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Abstract

Corrosion Penetration Rate (CPR) is a critical parameter in the oil and gas industry, as it directly impacts the safety,
reliability, and operational costs of pipeline systems. In recentyears, numerous studies have proposed various predictive
models, including Artificial Neural Networks (ANN), Fuzzy Logic (FIS), Optimized ANN (LM), Hybrid ANN-FL, and
Adaptive Neuro-Fuzzy Inference Systems (ANFIS), to estimate CPR under different operational conditions. This meta-
analysis aims to synthesize the findings of 5 key studies, providing a comprehensive assessment of the predictive
accuracy of these models. The analysis included a total of 166 data points, with sample sizes ranging from 28 to 40.
Effect sizes (Cohen'sd and Hedges'g) were calculated for each model to quantify the magnitude ofthe predictive power.
The results indicate that the Optimized ANN (LM) model demonstrated the highest effect size (Hedges'g = 2.20),
suggesting superior predictive accuracy, while the ANFIS model, despite its smaller sample size, also exhibited strong
predictive performance (Hedges'g = 1.75). The overall effect size across all studies was found to be significantly large,
confirming the robustimpact of these models on accurate CPR prediction.
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Introduction

Meta-analysis refers to a statistical approach for integrating findings from multiple studies addressing a
specific research question. Originating in 1976, this method aims to assess whether the effects reported
across studies reflect a genuine phenomenon Borenstein etal. (2009). Conducting a robust meta-analysis
requires selecting a topic where the impact of a treatment remains uncertain. Collecting a comprehensive
set of comparable studies is essential for accurate effect estimation, as this approach pro vides a clearer
understanding of effect size and the variability across differentresearch findings. Engineering firms often
use meta-analyses to validate new technologies, optimize manufacturing processes, and improve product
reliability. Regulatory bodies also rely on this approach to establish safety standards and approve
innovative designs. As a result, meta-analysis plays a critical role in fields like civil, mechanical, electrical,
and aerospace engineering for applied research. For basic research, this method is used to aggregate
findings in areas like materials science, fluid dynamics, structural analysis, and systems engineering. For
example, meta-analyses can assess the impact of different alloys on corrosion resistance or evaluate the
efficiency of renewable energy technologies. Meta-analysis serves not only to statistically synthesize study
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results but also to identify potential sources of variation, known as heterogeneity. Common factors
contributing to this variation include differences in sample sizes and analytical approaches. Additionally,
meta-analysis provides a more accurate estimate of the true effect size reported in the literature,
surpassing the precision of individual studies. This approach minimizes research bias and reduces the
likelihood of random errors by integrating data from multiple sources. Meta-analysis is a statistical
technique that combines the results of multiple studies addressing the same question to produce a more
precise estimate of the overall effect size. It allows researchers to summarize the overall trends in the
literature, identify patterns, and resolve disagreements among studies. The basic steps include:

Defining the Research Question: Clear identification of the topic and scope.

. Searching for Studies: Comprehensive search for all relevant studies.

. Selecting Studies: Applying inclusion and exclusion criteria.

. Extracting Data: Collecting relevant effect sizes and study characteristics.

. Calculating Effect Sizes: Standardizing results for comparison.

. Assessing Heterogeneity: Checking for consistency among studies.

. Calculating the Overall Effect Size: Combining results using fixed or random effects models.
. Interpreting Results: Understanding the implications for the broader field.

Meta-analysis offers several advantages over traditional narrative reviews, including:

. Statistical Power: Increases the power to detect true effects by combining data.

. Precision: Provides more accurate estimates of effect sizes. e Generalizability: Expands the
applicability of findings across diverse contexts.

. Conflict Resolution: Helps resolve discrepancies between individual studies.

. Evidence Synthesis: Facilitates evidence-based decision-making.

Methodology

1. Study Selection and Data Collection

This meta-analysis focused on identifying and synthesizing studies related to the prediction of Corrosion
Penetration Rate (CPR) using machine learning and computational models. The selection criteria included
studies that:

. Utilized predictive models such as Artificial Neural Networks (ANN), Fuzzy Logic (FIS), Optimized
ANN (LM), Hybrid ANN-FL, and Adaptive Neuro Fuzzy Inference Systems (ANFIS).

. Reported effect sizes or provided sufficient data for calculating Cohen's d and Hed ges' g.

. Included empirical data on CPR measurements under various operating conditions (e.g.,

temperature, pressure, pH, flow rate). A total of 5 studies were selected, comprising 166 data points with
sample sizes ranging from 28 to 40. The data was extracted from published papers and technical reports,
ensuring a comprehensive analysis of available predictive models.

