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Abstract 

Real-world data (RWD) are increasingly used in scientific research. However, transforming such data into 
structured and reproducible scientific evidence remains challenging. We present an automated analytical 
framework for transforming real-world data into standardized and reproducible real-world evidence 
(RWE) research reports. The novelty of this work lies in the integration of data harmonization, automated 
statistical modeling, and report generation within a lightweight graphical user interface supported by a 
simple common data model.  

The framework standardizes key analytical components, including cohort construction, time-to-event 
modelling, and descriptive and summary reporting. As a proof of concept, the system is demonstrated 
using longitudinal data from OSTPRE cohort (Kuopio Osteoporosis Risk Factor and Prevention Study). The 
implementation illustrates how an automated workflow can efficiently generate transparent and con-
sistent RWE outputs suitable both for research and healthcare system evaluation. 

The framework is scalable to broader data ecosystems, such as regional hospital data repositories, ena-
bling more detailed analyses and the production of robust real-world evidence. This approach supports 
more efficient utilization of real-world data in scientific and clinical decision-making. 

Keywords: data science, big data, medical informatics, open source software, automation, health care 
research
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Introduction 

Healthcare systems routinely generate large vol-
umes of patient information during clinical care. 
These data, stored in registries as by-products of 
treatment processes, represent real-world data 
(RWD) and capture diagnoses, treatments, and out-
comes without experimental intervention. RWD 
has become increasingly valuable for research, es-
pecially for studying disease patterns and treat-
ment effects [1,2]. However, converting raw RWD 
into reliable real-world evidence (RWE) requires 
structured data modelling, appropriate statistical 
methods, and adherence to reporting standards 
[3,4]. 

Data modelling provides a conceptual representa-
tion of healthcare data that can be translated into 
a logical database structure [5]. A core objective in 
health research is to harmonize heterogeneous da-
tasets through common data models (CDMs), 
which standardize variables to enable reproducible 
analyses such as regression or survival modelling. 
CDMs vary in scope; the appropriate model de-
pends on research aims and the level of detail re-
quired, and broadly any generalized structure sup-
porting multi-source analysis may be considered a 
CDM [6]. 

The Observational Medical Outcomes Partnership 
(OMOP CDM) is widely used and supported by an 
active open data science community offering exten-
sive tools [7–9]. OMOP excels in categorical harmo-
nization and federated analyses but is resource‑in-
tensive to implement. For many local research 
needs – especially within regulated environments 
such as those governed by Finnish secondary-use 
legislation or the emerging European Health Data 
Space (EHDS) – lighter models may offer sufficient 
structure while enabling more agile workflows. 

Producing scientific analyses from RWD is often 
time-consuming. Although commercial tools like 
Tableau provide strong visualization features, they 
are not designed for reproducible scientific work-
flows and may incur substantial licensing costs. 
These limitations highlight the need for open-
source, transparent, and scalable analytical solu-
tions [10]. 

R Shiny enables interactive, web-based applica-
tions, and many existing Shiny tools support tasks 
such as exploring patient trajectories, survival anal-
ysis, or pattern visualization [9,11–14]. However, 
these tools typically address isolated analytical 
components rather than providing an end-to-end 
research workflow. In contrast, our framework in-
tegrates data harmonization, reproducible model 
execution, and structured reporting within a unified 
automated pipeline, supporting full exposure–re-
sponse analysis rather than single-purpose mod-
ules. 

RWE plays an increasingly important role in 
healthcare decision-making [2,15,16]. This work 
presents a framework for transforming RWD into 
RWE, using the association between diabetes and 
ischemic heart disease as a proof of concept. Be-
yond this case study, the framework contributes 
methodologically by operationalizing automated 
workflows, defining a lightweight CDM, and ena-
bling extensible analytical pipelines. Central to the 
framework is a Shiny-based application that auto-
mates scientific analyses and supports systematic 
evaluation of exposure–response relationships. The 
primary contribution of this study is therefore 
methodological: it provides a generalizable frame-
work for assessing associations between pairs of 
conditions without redesigning analyses for each 
new case, with the epidemiological example in-
cluded solely to demonstrate the framework’s ap-
plicability. 
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Material and methods 

A framework for transforming RWD into RWE can 
be understood by organizing the analytical work-
flow into sequential layers. These layers form a 
structured pipeline that progresses from raw regis-
try data to interpretable scientific results. Figure 1 
summarizes the overall process, beginning with raw 
data ingestion, followed by cleaning and prepro-
cessing, harmonization into a common data model 
(CDM, statistical analysis, and automated report-
ing. Each layer builds on the previous one, ensuring 
methodological transparency and reproducibility. 
In this study, we focus on the CDM, Analytics, and 
Reporting layers, as these constitute the core meth-
odological components of the application devel-
oped for the OSTPRE (Kuopio Osteoporosis Risk 
Factor and Prevention Study) dataset. The key steps 

required to achieve an automated reporting system 
are data modelling (Step 1) and analysis automa-
tion (Step 2). 

