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Abstract 

Background:  Nowadays, various simulation approaches for evaluation and decision making in cancer screening 
can be found in the literature. This paper presents an overview of approaches used to assess screening programs 
for breast, lung, colorectal, prostate, and cervical cancers. Our main objectives are to describe methodological 
approaches and trends for different cancer sites and study populations, and to evaluate quality of cancer screening 
simulation studies.

Methods:  A systematic literature search was performed in Medline, Web of Science, and Scopus databases. The 
search time frame was limited to 1999–2018 and 7101 studies were found. Of them, 621 studies met inclusion criteria, 
and 587 full-texts were retrieved, with 300 of the studies chosen for analysis. Finally, 263 full texts were used in the 
analysis (37 were excluded during the analysis). A descriptive and trend analysis of models was performed using a 
checklist created for the study.

Results:  Currently, the most common methodological approaches in modeling cancer screening were individual-
level Markov models (34% of the publications) and cohort-level Markov models (41%). The most commonly evaluated 
cancer types were breast (25%) and colorectal (24%) cancer. Studies on cervical cancer evaluated screening and vac-
cination (18%) or screening only (13%). Most studies have been conducted for North American (42%) and European 
(39%) populations. The number of studies with high quality scores increased over time.

Conclusions:  Our findings suggest that future directions for cancer screening modelling include individual-level 
Markov models complemented by screening trial data, and further effort in model validation and data openness.
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Background
In 2017–2018, approximately 17 million incident cancer 
cases (excluding nonmelanoma skin cancer) and 9.6 mil-
lion cancer deaths occurred annually worldwide [1, 2]. 
Early detection and screening programs have been sug-
gested for control cancer by the WHO [3, 4]. However, 
introduction of a cancer screening program requires 
careful assessment of priorities, health care capacity, and 
potential impact. Assessment of prerequisites and likely 

outcomes is needed for decision-making about screen-
ing, and simulation models to provide evidence for such 
policy decisions [5]. Modeling can be especially impor-
tant in settings where empirical data are absent or una-
vailable, to adjust screening parameters and define the 
scope, target, and anticipated impact of screening [6, 7].

Therefore, simulations based on mathematical and sta-
tistical models are widely applied in cancer screening [8–
10]. They are used for evaluating both the effectiveness 
and economic impact of cancer screening. Besides, they 
can complement randomized screening trials by fulfilling 
the gaps in understanding of population-level screening 
effects that cannot be obtained from trial data.
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The evidence obtained from simulation and empiri-
cal studies can currently support the implementation of 
only a few cancer screening interventions: most of the 
research is focused on breast, cervical, colorectal, lung, 
and prostate cancer screening programs. Various cancer 
screening programs are on-going in several countries: 
cervical cancer screening with cytology and HPV test 
[11], mammography screening for breast cancer [12], 
several modalities of colorectal cancer screening [13]. 
There is some evidence of the effectiveness of PSA-based 
prostate cancer screening [14], but large-scale imple-
mentation has not been recommended because of the 
unfavorable balance of benefit and harms [15]. Similarly, 
there is some evidence for the effectiveness of lung can-
cer screening with LDCT among heavy smokers [16], but 
it has not been widely implemented on a population-level 
program so far.

Existing cancer screening models can be divided into 
broader types or families based on their principal fea-
tures. Distinct approaches to simulation have their model 
assumptions, properties, requirements, and most appro-
priate applications. This variability of models complicates 
the assessment of their benefits and shortcomings.

Several systematic reviews [17–19] and comparative 
analyses [20, 21] of cancer screening simulation stud-
ies have appeared recently. However, they have sev-
eral limitations: they mostly compare model outcomes 
(usually estimated effects of screening) [22] and build 
more precise and plausible evaluations of these out-
puts. This review aims to summarize the ’big picture’ 
of the methodology for cancer screening simulations. 
We do not identify our research as "Systematic Review" 
in the PRISMA terminology. However, we incorporate 
some ideas of "Systematic Reviews," thus we include the 
PRISMA checklist (Additional file  1).  More specifically, 
our goals within this state of the art review are:

•	 To describe methodological approaches used in can-
cer screening simulation;

•	 To characterize the distribution of the cancer sites 
for which the models are applied;

•	 To evaluate the quality of cancer simulation studies 
and approaches;

•	 To assess differences in studies approaches across 
geographical regions;

•	 To describe trends over time in the previous aspects.

