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A B S T R A C T 
 

Manufacturing mergers and acquisitions increasingly target AI capabilities, yet 
predicting synergy effects remains constrained by cross-enterprise data 
privacy barriers that render centralized approaches impractical. This study 
proposes a novel horizontal federated learning framework for AI capability 
synergy effect prediction in manufacturing M&A, integrating federated 
histogram-aggregated gradient boosting trees with FedAvg-optimized deep 
neural networks through a two-stage decoupled training strategy, alongside a 
systematically constructed engineering collaboration indicator system 
encompassing R&D compatibility, production system interoperability, and AI 
talent overlap. Empirical validation across 286 authentic manufacturing M&A 
cases from 23 enterprises demonstrates that the proposed framework achieves 
superior predictive performance to centralized machine learning and 
traditional econometric baselines while preserving complete data 
confidentiality, with engineering collaboration indicators contributing more 
substantially to synergy prediction than financial variables, and AI-intensive 
acquirers generating pronounced post-merger economic value premiums 
following a time-lagged pattern. These findings establish a methodological 
bridge between privacy-preserving machine learning and strategic 
management research, providing manufacturing executives with a 
comprehensive decision support toolkit for target screening, due diligence, and 
post-merger integration planning.   

1. Introduction 

As the global manufacturing industry accelerates toward 

Industry 4.0 and smart production, AI capabilities have been 

deeply integrated into the core competitive structure of 

manufacturing companies, thereby revolutionizing the 

strategic rationale for mergers and acquisitions in these 

organizations. In light of the steadily increasing number of AI-

related M&A activities among manufacturing enterprises, the 

strategic rationale lies in the value-creation mechanism. 

Specifically, the synergies resulting from combining the 

technological assets, engineering architectures, and 

specialized personnel of the acquirer and target firms, which 

enable greater R&D innovation and value-added output than 

separate operations, are considered a vital component in 

achieving higher value creation through such deals. As a 

result, assessing and predicting the degree of AI capability 

synergy effects is the key to the entire process and decision-

making chain associated with AI-enabled M&A in the 

manufacturing industry. Based on the principle proposed by 

the resource-based view theory that rare and inimitable 

technological capabilities form the basic source of 

competitive advantage in a business enterprise, the 

application of AI technologies has been proven to increase the 

flexibility and adaptability of the manufacturing industrial 

chain substantially [1], whereas empirical studies indicate 

that mergers and acquisitions based on digital transformation 

enable manufacturing companies to gain market 

competitiveness [2]. In light of these findings, this research 

aims to develop an AI capability synergy effect prediction 

model for manufacturing M&A within the strict framework of 

multi-enterprise data privacy. In the well-defined research 

line on predicting M&A synergy effects, the literature has seen 

a paradigm shift from conventional econometric methods to 

machine learning. Prior studies that introduced transfer 
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learning and graph neural networks into a fuzzy 

comprehensive evaluation model of M&A synergy laid the 

methodological foundation for the use of deep learning in this 

area [3]. Subsequent research systematically demonstrated 

the effectiveness of ensemble-based machine learning in 

capturing complex nonlinear relationships among high-

dimensional features in M&A transactions [4], and a 

comparative study showed that a hybrid machine learning 

approach produced significantly better results than 

traditional econometric methods for predicting the 

probability of successful M&As [5]. The use of deep learning 

methods that take into account the temporal dynamic 

structure of industry networks greatly improved the 

prediction accuracy of M&A behavior [6], and systematic 

machine learning modeling based on historical M&A activity 

datasets provided an important methodological reference [7]. 

However, the common assumption across the above research 

is that researchers have access to the key financial and 

business information of the enterprises involved in the 

transactions, which is clearly impossible in practice due to 

data sovereignty concerns and confidentiality requirements. 

