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Abstract 

We developed OpenStats, a user-friendly web application that brings the power of the R language to research-
ers through a high-level interface and broad support for statistical methods such as t-tests and ANOVA. OpenStats 
was integrated into our electronic lab notebook Chemotion ELN via its third-party API, enabling direct data exchange 
with it. A pivotal feature of OpenStats is its ability to record each analysis step in a structured history. This record allows 
users to retrace their work and enables automatic replay of the entire analysis, promoting reproducibility and long-
term data integrity. In the modern research landscape, Research Data Management (RDM) tools like electronic lab 
notebooks (ELNs) are crucial for generating reproducible, repeatable, and transparently documented data. However, 
integrating statistical analysis tools into RDM systems remained a challenge. We demonstrated how OpenStats can 
be seamlessly linked to Research Data Management (RDM) systems, using Chemotion ELN as a reference implemen-
tation, by our application to a standard dose–response assay scenario. This linkage allows the integration of statisti-
cal data analysis in the form of a closed, traceable workflow into the RDM world. It therefore complements systems 
that are aiming for reproducible and standardized workflows in the scientific environment.

Scientific contribution 

 By advancing the reproducibility and transparency of scientific data and the establishment of standardized rou-
tines to enable comparability of data we address a persistent challenge in scientific data evaluation and reporting. 
OpenStats brings statistical evaluation combined with analysis history tracking into the daily routine of scientists—
even if they are not experts for statistics and not familiar with common statistics tools. The integration of OpenStats 
into RDM systems supports complete reproducibility by allowing automatic replay of the entire workflow enabling 
a closed, traceable, and standardized workflow from data acquisition to statistical evaluation.
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Introduction
In modern scientific research, efficient, reproducible, 
and standardized workflows are essential for planning 
experiments, managing data, and analyzing results [1, 
2]. Research Data Management (RDM) systems such as 
Electronic Lab Notebooks (ELNs) facilitate these pro-
cesses by providing digital environments for experiment 
planning, data storage, data analysis, and documenta-
tion [3–5]. While discipline agnostic ELNs usually offer 
a broad applicability in different domains, but lack func-
tions to deal with data structures and content established 
in the communities [6, 7], domain-specific systems offer 
diverse functions that support scientists in their work, 
but are usually limited in terms of suitability for other 
domains [8, 9]. Still, the domain-specific ELNs play a piv-
otal role in RDM as they allow for the storage of struc-
tured data that follows the standards and routines of the 
respective communities. In addition, they include the 
required functionality to parse data and validate data to 
ensure the correct assignment of results to the estab-
lished data structure [10]. Besides the very broad func-
tionality that can be found within the feature lists of 
ELNs that are currently on the market, ELNs used by 
academic scientists [11] lack solutions to systematically 
integrate statistics if it comes to requirements exceed-
ing a general R, python or jupyter interface. This is even 
more problematic as statistical analysis should be a fun-
damental component of research, playing a crucial role 
in data exploration and hypothesis testing [12–15]. ELNs 
not only offer the possibility to integrate statistical meth-
ods into a virtual working environment for scientists in 
order to make work more seamless and tools more inter-
connected. They also provide the opportunity to sys-
tematically establish validated statistical routines and 
methods more broadly, thereby contributing to progress 
toward the standardization and reproducibility of statis-
tical experiments by providing proven procedures. The 
availability of validated statistical elements in ELNs could 
offer particular added value, as fundamental routines can 
be established across communities, independent of the 
availability of specific tools within individual research 
groups and their particular workflows, which some-
times also vary from one scientist to another. The defini-
tion and implementation of such a statistics support that 
serves the needs of the scientists is quite challenging: The 
complexity and diversity of statistical methods are high, 
and they differ a lot depending on the required scientific 
question, and connected to that, the need to define and 
configure the available tools to allow a suitable applica-
tion. For example, descriptive statistics facilitate the ini-
tial examination of datasets by computing characteristic 
values such as the mean, median, and standard error, as 
well as visualizing distributions. In contrast, inferential 

