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ABSTRACT

This study presents an innovative Al-based approach to M&A target selection and synergy prediction using
a hybrid machine learning model combining gradient boosting, support vector machines, and neural
networks. The model aims to identify acquisition targets with high potential for achieving synergistic
benefits. Utilizing a comprehensive dataset of 10,000 M&A deals from 2010 to 2023, the model
demonstrates superior predictive performance in identifying successful synergistic combinations compared
to traditional target selection methods. With AUC-ROC of 0.937 and AUC-PR of 0.912, the proposed
model significantly outperforms conventional techniques. Feature importance analysis reveals critical
factors influencing successful combinations, including Revenue Growth Rate, Market Cap / EBITDA ratio,
and Debt to Equity Ratio. The inclusion of text-based features improves the model's ability to capture
gualitative aspects of potential target compatibility. Case studies demonstrate the model's effectiveness in
identifying promising acquisition targets, showing a 47% higher success rate in post-merger integration
compared to traditional methods.
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Introduction

1.1. Background of M&A and Target Selection

Mergers and acquisitions (M&A) have long been a cornerstone strategy for corporate growth,
diversification, and competitive advantage in the global marketplace. The success of M&A transactions
largely depends on selecting suitable target companies that can create synergistic value, where the combined
entity's value exceeds the sum of its individual parts!l. Target selection, a critical component of M&A due
diligence, involves identifying companies with characteristics that indicate high potential for successful
post-merger integration and value creation.

The identification of promising acquisition targets has traditionally relied on financial modeling, market
analysis, and expert judgment. These approaches focus on evaluating potential operational compatibility,
market expansion opportunities, and strategic alignment between acquiring and target companies(? . The
effectiveness of target selection significantly influences deal valuation, negotiation strategies, and
ultimately, the success of post-merger integration.

The M&A landscape has become increasingly complex in recent years, with transactions spanning diverse
industries and geographies. This complexity has heightened the need for more sophisticated and data-driven
approaches to target selection. The advent of big data and advanced analytics has opened new avenues for
enhancing the precision and reliability of identifying suitable acquisition candidates, leading to growing
interest in leveraging artificial intelligence and machine learning techniques in this domaint!

1.2. Challenges in Traditional M&A Target Selection

Traditional methods of M&A target selection face several significant challenges that can impact the
effectiveness of deal outcomes. One primary challenge is the limited capacity to systematically screen and
evaluate large numbers of potential targets. Human biases and cognitive limitations in processing vast
amounts of complex data can lead to overlooking promising candidates or misidentifying suitable targets.

Another challenge lies in the dynamic nature of market conditions and industry landscapes. Traditional
selection methods often struggle to account for rapid technological advancements, regulatory changes, and
shifts in consumer behavior that can significantly affect post-merger success. The inability to adapt
selection criteria to changing circumstances can result in missed opportunities or suboptimal target
choices! .

Data integration and analysis present additional hurdles. Many traditional approaches rely on fragmented
data sources and limited analytical capabilities, which may fail to capture the multifaceted nature of target
suitability. The challenge of combining quantitative metrics with qualitative factors, such as corporate
culture compatibility and strategic fit, further complicates the selection processt™ .

1.3. The Role of Al and Machine Learning in Target Selection

Artificial intelligence (Al) and machine learning (ML) are transforming M&A target selection by
addressing many limitations inherent in traditional approaches. These technologies can systematically
screen vast numbers of potential targets, analyzing structured and unstructured data at unprecedented speeds
to identify candidates with characteristics associated with successful post-merger outcomes!® .
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Machine learning algorithms excel at recognizing complex patterns and relationships within diverse
datasets that may not be apparent through human analysis alone. By leveraging historical M&A data,
financial records, market trends, and unstructured information from news sources and social media, ML
models can identify companies with high potential for successful integration and value creation(™.

Al-driven target selection models can adapt to new information and changing market conditions in real-
time, providing dynamic and responsive screening capabilities. Natural language processing enables the
integration of qualitative data into the selection process, analyzing textual information from company
reports, industry publications, and expert opinions to assess cultural and strategic compatibility.

1.4. Research Objectives and Contributions

This research aims to develop and validate an Al-driven M&A target selection model that leverages
machine learning techniques to identify acquisition candidates with high potential for successful integration
and value creation. The primary objectives include: (1) designing a robust machine learning architecture
for screening and ranking potential acquisition targets, (2) developing advanced feature engineering
techniques to identify characteristics associated with successful M&A outcomes, (3) implementing and
evaluating various machine learning algorithms to optimize target selection accuracy, and (4) analyzing
key factors that indicate high potential for post-merger successt®!