As a privacy-preserving distributed machine learning 

framework that enables cross-node cooperative learning 

without centrally aggregating raw data, federated learning 

has attracted substantial application-oriented research in 

manufacturing enterprises. Federated transfer learning 

schemes for cross-domain prediction applications proved the 

practicality of collaborative learning under the condition of 

data non-sharing among multi-factory scenarios [8], and 

federated predictive maintenance studies focusing on 

heterogeneous time-series data in manufacturing processes 

shed light on the fundamental principles behind how FL 

mitigates data distribution discrepancies in industrial 

scenarios [9]. Federated learning frameworks for 

manufacturing cooperation in complex part manufacturing 

and comprehensive studies on challenges in deploying FL in 

Industry 5.0 scenarios, together specified data heterogeneity 

and communication efficiency as the essential technical 

barriers in manufacturing federated learning [10, 11]. Large-

scale federated learning implementations in additive 

manufacturing factories demonstrated the technical 

readiness of engineering prediction using high-quality data 

under strict privacy restrictions [12], and investigations into 

label synchronization schemes in federated learning systems 

provided significant engineering insights for implementing 

multi-node, heterogeneous federated learning systems [13]. 

The technical route to the simultaneous realization of privacy 

protection and computational efficiency in federated learning 

frameworks for smart manufacturing environments 

empowered by edge computing provides valuable 

engineering guidance for generalizing federated learning in 

cross-enterprise scenarios [14]. 

Regarding empirical studies on the relationship between 

digital transformation strategies and acquisition initiatives in 

AI-based M&A value creation, the interplay between digital 

transformation strategies and acquisition processes has 

become a major academic issue. On the one hand, the 

successful implementation of digital transformation 

strategies in mergers has been proven to play a key role in the 

value creation process for the merged entity [15]; on the 

other hand, it has been proven that the impact of digital M&A 

transactions on shareholder value creation strongly depends 

on the alignment of the acquiring and target firms' AI and 

digital capabilities [16]. Furthermore, in relation to the 

profound impact of digital acquisitions on the allocation of AI 

professionals as complementary assets, research revealed the 

importance of the structural compatibility of engineering 

talent for the process of merger integration [17]. Despite the 

significant contributions this research has made to the study 

of value-creation mechanisms in AI M&A, the analytical 

models involved lack sufficient systematic tools to quantify 

engineering-technical compatibility. 

Combining the limitations of these three research 

directions, it becomes apparent that there is an important gap 

in establishing and testing a joint prediction model that 

accounts for the engineering-technical compatibility of AI 

capability synergy effects when predicting manufacturing 

mergers and acquisitions under data privacy concerns. To 

address this issue, this study proposes a novel horizontal 

federated learning approach to establish a joint prediction 

framework that combines federated histogram-aggregated 

gradient-boosted trees with deep neural networks optimized 

via the FedAvg algorithm through a decoupled training 

procedure. Meanwhile, an engineering collaboration 

indicator system encompassing R&D compatibility indices, 

production system interoperability scores, and AI talent 

overlap measures is established to incorporate engineering 

technical compatibility into the M&A synergy effect 

prediction framework. Using 286 real-world cases of 

manufacturing M&As involving 23 companies from 2015 to 

2024, this study tests the dominant predictive role of 

engineering collaboration indicators and explores patterns of 

economic value premium after acquisitions by AI-based 

acquirer companies. 

2. Methodology 

2.1 Problem formulation and overall framework 
As a distributed machine learning framework that 

enables multiple parties to collaboratively build a global 

prediction model without exchanging their raw data [18], 

federated learning offers a promising approach to addressing 

the inherent trade-off between protecting data privacy and 

enabling cross-party collaboration in the context of 

manufacturing M&A transactions. The formulation of the 

multi-party joint prediction problem is stated below. Let N  

manufacturing enterprises each maintain a local M&A sample 

set 𝒟𝑖 = {(𝑥𝑗
(𝑖)
, 𝑦𝑗

(𝑖)
)}𝑗=1
𝑛𝑖 , where the feature vector 𝑥𝑗

(𝑖)
∈ ℝ𝑑  

encompasses engineering collaboration indicators and 

financial operational variables, and 𝑦𝑗
(𝑖)

∈ {0,1} denotes the 

binary realization label of AI capability synergy effects. Under 

the constraint that data remains locally stored at each 

participating node, the participating nodes jointly optimize 

the following global objective function: 

 

( )( ) ( )

