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ABSTRACT

Enterprise Software-as-a-Service (SaaS) platforms increasingly rely on complex algorithmic systems that dynamically
adjust user experiences, resource allocations, and operational parameters. However, many algorithmic
interventions occur without explicit documentation, creating opacity that undermines system reliability, auditability,
and trust. This paper develops and validates a quantitative framework for detecting hidden algorithmic interventions
using causal inference analytics. We evaluate five causal discovery algorithms, ETIO, Bootstrap-augmented PCMCI+,
Differentiable Causal Discovery, Granger Causality, and an Ensemble method, across three intervention scenarios:
personalization algorithm changes, resource allocation policy shifts, and microservice configuration modifications.
Our empirical results demonstrate that causal inference methods achieve precision rates of 82-94% and recall rates
of 78-91% in detecting hidden interventions, significantly outperforming correlation-based baselines. Time-series
causal methods excel in temporal scenarios, while ensemble approaches achieve optimal overall performance with
F1l-scores of 0.89-0.92. This work bridges the gap between causal inference theory and enterprise operational
practice, providing deployment-ready guidelines for SaaS operators and establishing reproducible benchmarks for
future research.
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1. INTRODUCTION
1.1 Background and Motivation

Modern enterprise Software-as-a-Service (SaaS) platforms have evolved into complex algorithmic ecosystems where
automated systems continuously optimize user experiences, allocate computational resources, and adjust
operational parameters (Yoganarasimhan et al., 2020). These platforms employ sophisticated personalization
engines, dynamic pricing algorithms, automated scaling policies, and intelligent routing mechanisms that

collectively process billions of decisions daily. Wong (2020) articulates the vision for computational causal inference
|

https://www.academicpublishers.org/journals/index.php/ijdsml 31



AMERICAN ACADEMIC PUBLISHER

as a foundational capability for understanding and managing these algorithmic systems at scale. However, the
increasing sophistication of SaaS architectures has created a significant challenge: many algorithmic interventions,
changes to algorithms, policies, or configurations, occur without explicit documentation or announcement, resulting
in "hidden" modifications that can profoundly impact system behavior, user outcomes, and business metrics
(Borboudakis & Tsamardinos, 2016). The opacity of hidden algorithmic interventions poses substantial risks for
enterprise operations.

Undocumented changes to personalization algorithms may inadvertently bias user experiences or degrade
conversion rates, as demonstrated in large-scale field experiments by Yoganarasimhan and Barzegary (2019).
Resource allocation policy shifts can trigger cascading failures in distributed systems, necessitating robust root cause
analysis frameworks (Xu et al., 2021). Moreover, regulatory pressures for algorithmic transparency and auditability,
particularly in domains such as workforce analytics (Afriyie, 2020), demand systematic methods for detecting and
documenting algorithmic interventions. Traditional monitoring approaches based on correlation analysis and
threshold-based anomaly detection prove insufficient because they cannot distinguish genuine causal interventions
from spurious correlations or natural system variations (Thalheim et al., 2017).

1.2 Problem Statement and Research Questions

The central challenge addressed in this paper is the detection of hidden algorithmic interventions in production
Saa$S environments using causal inference analytics. Unlike documented interventions (e.g., planned A/B tests or
announced feature releases), hidden interventions lack explicit labels, timestamps, or change documentation,
requiring inference from observational system telemetry. Existing root cause analysis frameworks focus primarily on
failure diagnosis (Wang et al., 2018; Meng et al., 2020; Zhang et al., 2021) rather than proactive intervention
detection. Furthermore, while causal discovery methods have advanced significantly (Faria et al., 2021; Debeire et
al., 2021), their application to enterprise SaaS contexts remains underexplored, with limited quantitative
benchmarks and deployment guidelines. This research addresses three fundamental questions: (RQl) How can
causal inference methods effectively detect hidden algorithmic interventions in enterprise SaaS platforms? (RQ2)
What is the comparative performance of different causal discovery algorithms for intervention detection across
diverse scenarios? (RQ3) What are the computational and practical trade-offs of deploying causal analytics in
production Saa$S environments? By answering these questions, we establish a rigorous foundation for causally-aware
operational analytics in enterprise systems.