Raw data layer 

Health and social welfare databases provide RWD 
that is typically messy, unstructured, and unsuita-
ble for direct analysis [17]. Raw entries may include 
duplicates, inconsistent timestamps, and heteroge-
neous coding formats. Therefore, preprocessing 
steps are required to remove errors, consolidate re-
peated events, and organize information into clini-
cally meaningful representations such as longitudi-
nal patient histories and diagnostic timelines [18]. 
These preparations form the foundation for creat-
ing a harmonized structure in the subsequent CDM 
layer.  

 

Figure 1. Data pipeline from raw registries through CDM harmonization to automated analytics and re-
porting. Step 1 highlights the importance of data harmonization, while Step 2 illustrates the automation 
of statistical analysis and reporting. 

  



    
SCIENTIFIC PAPERS 

 

 

21.4.2026    FinJeHeW 2026;18(2)  216 

Common data model layer 

The CDM establishes a harmonized, analysis‑ready 
structure in which variable names, identifiers, and 
row formats are standardized. This aligns with 
tidy‑data principles: each variable in a column, each 
observation in a row, and each value in a single cell 
[19]. By transforming heterogeneous source files 
into a uniform format, the CDM enables seamless 
integration of datasets from different registry sys-
tems. 

CDM Construction using the OSTPRE cohort 

The OSTPRE cohort includes approximately 14,200 
women aged 47–56 at baseline in the late 1980s, 
later expanding to around 16,000 participants. The 
cohort has been followed for multiple decades, pro-
ducing extensive questionnaire data, lifestyle infor-
mation, and hospital visit records, making it ideal 
for studying long‑term comorbidity patterns be-
yond osteoporosis [20–23].  

The dataset comprises several subcomponents: de-
mographic variables, year‑specific questionnaires, 

and hospital visits categorized using ICD‑8, ICD‑9, 
and ICD‑10 codes. Preparation for analysis required 
systematic cleaning to remove errors, correct en-
tries, and resolve missing values. Afterwards, re-
lated data sources were merged into structured 
groups, such as unified diagnosis events, demo-
graphic profiles, and time‑dependent factors in-
cluding death or emigration.  

The CDM created for this research (Figure 2) is in-
tentionally lightweight, designed to support the an-
alytical requirements of the application rather than 
replicate comprehensive models such as OMOP. 
Several refinement cycles were needed to ensure 
compatibility with downstream statistical methods. 
Once finalized, transforming updated OSTPRE da-
tasets into the CDM became a reproducible and ef-
ficient process. 

Analytics layer 

Once harmonized into the CDM, the data enter the 
Analytics Layer, where statistical methods suitable 
for longitudinal RWD are applied. We developed a

 

Figure 2. CDM structure integrating identifiers, ICD-8/9/10 codes, questionnaire cycles, and key varia-
bles for longitudinal analysis. 
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tailored research protocol to assess associations 
between two medical conditions, with methods 
carefully selected based on prior case studies 
where they proved most effective for drawing con-
clusions within the given research setting. While 
the statistical techniques themselves are standard, 
their correct and consistent application in a longitu-
dinal, time‑dependent context is nontrivial, even 
when performed manually. This protocol ensures 
that analyses are reproducible, transparent, and 
aligned with the structure of the underlying registry 
data. 

To quantify how exposure conditions influence sub-
sequent outcomes while accounting for follow‑up 
time, censoring, and relevant covariates, we em-
ployed several complementary statistical methods: 

Cross‑tabulation provides a contingency table 
showing the frequency of co‑occurrence between 
an exposure and a response condition. A Chi‑square 
test evaluates whether the observed distribution 
differs from what would be expected under inde-
pendence, indicating whether any association is un-
likely to be due to chance. This method is useful for 
initial exploration before applying more complex 
time‑dependent analyses. 