1 1
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                               (1) 

where 𝑛 = ∑ 𝑛𝑖
𝑁
𝑖=1  denotes the total number of samples 

across all nodes, ℓ(⋅) is the prediction loss function, and 𝐹𝑖(𝑤) 

measures the local empirical risk of node i. This formalization 

embeds the data privacy protection constraint within the 
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structural design of the optimization objective itself, such that 

in each iteration, nodes upload only privacy-processed 

gradient information rather than raw samples to the central 

server, thereby establishing a mathematically rigorous 

information boundary for subsequent architectural design 

[19]. The three-tier architecture of the proposed framework 

includes the following: a data tier with locally stored M&A 

sample data from the manufacturing enterprises, a model tier 

incorporating federated gradient boosting trees and deep 

learning models using a two-step decoupled training 

approach, and a decision tier providing M&A suggestions for 

target selection, due diligence, and integration. Strict privacy 

constraints limit all inter-layer exchanges to gradient 

histogram statistics and model parameters rather than raw 

data, eliminating the risk of systemic data leakage at the 

architectural level. The architecture of the system is shown in 

Figure 1. The architecture of the horizontal federated learning 

is represented in Figure 1. The framework consists of three 

layers: a Data Layer that has eight enterprise nodes; a Model 

Layer that performs two-phase federated training via 

sequential GBDT histogram aggregation and DNN 

optimization facilitated by a central aggregation server; and a 

Decision Layer that provides synergy probability values for 

screening and due diligence. 

2.2 Dataset construction and variable definition 
The data used in this empirical research include 286 

M&A cases involving 23 manufacturing enterprises from 

2015 to 2024, drawn from acquisitions by companies 

engaged in automotive manufacturing, electronic equipment, 

and high-end equipment, and were obtained from the Wind 

database, Bloomberg terminal, and annual reports.  

 

 

 

The M&A data for each enterprise is stored individually 

while sharing the same feature dimensions, thereby meeting 

the distributed data requirements of horizontal federated 

learning and laying the data foundation for the natural 

division of federated nodes. The sample screening includes 

the fulfillment of three conditions simultaneously: the merger 

was completed, there is enough information on AI-related 

assets, and there is adequate financial data for the three years 

after the merger. The dependent variable measures the 

binary synergy outcome from AI capabilities, operationalized 

as the joint increase in R&D output and Economic Value 

Added over the three years following the merger. Cases with 

performance values above the contemporaneous industry 

median are deemed synergies, while all others are considered 

non-synergies.  

The independent variable set consists of an engineering 

cooperation group, comprising R&D compatibility, 

production system compatibility, and AI expertise overlap, 

along with financial operating controls, including deal value, 

acquisition premium ratio, target company Tobin’s Q, and 

industry concentration. The data sample was split into 

training, validation, and test sets in a 7:1.5:1.5 ratio, using 

SMOTE and Focal Loss to balance the classes. All descriptive 

statistics are listed in Table 1. As shown in Table 1, two 

features of the data emerge that are essential to determining 

the methodology of this research. Firstly, the engineering 

collaboration metrics exhibit pronounced cross-node 

distributional differences, underscoring the need for 

horizontal federated learning rather than centralized 

learning. Secondly, the ratio of positive to negative samples is 

approximately 1:2.4, providing evidence for using SMOTE and 

Focal Loss together. 

 

 

 
Figure 1. The proposed horizontal federated learning framework for AI capability synergy prediction in manufacturing M&A 
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2.3 Horizontal federated learning architecture design 
The feasibility of the horizontal federated learning 

framework is based on the data-structure property that the 

23 corporations included in this study share consistent 

feature spaces but have independent M&A data sets. This 

condition meets all the basic requirements of horizontal data 

splitting. Considering some corporations do not have enough 

historical M&A data for efficient local model training, node 

merger is performed for corporations whose sample sizes are 

less than the threshold (𝑛𝑖 < 5). Consequently, 8 federated 

nodes were formed while maintaining the same 

characteristics as the original data set, so that the natural 

variation among samples from different nodes accurately 

reflects the non-uniform level of M&A activity among 

manufacturing firms. In the Non-IID data scenario, there are 

practical challenges to the convergence of federated 

optimization algorithms, and a comprehensive literature 

review on federated learning under communication-

efficiency constraints and data heterogeneity is valuable for 

addressing this issue [20]. 