statistics enable researchers to identify significant differ-
ences between groups through various tests, including 
t-tests and ANOVA [16–18]. In addition, in statistical 
analysis, researchers often rely on a variety of statistical 
tools to process and interpret their data, and the choice 
of software significantly impacts efficiency, accessibility, 
and reproducibility. Concerning a potential integration 
of statistics into an ELN functionality, this means that an 
ELN would probably need to support different statistics 
tools and would need to reflect the needs of the scien-
tists in terms of flexible and adaptable use. For example, 
Microsoft Excel [19] is widely used for statistical analy-
sis, particularly in biological research [20, 21]. However, 
Microsoft Excel lacks built-in support for many advanced 
statistical methods. Performing an analysis of variance 
(ANOVA) requires the additional ToolPak extension, and 
further assumption testing necessitates external plugins 
such as the Real Statistics Resource Pack [22, 23]. To 
address these limitations, various proprietary statisti-
cal software solutions are available, including SPSS [24], 
Minitab [25], and GraphPad Prism [26]. While these 
tools provide more robust statistical capabilities, they 
are not universally accessible due to their cost, restrict-
ing use to those with financial resources. As a result, reli-
ance on such software undermines the reproducibility 
of data analysis by limiting accessibility. Furthermore, 
there is no recorded workflow or analysis history avail-
able, making it impossible to repeat or verify the statisti-
cal analysis. An alternative approach involves the use of 
open-source programming languages such as R [27] and 
Python [28], which offer a vast array of statistical tests 
and ensure a fully reproducible and repeatable workflow. 
While the application of R and Python requires at least 
basic programming skills, there are free software tools 
such as Jamovi, JASP, and BlueSky Statistics that offer a 
user-friendly interface, meaning that no programming 
skills are required. However, these tools cannot be seam-
lessly integrated into a workflow with web-based services 
such as Chemotion ELN, as they either do not support 
a browser version (BlueSky Statistics) or only provide a 
proprietary web version (Jamoni). Moreover, the replay 
of an analysis in these tools is session-based.

Results and discussion
General considerations
The work described here aims to provide an R-based sta-
tistical tool that covers basic routines for statistical analy-
sis. The tool should be available as a stand-alone solution 
and should be integrated into a research data environ-
ment to demonstrate the benefits of including statistics 
directly into the workflow of experiment conduction and 
analysis in a research data management tool. We aim to 
demonstrate how statistics can be easily provided to ELN 
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users, regardless of their programming skills or familiar-
ity with using Jupyter notebooks with an ELN, or con-
figuring APIs. Furthermore, we demonstrate that our 
solution allows for establishing standardized ways for sta-
tistical analysis with open source tools, enabling the har-
monization of methods and results in a community that 
currently applies multiple different tools and methods, 
mostly only accessible to individual scientists or within 
a working group. In this way, our work should allow the 
introduction of standard routines to foster comparability 
of statistical analysis.

To enhance the reproducibility and transparency 
of experiments and their analysis, methods should be 
established within the developed software to record the 
conducted steps. This ensures full traceability of all per-
formed actions and enables the experimental analysis to 
be repeated under identical conditions.

Our approach resulted in the development of Open-
Stats, a statistical software that allows us to analyze 
assays conducted by biochemists, chemical biologists, 
and biologists. Moreover, we established a seamless com-
munication between OpenStats and Chemotion ELN, 
chosen as the reference implementation for its alignment 
with our application domain in chemistry and biology, 
and its support for well-structured data compliant with 
domain-specific standards.

Development of the statistics application
The statistics application OpenStats was developed as a 
web-based platform with a user interface (UI) that seam-
lessly integrates R-based analyses into the workflow of 
scientists. While it can be used as a standalone applica-
tion, it was specifically designed to integrate efficiently as 
a third-party app (TPA) within the electronic lab note-
book (ELN). The programming language R [29] enables 
scientists to run statistical analyses of their data at a high 
level of professionalism. The application uses the package 
shiny [30, 31], released in 2012, enabling the creation of 
interactive web applications directly from R.

OpenStats offers many statistical tests provided by R 
itself, for instance, the t-test, correlation tests, and the 
ANOVA [32]. Moreover, for linear models, post hoc tests 
from the agricolae [33] package are offered, whereas for 
generalised linear models, the emmeans package [34] is 
used. Furthermore, for the visualization of data, Open-
Stats employs the R package ggplot2 [35], which has 
become a standard for data visualization since its release 
in 2007. In the following sections, many capabilities, 
including the dose–response analysis, which uses the drc 
package [36], are presented in detail. In addition, Open-
Stats offers many other useful tools required by biolo-
gists and chemists. The creation of summary statistics, 
calibration curves, and parameter fitting are presented 

in the supplementary Section  7. Mentionable is that 
the dependencies required for the statistical tests are R 
packages which have shown stable and well-maintained 
interfaces over many years, making them suitable for 
reproducible workflows.