1.3 Research Contributions

This paper makes four primary contributions. First, we develop a comprehensive theoretical framework that
integrates causal discovery methods with SaaS operational analytics, extending prior work on computational causal
inference (Wong, 2020) and stochastic interventions (Duong et al.,, 2021). Second, we provide a quantitative
evaluation methodology that enables reproducible assessment of intervention detection performance, addressing
the gap identified by Lin et al. (2019) regarding empirical evaluation framewaorks for causal inference models. Third,
we present empirical benchmarks across three realistic intervention scenarios, comparing five causal discovery
approaches including methods specifically designed for business applications (Borboudakis & Tsamardinos, 2016),
time-series causality (Debeire et al., 2021), and latent interventions (Faria et al., 2021). Fourth, we deliver practical
deployment guidelines grounded in real-world constraints, informed by production system experiences
documented in prior root cause analysis research (Xu et al., 2021; Thalheim et al., 2017; Zhang et al., 2021).
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2. LITERATURE REVIEW
2.1 Causal Inference Foundations

Computational causal inference has emerged as a critical capability for enterprise decision systems, with Wong
(2020) proposing platform-level architectures that integrate causal reasoning with online experimentation and
algorithmic decision-making. Traditional causal inference focuses on estimating treatment effects under
deterministic interventions, but modern SaaS platforms increasingly require analysis of stochastic interventions
where treatment assignment probabilities vary across users or contexts (Duong et al., 2021). A fundamental
challenge in enterprise settings involves hidden confounding and latent interventions, scenarios where true causal
mechanisms remain partially or fully unobserved. Faria et al. (2021) address this through differentiable causal
discovery under latent interventions, using neural variational inference to model infinite mixtures of intervention
structural causal models. Lin et al. (2019) emphasize the need for standardized evaluation frameworks and propose
a Universal Causal Evaluation Engine that enables reproducible benchmarking of causal inference models in settings
where ground-truth treatments are known.

2.2 Algorithmic Interventions in SaaS Platforms

Personalization algorithms represent a primary class of interventions in SaaS platforms, with substantial business
implications. Yoganarasimhan et al. (2020) conducted a large-scale randomized field experiment at a major SaaS
firm, comparing free trial durations and evaluating seven personalized targeting policies using inverse propensity
score estimators to connect algorithmic choices to subscription outcomes. Their work demonstrates that causal
inference methods can quantify the impact of personalization interventions on business metrics. Yoganarasimhan
and Barzegary (2019) extend this framework to construct and evaluate personalized targeting policies, tying
algorithmic policy design to observed treatment effects in trial experiments. In workforce analytics contexts, Afriyie
(2020) discusses explainable algorithms and A/B testing frameworks for people-analytics interventions, highlighting
the importance of intervention transparency and evaluation in global enterprise settings. These studies collectively
demonstrate that algorithmic interventions in Saa$S platforms are pervasive, high-stakes, and amenable to causal
analysis.

2.3 Causal Discovery Methods

Causal discovery algorithms aim to infer causal graph structures from observational data, a capability essential for
detecting hidden interventions. Borboudakis and Tsamardinos (2016) introduce ETIO, a causal discovery algorithm
specifically designed for business applications that accommodates prior knowledge, latent confounding, selection
bias, and missing-by-design data, characteristics common in enterprise datasets. For time-series data prevalent in
SaaS monitoring, Debeire et al. (2021) propose bootstrap aggregation methods that preserve temporal
dependencies and provide confidence measures for causal links, improving precision and recall when combined
with PCMCI+ algorithms. Faria et al. (2021) tackle the challenging problem of entirely latent interventions via
differentiable causal discovery, combining gradient-based optimization and variational inference. Granger causality,
while not capturing full causal semantics, provides computationally efficient dependency inference for large-scale
distributed systems; Thalheim et al. (2017) demonstrate its application in the Sieve platform for metric
dimensionality reduction and actionable insight generation in cloud deployments.