This research's contributions are expected to significantly advance the field of M&A target selection. By
introducing a data-driven, Al-powered approach, this study aims to provide M&A practitioners with a more
systematic and reliable tool for identifying promising acquisition candidates. The proposed model can
enhance the efficiency and effectiveness of target screening processes, ultimately leading to better-informed
M&A decisions and improved transaction outcomes.

2. Literature Review

2.1. Traditional Approaches to M&A Target Selection

Traditional methods for identifying and selecting M&A targets have primarily relied on financial modeling,
strategic analysis, and expert judgment. These approaches typically combine quantitative and qualitative
assessments to identify companies with high potential for successful integration and value creation.
Financial screening techniques, such as discounted cash flow (DCF) and comparable company analyses,
have been widely used to evaluate potential targets' financial health and strategic fit (Jiang, 2021). These
models often focus on key metrics such as profitability, growth rates, and market position to identify
promising acquisition candidates! .

Strategic analysis frameworks, including Porter's Five Forces and SWOT analysis, have been employed to
assess market positioning and strategic compatibility between acquiring and target companies. These
gualitative approaches aim to evaluate core competencies, market presence, and potential strategic benefits
of combining operations. Expert judgment has played a crucial role in traditional target selection, with
experienced professionals leveraging their industry knowledge and historical precedents to identify suitable
candidates.
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While these methods have formed the foundation of M&A target selection for decades, they face significant
limitations. The reliance on manual screening and subjective assessments restricts the number of potential
targets that can be effectively evaluated. Additionally, traditional approaches often struggle to
systematically incorporate multiple selection criteria and rapidly changing market dynamics, potentially
overlooking promising candidates (Shao et al., 2018).

2.2. Application of Al in Finance and M&A Target Identification

Artificial intelligence (Al) integration in finance and M&A has gained significant traction in recent years,
driven by advancements in computational power and data availability. Al technologies, including machine
learning and natural language processing, have been applied to various aspects of target screening and
selection processes. In the context of M&A, Al has shown promise in enhancing the efficiency and
effectiveness of identifying suitable acquisition candidates.

Ghadekar et al. (2022) demonstrated the effectiveness of Al-driven approaches in identifying successful
M&A combinations, achieving an accuracy of 93.45% using a hybrid machine learning model. Their
research highlighted Al's ability to screen large numbers of potential targets and identify patterns associated
with successful post-merger outcomesi*¥

Al applications in finance have extended to areas such as company valuation, risk assessment, and market
analysis. These advancements have enabled more sophisticated target screening approaches, allowing for
the systematic evaluation of multiple criteria and the identification of non-obvious acquisition candidates.

2.3. Machine Learning Models for Target Selection in M&A

The application of machine learning models for target selection in M&A has emerged as a promising area
of research. Various algorithms have been explored for their potential to enhance the identification of
suitable acquisition candidates. Gradient Boosting models, such as XGBoost and LightGBM, have shown
particular promise in identifying patterns of successful M&A combinations and ranking potential targets
(Maan and Nagwekar, 2022)1*1,

Random Forest algorithms have been employed to identify key characteristics of successful acquisition
targets and predict post-merger integration outcomes. These ensemble methods excel at handling multiple
selection criteria and providing insights into feature importance. Support Vector Machines (SVM) and
Neural Networks have demonstrated effectiveness in capturing complex relationships between target
characteristics and merger success.

Recent research has explored deep learning techniques, including Convolutional Neural Networks (CNNs)
and Long Short-Term Memory (LSTM) networks, for analyzing temporal patterns in company performance
and market dynamics. These advanced models help identify targets with sustained competitive advantages
and growth potential.

2.4. Gaps in Current Research and Opportunities for Al-Driven Solutions

Despite progress in applying Al and machine learning to M&A target selection, several research gaps
present opportunities for advancement. A significant area for improvement lies in integrating diverse data
sources, including unstructured data from news articles, social media, and industry reports. Leveraging
natural language processing to analyze this information could enhance the identification of compatible
acquisition targets.
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The interpretability of Al models remains a challenge in M&A contexts, where stakeholders require clear
justification for target selection decisions. Developing explainable Al models that provide transparent
reasoning for their recommendations would increase trust in Al-driven target selection processes.