A key feature of OpenStats is its ability to execute text-
based R commands, for instance, for Data wrangling 
actions. To ensure security and server-side execution, 
OpenStats processes each expression using its Abstract 
Syntax Tree (AST) representation. The system then 
applies the following validation steps: (1) Function Per-
mission Check ensuring that only permitted functions 
are executed, (2) Variable Existence Check, verifying 
that all referenced variables exist within the dataset, (3) 
Encapsulated Evaluation ensuring that all variables are 
placed in a dedicated R environment, isolating the exe-
cution and preventing unintended modifications. These 
validation measures ensure that users can only execute 
specific, pre-approved functions, effectively preventing 
the execution of potentially malicious code. This is par-
ticularly important because R provides functions that 
could otherwise be used to access the underlying sys-
tem. By enforcing these restrictions, OpenStats mitigates 
security risks while maintaining a controlled and safe 
execution environment.

ELN integration
Chemotion ELN supports different ways to work with 
data that requires discipline-specific tools (see supple-
mentary Sect.   1). For instance, software can be embed-
ded into the UI and/or backend of the ELN, being then 
deeply integrated into the ELN’s workflows. Alternatively, 
external software or services can be connected via appli-
cation programming interfaces (APIs), thereby extend-
ing functionality without the need to install externally 
developed software within the system. A third option is 
to investigate analytical data from the ELN using propri-
etary software installed locally. Once the analysis is com-
plete, the results are automatically saved back to the ELN. 
For the use of OpenStats, we decided on another imple-
mentation that allows seamless communication between 
Chemotion ELN and third-party applications (TPAs) 
running on a server and can be used either via the ELN or 
independently of it. This approach has several advantages 
over the other solutions: (1) the integration of a TPA into 
the ELN workflow makes the main application independ-
ent of external software dependencies and fosters soft-
ware modularity. (2) The connection of a TPA allows the 
ELN admin to allow as many TPAs as requested from the 
ELN users without the risk of overly complex ELN archi-
tectures. (3) The third-party app allows the integration of 
user input during the analysis process and is, therefore, 
more flexible than the connection of external services via 
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API. (4) The development of a TPA allows a compromise 
between flexibility and standardization. Different use 
cases can be addressed by providing dedicated TPAs, and 
once a TPA is developed for a specific purpose, the entire 
community can benefit from its availability through the 
ELN. The TPA could easily introduce standards that are 
currently not established in the community.

Data processing workflow and standalone use
OpenStats can be used as a stand-alone software or inte-
grated into Chemotion ELN. The two options are com-
pared in Fig.  1, showing the differences in the research 
management workflow and the steps that are common. 
Due to the manifold benefits of using OpenStats as inte-
grated software, details of the workflow are described for 
the scenario that includes Chemotion ELN in the follow-
ing sections. Chemotion ELN and OpenStats interact in a 
way that allows efficient, semi-automated, and reproduc-
ible statistical analysis in the form of a pipeline (Fig. 1). 
Chemotion ELN supports experiment planning (1), 
structured data storage (2), and the seamless transfer of 
data to web applications (3). OpenStats then enables data 
wrangling (4), data visualization (5), statistical model cre-
ation and application (6), conducting statistical tests (7), 
and sending the results back to the ELN (8), where the 
results can be accessed (9).

Step 1: experiment planning
To demonstrate the experiment planning process, 
we simulated a dose–response dataset, mimicking a 

common colorimetric assay (MTT (3-(4,5-dimethylth-
iazol-2-yl)-2,5-diphenyltetrazolium bromide) assay) for 
assessing metabolic activity, in the domain of chemistry, 
biochemistry, and biology. The exemplarily chosen setup 
comprises response trajectories for 12 distinct chemi-
cal substances, each measured in 5 replicates across 12 
concentrations ranging from 0.5 to 26  µM (Fig.  2, for 
details of the design of the experiment see supplementary 
Section 2).