Survival analysis examines the time until an event—
such as onset of a medical condition or death—oc-
curs. The analysis requires a defined starting point 
(e.g., baseline questionnaire, first occurrence of a 
diagnosis, or a specific age) and can use different 
time scales such as age or time since exposure. A 
key feature is the ability to handle censored obser-
vations, where follow‑up ends before the event is 
observed. Survival models can also incorporate 
competing risks when events such as death pre-
clude the outcome of interest. These techniques al-
low estimation of cumulative incidence and com-
parison of event probabilities between exposed 
and unexposed groups. 

Standardized Incidence Ratio (SIR) quantifies 
whether the incidence of a condition in the study 
population differs from what would be expected 
based on age‑specific rates in a reference popula-
tion. In this study, SIRs were estimated using Pois-
son regression, stratifying follow‑up into one‑year 
age groups after exposure. This approach reveals 
whether the response condition occurs more or less 
frequently in the exposed group than expected, and 
how relative risk evolves over time. 

Cox Proportional Hazards Model estimates hazard 
ratios to assess how covariates – such as BMI, age, 
or education – affect the instantaneous risk of the 
response condition over time. It accounts for vary-
ing follow‑up durations and censoring, making it 
well suited to longitudinal registry data. The model 
also supports time‑dependent covariates, enabling 
individuals who develop the exposure condition 
during follow‑up to transition from unexposed to 
exposed groups. This allows examination of both 
the direct exposure–response relationship and the 
modifying effects of additional risk factors. 

Implementation 

All analytical steps were implemented as modular R 
functions that process CDM data, prepare model in-
puts, and generate standardized outputs. These 
functions have been compiled and documented 
into the healthpopR R-package [24], which supports 
reproducible computation and reduces analytic 
flexibility bias [25]. 

RWE-reporting layer 

The Reporting Layer organizes the outputs pro-
duced by the Analytics Layer, focusing on results 
that are most relevant for interpretation and deci-
sion‑making. Because statistical analyses generate 
large amounts of intermediate information, the 
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Reporting Layer highlights key evidence rather than 
presenting all outputs. 

These analytical functions were integrated into a 
Shiny application that operates directly on the 
CDM. The application provides a browser‑based in-
terface where users can define exposure and re-
sponse conditions using regular expressions for 
ICD‑8/9/10 codes. Once defined, the application 
processes the data, fits the appropriate statistical 
models, and presents results through interactive 
visualizations and aggregated tables. All outputs 
preserve privacy by reporting only aggregated in-
formation, and results can be exported for docu-
mentation or further research use. 

Results 

To demonstrate the automated functionality of the 
framework and the Shiny application as a proof of 
concept, we present a real-world study example. 
The relationship between diabetes and ischemic 
heart disease (IHD) represents a well-suited sce-
nario for illustrating the capabilities of the applica-
tion in generating real-world evidence reports. Dia-
betes is a highly prevalent chronic condition 
worldwide, and cardiovascular complications re-
main among its most serious long-term outcomes 
[26]. A large body of epidemiological research has 
established that individuals with diabetes are at a 
markedly increased risk of developing IHD com-
pared with the general population, with risk esti-
mates ranging from a 2- to 4-fold increase [27,28]. 
Moreover, both conditions are widely coded and 
tracked in national health registries, making them 
particularly appropriate for demonstrating how 
registry-based follow-up studies can be standard-
ized and automated. Within the application, the re-
searcher can define exposure (diabetes) and 

response (IHD) diagnoses consistently across dec-
ades using ICD coding systems. The full report is 
available on the GitHub page [29]. To provide step-
by-step evidence-based conclusion, we introduce 
most important results. 

Cross-tabulation approach allows researchers to 
quickly assess whether the prevalence of the re-
sponse condition differs between exposed and un-
exposed groups, offering a baseline understanding 
before analyzing more complex, time-sensitive re-
sults. In the diabetes–IHD example, individuals with 
diabetes had a substantially higher proportion of 
IHD (60.5%) compared with those without diabetes 
(43.1%). This difference was highly significant (χ² = 
409.5, df = 1, p < 0.001), with a small-to-moderate 
effect size (φ = 0.16). While informative, cross-tab-
ulation does not capture how the incidence of IHD 
evolves over time following a diabetes diagnosis. 