The federated training of the gradient boosting tree 

module is implemented through a histogram aggregation 

mechanism, where each node computes the first-order 

gradient 𝑔𝑗 = ∂ℓ/ ∂𝑦̂𝑗  and second-order gradient ℎ𝑗 = ∂2ℓ/

∂𝑦̂𝑗
2 for local samples across each feature dimension k , and 

constructs gradient statistical histograms ℋ𝑖
𝑘 =

{(∑ 𝑔𝑗𝑗∈bin𝑏 , ∑ ℎ𝑗𝑗∈bin𝑏 )}𝑏=1
𝐵  over discrete binning intervals of 

continuous feature values. The central server performs bin-

wise weighted aggregation of the histograms uploaded by 

each node: 

ℋ𝑘 = ∑ ℋ𝑖
𝑘𝑁

𝑖=1 = {(∑ 𝐺𝑖,𝑏
𝑘𝑁

𝑖=1 , ∑ 𝐻𝑖,𝑏
𝑘𝑁

𝑖=1 )
𝑏=1

𝐵
        (1) 

where 𝐺𝑖,𝑏
𝑘  and 𝐻𝑖,𝑏

𝑘  denote the first-order and second-order 

gradient statistics of node 𝑖 within the 𝑏-th bin of feature 𝑘, 

respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The server determines the optimal split points for each 

feature by maximizing the split gain function based on the 

global histogram ℋ𝑘 and distributes them to all nodes, which 

then synchronously construct the tree nodes locally. In 

essence, this approach benefits from the fact that, unlike raw 

data samples, the nodes only pass on gradient statistics in the 

form of histograms that cannot be used to restore the data 

distribution of any individual node, ensuring data integrity 

while still enabling global tree structure training [21]. The 

deep learning model is trained in a federated setting using 

weighted federated averaging, where the weighting factor 

accounts for the effective sample size of each participating 

node. This weighting scheme addresses the potential problem 

posed by unequal sample sizes across nodes by automatically 

compensating for any inherent bias introduced by data 

scaling. The algorithm for updating the global model 

parameters is: 

𝑤𝑡+1 = ∑
𝑛𝑖

𝑛

𝑁
𝑖=1 𝑤𝑖

𝑡+1  (2) 

where 𝑤𝑖
𝑡+1 denotes the model parameters uploaded by the 

node 𝑖 upon completing local training in round 𝑡. The 

theoretical study on the progress and challenges in federated 

learning systematically demonstrates the efficiency of 

weighted aggregation techniques for dealing with the 

heterogeneous nature of data from different nodes [22]. 

Practical implementation using industrial federated learning 

systems in cross-industrial big data protection applications 

demonstrates the stable operation of the aggregation 

technique in real-world industrial environments [23]. At the 

privacy protection level, Gaussian noise satisfying (𝜀, 𝛿)-

differential privacy conditions is injected into the gradient 

histogram statistics and DNN parameter gradients uploaded 

by each node: 

𝑔̃𝑖 =
𝑔𝑖

𝑚𝑎𝑥(1,||𝑔𝑖||2/𝐶)
+𝒩(0, 𝜎2𝐶2𝐼)          (4) 

Table 1. Descriptive statistics of the manufacturing M&A dataset 

Variable Mean SD Min Max 

Dependent Variable     

AI Capability Synergy Effect (1 = realized, 0 = not realized) — — 0 1 

Synergy Realized (n = 84) / Not Realized (n = 202)     

Engineering Collaboration Indicators     

R&D Compatibility Index 0.447 0.198 0.031 0.912 

Production System Interoperability Score 0.513 0.221 0.044 0.956 

AI Talent Overlap 0.382 0.176 0.018 0.871 

Financial & Operational Control Variables     

Transaction Size (log, CNY million) 5.847 1.324 2.631 9.412 

Acquisition Premium Rate (%) 28.63 14.27 2.10 81.40 

Target Firm Tobin's Q 1.843 0.934 0.612 5.217 

Industry Concentration (HHI) 1847.3 623.4 412.0 3986.0 

Note: SD = standard deviation. All engineering collaboration indicators are Min-Max normalized to [0, 1]. The positive-to-negative sample 

ratio of approximately 1:2.4 motivates the joint adoption of SMOTE oversampling and Focal Loss. The dataset encompasses cases from 23 

manufacturing enterprises spanning 2015–2024, with industry distribution comprising automotive manufacturing (38.5%, n = 110), 

