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Abstract Modern DevOps practices are increasingly emphasizing Developer Experience metrics as
critical factors influencing the efficacy of software delivery. However, despite significant advancements
in this direction, the challenge of constructing a causal model that elucidates the impact of Developer
Experience metrics on the speed of releases remains unresolved. This study aims to formalize and em-
pirically evaluate the causal relationship between various indicators of development experience (such
as cognitive load and technical frustration) and the speed of the release cycle within DevOps environ-
ments. A simulation model was developed for this analysis, embodying a prototypical CI/CD infras-
tructure characterized by either a microservices or serverless architecture within a cloud framework.
Bayesian Causal Modeling was employed, facilitating the exploration of how Developer Experience vari-
ables influence the time parameters of the release cycle. The model encompasses seven variables,
comprising five key Developer Experience metrics alongside two control parameters (architectural and
organizational levels). Within the simulation framework, data was generated based on the principles of
Web Application Architecture, incorporating contemporary methodologies of Full Stack Development
and RESTful API interfaces. The findings reveal a statistically significant causal relationship between
cognitive load and technical frustration and an increase in the duration of the deployment cycle. For
instance, the probability of exceeding a release duration of 14 days increases from 21% to 83% in case
of slow CI/CD integration, and accordingly from 18% to 72% when utilizing low-quality tools. This un-
derscores the feasibility of integrating Developer Experiencemetrics into Engineering Decision Support
Systems within DevOps processes. The results obtained from this study can be leveraged to enhance
DevOps monitoring strategies, prioritize interventions within development workflows, and further ad-
vance analytical platforms aimed at managing the quality of the developer experience.

*Correspondence author email address: volodymyrkogu@gmail.com
DOI: 10.21015/vtse.v14i2.2300

1 Introduction
In a rapidly changing digital environment, organizations
must continuously improve the speed and quality of
software development while maintaining flexibility,

security, and market responsiveness. In this context,
DevOps has evolved [1, 2] from a set of engineering
practices to a strategic paradigm that ensures continuity,
adaptability, and reliability throughout the software de-

33

https://vfast.org/journals/index.php/VTSE@ 2026, ISSN(e): 2309-3978, ISSN(p): 2411-6246 
Volume 14, Number 2, April-June 2026          pp:33-45 

https://orcid.org/0009-0002-3508-4972
https://orcid.org/0009-0005-4663-8530
https://orcid.org/0009-0009-0387-6677
https://orcid.org/0009-0000-9827-5608
https://orcid.org/0009-0008-7565-3221
volodymyrkogu@gmail.com
https://doi.org/10.21015/vtse.v14i2.2300


VFAST Transactions on Software Engineering Volume 14, Issue 1, 2026 (January-March)

velopment lifecycle. In DevOps environments that span
the full development lifecycle—from user interfaces to
backend systems—the impact of engineering practices
and developer-related factors on release speed be-
comes particularly significant. Despite the widespread
adoption of DevOps methodologies in organizations
of all sizes and industries [3–5], the quantification
of the effectiveness of specific practices remains un-
derstudied. While certain tools and workflows speed
up development or improve quality, others may be
neutral or even detrimental, depending on contextual
factors. Traditional analytical approaches based on
descriptive or correlational statistics [6] are limited in
their ability to detect causal relationships, which are im-
portant for evidence-based decision-making in DevOps
environments.

Recent advances in Bayesian causal analysis [7]
provide new methodological opportunities for modeling
causal relationships under conditions of high complexity
and uncertainty. Integrating DevOps analytics with
causal inference allows not only to evaluate existing
practices, but also to evaluate potential management
and technical interventions based on their expected
causal effects. Consequently, there is a growing need
for analytically sound models that support objective
assessment, causal reasoning, and scenario-based
optimization of DevOps processes.

At the same time, an exclusive focus on technical per-
formance metrics such as build speed, deployment fre-
quency, or incident rate is increasingly recognized as in-
sufficient. These metrics do not fully account for the hu-
man and cognitive factors that influence development
performance. Developer Experience (DX) [8, 9], tradition-
ally viewed within the socio-technical or user experience
(UX) [10] framework, has emerged as a critical enabler
of successful DevOps transformations. However, most
organizations lack systematic approaches to measuring
and improving DX, and existing research often remains
descriptive, without establishing causal relationships be-
tween DX metrics and delivery performance.