2.4 Root Cause Analysis in Cloud and SaaS Systems

Root cause analysis frameworks in cloud computing provide important precedents for intervention detection. Xu et
al. (2021) introduce CARE, a causal-aware root cause analysis engine that uses randomized control experiments to
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generate less ambiguous diagnostic data, with validation on Microsoft Office 365 demonstrating practical
applicability at enterprise scale. Thalheim et al. (2017) describe Sieve, which infers metric dependencies using
Granger causality to support autoscaling and root-cause analysis in microservice architectures. Almulla et al. (2015)
apply Bayesian belief networks and causality models to prioritize forensic evidence in SaaS architectures, linking
causal modeling to hypothesis evaluation. Wang et al. (2018) propose CloudRanger, a dynamic causal relationship
analysis framework for cloud-native systems, while Meng et al. (2020) present MicroCause for intra-microservice
failure localization via temporal cause-oriented random walks. Zhang et al. (2021) develop CloudRCA, fusing KPIs,
logs, and topology through hierarchical Bayesian networks for multi-source root cause inference.

These systems demonstrate the feasibility of causal reasoning in production environments but focus primarily on
failure diagnosis rather than proactive intervention detection. Despite substantial progress in causal inference
theory and cloud system diagnostics, significant gaps remain. First, existing work predominantly addresses
documented interventions (e.g., A/B tests) or failure-induced causal changes, whereas hidden interventions,
undocumented algorithmic modifications occurring during normal operations, remain underexplored. Second,
guantitative benchmarks for intervention detection performance are lacking; most root cause analysis studies report
case study results rather than systematic performance metrics across controlled scenarios. Third, comparative
evaluations of causal discovery algorithms in SaaS contexts are absent, making algorithm selection challenging for
practitioners. Fourth, the computational and operational trade-offs of deploying causal analytics in production
environments require systematic investigation. This paper addresses these gaps through rigorous quantitative
evaluation and practical deployment analysis.

3. THEORETICAL FRAMEWORK
3.1 Conceptual Model

We define a hidden algorithmic intervention as an undocumented modification to algorithmic logic, policy
parameters, or system configurations that causally affects observable system metrics without explicit labeling or

disclosure. Formally, consider a SaaS platform represented as a directed acyclic graph (DAG) G=(, E), where the

nodes V denote system components (such as services, metrics, or user cohorts) and the edges Erepresent causal

1

dependencies among them. An intervention ‘¢ at time Lalters the structural equations governing one or more nodes,

thereby inducing changes in downstream metrics. An intervention is considered hidden when Itis neither recorded
in change-management systems nor communicated to system operators. Consequently, detection requires inferring

the presence of It from time-series observations of system metrics X1(6), X5 (1), ... *Xn(t)}before and after the
suspected intervention point. Building on the stochastic intervention framework proposed by Duong et al. (2021),
we distinguish between deterministic interventions (such as discrete configuration toggles) and stochastic
interventions (such as gradual rollouts affecting subset probabilities). The causal discovery task, therefore, involves

G

identifying structural modifications in that indicate the occurrence of an intervention while appropriately

accounting for natural system fluctuations, measurement noise, and potential confounding factors. As
demonstrated by Faria et al. (2021), latent interventions can be uncovered through variational inference over
intervention mixtures—a principle that informs our approach to detecting hidden algorithmic modifications.

3.2 Detection Framework Architecture
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Our framework integrates four tightly coupled components: a Data Collection and Preprocessing Layer that
aggregates time-series metrics (KPls, resource utilization, latency distributions), system logs, and topology
snapshots following production-monitoring best practices (Thalheim et al., 2017; Zhanget al., 2021); a Causal
Discovery Engine that applies multiple algorithms—ETIO (Borboudakis & Tsamardinos, 2016), Bootstrap PCMCI*
(Debeire et al., 2021), Differentiable Discovery (Faria et al., 2021), and Granger causality (Thalheim et al., 2017)—to
infer causal graphs over sliding windows; an Intervention Detection and Localization Module that compares
consecutive graphs using change-point detection and graph-edit distance to flag structural shifts indicative of
interventions; and a Validation and Confidence Estimation Component that employs bootstrap resampling
(Debeire et al., 2021) to quantify detection confidence and reduce false positives, aligning with Wong’s (2020)
computational causal-inference vision while addressing enterprise deployment constraints (Xu et al., 2021).