electronic equipment (34.3%, n = 98), and high-end equipment (27.2%, n = 78). HHI = Herfindahl-Hirschman Index. 
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where 𝐶 is the gradient L2 norm clipping threshold and 𝜎 is 

the noise intensity coefficient. The gradient clipping 

operation first constrains each node's gradients within a 

sphere of radius 𝐶, then superimposes isotropic Gaussian 

noise with variance 𝜎2𝐶2, a mechanism that mathematically 

guarantees that the raw data of any individual node cannot be 

probabilistically inferred from the aggregated results. From 

research conducted on the use of hybrid differential privacy 

and adaptive compression algorithms in industry-edge 

computing, it has been shown that the protection technique 

works well to prevent privacy leakage problems without 

compromising communication efficiency [24]. Further 

studies have been conducted on the security threat to 

gradient information in federated learning, and this supports 

the use of differential privacy noise injection along with 

secure aggregation techniques to provide adequate privacy in 

multi-party communication [25]. The Top-K sparsification 

algorithm is used for efficient communication by sending 

gradients containing only the top-K largest values, setting the 

rest to zero. 

2.4 Engineering collaboration indicator system 
quantification 
The engineering technical compatibility factor under 

Resource-Based View Theory serves as the fundamental 

explanatory factor for AI capability synergy effect prediction, 

due to the creation of complementary technological 

knowledge, engineering architecture, and professional talent 

systems through the spill-over and recombination of 

capabilities, leading to synergy effects much larger than those 

from financial resources alone. This study develops an 

engineering collaboration index system comprising three 

factors, where each factor is quantified in a manner that can 

be measured using public information. The R&D compatibility 

index measures the structural compatibility of technological 

knowledge bases using a linear combination of the overlap 

between technological categories and the R&D investment 

structures of both parties involved. Let PA and PT denote the 

valid patent sets of the acquiring and target firms, 

respectively, with patent technology overlap measured using 

the Jaccard similarity coefficient: 

PatOvlp =
|𝒫𝐴∩𝒫𝑇|

|𝒫𝐴∪𝒫𝑇|
           (3) 

R&D investment structure similarity is measured by the 
cosine similarity between the R&D sub-category investment 
proportion vectors 𝐫𝐴, 𝐫𝑇 ∈ ℝ𝑚 of both parties, where 𝑚 
denotes the number of R&D sub-categories: 

RDSim =
𝐫𝐴⋅𝐫𝑇

||𝐫𝐴||2⋅||𝐫𝑇||2
           (6) 

A composite indicator for R&D compatibility can be 
computed via the convex combination of the two constituent 
sub-indicators using weight coefficient 𝛼 ∈ [0,1] chosen from 
the hyperparameters by maximizing the area under the ROC 
curve (AUC). This approach guarantees that the weight 
allocation is data-driven and objective: 

RDC = 𝛼 ⋅ PatOvlp + (1 − 𝛼) ⋅ RDSim          (4) 

Production system interoperability is a comprehensive 
assessment of engineering compatibility between the 
production systems of both M&A firms, covering three sub-
dimensions: communication protocol compatibility of 

manufacturing equipment (measured by the adoption ratio of 
OPC-UA and MQTT standards); factory digitalization maturity 
(scaled continuously from 0 to 1 based on the five-level 
industrial digitalization maturity model); and ERP/MES 
interface compatibility (based on expert scoring). The weight 
vector𝛚 = (𝜔1, 𝜔2, 𝜔3)

⊤for the three sub-dimensions is 
determined through the Analytic Hierarchy Process (AHP) by 
a panel of manufacturing M&A domain experts, with internal 
logical consistency of the weight assignment verified through 
Consistency Ratio (CR < 0.1) testing, and the composite score 
computed as the inner product of the weight vector and the 
normalized sub-dimension score vector 𝑠 ∈ [0,1]3: 

PSI = ω⊤𝑠            (8) 