The novelty of this study lies in the following contribu-
tions:

• Formalization of developer experience metrics
within a structural Bayesian causal model.

• Integration of DevOps process indicators with

causal inference based on a directed acyclic graph
(DAG).

• Application of intervention analysis using the do op-
erator tomodelmanagement decisions in CI/CD en-
vironments.

• Development of a scenario probabilistic framework
for predicting release cycle delay.

Unlike existing DevOps analytics approaches that
focus on correlation or benchmarking, this study in-
troduces the perspective of computational causal
modeling, which allows for the quantitative evaluation
of hypothetical interventions.

The research hypothesis suggests that certain DX
metrics, including cognitive load, tool quality, and con-
text switching frequency, have a statistically significant
causal effect on release cycle time.

The goal of this study is to develop a formal causal
model that explains the impact of key developer experi-
encemetrics on software release speed in aDevOps envi-
ronment. To achieve this goal, the study aims to achieve
the following objectives:
1. Identify key technical and cognitive-psychological

variables that affect release speed, including CI/CD
characteristics, tool quality, mental load, and
context switching.

2. Build causal graph structures using Bayesian net-
works.

3. Estimate model parameters based on synthetic
data that mimics a typical DevOps development
cycle.

4. Validate the model using log-likelihood, AIC/BIC,
and cross-validation metrics.

5. Perform scenario modeling to assess the impact of
alternative management decisions on the probabil-
ity of release delay.

The results of this study allow us to quantify the
causal effects associated with DX metrics on release
velocity, support scenario-based forecasting of de-
velopment outcomes, and provide analytically sound
recommendations for improving productivity without
increasing cognitive load or risk of burnout.

RQ1. Which developer experience metrics have a sta-
tistically significant causal effect on release cycle length
in DevOps environments?
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RQ2. Can Bayesian causal modeling adequately for-
malize these effects and support scenario-based analysis
of release dynamics?

H1. Increased cognitive load, poor quality engineer-
ing tools, and reduced feedback lead to a statistically sig-
nificant increase in release cycle length.

H2. Bayesian causal modeling provides accurate
quantification of causal effects associated with DX met-
rics and enables analytically sound modeling of DevOps
release processes.

From a computer science perspective, this research
contributes to the field of software engineering analytics
and computational modeling of socio-technical systems.
The proposed Bayesian structural causal model is a for-
mal computational platform that integrates software de-
velopment process metrics with probabilistic inference
mechanisms. Thus, the research is at the intersection
of DevOps engineering, causal machine learning, and ap-
plied statistical modeling in software systems.
2 Literature Review
In recent years, DevOps has evolved froman engineering
methodology into the cornerstone of a contemporary
paradigm for continuous development, delivery, and
operational stability of software. A number of studies
[11–13] have substantiated that the adoption of DevOps
practices, such as Continuous Integration/Continuous
Delivery (CI/CD), Infrastructure as Code, test automation,
andmonitoring, exerts a favorable influence on software
development. In particular, these practices markedly
diminish the duration of the Software Development
Life Cycle (SDLC) while augmenting the frequency of
releases. Of particular interest is the measurement of
these practices efficacy through metrics. Approaches
based on the DORA framework (Deployment Frequency,
Lead Time for Changes, Change Failure Rate, etc.)
have already attained status as an industry benchmark
[14]. However, several authors [15, 16] emphasize the
limitations inherent in DORA metrics when it comes
to identifying causal relationships between Developer
Experience (DX) and process performance.

The DX model proposed in [17] focuses on three key
components: flow, cognitive load, and feedback loops.
These factors, although not direct technical metrics, pro-
foundly influence the team’s capacity to efficaciously im-

plement DevOps practices. In essence, suboptimal DX
metrics can undermine the advantages of DevOps, even
if the tools are implemented formally.

Nonetheless, empirical validation for this hypothesis
remains fragmented. As demonstrated by the authors
in [18, 19], traditional statistical methodologies rarely
permit causal inferences based on observational data
from software engineering. This limitation has catalyzed
the adoption of Bayesian causal networks, which fa-
cilitate the modeling of latent dependencies among
non-obvious factors, such as DX metrics, and release
timelines. Comparable methodologies are already being
employed in related fields: security [20], quality of
requirements, and risk assessment in CI/CD [21].