Methods
Eligibility criteria
All published studies that described the development 
or application of a cancer screening model were defined 
as potentially eligible. Besides, eligible studies shall be 

focused on lung, breast, cervical, colorectal, or prostate 
cancer. Individual risk models, animal, cell line, com-
pound, and clinical studies were excluded. Systematic 
reviews and meta-analysis were used for identifying 
additional studies. We included studies published from 
January 1998 to September 2018, in English language. We 
used Medline, Web of Science and Scopus for the paper 
search. Reference lists of the systematic reviews on the 
subject of this paper were also searched for additional 
papers. All studies in the reference lists of the reviewed 
publications that were not found by the literature search 
were manually checked for compliance with the search 
keywords. New studies thus identified were added to the 
list of eligible studies for abstract screening.

Search strategy
Search terms were: "Cancer", "Cancer type", "Simulation", 
"Simulation modality". Two types of queries were cre-
ated: (1) for models with one cancer type and one modal-
ity, and (2) for models that include at least two modalities 
or cancer types. The search strategy has been developed 
in consultation with an informatician at Tampere Univer-
sity. It is described in detail in Additional file 2: Appendix 
A.

The search criteria for the clinicaltrials.gov database 
were ’cancer’ and ’screening.’

Searched data filtering
The search results included 2236 records in Medline, 
1447 in Web of Science, and 3355 in Scopus (Fig. 1). Fur-
ther 63 studies were added from the bibliographies of 
systematic reviews. The retrieved records from all three 
databases were processed by a Python script to exclude 
duplicates and filter out inappropriate studies (such 
as those focusing on image recognition in screening, 
comparative analysis of screening tests, and radiation-
induced health risks in lung cancer screening). Addition-
ally, the script formatted the records to facilitate manual 
review. After filtering, the dataset comprised 4128 (58% 
of the initial number) records.

Abstracts screening
The two first authors independently checked titles and 
abstracts of the remaining records. The form for manual 
abstracts check is described in Additional file 2: Appen-
dix C. Papers inconsistent with the eligibility criteria 
were excluded. As a result, 621 studies were chosen for 
full-text analysis.

Full‑text processing strategy
A total of 587 full-texts of the 621 studies (94.5%) were 
retrieved, but we could not access 34 (5.5%) of them. 
Some papers were behind a paywall for university library 
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Fig. 1  Flow diagram of study selection process
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subscription, and some had broken links. Evaluating 
nearly 600 full-text articles turned out to be an over-
whelming task, and therefore a random subset of 200 
papers was selected for the analysis. This sample was pro-
cessed and scored by reviewers using a Windows Form 
and the Pubmed API—"Entrez Programming Utilities" 
[23].

We also used simple NLP techniques to extract data 
from the full-text papers. Several classification algo-
rithms like SGDClassifier, Random Forest, SVM were 
used to classify abstracts as eligible or not during the 
selection stage. All of them had comparable results with 
AUC ROC (0.9–0.95) and were used to filter non-eligible 
records. The final classifier (SGDClassifier) was chosen 
with a threshold that corresponded to Sensitivity = 1 and 
maximal possible Specificity = 0.83.  Training dataset for 
the classifier can be found in Additional file 3. However, 
the classifier alone did not make the decision whether a 
record was valid or not; the records classified as poten-
tially valid were evaluated by the reviewers.

An automatic keywords extraction algorithm was used 
during the full-text analysis to obtain the main study con-
cepts and features such as cancer types, model types, and 
study outputs. A description of the data extraction algo-
rithm can be found in Additional file 2: Appendices B and 
D. In the case of significant contradictions between the 
scores of the two reviewers, a third party scored the texts 
independently.