The adoption of the AHP weighting mechanism can more 

accurately reflect the varying strategic significance of each 

engineering compatibility component during the integration 

of AI capabilities, compared with the equal-weight 

summation method. The AI talent overlap measure quantifies 

the compatibility of the AI professional talent structures of 

both M&A parties, using the cosine similarity between the 

skill map vectors for AI-related positions at both firms as the 

metric. The skill map vectors 𝑠𝐴, 𝑠𝑇 ∈ ℝ𝑞, where 𝑞 denotes the 

total number of skill dimensions, which are constructed from 

job requirement data on public recruitment platforms 

including LinkedIn, Zhaopin, and BOSS Zhipin. They 

encompass demand frequencies for algorithm engineering, 

data engineering, and AI application positions across skill 

dimensions such as deep learning, computer vision, and 

natural language processing. Similarity is computed after TF-

IDF weighted normalization: 

AITalent =
𝐬𝐴⋅𝐬𝑇

||𝐬𝐴||2⋅||𝐬𝑇||2
           (9) 

After Min-Max normalization to the [0,1] interval, the 

three engineering collaboration indicators 

(RDC,PSI,AITalent) are concatenated with the financial 

operational control variables to form the complete model 

input feature vector 𝑥 = [𝑥eng
⊤ , 𝑥fin

⊤ ]⊤ ∈ ℝ𝑑 , where 𝑥eng ∈ ℝ3 is 

the engineering collaboration feature sub-vector and 𝑥fin ∈

ℝ𝑑−3 is the financial operational feature sub-vector, with the 

joint input design directly embodying the core 

methodological position of the engineering-financial dual-

dimensional collaborative prediction framework proposed in 

this study. 

2.5 Federated gradient boosting and deep neural 
network fusion model 
GBDTs have been extensively used for high-dimensional 

prediction thanks to their excellent nonlinear modeling 

ability with respect to structured tabular data [26]. However, 

when GBDTs and DNNs are utilized in federated distributed 

learning, the conflict between the non-differentiability of 

GBDT tree structure parameters and the continuously 

optimized gradients of DNN parameters makes federated 

joint optimization infeasible. To address this problem, the 

proposed method adopts a two-stage decoupling federated 

training strategy, which involves performing federated GBDT 

training in the first stage via cross-node gradient histogram 

aggregation and delivering leaf node embeddings as core 

inputs for the federated DNN optimization stage, with 

complete parameter space decoupling for both stages to 

eliminate gradient conflicts and enable independent 
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parameter tuning. Cross-node parameter-space decoupling 

training in federated heterogeneous neural networks has 

been implemented in practice [27], and federated 

reinforcement learning optimization in the context of 

industry IoT digital twins offers a critical methodological 

reference for the two-stage design [28]. Following 

convergence of federated GBDT training, each node extracts 

leaf node embedding vectors 𝑒𝑗 ∈ {0,1}𝑇 for local samples, 

where 𝑇 is the total number of GBDT trees, with each tree 

corresponding to a one-hot encoded leaf node index, and 

these vectors encode high-order nonlinear partition 

representations of samples in GBDT decision space in sparse 

binary form. The DNN input vector is constructed by 

concatenating the leaf node embeddings with the original 

engineering collaboration indicator vectors: 

𝑧𝑗 = [𝑒𝑗
⊤||𝑥eng,𝑗

⊤ ] ∈ ℝ𝑇+3  (5) 

where || represents the vector concatenation operation. The 
rationale for including the engineering collaboration 
indicator 𝑥eng in the DNN input layer rather than relying solely 

on leaf node embeddings alone is that leaf node embeddings 
are a discrete compression representation of original data, 
and thus the semantic precision of engineering collaboration 
indicators may be lost during this stage. Direct concatenation 
ensures that the entire continuous-representation capability 
of this critical feature is preserved during further deep 
nonlinear transformations. This DNN model uses a fully 
connected architecture with hidden layer sizes of 256, 128, 
and 64 neurons, respectively, where each hidden layer 
undergoes batch normalization before being fed into another 
layer, and a dropout rate of 0.3 is applied to reduce federated 
training overfitting risks. The output layer employs sigmoid 
activation for mapping outputs into probabilities of realizing 
AI capability synergy effects through the following formula: 

𝑦̂ = 𝜎(𝑊𝐿ℎ𝐿−1 + 𝑏𝐿),  𝜎(𝑧) =
1

1+𝑒−𝑧
 (6) 

where ℎ𝐿−1 denotes the hidden layer output of the (𝐿 − 1)-th 
layer, 𝑊𝐿 and 𝑏𝐿 are the weight matrix and bias vector of the 
output layer, respectively, and binary classification prediction 
is performed using 0.5 as the decision threshold. 
 