Step 2 and step 3: storing results and sending them to TPAs
Once the measurements are completed, the data is 
uploaded to Chemotion ELN to the Attachments tab of 
the Research Plan (Fig.  3A) facilitated through a drop-
down menu, which lists all available TPAs based on the 
file extension of the uploaded results file. By selecting a 
desired TPA, a new browser tab is automatically opened, 
transferring the file seamlessly to the selected service. 
Figure 3B illustrates this process, showing how the use of 
the OpenStats app is initiated by the app management, 
and how the DoseResponseData.csv file, successfully 
retrieved from Chemotion ELN, is displayed as a table for 
further analysis (see supplementary Section 3 for details).

Step 4: data wrangling
After loading the file into OpenStats, users can preproc-
ess and manipulate their data within the Data Wran-
gling tab. A wide range of methods is available, enabling 
users to transform and analyze their dataset efficiently. 
The system is designed to be extensible, allowing the 

Fig. 1  Schematic representation of the data analysis workflow integrating Chemotion ELN with OpenStats as a TPA compared to using OpenStats 
as a stand-alone version. For the ELN-integrated use of OpenStats, experiments are planned and stored within Chemotion ELN before relevant 
data files are transferred to the TPA. The processed results and the history are then returned to Chemotion ELN. If used as stand-alone software, 
the planning and storage of data need to be organized by the user, and the TPA analysis is started by uploading data to the TPA directly
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incorporation of additional data manipulation meth-
ods. To maintain a clear user interface, new functions 
can be structured as subtabs within the Data Wrangling 
section. To provide a guided and feasible application of 
functions to the data, the entire data wrangling process 
can be performed via predefined actions, eliminating the 
need for manual coding. Examples are given in Fig. 4: The 
first red box (Fig. 4 left) contains buttons that reference 
either the entire dataset named “df” (green) in the given 
example or individual columns (blue, names of the col-
umns extracted from the dataset). Based on the selection, 
users can access a comprehensive set of operator but-
tons, including arithmetic, mathematical, logical com-
parison, and statistical functions, thereby applying them 
to the selected dataset or columns. When an operation 
is selected, it’s automatically added to the Operations 
text box in the main panel. For example, the expression 
“((abs—mean_pos)/mean_neg)*100” normalizes the 

absorbance values using the means of the positive and 
negative controls (Fig. 4). The mean values are computed 
beforehand and stored in custom-named intermediate 
variables (here: mean_pos and mean_neg). This nor-
malization step transforms raw absorbance readings into 
percentage values relative to the defined control range. 
Advanced users can bypass the UI elements and enter 
text-based commands directly.

Step 5: visualization
A crucial step in statistical data analysis is visualizing the 
dataset to identify patterns, trends, and relationships. To 
facilitate this, OpenStats provides boxplots, scatter plots, 
and line plots as plotting types. All visualizations are 
generated using ggplot2 [35, 37], a widely recognized R 
package known for its high-quality, customizable graph-
ics. In Fig. 5 A, an excerpt of the available customization 
options is shown. To generate a plot, users must define 

Fig. 2  Experiment planning in Chemotion ELN. The ELN content area Research plan documents the objective and experimental setup for a dose–
response assay aimed at determining IC50 values of 12 chemical substances across 12 concentration levels. It includes concentration ranges, 
replicates, controls, and measurement procedures based on simulated absorbance values
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the X- and Y-axis variables via a drop-down menu, which 
lists all dataset columns. The custom axis titles can be 
entered into the respective text fields.

Beyond the core settings shown in Fig.  5, users can 
incorporate information from additional columns in the 
dataset. Each group in the selected column is assigned a 
unique colour, applied to either the boxplot’s border or 
fill, making categorical differences visually distinct along-
side the X and Y axes. Furthermore, plots can be split 
into multiple subplots -one for each group- allowing for 
clearer comparison across categories.

These features ensure that OpenStats provides a flex-
ible and intuitive approach to data visualization, enhanc-
ing the interpretability of statistical results.