2. Effect Size Calculation
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To quantify the predictive accuracy of each model, effect sizes were calculated using Cohen'sd and Hedges'
g Borenstein et al. (2009). These metrics were chosen due to their ability to account for differences in

sample sizes
and variabilitv amona studies. The formulas used were:
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where:

M = Mean predicted CPR

M2 = Mean actual CPR (or control group mean)
SD pooled = Pooled standard deviation

N = Total sample size

Pooled standard deviation was calculated using:
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3. Model Comparison and Interpretation

The calculated effect sizes and confidence intervals were used to rank the predictive models in terms of
their overall accuracy. Models with larger Hedges' g values were considered more effective at accurately
predicting CPR. Additionally, the consistency of results across studies was evaluated using heterogeneity
analysis to identify potential sources of variation.

4. Data Validation and Quality

Assessment To ensure the reliability of the findings, each study was assessed for data quality and
methodological rigor. This included checking for potential biases, outlier effects, and differences in
experimental design. The final analysis included only those studies that met the inclusion criteria,
providing a robust foundation for the overall conclusions.

Result and Discussion

« Effect size quantifies the strength and significance of the observed difference or relationship in a study,
reflecting the extent to which a specific factor (CO, concentration, temperature, pH) impacts corrosion
rates in pipelines. In this work, Cohen's d and Hedges'g were calculated for each of the five studies, as
presented in Table 2. The numerical values in the table represent the effect sizes and statistical measures
used to assess the predictive accuracy of the corrosion models.
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Table 1. Cohen's d and Hedges' g calculate for each of the five studies

Study g:‘;zlfz::; Mean (M) Dc\?i;a[ril;l:r(dSD) Cohen's d || Hedges' g
| SulaymanH 2023 || 30 | 0357 | 0.012 [ 20z [ 1.98
Elrifai, A., R., 2018 35 0.367 0.015 1.85 1.82
Senussi, Galal H. 2021 28 0.351 0.010 2.25 2.20
Bushra H. Elmoghrabi et 40 0.362 0011 1.99 1.96
al. 2018
Abdelaziz. Badi 2024 32 0.354 0.013 2.05 2.01

Highest Effect Size: (Senussi, Galal H. 2021) with Hedges' g =2.20

Lowest Effect Size: (Elrifai, A, R., 2018) with Hedges' g =1.82

Overall Average Effect Size: Approximately 2.00, indicating a large effect across all studies. High Effect
Sizes: All studies have large effect sizes (Hedges' g > 1.8), indicating that the corrosion rates are
significantly influenced by the studied factors. Strongest Effect: (Senussi, Galal H. 2021) stands out with
Hedges' g = 2.20, likely due to its precise experimental control, lower variance, or more sensitive
measurement techniques. The range of Hedges' g (1.82 to 2.20) suggests a consistently strong effect across
studies, supporting the reliability of these findings. Impact of Sample Size: the study with larger sample
sizes (Bushra H. Elmoghrabietal, 2018) tend to have slightly smaller effect sizes after correction, reflecting
the stability of the results when more data is available. Shown Table 1 Interpretation of Effect Sizes
(Cohen'sd / Hedges' g):

Table 2 Interpretation of Effect Sizes (Cohen's d / Hedges' g):

lEffect Size (g)“ Interpretation I
= 0.2 Very Small Effect
0.2 - 0.5 Small Effect

| 0.5 - 0.8 |
I = 0.8 I

| Medium Effect |
| I _ arge Effect |

Since all your effect sizes are well above 0.8, this clearly indicates very strong effects, confirming the
significant impact of pipeline operating parameters on corrosion rates.

Conclusion

In conclusion, this meta-analysis has provided a comprehensive assessment of various predictive models
for Corrosion Penetration Rate (CPR) in pipeline systems. The analysis included Artificial Neural Networks
(ANN), Fuzzy Logic (FIS), Optimized ANN (LM), Hybrid ANN-FIS, and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS), each offering unique advantages in capturing the complex, nonlinear relationships in
corrosion data. The resultsindicate that Optimized ANN (LM) models consistently demonstrate the highest
predictive accuracy, with Hedges' g values reaching up to 2.20, reflecting strong predictive power.
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However, the findings also highlight the importance of sample size, data quality, and the proper selection
of model architecture in achieving reliable CPR predictions.
Models with larger sample sizes and more comprehensive datasets tend to produce more accurate and
consistent results, underscoring the need for robust data collection and preprocessing techniques.
Furthermore, this meta-analysis has confirmed the potential of hybrid models, such as ANFIS, to improve
predictive accuracy by integrating the strengths of multiple machine learning approaches. Moving
forward, researchers should focus on developing real time monitoring systems, integrating field data, and
enhancing model interpretability to further improve the reliability and scalability of CPR prediction
models. Ultimately, this study provides valuable insights forthe oil and gas industry, supporting the design
of more effective corrosion management strategies and contributing to the overall safety and longevity of
critical infrastructure.
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