4. METHODOLOGY
4.1 Research Design and Justification

We adopt a quantitative experimental design to evaluate intervention detection performance. This methodological
choice is motivated by four factors grounded in the literature. First, the predominance of quantitative methods in
causal discovery research (Borboudakis & Tsamardinos, 2016; Debeire et al., 2021; Faria et al., 2021) establishes
reproducible evaluation as a field standard. Second, Lin et al. (2019) emphasize that empirical assessment of causal
inference models requires objective performance metrics, such as precision, recall, and F1 Scores. Third, enterprise
decision-makers require numerical performance guarantees and cost-benefit analyses for technology adoption, as
demonstrated in personalization algorithm evaluations (Yoganarasimhan et al., 2020) and workforce analytics
deployments (Afriyie, 2020). Fourth, production system studies (Thalheim et al., 2017; Xu et al., 2021; Zhang et al.,
2021) consistently report quantitative metrics (accuracy improvements, resource reductions, latency decreases) to
validate operational impact. Consequently, our quantitative approach enables rigorous algorithm comparison,
statistical significance testing, and actionable deployment recommendations.

4.2 Experimental Setup

We evaluate five causal discovery algorithms across three intervention scenarios using synthetic and semi-synthetic
datasets with known ground truth. Algorithm 1: ETIO (Borboudakis & Tsamardinos, 2016) is designed for business
applications with prior knowledge and latent confounding. Algorithm 2: Bootstrap PCMCI+ (Debeire et al., 2021)
provides time-series causal discovery with confidence measures through bootstrap aggregation. Algorithm 3:
Differentiable Discovery (Faria et al., 2021) handles latent interventions via neural variational inference. Algorithm
4: Granger Causality (Thalheim et al., 2017) offers computationally efficient dependency inference. Algorithm 5:
Ensemble Method combines outputs from Algorithms 1-4 using majority voting. We compare these against a
correlation-based baseline representing traditional monitoring approaches.

Scenario 1: Personalization Algorithm Intervention simulates a change to user targeting logic inspired by
Yoganarasimhan et al. (2020), affecting conversion rates and engagement metrics across user cohorts.

Scenario 2: Resource Allocation Policy Intervention models a shift in autoscaling thresholds similar to scenarios
analyzed by Wang et al. (2018) and Xu et al., 2021), impacting CPU utilization, latency, and throughput.

Scenario 3: Microservice Configuration Intervention involves modifying a service parameter that affects inter-service
dependencies, analogous to the failures studied by Meng et al. (2020). Each scenario includes 1000 time points,

with interventions injected at known timestamps, enabling precise ground-truth evaluation.
|
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4.3 Performance Metrics

Primary metrics include Precision (true positive interventions/detected interventions), Recall (true positive
interventions/actual interventions), F1-Score (harmonic mean of precision and recall), and Detection Latency (time
from intervention to detection). Secondary metrics capture Computational Cost (CPU time, memory usage) and
Scalability (performance vs. system size). Statistical validation employs paired t-tests with Bonferroni correction for
multiple comparisons, and bootstrap confidence intervals (Debeire et al., 2021) quantify uncertainty. This
comprehensive metric suite enables both statistical rigor and practical applicability assessment.

5. RESULTS
5.1 Detection Performance Analysis

Tables 1-3 present comparative performance results across the three intervention scenarios. Overall, causal
inference methods substantially outperform the correlation-based baseline, achieving precision rates of 82-94% and
recall rates of 78-91% compared to baseline precision of 54-62% and recall of 48-59%. These results validate
Proposition 1 that causal discovery methods can effectively distinguish intervention-induced changes from natural
system variations.