All data were grouped and stored in CSV tables. 
Python libraries numpy, scipy and matplotlib were used 
to extract and visualize the data. The analysis was per-
formed in two iterations (Fig. 1). At the first iteration, 200 
full texts were examined, and 177 of them were accepted. 
To confirm the existing trends or to find contradictions, 
100 randomly selected full texts were additionally exam-
ined. Finally, 263 full texts were used in the analysis. No 
substantial differences in the trends between the two iter-
ations were found.

Definitions for model classification
During the data analysis, we compiled several keywords 
describing simulation approaches and models used by 
authors to describe their models. Several entries were 
combined to simplify the classification and some concep-
tually similar simulation approaches were merged. The 
full classification unification table can be found in Addi-
tional file  2: Appendix D (4.4). We identified four main 
simulation approaches that applied to 87% of considered 
studies.

A cohort-level model (CLM) refers to a Markov chain 
model used to calculate the transitions from one popula-
tion group to another.

An individual-level model (ILM) is a Markov chain 
model that calculates transitions between health states 
for an individual. The most popular name for such mod-
els is microsimulation, but not all authors have consist-
ently used this term [24].

Regression models cover all types of regression (that 
are not Markov models): e.g., linear models, generalized 
linear and non-linear models, multivariate models, and 
mixed-effects models. This group includes all cohort and 
individual level regressions.

Differential equations (DE) models can also be linear, 
non-linear, or partial, etc. This group includes all individ-
ual and cohort level DEs.

We classified studies as "applied" if the model was 
used to obtain the study’s main result, and "developed" if 
the paper’s main outcome was the model itself, and the 
model is described in sufficient detail to be reproduced. 
Studies that could not be classified into one of the two 
above mentioned categories were labeled as "Other."

Quality assessments
We evaluated the quality of the conduct and reporting of 
each article based on the following key elements: if the 
study included a: validation of the results (V), sensitiv-
ity analysis to evaluate model uncertainties or robustness 
(S), discussion of the limitations of applicability (L), and 
appropriateness (A).

Appropriateness was defined as the consensus of 
expert opinions on papers on whether (1) numerical indi-
cators properly summarize the key findings of the study; 
(2) confidence intervals were available for the key results; 
and (3) a critical evaluation of strengths and weaknesses 
of the study was included in the discussion.

Study assessment was divided into two parts: manual 
and automated assessments. This approach was taken to 
compensate for experts’ possible subjectivity during the 
assessment and for possible errors. However, an auto-
matic assessment alone may have also missed meaningful 
features; thus, manual assessment was also necessary.

At first, experts filled in a checklist manually. As a part 
of the procedure, they assessed the study with an over-
all mark (from 0 to 5). Then they discussed their assess-
ments and chose a consensus mark for the study.

Secondly, a computer program used experts-filled 
checklists and keyword search in study text to assess 
studies automatically. For each study, the program 
assigned V, S, L, and A criteria (as defined above) with 
a score of 1 or 0 using the checklist and article text. For 
instance, if "sensitivity analysis" was not ticked on the 
checklist, but was found in the keyword search of the 
text, the program assumed that a "sensitivity analysis" 
was actually performed. If "sensitivity analysis" was in the 
checklist, no keywords search was performed. However, 
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the assessment in manual review could have been based 
on another term like “model quality analysis”. The auto-
mated score was calculated as:

If the model was APPLIED and DEVELOPED in the 
paper:

SCORE =  + 2 (V) + 1 (S) + 1 (L) + 1 (A);

If the model was just DEVELOPED in the paper with-
out a real application of screening assessment:

SCORE =  + 2 (V) + 1 (L) + 2 (A);

If the model was just APPLIED in the paper (model was 
developed elsewhere and considered validated):

SCORE =  + 2 (S) + 1 (L) + 2 (A).

Finally, the results of the experts’ consensus and auto-
matic assessment were averaged to provide the robust, 
final quality score.