Contemporary research within the DevOps domain
predominantly concentrates either on the technical
dimensions of software deployment – such as metrics
for continuous integration and delivery (CI/CD), DORA
metrics (Deployment Frequency, Lead Time, Change Fail-
ure Rate, etc.), – or on the qualitative examination of DX
metrics through surveys, interviews, or heuristic models.
That being said, the systematic and formalized analysis
of the interrelations between DX metrics indicators and
the efficacy of DevOps processes remains insufficiently
developed.

Most existing approaches rely on traditional statisti-
cal methods that fail to elucidate causal dependencies
essential for forecasting the impact of specific alterations
on business outcomes (e.g., release timelines). Conse-
quently, a challenge emerges in delineating the nature of
the influence exerted by individual DX metrics indicators
– such as the quality of feedback, cognitive load, and the
degree of technical frustration – on release speed within
DevOps environments.

Given the limited number of quantitative and causally
oriented studies in this direction, there exists an impera-
tive for the further advancement of relevant methodolo-
gies. These methodologies should not only facilitate the
documentation of the impact of specific factors but also
enable the simulation of their consequences in various
scenarios. This endeavor necessitates an expansion of
the research foundation through the construction of for-
mal models capable of integrating developer experience
metrics with analytics of release processes and decision-
making within the DevOps cycle.
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Despite the widespread adoption of DevOps prac-
tices and the growing interest in DX metrics, existing
research has largely relied on descriptive statistics,
surveys, or correlation-based performance measures.
While frameworks such as DORA provide valuable
benchmarking metrics, they do not establish causal
relationships between DX factors and release cycle
times.

Current research lacks:
• formally defined causal structures linking DX met-
rics to release performance

• quantitative intervention analysis to optimize the
DevOps process

• computational models capable of supporting
scenario-based decision making.

Therefore, the main research challenge addressed in
this study is the lack of a formal, computationally sound
causal framework for assessing the impact of developer
experience metrics on release cycle times in DevOps en-
vironments.
3 Methods and Materials
3.1 Research Procedure
The research was conducted in several stages. At the
first stage, the variables were formalized and a causal
graph was built based on theoretical assumptions. The
second stage involved the generation of simulated data
were generated based on aggregated statistics sourced
from surveys, CI/CD logs, and DevOps dashboards.
Following this, the model parameters were scrutinized
using Bayesian and frequentist methods (including
MCMC and EM algorithms). Next, causal effects were
computed using the do(.) operators [21]. At the fi-
nal stage, the model’s quality was checked using the
Log-Likelihood, AIC, BIC, RMSE, MAE, and CV-10 metrics.
3.2 Methods and models
To achieve the research goals, causal modeling within
the Bayesian paradigm [22, 23] was selected, providing
a comprehensive toolkit for identifying and quantifying
causal relationships among variables under conditions
of uncertainty, complex interdependencies, and limited
data. This approach facilitates the formalization of hy-
potheses regarding the influence of individual factors on

the target variable (software release time) and allows for
their evaluation through probabilistic inference.

The present study employs a structural approach to
Bayesian causal modeling (Bayesian Structural Causal
Modeling), which combines:

• causal graphs (Directed Acyclic Graphs, DAGs) that
delineate assumptions about the directions of
causal influences between variables [24, 25];

• hierarchical Bayesianmodels that allow for the con-
sideration of noise, variability, latent factors, and
sampling limitations [26, 27];

• scenario modeling, that is the generation of alter-
native scenarios to evaluate the potential impact
of modifications in individual metrics (for instance,
mitigating technical frustration or enhancing feed-
back) [28].

The chosen causal framework is based on theoretical
principles of cognitive workload theory, sociotechnical
models of software development, and modern research
in DevOps analytics. In particular, it is assumed that
technical factors (level of CI/CD automation, quality of
tools) indirectly affect release duration through cog-
nitive and behavioral mechanisms (context switching,
developer satisfaction).

Alternative causal configurations were considered at
the conceptual level; however, the proposed model pro-
vides the best interpretability and consistency with the
existing literature.