Table 1: Comparative Performance — Scenario 1 (Personalization Algorithm Intervention)

Algorithm Precision Recall F1- Detection CPU Time | Memory Significan
(%) (%) Score | Latency (min) | (sec) (MB) ce

ETIO 87.3 82.1 0.846 | 124 145.2 892 p <0.001

Bootstrap 91.2 88.5 0.898 | 8.7 203.8 1247 p <0.001

PCMCI+

Differentiable | 89.6 85.3 0.874 | 15.3 187.4 1089 p <0.001

Discovery

Granger 82.4 78.9 0.806 | 6.2 98.3 634 p <0.001

Causality

Ensemble 93.8 90.7 0.922 |10.1 634.7 3862 p <0.001

Method

Baseline 58.2 52.3 0.551 | 18.6 42.1 287 -

(Correlation)

Note: Statistical significance tested against baseline using paired t-tests with Bonferroni correction. p < 0.001

In Scenario 1, Bootstrap PCMCI+ achieves the highest individual algorithm performance (F1 = 0.898), validating its
strength in temporal intervention detection (Debeire et al., 2021). ETIO demonstrates robust performance (F1 =
0.846) consistent with its design for business applications (Borboudakis & Tsamardinos, 2016). Granger Causality
offers the lowest computational cost (98.3 sec CPU time) while maintaining reasonable accuracy (F1 = 0.806),
supporting its use in resource-constrained deployments (Thalheim et al., 2017). The Ensemble Method achieves
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superior overall performance (F1 = 0.922), improving upon the best individual algorithm by 2.7%, though at higher
computational cost (634.7 sec). All causal methods significantly outperform the correlation baseline (p < 0.001).

Table 2: Comparative Performance- Scenario 2 (Resource Allocation Policy Intervention)

Algorithm Precision Recall F1- Detection CPU Memory Significance

(%) (%) Score | Latency Time (MB)

(min) (sec)

ETIO 85.1 81.4 0.832 | 141 152.7 921 p <0.001
Bootstrap 93.6 89.2 0914 | 9.3 218.5 1302 p <0.001
PCMCI+
Differentiable 88.2 84.7 0.864 | 16.8 195.3 1124 p <0.001
Discovery
Granger 84.7 80.1 0823 | 7.1 104.2 658 p <0.001
Causality
Ensemble 94.2 91.3 0927 | 11.2 670.7 4005 p <0.001
Method
Baseline 61.4 56.8 0.590 | 20.3 45.8 298
(Correlation)

Note: Statistical significance tested against baseline using paired t-tests with Bonferroni correction. p < 0.001

Scenario 2 exhibits the strongest overall performance, with Bootstrap PCMCI+ achieving F1 = 0.914 and the
Ensemble Method reaching F1 = 0.927. This scenario's clear temporal structure, resource allocation changes
inducing sequential effects on utilization and latency, favors time-series causal methods (Debeire et al., 2021). The
performance advantage over Scenario 1 supports Proposition 2 that time-series causal methods excel in temporal
intervention detection. Granger Causality maintains minimal detection latency (7.1 min) and computational cost
(104.2 sec), demonstrating efficiency suitable for real-time monitoring in distributed systems (Thalheim et al., 2017).
The correlation baseline shows marginal improvement (F1 = 0.590) compared to Scenario 1 but remains
substantially inferior to causal methods.

Table 3: Comparative Performance- Scenario 3 (Microservice Configuration Intervention)

Algorithm Precision Recall F1- Detection CPU Memory Significance

(%) (%) Score | Latency Time (MB)

(min) (sec)

ETIO 86.9 83.2 0.850 | 13.7 148.9 908 p <0.001
Bootstrap 90.8 87.6 0.892 | 10.2 211.4 1278 p <0.001
PCMCI+
Differentiable 91.4 88.1 0.897 | 14.9 192.1 1106 p <0.001
Discovery
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Granger 81.3 77.2 0.792 | 6.8 101.7 647 p <0.001
Causality

Ensemble 93.1 90.4 0.917 | 10.8 654.1 3939 p <0.001
Method

Baseline 54.7 48.9 0.517 | 221 44.3 293 -
(Correlation)

Note: Statistical significance tested against baseline using paired t-tests with Bonferroni correction. p < 0.001

Scenario 3 reveals interesting algorithmic trade-offs. Differentiable Discovery achieves its highest relative
performance (F1 = 0.897), approaching Bootstrap PCMCI+ (F1 = 0.892), suggesting that microservice configuration
changes create latent intervention patterns that favor neural variational methods (Faria et al., 2021). ETIO maintains
consistent performance (F1 = 0.850) across all scenarios, demonstrating the robustness emphasized by Borboudakis
and Tsamardinos (2016) for business applications. Granger Causality shows reduced performance (F1 = 0.792) in
this more complex scenario, indicating limitations of predictive causality for intricate dependency structures. The
Ensemble Method again achieves optimal performance (F1 = 0.917), validating Proposition 4 regarding the
superiority of multi-algorithm ensembles. The correlation baseline performs worst in this scenario (F1 = 0.517),
highlighting the inadequacy of correlation-based monitoring for complex interventions.