Each paper could receive a score from 0 to 5. Papers 
were regarded as high-quality if they received a quality 
rating ≥ 4. Other papers were marked as standard quality. 
Some parameters of quality assessment were outside the 
scope of this review. For example, detailed elaboration 
of sensitivity analysis by types of uncertainty: validity of 
assumptions, missing data, external validation, or model 
choice rationale were not evaluated.  More information 
on studies validation procedures can be found in Addi-
tional file 4.

Results
Basic full‑text analysis
Which cancer screening is the most simulated?
The most common cancer type in the papers selected for 
the study was cervical cancer (n = 84, 31% of the total) 

(Fig.  2). However, most studies addressed cervical can-
cer prevention and vaccination rather than screening 
as the main topic (n = 63, 75% of the studies on cervical 
cancer). Breast cancer was considered in n = 69 (25%) 
of the studies. Majority of breast cancer studies evalu-
ated mammography screening effectiveness (n = 38, 55% 
of the breast cancer papers). Several studies focused on 
breast cancer risk factors as one of the main study ques-
tions (n = 16, 23%). Nearly a similar number of studies 
were related to colorectal cancer (n = 65, 24%). A sub-
stantial proportion of these was dedicated to optimizing 
screening test usage (n = 27, 41% of the colorectal cancer 
studies), e.g., considering different cut-offs for the iFOBT 
test [25] and cost-effectiveness of various approaches. In 
studies of prostate cancer (n = 27, 10% of the total), the 
most common goal of screening simulation was assessing 
the effects of introducing prostate-specific antigen PSA-
based screening (n = 19, 70%). Only 26 (10% of the total) 
studies dealt with lung cancer screening simulation, with 
the efficiency of screening tests the central question in 
these studies (n = 13, 48% of the paper on this site). The 
most common objective was evaluating the cost-effec-
tiveness of various screening strategies or approaches 
(n = 186, 71%).

Which type of model is the most popular?
Markov models are the most popular for cancer screen-
ing simulations (Table 1). The other types of models were 
not used even nearly as frequently. The most frequently 
used model type in cancer screening simulation stud-
ies was the CLM (n = 113, 42%). However, of the CLMs 
on cervical cancer, a large proportion simulated the 
effectiveness of cervical cancer vaccination rather than 

Fig. 2  Characteristics of considered studies as a proportion (frequency).”World Parts” = sources for the study populations by region
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cervical cancer screening. If these studies were excluded, 
individual-level Markov models became the most popu-
lar model type in all models (86 ILM, 84 CLM).

However, CLMs were most frequently used to simu-
late cervical cancer screening. Even if prevention studies 
were excluded, CLMs still dominated with 21 CLMs and 
6 ILMs.

We found 23 (8%) models that used different types 
of regressions as the simulation basis. Even though we 
decided to consider this group as a single category, it is 
worth noting that eight regression models dealt with 
individual level and 15 with cohort level. There were 
11(4%) DE models that could be further divided into five 
individual level and six cohort level models.

Quality assessment of the models
Best average scores were observed with studies employ-
ing ILMs: 4.5. Most of them (91%) had a score ≥ 4. The 
lowest average quality studies were those with regres-
sion models: 3.7 (56% with score ≥ 4). The average quality 
score for CLMs studies was 4.1 (81% with score ≥ 4), and 
for DEs, the average score was 4.4 (81% with score ≥ 4) 
(Table 1).

Regional differences in screening simulation
Most of the included studies had been conducted on 
North American and European populations (Fig. 2). The 
North American population was more widely used for 
colorectal cancer screening simulations (n = 36, 30%), 
while the studies with the European population focused 
on the breast (n = 34, 33%) and cervical (n = 33, 32%) 
cancers.

The European population was rarely used for lung 
cancer studies (n = 4, 4%). Most of the studies on other 
populations dealt with cervical cancer screening and 

prevention simulations: all studies on African or South 
American, and half of those on Australian and Asian 
populations. In contrast, of the studies on the North 
American population, cervical cancer screening was 
rarely addressed (n = 17, 14%). The distribution of can-
cer types for different population groups can be found in 
Additional file 2: Appendix H (8.2).