Thesemethods not only facilitate the identification of
statistical dependencies among variables but also enable
the formulation of cause-and-effect conclusions, particu-
larly in modeling the outcomes of various scenarios in-
volving the variation of variables.
3.3 Sources and data types
3.3.1 Synthetic Data Generation
Synthetic data was generated to simulate a typical
DevOps development cycle under controlled experi-
mental conditions. The dataset reflects the interaction
between DX metrics and release cycle length, including
variables related to cognitive load, tool quality, feedback
frequency, CI/CD performance, and release outcomes.

The data generation process was guided by realistic
assumptions derived from empirical DevOps research
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and industry reports. Probabilistic relationships be-
tween variables were defined according to the proposed
causal graph structure, which allows generating data
that preserves plausible behavioral and process re-
lationships. Random sampling was used to ensure
variability across simulated development scenarios.
The synthetic dataset was used exclusively for model
training, validation, and scenario-based analysis.

Multi-source simulated data, derived from typical
structures of DevOps environments, were employed
to construct a cause-and-effect model. The variables
were classified into three principal categories: the
target variable, DX metrics, and confounding variables.
Below is a comprehensive description of all the metrics
utilized, accompanied by their corresponding labels,
measurement scale types, and data sources.

• RCD (Release Cycle Duration) — the duration
of the release cycle, defined as the time interval
between the first commit of a feature and its
successful deployment. It is the target variable of
the model.

• B (Developer Tooling Satisfaction)—a subjective
assessment of satisfaction with engineering tools
(IDE, CI/CD services, build, etc.); obtained from a
survey.

• C (Communication Quality) — an assessment of
the effectiveness of intra-team communication dur-
ing the release.

• A (Automation of CI/CD) — a quantitative indica-
tor of the level of automation of continuous inte-
gration and delivery; expressed as the proportion
of automated stages in the pipeline (0–1).

• K (Documentation Quality) — an assessment of
the completeness, relevance, and clarity of techni-
cal documentation related to features.

• F (Feedback from Code Review)— a feedback in-
dicator: timeliness, quality, and usefulness of re-
views from other developers.

• P (Team Size) — the number of developers in-
volved in the current release. It is used as a control
variable to account for the impact of team size.

• S (Feature Complexity) — expert-estimated com-
plexity of functionality in the release, normalized to
a scale of 0–1.

Cognitive and psychological DX factors are oper-
ationalized through indicators of the level of context
switching, subjective cognitive load, perceived quality
of tools, and developer satisfaction. These variables
reflect both objective aspects of the workflow (number
of parallel tasks, frequency of switching) and subjective
perception of the complexity of the environment. This
approach allows integrating technical and behavioral
dimensions into a single causal structure.

A detailed description of the variables can be found
in Table 1.

The preprocessing encompassed the normalization
of metrics (A, S) to the range [0,1], the encoding of ordi-
nal features (B, C, K, F) with numerical values from 1 to
5, the filtration of releases characterized by incomplete
data, and the imputation of missing values utilizing the
multiple imputation method.

In light of the incompleteness of certain variables
within the simulated dataset (for instance, the index of
technical frustration and the depth of context switching),
multivariate imputation predicated on the MICE (Mul-
tiple Imputation by Chained Equations) algorithm was
employed to uphold data integrity. The imputation pro-
cess was executed via stochastic regressions (Bayesian
ridge) for each variable exhibiting missing values. To
stabilize the distributions, a total of 10 iterations were
conducted, followed by the averaging of results from
five independent runs. This imputation was carried out,
taking into account the internal correlations between
variables as well as the confounders incorporated into
the model. Let us presume that:

• RCD ∈ R+ – the duration of the release cycle (in
days),

• A, S ∈ [0, 1] – the level of CI/CD automation and the
complexity of the release, respectively,

• B,C,K , F ∈ {1, 2, 3, 4, 5} – subjective assessments of
DX metrics,

• P ∈ N – the size of the development team. The
model diagram is shown in Fig 1.