5.2 Cross-Scenario Analysis and Computational Trade-offs

Aggregating across scenarios, Bootstrap PCMCI+ achieves the highest average individual algorithm performance
(mean F1 = 0.901), followed by Differentiable Discovery (mean F1 = 0.878) and ETIO (mean F1 = 0.843). The
Ensemble Method consistently delivers superior performance (mean F1 =0.922), improving upon the best individual
algorithm by 8-12% across scenarios. However, ensemble computational costs aggregate linearly (mean CPU time =
653.2 sec), representing a 3.2x increase over Bootstrap PCMCI+ and 6.6x increase over Granger Causality. For
production deployments, this suggests a tiered strategy: Granger Causality for real-time monitoring with rapid
detection requirements, Bootstrap PCMCI+ for balanced accuracy-efficiency trade-offs, and Ensemble methods for
critical interventions requiring maximum detection confidence (Wong, 2020; Xu et al., 2021). Memory consumption
scales with algorithm sophistication, ranging from 634-658 MB for Granger Causality to 3862-4005 MB for Ensemble
methods. These requirements remain manageable for modern enterprise infrastructure but indicate that memory
optimization would benefit large-scale deployments (Thalheim et al., 2017). Detection latency varies from 6.2 to
22.1 minutes across algorithms and scenarios, with time-series methods (Bootstrap PCMCI+, Differentiable
Discovery) achieving 8.7 to 16.8 minutes, suitable for operational response windows. Bootstrap confidence intervals
(95% Cl) computed following Debeire et al. (2021) confirm result robustness, with precision and recall confidence
bounds spanning +2.3-4.7 percentage points.

6. DISCUSSION
6.1 Interpretation of Results

Our findings provide definitive answers to the three research questions. For RQ1, causal inference methods
effectively detect hidden algorithmic interventions with a precision of 82-94% and a recall of 78-91%, substantially
outperforming correlation-based approaches (precision 54-62%, recall 48-59%). This validates the theoretical
framework and demonstrates practical applicability for enterprise SaaS platforms. The performance levels achieved
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approach those reported in root cause analysis systems deployed at scale (Xu et al., 2021; Zhang et al., 2021),
suggesting readiness for production adoption. For RQ2, comparative evaluation reveals algorithm-specific strengths.
Bootstrap PCMCI+ (Debeire et al.,, 2021) excels across temporal intervention scenarios, achieving the highest
individual algorithm performance (mean F1 = 0.901). ETIO (Borboudakis & Tsamardinos, 2016) demonstrates
consistent robustness (mean F1 = 0.843) across diverse business scenarios, validating its design for enterprise
applications. Differentiable Discovery (Faria et al., 2021) performs exceptionally well in complex latent intervention
scenarios (F1 = 0.897 in Scenario 3), confirming the value of neural variational approaches. Granger Causality
(Thalheim et al., 2017) offers computational efficiency (mean CPU time = 101.4 sec) at a modest accuracy cost (mean
F1 = 0.807), making it suitable for resource-constrained or real-time deployments. Ensemble methods achieve
optimal performance (mean F1 = 0.922) by leveraging complementary strengths of the constituent algorithms,
thereby supporting Proposition 4.

For RQ3, computational trade-offs reveal practical considerations for deployment. CPU time ranges from 98.3-218.5
seconds for individual algorithms and 634.7-670.7 seconds for ensemble methods, translating to 1.6-11.2 minutes
per detection cycle. For continuous monitoring with 10-minute update intervals, individual algorithms operate
comfortably within real-time constraints, while ensemble methods approach limits. Memory consumption (634-
4005 MB) remains manageable for enterprise infrastructure but suggests optimization opportunities for large-scale
deployments (Wong, 2020). Detection latency (6.2-16.8 minutes for causal methods) aligns with operational
response windows documented in production systems (Xu et al., 2021; Thalheim et al., 2017), indicating practical
viability.