Validation perspective
Most of the studies 77 of 106 (73%) that reported vali-
dation used the direct comparison of a specific out-
come to external data as a validation scheme. Incidence 
alone was the main validation outcome in 36 (34%) 
studies. Mortality alone was used in validation in 13 
(12%) studies. Studies were validated by both outcomes 
in 29 (28%) studies. Several studies assessed the model 
fit to the internal data of the study 22 (21%) or used 
cross-validation 21 (20%). Five studies (5%) reported 
that their model had been validated in earlier studies. 
Validation data origins were not indicated clearly in 26 
(25%) studies.

Table 1  Characteristics of considered approaches (% of all studies)

Note that the percent sum can be greater than 100%, because all characteristics are not mutually exclusive (e.g. a study on breast and lung cancer that exploits both 
an ILMs and a CLMs simultaneously)

Characteristic Individual level Cohort level Regression DE Other

Breast cancer 25 (10%) 25 (10%) 6 (2%) 2 (1%) 12 (5%)

Cervical cancer (all) 19 (7%) 49 (19%) 8 (3%) 5 (2%) 8 (3%)

Cervical cancer (no prevention) 6 (2%) 21 (8%) 5 (2%) 0 (0%) 4 (2%)

Colorectal cancer 30 (11%) 25 (10%) 5 (2%) 2 (1%) 3 (1%)

Lung cancer 11 (4%) 8 (3%) 0 (0%) 1 (0%) 6 (2%)

Prostate cancer 14 (5%) 5 (2%) 4 (2%) 1 (0%) 6 (2%)

Avg. Quality 4.5 4.1 3.7 4.4 4.1

Application 83 (32%) 105 (40%) 20 (8%) 11 (4%) 26 (10%)

Development 16 (6%) 75 (29%) 17 (6%) 7 (3%) 10%)

Fig. 3  Studies publication dynamics. Every data point represents the 
number of papers published during the previous 2 years
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Time trends
The increasing publication rate in cancer screening 
simulation reached its turning point in 2013 (Fig.  3). 
The trend showed a steady increase from approximately 
six papers on a topic per year in 2003 to 20 papers per 
year in 2013. Then the rate started to decrease to 14 
papers per year by 2019.

Simulation trends
Publication counts of the studies stratified by the model 
type show that CLMs were used most frequently around 
2010 (Fig. 4a). More than 30 studies exploiting this sim-
ulation approach were published during 2007–2011, 
and subsequently, their number has decreased. Simul-
taneously, the number of publications based on ILMs 
increased swiftly. Moreover, the number of studies 
with other models than ILM and CLM decreased after 
2015. These dynamics appear to relate to the increase in 
ILMs because the peak in the use of "other models" also 
occurred during the CLM models trend peak.

Quality trends
A rather optimistic picture emerges on a scale of the last 
20 years. Overall, more than 80% of considered publica-
tions can be called "high-level" (Fig. 2). The odds of high 
versus standard quality score publications reached 2.5 by 
2018 (Fig.  5). This reflected a relatively constant num-
ber of publications with lower scores, while the number 
of those with high-quality scores has increased. Also, 
there were some differences between the manual and 
automatic quality assessment: the mean score of manual 
assessment was 3.46 (SD 1.02), whereas the automatic 
assessment gave a mean of 2.71 (SD 1.42). Pearson cor-
relation coefficient between them was 0.95. Thus, manual 
estimation assigned higher average scores, but both put 
them in the same order.

Cancer trends
The results of the stratification of the found publications 
by type of cancer are shown in Fig. 4b.

Colorectal cancer and breast cancer were the most 
common sites evaluated in modeling studies and show 
increasing trends, while analyses focusing on lung can-
cer and prostate cancer were substantially less common 
topics. However, they also show an increasing trend. The 
cervical cancer screening trend reached saturation in 
2010.

