Innovation Business
2026, Vol. 1, No. 1, pp. 78-84
https://doi.org/10.11648/5.1b.20260101.16

SciencePG

Science Publishing Group

Research Article

A Hybrid PSO-SNA Framework for Enhanced Conversion
Prediction in Meta Advertising Campaigns

Zaid Kraitem”

Information Engineering Faculty, Al-Wataniya Private University (WPU), Hama, Syria

Abstract

This study introduces a novel hybrid methodology that integrates Particle Swarm Optimization (PSO) and Social Network
Analysis (SNA) to enhance conversion prediction in Meta digital advertising campaigns. Real-world data was collected from
four international Meta ad accounts promoting coaching programs, structured across three dimensions: demographic targeting
(age, gender), platform placement, and daily performance metrics. Following an initial cleaning and balancing process, a
baseline Random Forest classifier was trained, achieving an Fl-score of 0.81. PSO was then employed to optimize
hyperparameters, resulting in an improved F1-score of 0.83. In parallel, we applied SNA techniques to construct behavioral
graphs based on feature similarity and centrality, generating new network-based predictors. Finally, we combined both optimized
hyperparameters and SNA-derived features into a hybrid PSO-SNA model. The hybrid model demonstrated superior
performance, achieving an accuracy of 0.89, precision of 0.90, recall of 0.90, and an F1-score of 0.87, significantly
outperforming previous models. These results underscore the effectiveness of integrating topological behavioral insights with
traditional optimization techniques. By bridging swarm intelligence and social graph analysis, this hybrid model offers a scalable
and explainable approach for advertisers seeking to maximize conversion rates without altering Meta's black-box algorithms.
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1. Introduction

The rapid growth of digital advertising has revolutionized
how businesses reach and influence their audiences. Platforms

to convert impressions into meaningful actions due to limita-
tions in interpretability and optimization of existing machine

like Meta (formerly Facebook) offer powerful tools to deploy
targeted campaigns based on demographics, interests, and
user behavior [1]. However, the effectiveness of such cam-
paigns especially in conversion-driven sectors like online
coaching relies heavily on precise audience segmentation and
predictive targeting. Despite the abundance of performance
data generated by these platforms, advertisers often struggle

learning models [2]. In this context, predictive modeling plays
a pivotal role in bridging the gap between ad delivery and
actual conversions. Classical approaches such as Random
Forest classifiers have shown reliable performance in mod-
eling click-through and conversion rates [3]. Yet, these mod-
els typically rely on tabular performance data and ignore the
underlying behavioral patterns or network effects that influ-
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ence user decision-making. Moreover, tuning these models
for optimal predictive power requires computationally ex-
pensive grid searches or trial-and-error methods that may still
fall short in uncovering deep patterns. To address these chal-
lenges, this paper introduces a hybrid methodology that
combines Particle Swarm Optimization (PSO) and Social
Network Analysis (SNA) for enhanced prediction of ad con-
versions. PSO is utilized as a metaheuristic optimization al-
gorithm to fine-tune the hyperparameters of the baseline
Random Forest model. Simultaneously, SNA is employed to
construct user behavior graphs derived from advertising da-
ta-capturing structural signals such as node centrality, clus-
tering, and influence based on demographic and platform
features. These graph-based metrics are transformed into
additional predictive features that enrich the model's under-
standing of latent behavioral structures. Our study follows a
structured process: data collection from four Meta advertising
accounts promoting coaching services globally, followed by
meticulous cleaning, aggregation, and balancing. We then
evaluate a baseline Random Forest model, optimize it with
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PSO, and later enrich the dataset using SNA-derived features.
The final hybrid model integrates both strategies and demon-
strates significantly improved classification performance in
predicting user conversions.

This research contributes both methodologically and prac-
tically. It validates the importance of combining structural
behavioral insights with advanced optimization techniques in
conversion prediction. Furthermore, the proposed pipeline is
applicable in real-world advertising environments where API
limitations or platform constraints prevent direct model inte-
gration—offering advertisers a way to implement insights
manually through better segmentation and targeting strategies.
In the sections that follow, we detail the theoretical under-
pinnings of PSO and SNA, the experimental setup, evaluation
metrics, and comparative results. We conclude with a dis-
cussion of practical implications for digital marketers and
directions for future work. As Figure 1 shows. The dashboard
for an ad account selling training courses with advantages
targeting which is recommended via Meta.
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Figure 1. Customize Ad account table before exporting it (Breakdown using Age & Gender and Day).