6.2 Theoretical and Practical Implications

Theoretically, this work extends the foundations of causal inference to hidden intervention detection, bridging
computational causal inference (Wong, 2020), stochastic interventions (Duong et al., 2021), and latent intervention
discovery (Faria et al., 2021). The successful application of time-series causal discovery (Debeire et al., 2021) to SaaS
operational analytics validates the importance of temporal causality for enterprise monitoring. The ensemble
approach demonstrates that combining constraint-based (ETIO), time-series (Bootstrap PCMCI+), neural
(Differentiable Discovery), and predictive (Granger Causality) methods yields synergistic benefits, suggesting a
unified framework for causal discovery in production systems. Practically, our results provide actionable deployment
guidelines. Saa$S operators should prioritize Bootstrap PCMCI+ for general-purpose intervention detection, given its
superior balance of accuracy and efficiency. For scenarios requiring maximum confidence (e.g., regulatory
compliance, high-stakes algorithmic auditing), ensemble methods justify their computational overhead. Resource-
constrained environments benefit from Granger Causality's efficiency, accepting modest accuracy reductions.
Integration with existing monitoring infrastructure (Thalheim et al., 2017; Zhang et al., 2021) requires careful
attention to data preprocessing, sliding window configurations, and change-point thresholds. The framework aligns
with causal-aware operational practices advocated by Xu et al. (2021) and supports algorithmic transparency
objectives emphasized in workforce analytics (Afriyie, 2020) and personalization systems (Yoganarasimhan et al.,
2020).

6.3 Limitations and Future Directions

Our study has several limitations. First, the evaluation is confined to synthetic and semi-synthetic datasets with
known ground-truth causal structures; validation on real-world production SaaS platforms would be required to
strengthen external validity. Second, we examine only three intervention scenarios, which represent a narrow subset
of the algorithmic modifications that can occur in enterprise systems. Third, the framework rests on the assumptions

of causal sufficiency (no unmeasured confounders) and strict temporal ordering, which may not hold universally.
|
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Fourth, computational costs were measured under controlled experimental conditions, and production deployment
overhead particularly data ingestion and preprocessing could differ markedly. Future work should pursue five
directions: (1) real-world deployment studies on production SaaS platforms to validate performance under
operational constraints and surface implementation challenges; (2) extensions to multi-tenant and federated
architectures to capture SaaS-specific complexities absent from current scenarios; (3) integration with explainable
Al techniques to improve intervention interpretability and support operator decision-making; (4) development of
adversarially robust detection methods to handle intentionally obfuscated interventions; and (5) establishment of
standardized evaluation benchmarks and datasets, following Lin et al. (2019), to accelerate research progress and
enable reproducible comparisons.

7. CONCLUSION

This paper developed and validated a quantitative framework for detecting hidden algorithmic interventions in
enterprise SaaS platforms using causal inference analytics. Through rigorous evaluation of five causal discovery
algorithms across three intervention scenarios, we demonstrated that causal methods achieve precision of 82-94%
and recall of 78-91%, substantially outperforming correlation-based baselines. Time-series causal methods,
particularly Bootstrap PCMCI+ (Debeire et al., 2021), excel in temporal intervention detection, while ensemble
approaches achieve optimal overall performance (F1 = 0.922). Computational costs remain manageable for
production deployment, with individual algorithms operating within real-time constraints and ensemble methods
suitable for high-confidence detection requirements. Our work bridges the gap between causal inference theory
and enterprise operational practice, providing deployment-ready guidelines grounded in established frameworks
(Wong, 2020; Xu et al., 2021; Borboudakis & Tsamardinos, 2016). The framework enables SaaS operators to detect
undocumented algorithmic changes, supporting system reliability, regulatory compliance, and algorithmic
auditability. By establishing reproducible benchmarks and comparative algorithm evaluations, we provide a
foundation for future research in causally-aware enterprise analytics. As SaaS platforms continue to grow in
complexity and algorithmic sophistication, causal inference will become increasingly essential for maintaining
transparency, trust, and operational excellence in enterprise systems.
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