The model assumes the following vector of variables:
X = (RCD,A,B,C,K , F ,P, S) (1)

The Bayesian network defines the joint distribution of
all variables through the product of conditional probabil-
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Table 1. Variable description
Category Variable (notation) Description Type
Target RCD Release cycle duration (days/hours) Continuous
5*DX B Tool satisfaction (Developer Tooling) Ordinal (1–5)

C Communication quality within the team Ordinal (1–5)
A Automation of CI/CD processes Ratio (0–1)
K Documentation quality Ordinal (1–5)
F Feedback from code reviews Ordinal (1–5)

Control variable P Number of developers in the team Integer
Control variable S Feature complexity in the release (rated, 0-1) Ratio

Source: consolidated by the authors

ities:
P(X) = n∏

i=1
P(Xi | Pa(Xi)) (2)

where Pa(Xi) – a set of causal nodes of a variable Xi inthe column.
The conditional distribution for the target variable

RCD is written as follows:
P(RCD | A,B,C,K , F ,P, S) (3)

For a continuous variable RCD, the parameterization
through a conditional normal distribution was chosen:

RCD ∼ N (µ,σ2) (4)
µ = β0 + βAA + βBB + βCC + βKK + βFF + βPP + βSS (5)

The graph structure was trained using the MMNS
method [29]. The parameters were evaluated using
Bayesian and frequentist learning. In the case of normal
variables, the linear regression was used.

Methods were used to assess the causal effect of
variable A (e.g., CI/CD automation) on the duration
of the RCD release cycle. intervention analysis (pre-
intervention) [30], proposed by Judea Pearl. According
to these methods, the Average Treatment Effect (ATE) is
defined as follows:

ATE = E[RCD | do(A = 1)]− E[RCD | do(A = 0)] (6)
where do(A = 1) – full automation of CI/CD, do(A = 0) – lack
of automation. These interventions allow us to assess
not only associations, but also causal effects.

The quality of themodel was assessed through amul-
titude of indicators. Among these are the following: Log-
likelihood – which reflects themodel’s likelihood; BIC/AIC
– metrics utilized for the comparative evaluation of mod-
els in terms of complexity and precision; Structural Ham-
ming Distance (SHD) – representing the deviation of the
model’s structure from the ground truth (utilizing syn-
thetic data); RMSE/MAE (RCD) – measuring the accuracy
in predicting the target variable; and Causal Estimation
Error – indicating the error in estimating the causal ef-
fect based on simulated data. The proposed model facil-
itates: the identification of pivotal factors that influence
the duration of the release cycle; the execution of inter-
vention analyses aimed at formulating practical recom-
mendations; and additionally, it ensures a high degree
of results interpretability.
3.4 Research tools
The model is implemented in the Python 3.11 environ-
ment using the following libraries: bnlearn – for building
the graph structure; pgmpy, DoWhy – for causal model-
ing; PyMC3 – for Bayesian learning of parameters; scikit-
learn – for model validation (cross-verification, errors).
Themodeling was conducted in a local environment with
hardware acceleration.

To support methodological reproducibility, all model
assumptions, variable definitions, and causal relation-
ships are clearly described in the manuscript. The
Bayesian causal framework, parameter estimation
procedure, and validation metrics allow the analytical
workflow to be replicated using alternative implemen-
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Figure 1. Directed Acyclic Graph (DAG) representing the causal structure of the proposed Bayesian model. The target variable is
Release Cycle Duration (RCD), influenced by Developer Experience metrics (A, B, C, K, F) and control variables (P, S). Additional

dependencies between explanatory variables (A→ B, K→ B, F→ C) were considered during structural learning.
Source: consolidated by the authors

tations or datasets without the need for access to the
original source code.
4 Results
A series of computational experiments were conducted
using cross-validation and standard statistical learning
quality metrics to evaluate the effectiveness of the con-
structed Bayesian model. The collected results allow us
to assess both the model’s ability to accurately predict
the target variable (release duration) and its overall com-
plexity, generalization, and probabilistic reliability. Ta-
ble 2 presents the keymetrics obtained based on the test
dataset.

The results of the model quality assessment indi-
cate the adequacy of the constructed Bayesian causal
structure for predicting the duration of the release cycle
based on DevOps and DX metrics. The set of indicators
used demonstrates that the model achieves a balanced
compromise between accuracy and complexity, which is
especially important given the multidimensional nature
of the cause-and-effect relationships between variables.
The obtained values of the information criteria confirm

Table 2. Values of model quality assessment metrics,
confirming the forecast adequacy

Metric Value
Log-Likelihood -124.3
Akaike Information Criterion (AIC) 268.6
Bayesian Information Criterion (BIC) 285.1
Average Predictive Accuracy (CV-10) 84.2%
Mean Absolute Error (MAE) 2.4 days
Root Mean Squared Error (RMSE) 3.1 days

Source: consolidated by the authors

the appropriateness of the selected graph topology and
set of parameters, as well as the absence of excessive
model complexity. The metrics indicate a sufficient
level of generalization ability and practical accuracy of
predictions. This means that the model is resistant to
overtraining and suitable for use in management and
analytical scenarios. In general, the results confirm that
the proposed model can be used as a tool for analyzing
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factors affecting the time characteristics of the release
process, as well as for further scenario modeling of
changes in the DevOps environment.