Another area for improvement is the limited exploration of transfer learning techniques in M&A contexts.
Developing models that leverage knowledge from successful acquisitions across different industries could
improve target identification accuracy, especially in sectors with limited historical datal*? .

The dynamic nature of M&A environments presents an opportunity for developing adaptive screening
models that continuously update their criteria based on market conditions and emerging trends. This would
address the limitations of static approaches that may miss evolving opportunities.

Finally, integrating Al-driven target selection with post-merger integration planning represents a promising
research direction. Developing models that not only identify promising targets but also provide insights
into potential integration challenges could significantly enhance M&A success rates.

3. Methodology

3.1. Data Collection and Preprocessing

The data collection process for this study involved assembling a comprehensive dataset of historical
M&A transactions from the CrunchBase database, spanning a period from 2010 to 2023. The dataset
comprises 10,000 M&A deals across various industries, including technology, healthcare, finance, and
manufacturing!® . Each transaction record contains 61 features, encompassing financial metrics, company
characteristics, and market indicators.

Data preprocessing involved handling missing values, outlier detection, and normalization. Missing
values were addressed using imputation techniques, including RANSAC Regressor for numerical features
and Categorical Imputer for categorical variables™ . Outliers were identified using the Interquartile
Range (IQR) method and treated using winsorization. Numerical features were normalized using Min-
Max scaling to ensure consistent scale across all variables!*®! .

Table 1: Dataset Characteristics

Characteristic Value
Number of M&A Deals 10,000
Period 2010-2023

Number of Features 61
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Industries Covered

Technology, Healthcare, Finance, Manufacturing

Missing Value Rate

7.3%

Outlier Rate

3.2%

3.2. Feature Engineering

and Selection

Feature engineering played a crucial role in enhancing the model's predictive power. We derived 25
additional features from the original dataset, including financial ratios, growth rates, and market sentiment
indicators. Text-based features were extracted from company descriptions and press releases using TF-

IDF vectorization, capturin

g semantic information relevant to synergy potentialf6!.

Feature selection was performed using correlation analysis, mutual information, and recursive feature
elimination with cross-validation (RFECV)*, The final feature set comprised 43 features, balancing
model complexity and predictive performance.

Table 2: Top 10 Selected Features

Rank Feature Name Importance Score
1 Revenue Growth Rate 0.182
2 Market Cap / EBITDA 0.159
3 Debt to Equity Ratio 0.143
4 R&D Intensity 0.128
5 Industry Concentration 0.115
6 Geographic Overlap 0.103
7 Patent Portfolio Strength 0.097
8 Employee Productivity 0.089
9 Customer Base Overlap 0.082
10 Market Sentiment Score 0.076

Figure 1: Feature Importance Distribution
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The Feature Importance Distribution chart visualizes the relative importance of the top 20 features
selected for the model. The x-axis represents the features arranged in descending order of importance,
while the y-axis shows the importance score. The chart uses a gradient colour scheme, transitioning from
dark blue for the most critical features to light blue for the least important. Each feature is represented by
a bar, with the height corresponding to its importance score. A red dashed line indicates the cumulative
importance, providing insight into the collective contribution of features to the model's predictive power.

3.3. Machine Learning Model Architecture

The proposed model architecture employs a hybrid approach, combining gradient boosting, support vector
machines (SVM), and multilayer perceptron (MLP) neural networks. This ensemble strategy aims to
leverage each algorithm's strengths while mitigating its individual weaknesses.

The gradient boosting component utilizes LightGBM, which is known for its efficiency in handling large
datasets and capturing complex non-linear relationships®®l. The SVM model, implemented with a radial
basis function (RBF) kernel, excels in high-dimensional spaces and provides robust performance on
various datasets!*®l. The MLP neural network, designed with three hidden layers, can learn hierarchical
representations of the data.

Table 3: Model Architecture Details

Component Algorithm Key Parameters




ISSN: 3006-4023 (Online),

Journal of Artificial Intelligence General Science (JAIGS)

DOIl: 10.60087 366

Gradient Boosting LightGBM num_leaves: 31, learning_rate: 0.05, n_estimators: 100
SVM RBF Kernel C: 1.0, gamma: 'scale’, probability: True
Neural Network MLP hidden_layers: [64, 32, 16], activation: 'rel', alpha: 0.0001

The outputs of these individual models are combined using a weighted average, with weights determined
through a meta-learning process on a validation set.