2. Related Work

Predictive modeling for digital advertising has received
substantial attention in recent years, particularly in the context
of conversion optimization. Traditional supervised learning
algorithms—such as logistic regression, decision trees, and
ensemble methods like Random Forests—have been widely
employed to forecast click-through rates (CTR) and conver-
sion probabilities based on structured campaign data (e.g., age,
gender, placement, impressions, spend) [1, 2]. While these
models provide a foundational framework for prediction, their
effectiveness is often constrained by two critical factors:
suboptimal hyperparameter configurations and limited utili-
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zation of latent relational patterns among users. To improve
model performance, optimization algorithms have been in-
creasingly integrated into the machine learning pipeline.
Among these, Particle Swarm Optimization (PSO) has
emerged as a compelling alternative to grid or random search
for hyperparameter tuning. Inspired by the social behavior of
bird flocks and fish schools, PSO operates through a popula-
tion of candidate solutions (particles) that explore the search
space collaboratively [3]. In digital advertising, PSO has
demonstrated superior efficiency in identifying hyperparam-
eters that maximize classification metrics such as accuracy,
precision, or Fl-score, especially when applied to noisy,
high-dimensional datasets [4]. Concurrently, there is a
growing interest in incorporating Social Network Analysis
(SNA) into advertising and recommendation systems. By
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modeling the relationships and interactions among users,
SNA provides a structural lens through which one can un-
cover influential behaviors, detect communities, or quantify
user centrality within a network [5, 6]. Recent studies have
leveraged graph-based features such as degree, closeness, and
betweenness centrality to enrich user profiling and enhance
personalization in domains ranging from e-commerce to
health promotion [7]. In advertising, however, the application
of SNA remains relatively underexplored, particularly in the
context of paid media data. A few notable works have at-
tempted to fuse optimization techniques with graph analytics.
For instance, some hybrid models have integrated PSO with
graph neural networks or collaborative filtering mechanisms
to boost performance in recommendation engines [8]. How-
ever, to the best of our knowledge, no prior research has sys-
tematically combined PSO-tuned machine learning with
SNA-derived features for the specific task of conversion
prediction in Meta (Facebook/Instagram) advertising cam-
paigns. Our work builds upon these prior efforts by proposing
a novel hybrid framework that unites PSO-based optimization
and SNA-driven feature engineering. Unlike end-to-end au-
tomated systems, our methodology is designed to be inter-
pretable and adaptable, particularly useful for marketers who
operate within constraints such as platform black-boxing or
API limitations. By validating the hybrid model on real-world
data from four ad accounts and comparing it against baseline

vi(t+ 1) = w.v;(t) + ¢q.14. (pl- — xi(t)) +Cy. 1. (g — xi(t))

Xl'(t + 1) = xi(t) + 'Ui(t + 1)

Where: w is the inertia weight controlling the impact of the
previous velocity.c,, c,are cognitive and social acceleration
coefficients, respectively. ry,,~U(0,1) are uniformly dis-
tributed random numbers. p; is the personal best position of
particle i. g is the global best position found by the swarm.
PSO is well-suited for exploring high-dimensional, nonlinear
search spaces, making it an effective choice for optimizing
model hyperparameters in conversion prediction tasks.

3.2. Social Network Analysis (SNA)

SNA provides a quantitative framework to analyze the
structural properties of relationships among entities [11]. In
the context of advertising, nodes represent users, and edges
reflect interactions such as clicks, shares, or conversions.
Incorporating SNA enables the model to account for social
influence and connectivity, which are critical predictors of
conversion behavior. Let G = (V,E) be a directed or undi-
rected graph where: V is the set of nodes (users or segments).
E € V xV isthe set of edges representing relationships. Key
metrics used in this study include:

Degree Centrality:

Cpr(v) =deg(v) )

80

models, we aim to demonstrate both the theoretical and prac-
tical gains of this integrated approach.

3. Methodology

This research proposes a hybrid optimization model that
combines Particle Swarm Optimization (PSO) and Social
Network Analysis (SNA) to enhance conversion prediction
accuracy in digital advertising campaigns. This section pre-
sents a detailed theoretical and mathematical exposition of
both algorithms and outlines how they are integrated in the
proposed framework.