Step 6: statistical models
To conduct statistical tests in OpenStats, users must 
first define a statistical model. Currently, OpenStats sup-
ports linear models (lm), generalized linear models (glm), 
and a custom optimization model. Both linear models 
and generalized linear models are widely used and well-
established methods for analyzing biological data [17]. In 
contrast, the optimization model requires users to define 
an explicit mathematical equation containing unknown 
parameters. This allows users to fit custom equations to 
experimental data—for example, to generate calibration 
curves. Although the optimization model is not a statisti-
cal model in the strict sense, it follows the same creation 
workflow as linear models and generalized linear models 

Fig. 3  Transferring data to a third-party application (TPA) from Chemotion ELN. A Files are stored as attachments within Chemotion ELN. Selecting 
a TPA from the dropdown menu opens the application in a new browser tab. B Display the uploaded file’s content in the OpenStats application, 
where the dataset is processed for statistical analysis
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to maintain a consistent user experience. All models 
are created using the Formula Editor, which is accessi-
ble from all analysis tabs in OpenStats except the Data 
Wrangling tab, to avoid unnecessary interface clutter 
(Fig.  6). Within this window, users define the model by 
selecting a response variable (dependent variable) from a 
drop-down list of dataset columns (on the left), and add-
ing predictor variables (independent variables) either via 
button clicks or by manually entering the formula in the 
text box. Notably, the set of available tests in the Assump-
tions and Tests tabs updates dynamically depending on 

the model type. For example, the t-test is available for 
linear models but not for generalized linear models. 
Moreover, some methods —such as correlation tests and 
dose–response analysis— do not rely on any of the statis-
tical models (lm, glm, or optimization). However, for the 
sake of a streamlined and consistent interface, OpenStats 
still requires users to define a formula before running 
these analyses. In such cases, the formula serves only to 
map the response to predictor variables.

Figure  6 shows an example in which a linear model 
is created using normalized absorbance (norm_abs) as 

Fig. 4  Data wrangling in OpenStats. A Subset of the left-side panel in the Data Wrangling tab. The “variables box” provides buttons referencing 
the entire dataset (df ) and individual columns (substance, conc, abs, norm_abs). Additionally, arithmetic operations, mathematical functions, 
logical comparisons, and statistical functions are available for selection. B Main panel of the Data Wrangling tab. The upper section contains a text 
field where operations can be defined using the side panel buttons or manual input. Results can be stored as intermediate variables or appended 
to the dataset, with new column names specified in the designated input fields. The image illustrates an example where the abs column 
is normalized (norm_abs) using the means of the positive and negative controls, which were calculated beforehand
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the response variable and concentration (conc) as the 
predictor. In the example, the formula is applied to the 
full dataset, which contains 12 different substances, 
and the resulting model pools all substances into a 
single fit. The corresponding model summary shows 
the estimated coefficients, standard errors, test statis-
tics, and p-values, along with model selection metrics 
such as AIC (Akaike Information Criterion) and BIC 
(Bayesian Information Criterion). A fitted regression 
line with a 95% confidence band is also displayed (see 

supplement Section 4, Fig. S1). Although the pooling of 
heterogeneous substances into a single linear model is 
not statistically meaningful in itself, it provides a global 
visualization of the overall concentration–response 
pattern across the dataset. This artificial trend is not 
intended as a final model but instead serves as a first 
orientation step before applying substance-specific 
analyses.

Fig. 5  Data visualization in OpenStats. Prior to visualization, a filter was applied to display only the data for Substance6, ensuring clarity 
and consistency in the generated plots. A Sidebar excerpt showing the configuration options for plotting: selection of Y- and X-variables, 
customization of axis labels, grouping options using fill (for box interior) and color (for box borders), and the ability to create subplots using a split 
variable. B Resulting boxplot illustrating the relationship between viability and concentration for Substance6. Each box represents the distribution 
of normalized absorbance (viability) values across replicate measurements at each concentration
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Step 7: Statistical tests
After creating the formula, the dose–response analy-
sis is performed. Upon switching to the corresponding 
tab, the user must specify the column that contains the 
grouping variable—in this example, the column is named 
substance. Additionally, users may optionally apply a log-
arithmic scale to the x-axis, y-axis, or both by selecting 
the appropriate checkboxes. By clicking Conduct analy-
sis, OpenStats fits individual dose–response models for 
each substance in the dataset using the specified formula.

The results are presented in two forms. First, a sum-
mary table of all estimated parameters is provided (Fig. 
S2). The predicted values closely match the ground truth 
used to simulate the data. Second, the fitted models are 
visualized for each substance (Fig.  7). These plots show 
the raw viability values against concentration, overlaid 
with the predicted dose–response curve. This visualiza-
tion allows users to assess model fit, identify deviations, 
and evaluate the quality of the underlying data. The app 
also includes an overview plot (not included in Fig.  7), 
which displays up to nine dose–response plots simulta-
neously to facilitate comparison across substances.