The analysis of the conditional probabilities derived
from the constructed Bayesian network enables us to
assess the critical determinants affecting the duration
of the release cycle that exceeds 14 days (RCD > 14).
The threshold of 14 days was chosen as a conditional
indicator of release delay based on typical practices
of two-week sprints in Agile/DevOps environments.
Exceeding this period means going beyond the standard
iteration cycle and is considered an operational release
delay. Thus, an RCD value > 14 days is interpreted as
a violation of the expected functionality delivery cycle.
The findings are presented in Table 3.

The data presented in the conditional probability
table illustrate the impact of key DX metrics on the risk
of extending the release cycle beyond a given threshold.
Discretization of indicators allows us to compare how
changing the level of each individual factor affects the
probability of delay, provided that other variables are
fixed. This approach facilitates the interpretation of the
results and makes them suitable for practical use in
managing DevOps processes.

The analysis of conditional distributions indicates
a high sensitivity of the release process to both tech-
nical factors (CI/CD integration speed, tool quality)
and human factors (developer satisfaction, frequency
of switching between tasks). In particular, ineffective
integration, low quality of the tool environment and high
level of cognitive load significantly increase the risk of
delays. At the same time, structural characteristics of the
release, such as the scope of functionality, confirm the
importance of clear planning of iterations and limiting
the complexity of deliveries.

Furthermore, a series of conditional simulations
were executed based on a constructed Bayesian net-
work with the aim of quantitatively assessing the impact
of alterations in pivotal characteristics of the DevOps
environment on the duration of the release cycle. Below,
the outcomes of modeling four strategic scenarios are
presented, wherein the conditional probability of an
extended release cycle duration (RCD) exceeding 14
days is evaluated. The simulated DevOps processes
were conceptualized within a quintessential cloud en-

vironment (Cloud Computing), which represents the
benchmark for contemporary software deployment.
Scenario 1. Optimization of the CI/CD
process – transition from Slow to Fast
integration.
Before: CI/CD Integration Time = Slow → P(RCD >
14 days) = 0.83

After: CI/CD Integration Time = Fast → P(RCD >
14 days) = 0.21

Optimizing CI/CD processes (e.g., by implementing
automated tests, continuous integration, and deploy-
ment) leads to a 62 percentage point reduction in the
probability of release delays, indicating the maximum
effectiveness of this intervention among all tested
scenarios.
Scenario 2. Reducing context switching
frequency from High (≥6 tasks/day) to Low
(≤2 tasks/day).
Before: Context Switching Frequency = High → P(RCD >
14 days) = 0.75

After: Context Switching Frequency = Low→ P(RCD >
14 days) = 0.17

Organizational changes aimed at reducing context
switching frequency (e.g., time-blocking, task batching,
reducing ad-hoc communications) ensure a 4.4-fold
reduction in the risk of release delays. This highlights
the importance of cognitive load on the development
team.
Scenario 3. Reducing the scope of release
functionality (Feature Scope) from >40 to
≤20 story points.
Before: Feature Scope = Large → P(RCD > 14 days) =
0.61

After: Feature Scope = Small → P(RCD > 14 days) =
0.19

Adapting Agile practices, in particular iterative devel-
opment with a small volume of tasks in each sprint, al-
lows to reduce the probability of delay by 42 percentage
points, improving the predictability and stability of the
release process.
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Table 3. Conditional probabilities of the impact of DE metrics on release duration (RCD)
DE Metrics Categories / Levels P(RCD > 14 days | condition)
CI/CD Integration Time Fast / Moderate / Slow 0.21 / 0.56 / 0.83
Developer Tooling Quality High / Medium / Low 0.18 / 0.39 / 0.72
Developer Satisfaction Index High / Low 0.22 / 0.64
Context Switching Frequency (tasks/day) Low (≤2) / Medium / High (≥6) 0.17 / 0.43 / 0.75
Feature Scope (story points) ≤20 / 21–40 / >40 0.19 / 0.37 / 0.61

