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Abstract— Software ecosystems are networks of interconnected 

actors co-creating value through a shared technological platform, 

achieving accelerated growth via network effects. This interconnectedness 

creates a complex decision space, requiring experimentation-based, data-

driven decision making. This study presents a systematic literature review 

on AI-enhanced experimentation in software ecosystems. Following 

structured screening and quality assessment, 63 studies were included. 

Extracted data underwent descriptive, thematic, and cross-analyses. The 

study offers three contributions: an overview of AI-enhanced 

experimentation objectives; a phase-aligned analysis; and a framework for 

AI integration into experimentation pipelines. 
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I. INTRODUCTION 

Software ecosystems (SECOs) have transformed the way 
value is created in many industries, introducing transformational 
shifts from vertical integration and firm-confined value-creation 
to co-creation of value through a network of interconnected 
actors who collaborate via a shared technological platform 
within one ecosystem. An example from the mobile industry is 
the success of ecosystem-oriented approaches of Apple’s IOS 
and Google’s Android in attracting around 300,000 third-party 
developers each in an ecosystem around their application 
marketplaces, versus the failure of Blackberry’s vertically 
integrated approach which  relied on 8000 in-house developers 
(Wang et al., 2017). However, such growth comes at many costs 
including additional complexities in orchestration and 
governance of such multi-sided ecosystems. For instance, 
TradeLens, a blockchain-based platform ecosystem developed 
by Maersk and IBM, was ultimately shut down, largely due to 
governance and adoption challenges as the platform struggled 
with aligning incentives among highly interdependent and often 
competing actors, the lack of trust in the platform sponsor's 
neutrality, hesitancy over data sharing, and difficulties 
managing standardization and interoperability across legacy 
systems, which hindered adoption among third-party industry 

partners (Najati, 2025). Such complexity necessitates adopting 
a data-driven decision making approach in order to reduce 
decision risks and uncertainty in an environment with various 
types of actors who have different, and sometimes conflicting, 
goals (Liu et al., 2020). While analytics can provide relevant 
insights to effectively inform the decision making process, 
online controlled experiments are considered the gold standard 
for evidence-based decision-making (Liu et al., 2020). 
Experiments in SECOs “often exhibit complex network effects. 
Consequently, unless designed carefully, the experiments could 
suffer from interference” (Candogan et al., 2023).  In addition to 
interference and bias, network effects in SECOs contribute to 
the propagation of negative effects of users’ exposure to under-
performing variants during experiments, which is often known 
as regret (Spang et al., 2021). The vast amount of data generated 
in SECOs present opportunities for the utilization of advances 
in artificial intelligence (AI) to ease these challenges (Charness 
et al., 2023). While prior secondary studies explored 
contribution of certain AI methods to experimentation pipelines 
(Charness et al., 2023), different aspects of online controlled 
experiments in general (Auer & Felderer, 2018; Quin et al., 
2024; Ros et al., 2018), there was no secondary research 
addressing AI-enhanced experimentation in SECOs. Hence, we 
conducted this systematic literature review aiming to provide the 
following contributions: an overview of the major objectives for 
AI application in experimentation pipelines in SECOs; a phase-
aligned analysis of AI-enhanced experimentation; and a 
framework for AI integration into experimentation pipelines. 

II. METHODOLOGY 

This study follows a systematic literature review 
methodology to ensure comprehensive and replicable coverage 
of the existing research. 

A. Research Question 

We applied the Population, Intervention, Comparison, 
Outcome, and Context (PICOC) criteria to produce the 
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following structure to match the study scope (Kitchenham & 
Charters, 2007). 

• Population: SECOs. 

• Intervention: Experimentation. 

• Comparison: AI-enabled enhancements to 
experimentation processes. 

• Outcome: Enhanced data-driven decision making 
through more efficient experimentation processes. 

• Context: SECOs in business contexts. 

Using the above structure, we formulated the following 
research question: In what ways has AI-supported 
experimentation been applied in software ecosystems to 
improve data-driven decision making? 