Discussion
Results of the evaluation
In this review, we systematically described trends in 
methods and topics in simulation studies of cancer 
screening. We analyzed trends in the distribution of spe-
cific cancer types, geographic regions, and various simu-
lation approaches.

The quality of studies, evaluated by four simple crite-
ria, has steadily increased over the past 20  years. Some 
previous systematic reviews have assumed that study 
quality was constant over time, but such assessment has 

Fig. 4  Trends in the interest to the screening of different cancer types and model types. Every point is the number of papers published during the 
previous 4 years. a Studies stratified by model type. b Studies stratified by cancer type

Fig. 5  Quality of studies over time. Every data point represents the 
number of high and standard rated studies for papers published 
during the previous 2 years
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been based on a small number of studies used for a trend 
analysis [26]. We were able to score > 250 studies using 
consistent criteria. The number of publications graded as 
high-quality studies increased steadily. The trend toward 
increasing quality may reflect more stringent require-
ments for publication. However, other systematic reviews 
have indicated significant shortcomings: most studies 
had failed to incorporate sensitivity analysis by types of 
uncertainty, external validation, and model choice ration-
ale. Such shortcomings also appear in new studies [27].

Among the reviewed studies, the effectiveness of the 
screening of colorectal cancer was the most frequent 
topic. The trends in the reviewed studies show the grow-
ing breast cancer screening priority. Perhaps the effec-
tiveness of mammography screening has already been 
established. The main task is the practical implementa-
tion of screening programs [28]. According to our results, 
the most important issue in cervical cancer simulation 
was not screening per se, but the comparison of screen-
ing effectiveness vs. vaccination (prevention). Thus, the 
number of simulations on cervical cancer screening is 
decreasing. This indicates that the prevention, rather 
than screening is the main priority for cervical cancer 
[29]. Most of the simulation studies (88%) focused on 
vaccination and screening cost-effectiveness with the 
conclusion that prevention can achieve a larger popula-
tion impact. Our estimate of the cervical cancer studies’ 
scope is in good agreement with the previous review, 
where 84% of all considered studies were focused on 
cost-effectiveness [26].

According to the observed studies lung cancer screen-
ing programs show contradictory dynamics. The likely 
reasons for that are the previous difficulties in develop-
ing successful cancer screening programs [21], and at the 
same time: rapid development in lung cancer screening 
[30], the development of personalized screening [31], and 
the success of the latest trials and pilot programs [32].

Prostate cancer remains a low priority in terms of the 
scientific community’s attention, which likely reflects the 
low mortality impact of the recent PSA-based screening 
trials, with substantial overdiagnosis offsetting the poten-
tial benefit [15].  New screening modalities have not yet 
reached the stage where their applicability in screening 
would be evaluated on a large scale, although magnetic 
resonance imaging appears to reduce overdiagnosis sub-
stantially [33].

Most studies conducted for low-income countries’ 
populations address cervical cancer vaccination and do 
not deal with screening of any other type of cancer. This 
likely reflects the limited feasibility of screening in the 
setting of low-income countries due to a lack of adequate 
cancer registries, health care organizations, and financial 
constraints [34].

The most popular approaches in modeling were the 
two types of Markov models. Over the past ten years, an 
initial increase in CLM’s popularity due to its simplicity 
was followed by a decline. It is possible that such devel-
opment was probably owing to the limits of the approach, 
such as its inability to follow more detailed dynamics 
within the population, the difficulty in reuse and prob-
lems with the quality of research. The transition from 
CLM to ILM was accompanied by a general improvement 
in the quality of published studies. This likely relates to 
the fact that new ILMs are not created very often, and 
once validated, well-established ILMs are subsequently 
used extensively. Thus, they do not face validation issues 
from which all new models suffer. Adapting an existing 
ILM is an attractive alternative to the development of a 
new model. However, this situation cannot be regarded 
as fully satisfying. The most popular microsimulation 
models were created by large institutes and are not open 
source and freely available. Limited access to individual-
level data used for ILM fitting also limits the transparent 
evaluation of the methods. Initiatives for open data may 
solve these problems in the future, but privacy issues and 
reuse conditions have not been resolved with sensitive 
health information. Moreover, the dominance of a single 
approach would lead to reduced diversity of methodolog-
ical approaches, which could restrict perspectives.