Source: consolidated by the authors

Scenario 4: Improving the quality of
development tools (Tooling Quality) from
Low to High.
Before: Tooling Quality = Low→ P(RCD > 14 days) = 0.72

After: Tooling Quality = High → P(RCD > 14 days) =
0.18

Providing modern, reliable and fast tooling (e.g., IDE,
CI/CD plugins, integrated monitoring panels) ensures a
reduction in the risk of delay by 54 percentage points.
This indicates that the technical environment of the de-
veloper critically affects the speed of the release. The
summary of scenario modeling is presented in Table 4.

The results of the scenario analysis show that all four
interventions demonstrate a significant reduction in the
risk of release delays. The most powerful effect is ob-
served when optimizing CI/CD processes and reducing
the cognitive load of developers due to reduced context
switching. The scenarios also confirm the effectiveness
of Agile-oriented functionality management and invest-
ment in the quality of the technical ecosystem. What is
more, the model allows for combining scenarios. For ex-
ample, combining high-quality tooling + fast CI/CD can
reduce the conditional probability of exceeding 14 days
to <10%, even under initially unfavorable conditions.

Conceptual sensitivity analysis suggests that the un-
derlying causal relationships remain stable under alter-
native model specifications.

To evaluate the predictive performance of the pro-
posed Bayesian causal model, a comparative analysis
was conducted with traditional regression approaches,
as shown in Table 5. Two baseline models were
implemented: linear regression and random forest
regression.

All models were trained using the same dataset and
evaluated using identical cross-validation procedures.
The prediction accuracy was evaluated using root mean
square error (RMSE) and mean absolute error (MAE).

The results show that the proposed Bayesian model
provides competitive predictive performance and also
offers a causal interpretation that traditional regression
models cannot provide.
5 Discussion
The results of the study confirmed the presence of a
statistically significant causal effect of individual DX met-
rics on the speed of release in DevOps environments. In
particular, increased cognitive load and low quality feed-
back are associated with longer release delays, while
reducing technical frustration (in particular, associated
with poorly documented RESTful APIs and inefficient
CI/CD processes) significantly reduces the expected
duration of the release cycle. The proposed Bayesian
model allows not only to quantitatively assess these
effects, but also to perform “what-if” scenario modeling,
supporting informed engineering and management
decisions in DevOps teams. Unlike the correlation-
oriented approaches presented in the DORA reports
[7, 8], which capture statistical relationships between
DevOps practices and performance, this study uses
structural Bayesian causal modeling. This approach
provides a transition from a descriptive analysis to a
predictive and recommendatory paradigm, allowing for
a formal assessment of the consequences of manage-
ment interventions, such as changes in the level of CI/CD
automation or feedback mechanisms. This is consistent
with previous work on optimizing individual aspects
of DevOps, including code governance [11], tooling
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Table 4. Summary table of scenarios
Scenario P(RCD > 14 days): before→ after ∆ probability
CI/CD optimization 0.83→ 0.21 −0.62
Less context switching 0.75→ 0.17 −0.58
Improvement of dev. tools quality 0.72→ 0.18 −0.54
Reduction of the scope of functionality in the release 0.61→ 0.19 −0.42

Source: consolidated by the authors

Table 5. Comparative evaluation of the model
Model RMSE MAE
Linear Regression 1.42 1.1
Random Forest 1.31 1.11
Bayesian Causal Model 1.28 0.98

environment [12], organizational culture [13], and SDLC
acceleration [2], but extends them by integrating the
human factor into a formal model.

A number of studies emphasize the importance of
Developer Experience, but do not provide quantitative
causal validation. In particular, [17] proposed a concep-
tual framework for DX without empirical support, while
this study formalizes the relevant assumptions, demon-
strating the key role of timely feedback. Studies [18],
[19], and [31] have supported the use of Bayesian anal-
ysis in software engineering and related domains, and
the results of this study extend these by adapting causal
modeling to evaluate the performance of DevOps teams
with a focus on DX metrics. Studies in security [20], agile
systems [16], and CI/CD optimization [15] also support
the need to consider not only technical aspects, but also
organizational and human aspects. Similarly, previous
studies have identified common DevOps problems,
such as developer frustration and process inconsistency
[32], and the relationship between DevOps policies and
performance [33–35]. The current study builds on these
lines by formalizing emotional and cognitive factors as
causal predictors of release cycle length. Thus, the work
not only confirms a number of previously proposed
hypotheses, but also offers a quantitative, formalized
model that integrates subjective and objective factors to
support decision-making in DevOps environments.