B. Search Strategy 

Based on the breakdown of the research question structure, 
search query terms were selected for each section of the PICOC 
criteria, as shown in Table I.  

TABLE I.  SEARCH QUERY TERMS. 

Population 
”platform ecosystem*” OR ”software ecosystem*” OR 

”seco” OR ”digital ecosystem*” OR ”platform*” 

Intervention 

”experimentation” OR ( ”experiment*” AND ”design*” ) 
OR ”online experiment*” OR ”online controlled 

experiment*” OR ”controlled experiment*” OR ”user 

testing” OR ”a/b testing” 

Comparison  

Outcome 

”quantitative” OR ”driven” OR ”analy*” OR ”inference” 

OR ”continuou*” OR ”adapt*” OR ”data” OR ”network*” 

OR ”graph” OR ”agent*” OR ”sampl*” OR ”cluster*” OR 
”classif*” OR ”group*” OR ”causal*” OR ”bias*” 

Context 
”business*” OR ”industry” OR ”market” OR ”customer” 

OR ”user” 

 

The search query was executed on the titles and abstracts of 
research articles in the Scopus, ACM Digital Library, and IEEE 
Xplore databases, resulting in 1,349, 597, and 113 hits, 
respectively. The meta-data of the resulting 2,059 studies was 
retrieved from the corresponding sources. 

C. Inclusion and Exclusion Criteria 

The set of inclusion and exclusion criteria used for this 
review are listed in Table II along with the number of exclusion 
decisions for which each criterion was the most prominent basis. 

TABLE II.  INCLUSION AND EXCLUSION CRITERIA. 

Existence Criterion Absence Exclusions 

IC1 
A primary study, not a secondary 
or a tertiary study. 

EC1 
77 

IC2 

Published in a peer-reviewed 

journal, conference proceeding, or 
book chapter not in gray literature 

reports, blog posts, or non-

academic publications. 

EC2 

9 

IC3 Published in English. EC3 5 

IC4 
Not a duplicate or a version of 

another included study. 
EC4 

421 

IC5 
Have a significant component 

related to SECOs. 
EC5 

608 

IC6 

Discusses experimentation in 
SECOs with the aim of enabling or 

enhancing data-driven decision 

making. 

EC6 

846 

IC7 Focuses on business contexts. EC7 5 

 

D. Quality Assessment 

The included 88 studies underwent a quality assessment 
process using a variation of the Standard Quality Assessment 
Criteria (SQAC) tailored for quantitative research (Kmet et al., 
2004). The criteria were scored on a 3-point Likert scale, with 
zero points for unmet criteria, one point for partially met criteria, 
and two points for met criteria. The average quality score after 
removing the 25 disqualified studies was 73.6%. 

E. Data Extraction 

The following data categories and the underlying data points 
were extracted from the full texts of the 63 included studies: 

• Identifiers: study title; authors; publication year; 
abstract. 

• Software ecosystem: type; number of sides; actor type; 
industry. 

• Experimental Design: method; internal platform; 
analysis unit; randomization unit; sampling technique; 
traffic allocation; evaluation metrics. 

• Data: volume; types; sources; collection rate; processing 
rate; AI support. 

• AI Support: phase; main techniques; family; task; direct 
outcome. 

III. RESULTS 

A. Major Objectives of AI Use in Experimentation Pipelines 

1) Maximization of experimentation outcomes 
Experimentation results typically help declare a higher 

performing decision, policy, or variant. However, the use of AI 
could enable further outcomes by using the resulting data to 
inform future experiments or generate new insights. For 
example, the study in (Duivesteijn et al., 2017) used experiment 
data to dynamically serve different variants to different user 
groups, through the use of AI methods such as exceptional 
model mining. 

2) Sampling optimization 
AI methods were also deployed to construct more 

informative and balanced samples (Candogan et al., 2023). 
Studies used graph-based clustering to define interference-
aware clusters, matching techniques to reduce covariate 
imbalance, and segmentation algorithms to stratify populations 
based on latent characteristics (Brennan et al., 2022).  