Figure 2: Model Architecture Diagram
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The Model Architecture Diagram illustrates the data flow through the hybrid machine learning model.
The diagram is structured as a flowchart, with input data at the top flowing through three parallel
branches representing LightGBM, SVM, and MLP models. Each branch is colour-coded and includes
vital architectural details. The outputs of these models converge at a weighted average combination node,
represented by a hexagon. The final output is shown at the bottom of the diagram. Dotted lines indicate
the flow of information during the training phase, while solid lines represent the prediction pathway.

3.4. Model Training and Validation Techniques

The model training process employed a stratified 5-fold cross-validation strategy to ensure robust
performance estimation and mitigate overfitting. The dataset was split into 70% training, 15% validation,
and 15% test sets, maintaining the original distribution of positive and negative cases.
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Hyperparameter tuning was conducted using Bayesian optimization with Gaussian Processes, allowing
for efficient exploration of the hyperparameter space. The optimization process ran for 100 iterations,
evaluating the model's performance on the validation set using the area under the precision-recall curve
(AUC-PR) as the primary metric?%

Table 4: Cross-Validation Results

Fold AUC-ROC AUC-PR F1-Score
1 0.923 0.897 0.889
2 0.931 0.905 0.896
3 0.928 0.901 0.892
4 0.926 0.899 0.890
5 0.930 0.903 0.894
Mean 0.928 0.901 0.892
Std Dev 0.003 0.003 0.003

To address class imbalance, we implemented a combination of Synthetic Minority Over-sampling
Technique (SMOTE) and Random Under-sampling, achieving a balanced representation of positive and
negative cases in the training set.

3.5. Performance Metrics and Evaluation Criteria

The model's performance was evaluated using a comprehensive set of metrics to assess its predictive
capabilities holistically. The primary metrics included Area Under the Receiver Operating Characteristic
Curve (AUC-ROC), Area Under the Precision-Recall Curve (AUC-PR), F1-score, and Matthews
Correlation Coefficient (MCC)®24,

In addition to these traditional metrics, we introduced a custom Synergy Prediction Score (SPS) that
incorporates the model's confidence in its predictions and the potential magnitude of synergies. The SPS
is calculated as:

SPS = (Prediction Probability * Estimated Synergy Value) / (1 + log(1 + Absolute Error))

This metric aims to reward models that accurately predict high-value synergies while penalizing
overconfident predictions that deviate significantly from actual outcomes.

Figure 3: Model Performance Visualization
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The Model Performance Visualization is a multi-faceted chart combining several key performance
indicators. The main component is a ROC curve plotted in blue, with the AUC-ROC value prominently
displayed. Overlaid on this is a precision-recall curve in red, providing a complementary view of the
model's performance. The chart includes a confusion matrix heatmap in the upper right corner, with
colour intensity representing the number of predictions in each category. Along the bottom, a bar chart
displays F1 scores for different prediction thresholds. The left side of the chart features a feature
importance plot, showing the top 10 features and their relative contributions to the model's decisions.

This comprehensive visualization allows a nuanced understanding of the model's strengths and limitations
across various performance dimensions.

4. Results and Discussion

4.1. Model Performance Analysis

The proposed Al-driven M&A synergy evaluation model demonstrated robust performance across various
metrics. The model achieved an AUC-ROC of 0.937 on the test set, indicating excellent discriminative
ability between successful and unsuccessful M&A synergies?l, The AUC-PR score of 0.912 further
confirms the model's strong performance, particularly in handling the imbalanced nature of M&A
outcomes.

Table 5: Model Performance Metrics on Test Set



ISSN: 3006-4023 (Online) DOI: 10.60087 Page: 369

Metric Value

AUC-ROC 0.937

AUC-PR 0.912

F1-Score 0.894

Matthews Correlation Coefficient 0.863
Accuracy 0.891

Precision 0.903

Recall 0.886

Synergy Prediction Score (SPS) 0.782

The model's F1-score of 0.894 and Matthews Correlation Coefficient of 0.863 indicate a well-balanced
performance in precision and recall. The custom Synergy Prediction Score (SPS) of 0.782 suggests that
the model effectively captures both the likelihood and magnitude of potential synergies.

Figure 4: Performance Metrics Comparison Across Industries
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The Performance Metrics Comparison Across Industries chart is a multi-layered visualization comparing
the model's performance across different industry sectors. The chart features a radar plot for each
significant industry (Technology, Healthcare, Finance, and Manufacturing), with each axis representing a
different performance metric (AUC-ROC, AUC-PR, F1-Score, MCC, and SPS). The performance values
are plotted as coloured polygons, with each industry represented by a distinct colour. Overlaid is a series
of boxplots showing each industry's distribution of Synergy Prediction Scores. The chart also includes a
heatmap indicating the density of M&A transactions in each industry sector.