Step 8: manage results and send files to ELN
A key feature of OpenStats is the Result List, which pro-
vides an overview of all generated results across differ-
ent tabs. Once satisfied with the results, the user must 
specify a file name before exporting the data (Fig. S1) 
and save the results to start the export process: when the 
app is running locally, the result list is downloaded as a 
ZIP archive, with each result saved as a separate file. In 
contrast, in the Chemotion ELN version, the entire result 
list is exported into a single Excel file and automatically 
transferred back to Chemotion ELN (Fig. 8), being stored 

in the same location within Chemotion ELN from which 
the original file was sent to OpenStats. This ensures a 
reproducible, closed-loop data analysis workflow, main-
taining a seamless connection between data processing 
and experiment documentation.

Reproducibility of analysis
A key strength of OpenStats is its ability to automati-
cally record all analysis steps in a comprehensive history, 
stored alongside the actual results (Fig. S3). A history 
provided as a human-readable table allows users to 
trace the exact sequence of operations, including vari-
able transformations, filters, visualizations, and statistical 
tests (Fig. S3A). This transparent documentation makes 
it easy to understand what was done and in what order, a 
feature that is often lacking in graphical user interfaces. 
In addition, the entire history is also stored in a machine-
readable JSON format at the end of the resulting Excel 
file (Fig. S3B). This enables users to reload their data-
set, enter the JSON history, and reproduce the complete 
analysis. This dual-format history system enables full 
reproducibility of statistical workflows without requiring 
users to write code. As such, it bridges the gap between 
interactive data analysis and the reproducibility typically 
only achievable through standardized environments or 
predefined workflows.

Conclusion
OpenStats enables statistical analysis in R through an 
intuitive high-level user interface, offering an open-
source alternative to proprietary tools in particular for 
chemists and biologists. It supports two main statisti-
cal models -linear and generalized linear- with a broad 
range of associated tests, such as ANOVA and post hoc 

Fig. 6  Constructing a statistical model in OpenStats. The Formula Editor guides users through defining a model by mapping variables. First, 
the normalized absorbance (norm_abs) is selected as the response (dependent) variable. Then, the concentration (conc) column is added 
as a predictor in the Formula terms field. The interface supports multiple predictors and interaction terms. In this example, conc is included as a main 
effect, but users can expand the model by adding more variables or specifying interactions
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comparisons. Notably, the test interface dynamically 
adapts to the selected model. In addition to these core 
models, users can perform nonlinear model fitting by 
defining a custom optimization model.

In addition, we established seamless communication 
between a research data management system (Chemo-
tion ELN) and third-party applications, exemplified by 

OpenStats. Because both the Chemotion ELN and Open-
Stats are web-based, computationally intensive analy-
ses can be offloaded to dedicated clusters. Through this 
integration, users can access these capabilities without 
handling data or files locally, enabling a closed, repro-
ducible data analysis workflow directly within the ELN 

Fig. 7  Dose–response analysis in OpenStats. A The left-hand sidebar shows the user interface elements required to run the analysis, 
including the selection of a previously defined model, specification of the grouping variable (substance), options for logarithmic scaling of the axes, 
and the button to initiate the dose–response analysis. B Plot of the raw viability values against concentration, overlaid with the predicted dose–
response curve for Substance6 

Fig. 8  Returning statistical analysis results from OpenStats to Chemotion ELN. After completing the statistical analysis in OpenStats, the results are 
saved and transferred back to Chemotion ELN as a new file attachment. In this example, the analysis results are stored in ResultsDoseResponse.xlsx, 
which appears as a new attachment in the Research Plan, the same section where the original data file was initially sent to OpenStats
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environment. Although it is also possible to use Open-
Stats locally as a standalone application.

Furthermore, a pivotal feature of OpenStats is its auto-
matic recording of all user actions in a structured history, 
stored alongside the results, and enabling easy and effi-
cient sharing between tools. This history not only allows 
users to retrace their analysis but also makes it possible 
to replay the entire workflow, enhancing transparency, 
reproducibility, and long-term traceability. To ensure 
compatibility with future updates, each history entry 
includes a version identifier, allowing workflows created 
in older versions to remain functional.

Thanks to this structured and forward-compatible 
architecture, OpenStats is well-positioned to evolve. 
While it already includes a wide range of statistical meth-
ods, its modular design allows for the straightforward 
addition of new models and tests.
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