3) Experimentation cost reduction 
Multiple studies applied AI to dynamically reallocate traffic 

away from underperforming variants, reducing exposure to 
inferior treatments and shortening the duration required to reach 
conclusive results (Glynn et al., 2020). Other studies used 
various AI for the task of offline policy evaluation to reduce the 
exposure to underperforming variants during live experiments 



by predicting higher performing variants and allocating more 
traffic towards them (Li & Xie, 2020). 

4) Intelligent experimentation pipelines 
AI methods were used to dynamically revise experimental 

designs and pipeline parameters based on emerging evidence. 
For instance, the study in (Bojinov et al., 2023) described the use 
of AI to predict carryover bias from treatments in switchback 
experiments in order to dynamically space sequential treatments 
accordingly. 

5) Causal inference enhancement 
As ideal experimental conditions are hard to achieve in 

interconnected SECOs, AI was commonly applied to enhance 
the robustness of causal inference.  For instance, several studies 
leveraged deep learning based causal inference, ensemble 
learning, and causal forests to estimate treatment effects in the 
presence of heterogeneity, interference, or selection bias (Ye et 
al., 2023). In addition, AI methods, such as analysis, were used 
to construct more accurate overall evaluation criteria, thus 
indirectly enhancing causal inference (Hornback et al., 2023). 

B.  Phase-Based AI Support in Experimentation Pipelines 

1) Design phase 
AI support in the planning and design phases focused on 

structuring experimental units, forecasting outcomes, and policy 
evaluation. AI was also used for causal forecasting and offline 
policy evaluation to prioritize high-performing treatments and 
reduce experimentation risks and costs. 

2) Execution phase 
In this phase, AI methods were used to dynamically 

reallocate traffic, forecast responses, and adjust experiment 
structures based on emerging evidence. AI was commonly 
applied to minimize regret and optimize policy rollout under 
budget and engagement constraints. While no end-to-end AI-
orchestrated pipelines were observed, AI support in this phase 
enabled adaptive, intelligent experimentation with substantial 
efficiency gains and regret reduction. 

3) Evaluation phase 
AI support in the post-experiment phase focused on causal 

inference, bias and interference correction, heterogeneity 
analysis, and insight generation for future experiments. Its value 
was especially evident in ecosystems with noisy, high-
dimensional data such as networking ecosystems. For instance, 
causal forests and ensemble methods were used to model 
heterogeneous effects in complex ecosystems.  

C. A Framework for AI-Enhanced Experimentation Pipelines 

Through our analysis of the reviewed studies we developed 
a framework, described in Table III, that formalizes the 
introduction of AI methods in experimentation pipelines by 
connecting phases, objectives, and methods. 

IV. CONCLUSION 

Through a systematic literature review, we investigated how 
artificial intelligence can enhance experimentation in software 
ecosystems. From an initial pool of 2,059 studies, 63 met the 
inclusion and quality criteria. We analyzed the integration of AI 
across experimentation pipelines, identifying key goals such as 
bias mitigation, regret minimization, and experimentation cost–

benefit optimization. Our phase-aligned analysis showed AI 
support is most common in the design and evaluation phases, 
with frequent use of methods like graph clustering, 
reinforcement learning, and causal forests. We propose a 
structured framework linking AI techniques to experimentation 
enhancement objectives and phases, providing a foundation for 
formalization of AI integration in experimentation pipelines. 

TABLE III.  A FRAMEWORK FOR AI-ENHANCED EXPERIMENTATION 

PIPELINES (AIEXP). 
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Predictive 
power 

analysis. 

Delayed feedback 
prediction; deep 

Q-learning. 

Debiased machine 
learning; Deep learning 

causal inference; 

sentiment analysis; 
ensemble learning; 

transfer learning. 
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Offline policy 

learning. 

Contextual 

bandits; uplift 

modelling. 

Exceptional model 

mining; exploratory data 

analysis. 
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