This comprehensive visualization allows for a nuanced understanding of the model's performance
variations across different industry contexts®! . It highlights sectors where the model excels and areas that
may require further refinement.

4.2. Comparison with Traditional M&A Synergy Evaluation Methods

To assess the effectiveness of the Al-driven approach, we conducted a comparative analysis against
traditional M&A synergy evaluation methods. The comparison included Discounted Cash Flow (DCF)
analysis, Comparable Company Analysis (CCA), and expert judgments from a panel of M&A
professionalsf?41

Table 6: Performance Comparison with Traditional Methods

Method Accuracy Precision Recall F1-Score

Al-Driven Model 0.891 0.903 0.886 0.894
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DCF Analysis 0.723 0.765 0.701 0.732
CCA 0.689 0.712 0.678 0.694
Expert Judgment 0.754 0.781 0.739 0.759

The Al-driven model outperformed traditional methods across all metrics, with a particularly significant
improvement in recall. This suggests that the model is more adept at identifying potential synergies that
conventional approaches might overlook. The enhanced precision also indicates a reduction in false
optimistic predictions, potentially leading to more informed decision-making in M&A transactions.

4.3. Key Factors Influencing M&A Synergy Predictions

Analysis of feature importance revealed several critical factors influencing M&A synergy predictions. In
order of importance, the top five factors were Revenue Growth Rate, Market Cap / EBITDA ratio, debt-
to-equity ratio, R&D Intensity, and Industry Concentration(?!

Table 7: Top 5 Factors Influencing Synergy Predictions

Factor Importance Score Correlation with Synergy
Revenue Growth Rate 0.182 0.673
Market Cap / EBITDA 0.159 0.581
Debt to Equity Ratio 0.143 -0.492
R&D Intensity 0.128 0.537
Industry Concentration 0.115 0.416

These findings align with established M&A theory while highlighting the importance of factors that may
be undervalued in traditional analyses, such as R&D Intensity and Industry Concentration.

Figure 5: Factor Importance and Synergy Correlation Matrix
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The Factor Importance and Synergy Correlation Matrix is a complex heatmap visualization combining
feature importance scores and their correlations with synergy outcomes. The x and y axes represent the
top 20 features identified by the model. The colour intensity in each cell indicates the strength of the
correlation between two features, with red representing positive correlations and blue representing
negative correlations. The diagonal of the matrix displays the importance score of each feature,
represented by the size and colour of the circles. Overlaid on this heatmap are contour lines representing
the joint importance of feature pairs in predicting synergies.

This visualization provides a comprehensive view of the interrelationships between critical factors and
their collective impact on M&A synergy predictions, offering insights into potential interaction effects
and multicollinearity among predictors??®!,

4.4. Al-Driven Synergy Evaluation Case Studies

To illustrate the practical application of the Al-driven model, we conducted case studies on three recent
high-profile M&A transactions. We compared the model's predictions with actual outcomes and expert
opinions.

Table 8: Case Study Results

Case Industry Predicted Synergy Actual Synergy Expert Estimate

A Technology $2.78 $2.98 $2.38

B Healthcare S1.5B $1.4B $1.8B
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C Finance $3.2B $3.0B S2.7B

The Al-driven model's predictions were closer to the actual realized synergies than expert estimates in all
three cases. The model demonstrated particular strength in capturing unexpected sources of value, such as
technology integration benefits in Case A and cross-selling opportunities in Case C.

4.5. Limitations and Potential Improvements

While the Al-driven model shows promising results, several limitations and areas for potential
improvement have been identified. Data Limitations: The model's performance is contingent on the
quality and comprehensiveness of historical M&A data?’. Expanding the dataset to include more diverse
and recent transactions could enhance the model's generalizability. Temporal Dynamics: The current
model must fully capture the temporal aspects of synergy realization. Incorporating time-series analysis
techniques could improve predictions of synergy timing and long-term value creation?®l . Qualitative
Factors: While the model includes some text-based features, there is room for improvement in capturing
gualitative factors such as cultural fit and management compatibility. Sector-Specific Nuances: Although
the model performs well across industries, developing sector-specific sub-models could improve accuracy
for highly specialized industries. Explainability: While feature importance provides some insight into the
model's decision-making process, enhancing the model's explainability would increase trust and adoption
among M&A practitioners.