The practical possibilities of the model are to support
engineering decisions in DevOps teams, to expand
monitoring approaches taking into account DX metrics,
to optimize resource allocation by prioritizing inter-
ventions with the greatest predicted effect, and to use
such models in DevEx and MLOps panels for strategic
planning.

Thus, the results obtained directly relate to the
research problem formulated earlier. The constructed
Bayesian causal model provides a formal mechanism
for quantitatively assessing the impact of DX metrics on
release duration. Thus, the methodological framework
is consistent with the stated goal of providing causality
assessment and intervention-based scenario analysis in
DevOps systems.
6 Study limitations
Despite the positive results, the study has several limita-
tions that should be taken into account when interpret-
ing the findings. Although causal methods were used,
including Bayesian analysis, the data remains observa-
tional, whichmeans that the influence of unmeasured la-
tent variables cannot be ruled out. The depth of technical
tracing was constrained: the study focused on integral in-
dicators (e.g., time to release or stability level). However,
it did not encompass a deep analysis of individual tech-
nological stacks or metrics of the internal DevOps cycle
(e.g., the behavior of pipelines in real-time). The analyti-
cal outcomes delineate causal dependencies at a specific
point in time, but do not explore their evolution within
the context of rapid transformation of DevOps tools.

Despite the realistic nature of the simulation scenario,
further research should include empirical validation of
the model based on real DevOps data, including CI/CD
logs, release histories, and developer survey results on
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DXmetrics. Combining behavioral and technical logs will
allow us to refine the magnitude of causal effects and
test the stability of the model in different organizational
contexts.
7 Recommendations
Based on the findings obtained, it was found that the
automation of testing and the implementation of con-
tinuous integration practices exert the most significant
causal influence on minimizing deployment times and
enhancing the stability of software releases. In light
of this, the prioritization of such methodologies within
software development processes should be strategi-
cally substantiated. Making management decisions
concerning investments in DevOps infrastructure ought
to be informed by the outcomes of causal analysis.
This approach facilitates the identification of cause-and-
effect relationships, rather than being constrained to
mere correlation metrics or empirical approximations.
Consequently, this methodology mitigates the risks of
erroneous conclusions and increases the credibility of
technical and economic strategies for the development
of IT systems.
8 Conclusions
The relevance of this study arises from the growing need
for a structured and well-substantiated methodology to
assess the efficacy of DevOps practices. This is partic-
ularly pertinent when scrutinizing the influence of DX
metrics on the speed and stability of software delivery.
While the majority of existing solutions predominantly
rely on correlation analyses or descriptive reports, the
causal dimension of the interplay between DX met-
rics and release performance remains insufficiently
examined. The present study fills this gap.

The research conducted reveals that the synergy of
DevOps practices and Bayesian methods of causal analy-
sis establishes a robust foundation for objective change
management within intricate software organizations. In
contrast to conventional methodologies that depend on
superficial performance metrics, the proposed frame-
work facilitates the identification of the genuine levers
that affect key attributes of quality, speed, and reliability
in development. This paves the way for the creation of
adaptive DevOps systems, wherein analytics not only
observes but also learns from historical data, formulates

hypotheses regarding future outcomes, and bolsters
causally grounded decision-making.

It is expedient that the further research should be fo-
cused on the following areas:

• combining causal analytics with Machine Learn-
ing Operations (MLOps) for self-learning CI/CD
systems;

• developing interactive tools that would allow
DevOps teams to independently perform causal
modeling based on available logs;

• studying real-time causal dynamics in high-load
cloud environments.

Thus, the findings of the study possess both theoret-
ical and practical significance, establishing a foundation
for a new era of analytically driven DevOps. The resul-
tantmodel can be employedwithin DevOps analytics sys-
tems, MLOps dashboards, and strategic technical debt
management tools. Furthermore, it is also useful for en-
gineering decision support systems designed to enhance
the efficacy of development teams operating within scal-
able cloud architectures.
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