3.1. Particle Swarm Optimization (PSO)

PSO is a population-based stochastic optimization algo-
rithm inspired by the social behavior of bird flocking or fish
schooling, originally introduced by Kennedy and Eberhart
(1995) [9]. In PSO, each individual solution, called a particle,
moves through the search space influenced by its own
best-known position and the global best-known position of the
entire swarm. Each particle i has a position vector x;(t) €
R™and a velocity vector v;(t) € R"at time step t. The veloc-
ity and position of each particle are updated as follows [10]:

1)
2

Measures the number of direct connections a node v has
[12].

Betweenness Centrality:

ast(V)
Ost

Cp(V) = Xsrv=e 4)
Where gy, is the total number of shortest paths from node s
tot, and gy (v) is the number of those paths passing through
v [13].
Closeness Centrality:

1

Cc) =5 aam

(®)

Reflects how quickly a node can reach all others in the
network. These centrality metrics are computed for each user
and incorporated as additional features in the hybrid model to
capture latent influence and community effects on conversion
likelihood [14, 15].

3.3. Hybrid Model Integration

The proposed model uses PSO to optimize the weights of
predictive features, including classical campaign metrics (e.g.,
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Click through Rate (CTR), Cost per Mile (CPM)) and
SNA-derived features. The optimization goal is to minimize
prediction error in a supervised classification task (e.g., pre-
dicting conversions as binary outcomes). Let: X € R™" be
the feature matrix. y € {0,1}™ be the binary conversion la-
bels (0: Not Purchased, 1: Purchased). f(x;0) be the classi-
fier, parametrized by weights 6 optimized via PSO. The
Fitness function is defined as the classification error:

£0) = - I 1(f (% 0) # ) (6)

Data Cleaning

£sv 3
Preprocessing

Campaign Files
(from Meta)

Each particle represents a candidate parameter vector 6.
SNA features guide the initialization and neighborhood-based
updates of particles, introducing structured priors informed by
user connectivity. This fusion of swarm intelligence and
network-based feature enrichment aims to produce a robust
model that captures both user-level behavior and social dy-
namics, thereby improving conversion prediction in complex
advertising environments. As Figure 2 illustrate.

Hybrid Model

SNA Features '
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:/ i
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Figure 2. Chart box for proposed Hybrid Model.

4. Experiment

4.1. Dataset Description

The dataset used in this study was collected from four in-
ternational Meta advertising accounts promoting digital
coaching courses. After initial aggregation, preprocessing,

and removal of incomplete records, the final dataset com-
prised 536 instances, with 428 samples used for training and
108 reserved for testing. The feature set included demo-
graphic information (age, gender), interaction details (plat-
form, ad placement), and binary conversion labels indicating
whether a user performed a desired action (purchase or not).
As Table 1 shows.

Table 1. An example of exported data from ad accounts to be pre-processed.

Audience Details Performance Conversion
Age Gender Placement Country Reach Amount Spent CTR Purchases
25-34 Female FB Stories USA 2,422 625 AED 2.5% 7

4.2. Experimental Setup

All experiments were conducted using Python on the
Google Collab platform. The primary libraries utilized in-
clude scikit-learn for modeling, Optuna for PSO optimization,
and NetworkX for graph-based feature extraction. The dataset
was split into 80% training and 20% testing. Evaluation met-
rics included accuracy, precision, recall, F1-score, and the
Area Under the ROC Curve (AUC), providing a comprehen-
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sive assessment of both class-level and overall performance.

4.3. Baseline Model Results

The baseline model employed a default Random Forest (RF)
Classifier without optimization or network-derived features. It
achieved an F1-score of 0.80, with an overall accuracy of 0.81
on the test set. Class-wise evaluation showed a slight imbal-
ance in recall between the positive and negative classes.
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Figure 3. Confusion Matrix and ROC Curve for Baseline RF Model.

4.4, PSO Optimization Results

Subsequently, we applied Particle Swarm Optimization
(PSO) to fine-tune hyperparameters. The best parameter set
found was:

{'n_estimators": 229, 'max_depth'": 28, 'min_samples_split":
9, 'min_samples_leaf": 1}

Using these parameters, the optimized Random Forest
model achieved an improved F1-score of 0.834 and an accu-
racy of 0.81, indicating a modest but measurable improve-
ment over the baseline.

4.5. SNA Model Results

A separate experiment was conducted using only the fea-
tures generated from Social Network Analysis (SNA), such as
degree centrality, closeness, and betweenness. The model
trained on SNA features alone achieved an accuracy of 0.61
and an F1-score of 0.57. The imbalance between precision
and recall highlighted that while SNA features add structural
insights, they are insufficient as standalone predictors.
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Figure 4. SNA: Feature Value Network Based on Purchase.