Competing-risk analysis is used to estimate the cu-
mulative incidence of a response condition and 
death following an exposure condition (Figure 3). At 
the start of follow-up, the cumulative incidence 
may appear relatively high due to an optional data-
handling rule in the framework: response events 
that occurred prior to the exposure can be reas-
signed to the exposure date to maintain temporal 
consistency. This approach visualizes the portion of 
patients who already had an IHD diagnosis at or be-
fore the time of diabetes onset. In the application, 
researchers can modify this reassignment depend-
ing on the study design and research question. As 
an illustrative example, the cumulative incidence of 
IHD increased steadily throughout follow-up, ac-
counting for the competing risk of death. This anal-
ysis provides a clear view of how the automated 
workflow captures exposure–response dynamics in 
a reproducible and interpretable manner.  
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Figure 3. Competing-risk cumulative incidence curves for ischemic heart disease (IHD) and all-cause mor-
tality following diabetes diagnosis. To maintain temporal consistency, IHD events recorded before the 
diabetes diagnosis were reassigned to the diagnosis date. 

Standardized incidence ratio (SIR) analysis was con-
ducted to compare the observed incidence of is-
chemic heart disease (IHD) in exposed individuals 
with the incidence expected based on reference 
population rates. This approach allows researchers 
to quantify how exposure alters risk relative to a 
standardized baseline and to examine temporal 
patterns of risk over follow-up. In the diabetes–IHD 
example, the SIR was highest during the first year 
after exposure (SIR 2.82, 95% CI 2.45–3.24), indicat-
ing a pronounced short-term elevation in risk. Alt-
hough the relative risk decreased in subsequent ex-
posure periods, it remained significantly elevated 
throughout follow-up, ranging from 1.51 (95% CI 
1.35–1.68) during 1–4 years after exposure to ap-
proximately 1.7 during 5–14 years, and increasing 
again to 2.04 (95% CI 1.79–2.32) after 15 years. 
Overall, individuals with any exposure had a 79% 

higher risk of IHD compared with unexposed indi-
viduals (SIR 1.79, 95% CI 1.66–1.94). These findings 
provide a clear overview of both the magnitude and 
temporal dynamics of exposure-related risk, com-
plementing the results from cross-tabulation and 
competing-risk analyses. 

A Cox proportional hazards model was used to eval-
uate the association between diabetes and the risk 
of ischemic heart disease (IHD). Two models were 
fitted. Model 1 included baseline age and diabetes 
status as a time-dependent variable. Model 2 was 
additionally adjusted for body mass index (BMI) and 
educational level, both measured at study baseline. 
Baseline age was included in both models to ac-
count for small variations in participants’ age at co-
hort entry. 
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In Model 1, individuals with diabetes had a 57% 
higher risk of IHD compared with those without di-
abetes (HR 1.57, 95% CI 1.47–1.69, p < 0.001). After 
adjustment for BMI and education in Model 2, the 
association was attenuated but remained statisti-
cally significant, with diabetes associated with a 
37% increased risk of IHD (HR 1.37, 95% CI 1.27–
1.47, p < 0.001). 

Educational level showed a strong inverse associa-
tion with IHD risk. Compared with individuals with 
low education, those with medium education had a 
12% lower risk (HR 0.88, 95% CI 0.84–0.93, p < 
0.001), while those with high education had a 40% 
lower risk (HR 0.60, 95% CI 0.53–0.68, p < 0.001). 

BMI was independently associated with IHD risk. 
Compared with participants with healthy weight, 
overweight was associated with a 24% higher risk 
(HR 1.24, 95% CI 1.17–1.31, p < 0.001) and obesity 
with a 55% higher risk (HR 1.55, 95% CI 1.45–1.67, 
p < 0.001), whereas underweight was not signifi-
cantly associated with IHD risk (HR 0.93, 95% CI 
0.48–1.79, p = 0.83). 

Importantly, the full report also provides diagnostic 
plots, such as tests of proportional hazards and co-
variate contributions [29]. For Model 2, the diag-
nostics indicate that exposure, BMI, and other co-
variates have notable contributions to model fit, 
allowing researchers to evaluate model assump-
tions and performance directly within the auto-
mated workflow without requiring additional pro-
gramming. 

These results are consistent with the findings from 
cross-tabulation, competing-risk, and SIR analyses, 
further confirming that diabetes is associated with 
an elevated risk of IHD. By providing time-to-event 
estimates and adjustment for key covariates, the 
Cox models complement earlier analyses and illus-
trate how the automated workflow captures both 

the magnitude and temporal dynamics of expo-
sure–response associations. 

