising example 
due to the minimal loss of detected cases of lung cancer. 
Perhaps lung cancer prognostic models can be used as a 
method of deciding how often high-risk individuals should 
be screened—on an annual or biennial basis.

Prospective validation studies among various populations 
should be launched to confirm our findings and establish a 
firm statement about the superiority of the risk prediction 
models as primary selection criteria for the inclusion to the 
lung cancer screening programme.

Conclusions

Lung cancer screening enrollment based on the risk 
prediction models is superior to standard NCCN selection 
criteria and offers a clinically significant reduction of 
screenees with a comparable proportion of detected lung 
cancer cases. Tammemagi’s risk prediction model reduces 
the proportion of patients eligible for inclusion to a 
screening programme with a minimal loss of detected lung 
cancer cases.
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Formulas of the risk prediction models along with the mathematical and statistical aspects

A comparative simulation study of (I) Tammemagi’s PLCOm2012, (II) LLP, and (III) Bach’s lung cancer risk models’ 
was performed. Data required for risk estimation by different models was collected by the core research team and two 
independent groups of dieticians and cardiologists. The variables of less than 5% of missing data were subjected to missing 
data imputation; the k-nearest neighbour algorithm was used for that purpose.

Tammemagi’s PLCOm2012 individual risk was calculated as (24): 

exp( )
1+ exp( )

β xrisk =
β x
⋅
⋅

where β denotes the vector of risk factor weighting coefficients (the log of odds ratios), while x means the vector of the 
individual estimates of risk factors. The following factors were considered in the study: (I) ethnicity; (II) age; (III) education; 
(IV) body mass index; (V) family history of lung cancer; (VI) personal history of cancer; (VII) COPD diagnosis; (VIII) Smoker 
status, smoke duration and number of cigarettes per day; and (IX) quit duration (if any). 

The construction of the LLP model required personal data on (I) presence of pneumonia, (II) asbestos exposure, (III) 
personal history of cancer, (IV) family history of cancer, (V) smoking duration, and (VI) age. The risk estimate was obtained 
with the use of the following formulae (25):

( )
1

1+ exp ( )
risk =

β x− ⋅

where, as above, β denotes the vector of risk factor weighting coefficients and x means the vector of the risk factors. 
Similarly to Tammemagi’s model, logs of odds ratio served as the weighting coefficients.

The last of the analysed models, proposed by Bach et al. (26) expresses risk as:

( ) ( ) ( )( )( ) ( )( ) ( )
 

( )( )( ) ( )( )( )( )( )0 1 1 0 exp 0 1 exp 0 ( 0 exp 0 1 exp 0risk i T S x i S x i j i S x j S x jβ α β α β α β α
↑

↑ ↑ ↑ ↑
↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓↓↓

= = − − ⋅ ⋅ + ⋅ ⋅ ⋅ + Π < ⋅ ⋅ + ⋅ ⋅ ⋅ +∑  

 

 
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 
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where S0 is the baseline lung-cancer free survival beyond 1-year (equal to 0.996229), S1 is the baseline overall survival 
beyond 1-year (equal to 0.9917663), β0 is the relative risk factors for lung cancer, β1 represents the relative risk factors for 
competing mortality at age α, and T stands for time of the prediction window. In contrary to the Tammemagi’s and LLP 
models, the β vector includes the logs of relative risk estimates.

Education variable production

In our database a type of education was specified by two variables—a type of work (given answers were “physical” or “mental”) 
and current, professional status (given answers were “active” or “retired”).

Initial three education classifiers (“less than high school grad”—1; “high school grad”—2; “post-high school training”—3) 
in Polish labour market are ascribable to a “physical” type of work, whereas educational categories from class 4 to 6 (“some 
college”—4; “college grad”—5; “postgraduate”—6) are related to a “mental”, i.e., conceptual job. The latter entails some 
amount of analysis, abstractive reasoning, and decision making while performing one’s duties. Instead, “physical” work is 
usually repetitive action of mechanical effort aimed at fulfilling some relatively simple tasks. Therefore, in the category type 
of work, we have dichotomised Tammemagi’s model into two almost equal subsets. It is evident while calculating lung cancer 
development probabilities with the model. The relationship pertains to former and current smokers alike. Each level of rising 
education from 1 to 6, elicits the decline of lung cancer risk by 0.2% to 0.3%. Since Tammemagi’s model does not comprise 
the variable active or retired worker, this category, specified in our classification as non-existent, has no implication on its 
predictive efficacy. Thus, given the socio-economic status in Poland, authors considered that answer “physical” (manual) 
refers to “high school grads” (levels 1–3) and “mental” (conceptual) to “college grads” (levels 4–6).
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