82

4.6. Hybrid PSO-SNA Model Results

The final hybrid model combined the PSO-tuned parame-
ters with the enriched feature space incorporating SNA met-
rics. This model yielded significantly better results:

1) Accuracy: 0.89

2) F1 Score: 0.87

3) Precision / Recall: 0.90

4) AUC: 0.88

These results demonstrate a clear improvement in the
model’s ability to distinguish converters from non-converters,
validating the effectiveness of integrating behavioral and
relational features. The following Figure 5. lllustrates the
difference between the suggested Hybrid model and others.
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—— SHNA-anly Model (AUC = 0.67)
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False Positive Rate
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Figure 5. ROC Curve Comparison.

These results suggest a high level of predictive perfor-
mance. The hybrid model demonstrates a well-balanced
trade-off between identifying true positives (Recall = 0.90)
and avoiding false positives (Precision = 0.90). The F1 score
of 0.87 indicates that the model performs consistently across
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both metrics, which is essential for real-world applications in
digital advertising optimization. The Area Under the Curve
(AUC) of 0.88 further reinforces the model’s discriminative
capacity between converting and non-converting ad instances.
Notably, the model achieved these results on a balanced da-
taset with 536 observations (268 positive and 268 negative
samples), ensuring that the reported performance is not
skewed due to class imbalance. A key finding is that inte-
grating SNA features significantly boosted model perfor-
mance compared to the standard feature set. The PSO-tuned
Random Forest (without SNA) achieved an F1 score of 0.83,
whereas the hybrid model improved upon this, reaching 0.87.
This confirms the hypothesis that behavioral patterns derived
from network interactions—such as placement connectivity
or demographic clusters—contribute meaningful predictive
power. In contrast, the baseline model (Random Forest with
default parameters) performed notably worse, with an F1
score of 0.81 and visible inconsistencies between Precision
and Recall. This highlights the necessity of both parameter
optimization and feature enrichment in advertising-based
conversion prediction tasks. As Table 2 shows.

Table 2. Comparison between suggested Hybrid model and others.

Model Name BaselineRF  PSO SNA  Hybrid Model
Accuracy 0.81 081 061 0.89
F1- Score 0.80 0.83 057 0.87

5. Conclusion

The hybrid PSO-SNA model proved effective not only in
accuracy but also in interpretability and generalizability. The
performance gap between the baseline and hybrid models

supports the contribution of this study as a viable advance-
ment in applied machine learning for performance marketing.
To further interpret the hybrid model’s behavior and under-
stand the factors influencing purchase prediction, we con-
ducted a feature importance analysis using the trained Ran-
dom Forest model after PSO-SNA optimization. The top
contributing features were as Table 3 illustrates.

Table 3. Model Interpretation using Feature Importance technique.

Feature Name Importance Score

SNA_Degree 0.21
Spend 0.18
CTR 0.15
Placement 0.13
SNA_Closeness 0.11
Age 0.09
Country 0.07

These results suggest that both structural attributes derived
from social network analysis (e.g., SNA Degree and
SNA_Closeness) and standard ad metrics (e.g., Spend, CTR,
and Placement) play a significant role in influencing user
behavior. Notably, SNA Degree was the most influential
feature, supporting our hypothesis that the structural posi-
tioning of ad entities in a networked environment impacts
conversion rate. As Figure 6 shows. This insight confirms the
value of integrating topological data with behavioral signals,
offering a more holistic view of user engagement and ad
effectiveness.

Feature Importance in the Hybrid Model

SNA_Degree

Spend

Placement

SNA_Closeness

0.000 0.025 0.050 0.075

0.100 0.125 0.150 0.175 0.200

Feature Importance Score

Figure 6. The importance of features in the suggested model.
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Future extensions of this work may include deploying re-
al-time hybrid systems, experimenting with other optimiza-
tion heuristics such as Genetic Algorithms or Bayesian
methods, or embedding graph neural networks to automati-
cally learn from user interaction structures. Furthermore,
expanding this methodology via adding more ad accounts to
collect more data or across diverse verticals can solidify its
generalizability and commercial utility.

Abbreviations

PSO Particle Swarm Optimization
SNA Social Network Analysis
AUC the Area Under Curve

CTR Cost Through Rate

CPM Cost Per Mile

RF Random Forests
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