Discussion 

We developed an automated analytical pipeline de-
signed to generate reproducible results for investi-
gating relationships between exposure and out-
come conditions. In this use case, the OMOP CDM 
would also have been a suitable option; however, 
its implementation would have required substan-
tially greater resources and time for data transfor-
mation and infrastructure development. If an 
OMOP-based data structure had already been avail-
able, developing applications on top of it would 
have been a reasonable approach. In future work, 
we aim to facilitate interoperability by enabling 
streamlined data transfer from OMOP-based struc-
tures to the simplified model supported by our ap-
plication. 

While comprehensive CDM frameworks allow 
highly detailed and standardized representations of 
healthcare data, simpler data models can ade-
quately address most research-oriented analytical 
needs, particularly in well-defined registry settings. 
Maintaining a clear understanding of data prove-
nance, analytical assumptions, and workflow struc-
ture remains essential regardless of the underlying 
data model. 

Generalizing a statistical model to new datasets of-
ten introduces errors, as these datasets typically 
contain variations in variable values or other char-
acteristics [26]. Such discrepancies are an inherent 
challenge in modeling but can be managed through 
iterative development: when issues arise, the 
model can be refined and its functions adjusted to 
improve performance. This iterative process re-
flects the dynamic nature of data modeling, partic-
ularly when new analytical requirements emerge 
[30]. Revisiting the data model is necessary, while 
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maintaining simplicity as a core principle ensures 
that the application remains adaptable. Additional 
robust analyses can also be integrated as research-
ers use the system, and advanced functionalities 
are planned for future updates. 

The dataset used in this project was transformed 
into a generalized format, enabling potential exten-
sion to nationwide registries. The application itself 
is scalable to broader infrastructure because it op-
erates on data structures which are generated by 
Finnish healthcare registries. A current limitation is 
that the application was developed and tested with 
a dataset of 16,000 individuals, which may affect 
computational performance when applied to larger 
populations depending on available computing re-
sources. However, moving analytical functions to 
database servers could substantially improve pro-
cessing times [31,32]. Performance would also 
likely improve with more powerful computational 
infrastructure, as the application was evaluated on 
a relatively small server with four CPU cores and 8 
GB of RAM. 

The application’s foundation on open-source soft-
ware fosters continuous development and encour-
ages the integration of new statistical methods and 
analytical procedures [33]. This approach aligns 
with the core principles of Open Science, which ad-
vocate for transparency and collaboration by shar-
ing code and methodologies through platforms 
such as GitHub [34]. Looking ahead, the application 
will undergo iterative enhancements to incorporate 
additional functionalities and advanced analyses, 
and it will be validated across diverse datasets to 
ensure scalability and robustness. 

The application has been evaluated in research set-
tings, where medical students, many without prior 
programming experience, were able to generate 
statistical analyses by specifying exposure and out-
come conditions through the graphical interface. 

This demonstrates the accessibility of the frame-
work and its potential to lower the technical barrier 
for conducting structured observational analyses. 
By requiring only substantive clinical interest rather 
than coding expertise, the system supports broader 
engagement in data-driven research. Although the 
underlying registry data cannot be made publicly 
available due to data protection regulations, the 
application is currently being used in ongoing re-
search projects at the University of Eastern Finland, 
supporting its practical feasibility and operational 
stability. 

This type of framework exemplifies a low-cost solu-
tion built on real-world data with open data science 
principles [35]. Instead of relying on external com-
panies to develop complex platforms, meaningful 
results can be obtained directly from registry data 
in a straightforward manner. Additionally, the ap-
plication saves time for statisticians by automating 
the initial steps of research, allowing them to focus 
on more advanced analyses. 

Conclusion 

Overall, the framework provides a rapid, low‑cost, 
and reproducible approach for generating 
real‑world evidence (RWE) to support research and 
healthcare decision‑making. By automating key an-
alytical steps, it enables researchers to identify as-
sociations efficiently and with minimal manual ef-
fort, thereby facilitating both scientific discovery 
and practical evaluation of healthcare outcomes. 
Because the application outputs only aggregated 
results, researchers can conduct analyses without 
accessing person‑level data, supporting secure and 
privacy‑preserving use of sensitive health infor-
mation. The framework can also be scaled to larger 
data environments, such as regional hospital data 
pools, to generate more detailed insights and ex-
pand analytical capacity. As a proof‑of‑concept, this 
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work demonstrates a cost‑efficient pathway for 
RWE generation and lays the groundwork for devel-
oping more advanced analytical systems in the fu-
ture.  
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