Study limitations
Our study has some important limitations. First, we 
searched the literature only for publications in English, 
which can affect the geographical distribution of the 
studies and indirectly influence other findings. This could 
occur if, for instance, certain cancer types are a promi-
nent focus in areas favoring English in research.

The search strategy was created to capture studies cov-
ered by the search terms listed in “Search strategy” sec-
tion. We obtained our study material via a systematic 
search of publication databases. The search is limited to 
the coverage of the three publication databases searched. 
We could have missed some less frequently used syno-
nyms for the terms.

We analyzed the random subset of 300 out of the 587 
studies and finally included 263 fulfilling the eligibility 
criteria. The two-step analysis was chosen to improve 
the representativeness and validity of the results. Even 
though we expect that the subset was representative and 
used a two-step analysis to ensure consistent results, the 
full set could have provided more insight into the matter.

Another limitation is that our quality assessment 
method has not been validated, or was not based on the 
“delphi” method or other standard procedures. Never-
theless, we believe that the two aspects of analysis used 
as quality indicators (validation and sensitivity analysis), 
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and two items pertaining to reporting (appropriateness 
and limitations), reflect quality of the study conduct and 
reporting similarly as in well-established quality assess-
ment tools.

The automated quality assessment showed a good over-
all correspondence with the manual assessment. The 
limitation of both (their averaging) is that they are based 
only on the presence of a specific study component (e.g. 
"sensitivity analysis"). We did not assess how or how well 
it was conducted. Some claims of sensitivity analyses (or 
similar) may thus not be warranted. However, as all the 
papers are peer-reviewed, we believe that at least mini-
mal criteria have been achieved.

Also, our quality assessments were limited in scope and 
might not be able to separate shortcomings in reporting 
from those in study conduct. This could either overesti-
mate or underestimate the proportion of high-quality 
studies. The reason for not including some of the assess-
ment parameters is that previous systematic reviews 
showed a disappointing absence in the completeness of 
reporting all relevant features for colorectal and cervical 
cancer [19].

Finally, we concentrated on topics and methodologi-
cal choices of published articles, and our assessment 
does not cover issues such as overdiagnosis, false positive 
screening results, complications or costs even though 
these can be important for decision making.

Conclusions
To conclude, we have reviewed the most recent results 
of cancer screening approaches across the world. We 
introduced the studies’ classification based on model 
type, cancer site, target population country, the model 
used, and study quality parameters. The analysis incor-
porated 263 full-texts found through a systematic search 
of three publication databases from 1998 to 2018. Our 
analysis shows that currently, the most commonly used 
approaches to modeling cancer screening are ILMs (34%) 
and CLMs (41%). ILMs have become the most used 
simulation approach over the past 5  years and eventu-
ally surpassed cohort-level models that were more used 
previously. The proportion of studies with high-quality 
scores increased over time.

At present, breast cancer and colorectal cancer are 
the most common sites evaluated in cancer screen-
ing simulation, each representing about a quarter of all 
studies. The number of studies on these cancer types 
increased 1.5–1.7 fold during the study period. Most of 
the cervical cancer simulation studies deal with preven-
tion assessment as the primary study goal. Only 17% of 
the modeling studies addressed cervical cancer screening 
(outside vaccination).

Most assessed studies have been conducted for North 
American (42%) and European (39%) populations. The 
main focus of interest in studies of the North American 
population was colorectal cancer (30%), and for Europe, 
breast (33%) and cervical (32%) cancers.

The trends suggest that cancer screening studies will 
extensively use individual-level Markov models. Further 
effort will be needed in profound model validation, code 
availability and data openness.
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