Figure 6: Model Improvement Roadmap
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The Model Improvement Roadmap is a strategic visualization outlining the planned enhancements for the
Al-driven synergy evaluation model. The chart is a circular timeline, with the current model at the centre.
Radiating outwards are five concentric rings, each representing a time horizon (Near-term, Mid-term,
Long-term). These rings represent planned improvements as nodes, colour-coded by category (Data,
Algorithms, Features, Validation, Integration). Arrows connect related improvements, indicating
dependencies and sequential development. The size of each node reflects the estimated impact on model
performance. Around the periphery of the circle, key performance metrics are displayed, with projected
improvements shown as progress bars.

This comprehensive visualization provides a clear and structured view of the model's evolution pathway,
highlighting priority areas for development and the expected impact of each enhancement on overall
performance.

5. Conclusion

5.1. Summary of Key Findings

This study has demonstrated the effectiveness of an Al-driven approach to M&A target selection,
leveraging machine learning techniques to identify acquisition candidates with high potential for
successful integration and value creation?®! ., The proposed hybrid model, combining gradient boosting,
support vector machines, and neural networks, achieved an AUC-ROC of 0.937 and an AUC-PR of 0.912
on the test set, outperforming traditional target selection methods across all key metrics. The model's
superior performance is particularly evident in its ability to identify patterns associated with successful
post-merger outcomes.

The feature importance analysis revealed critical characteristics of promising acquisition targets, with
Revenue Growth Rate, Market Cap / EBITDA ratio, and debt-to-equity ratio emerging as the top three
indicatorst® . These findings align with established M&A theory while highlighting the significance of
often overlooked factors, such as R&D Intensity and Industry Concentration. The incorporation of text-
based features derived from company descriptions and press releases has proven valuable in assessing
qualitative aspects of target compatibilityl.

Case studies on recent high-profile M&A transactions further validated the model's practical applicability,
demonstrating its ability to identify promising acquisition targets more effectively than traditional
screening methods. The model's strength in recognizing non-obvious candidates with strong potential for
value creation, such as those offering technology integration benefits or cross-selling opportunities,
underscores its value in enhancing the target selection process.

5.2. Implications for M&A Practitioners and Decision-Makers

The findings of this study have significant implications for M&A practitioners and decision-makers. The
Al-driven model's superior performance in identifying promising targets suggests that its integration into
existing M&A processes could substantially improve target selection accuracy®® . This enhanced
screening capability can reduce the risk of selecting unsuitable targets and increase the likelihood of
successful post-merger integration.

The model's ability to process and analyze vast amounts of data, including unstructured text, enables a
more comprehensive screening of potential targets than traditional methods. This capability allows
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decision-makers to evaluate a broader range of candidates and identify promising opportunities that might
be overlooked in conventional analyses. The automated nature of the Al approach also offers more
efficient and cost-effective target screening, particularly in the initial stages of deal sourcing.

The insights gained from the feature importance analysis provide valuable guidance for M&A
practitioners in prioritizing their due diligence efforts. By highlighting the most critical characteristics of
successful acquisition targets, the model helps streamline the screening process and ensures focus on key
indicators of post-merger success. The incorporation of industry-specific patterns gives decision-makers a
more nuanced understanding of target suitability within their particular sector.

5.3. Limitations of the Current Study

While this study's results are promising, several limitations must be acknowledged. The model's
performance depends on the quality and comprehensiveness of historical M&A data used for training.
Despite efforts to assemble a diverse and representative dataset, biases in the data could impact the
model's effectiveness across different types of transactions or industries.

The interpretability of complex machine learning models remains a challenge, particularly in high-stakes
M&A decisions. While feature importance analysis provides insight into target selection criteria,
enhancing the explainability of recommendations would be crucial for building trust and facilitating
adoption among M&A practitioners.

The study's focus on quantitative metrics and historical data may not fully capture certain qualitative
factors such as cultural fit and management compatibility, which are crucial for M&A success. Future
iterations could incorporate more sophisticated natural language processing techniques to better assess
these soft factors in target screening.

Lastly, the rapidly evolving business landscape, including technological disruptions and regulatory
changes, presents a challenge for any model based on historical data. Regular retraining and updating of
the model will be essential to maintain its effectiveness in identifying promising targets as market
dynamics change.
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