To intuitively illustrate the iterative algorithm of the 
proposed two-stage federated learning approach, Figure 2 
presents the procedure from federated GBDT histogram 
training to federated DNN gradient optimization in a 
horizontally divided, two-stage manner, along with the 
separation interface between stages and the types of data 
exchanged between nodes and the central server. 

Figure 2 depicts the fundamental engineering principle 
behind the proposed two-stage decoupling framework. In the 
first stage, nodes calculate local gradient histograms, add 
differential privacy noise, and submit protected gradient 
information to the central server to perform global histogram 
merging operations, where the server allocates optimal split 
points, enabling nodes to locally construct trees and form leaf 
node representations, based on theoretical analysis of 
federated tree model security and gradient-free boosting 
convergence [29,30]. In the second stage, leaf node 
representations and engineering collaboration vectors are 
concatenated and passed to a three-layer feed-forward neural 
network, where Top-K sparse gradient representations are 
transmitted for weight-based FedAvg aggregation. The 
training process stops if the AUC change on the validation set 
remains below the tolerance limit for 10 iterations; 
otherwise, it loops back to the first stage for another round. 
The global training loss function adopts Focal Loss to address 
class imbalance:  

ℒfocal = −
1

𝑛
∑ [𝛼𝑡(1 − 𝑝𝑡)

𝛾 𝑙𝑜𝑔( 𝑝𝑡)]
𝑛
𝑗=1  (7) 

where 𝑝𝑡 = 𝑦̂ when 𝑦 = 1 and 𝑝𝑡 = 1 − 𝑦̂ when 𝑦 = 0.  
The focusing parameter 𝛾 = 2 substantially suppresses the 
gradient weights of high-confidence easily classified samples 
through modulation of the (1 − 𝑝𝑡)

𝛾  factor, shifting the model 
optimization focus toward difficult-to-classify cases near the 
synergy effect discrimination boundary, while the class 
weight coefficient 𝛼𝑡 is adaptively set according to the inverse 
of the positive-to-negative sample ratio in the training set and 
operates in conjunction with SMOTE oversampling.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 2. Two-stage federated training procedure integrating gradient boosting trees with deep neural networks 
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The choice of an appropriate loss function to ensure 
stable federated model convergence under heterogeneous 
data distribution, informed by optimization techniques for 
designing adaptive vertical federated learning models with 
unbalanced features [31], directly supports the rationale for 
using Focal Loss over cross-entropy in the proposed 
federated framework. Convergence is defined as a change of 
less than 10−3 in global validation set AUC within 10 rounds, 
and the overall process of federated training is outlined in 
Algorithm 1. 

Algorithm 1. Two-stage federated training for AI capability synergy 
prediction 

Input: Local datasets 𝒟𝑖  for 𝑁 nodes; tree number 𝑇; privacy 
parameters 𝐶, 𝜎; threshold 𝜏 

Output: Global model 𝑤*; synergy probability 𝑦̂ for each M&A 
case 
Initialize global model 𝑤0; apply SMOTE on each local 𝒟𝑖  
// Stage 1: Federated GBDT Training 
for each tree 𝑡 = 1 to 𝑇 do 

Each node computes local gradient histograms ℋ𝑖
𝑘 from local 

M&A samples 

Inject Gaussian noise satisfying (𝜀, 𝛿)-DP; upload ℋ̃𝑖
𝑘 to 

central server 
Server aggregates global histogram ℋ𝑘; determines optimal 

split points 
Broadcast split points to all nodes; each node constructs local 

tree nodes 

Each node generates leaf node embedding 𝑒𝑗 ∈ {0,1}𝑇 

end for 
// Stage 2: Federated DNN Training 
Repeat 

Each node concatenates 𝑒𝑗  with 𝑥eng to form input 𝑧𝑗  

Forward pass: FC-256 + BN + Dropout → FC-128 + BN + 
Dropout → FC-64 → Sigmoid 

Compute Focal Loss Lfocal with 𝛾 = 2; apply Top-K gradient 
sparsification 

Upload sparsified gradients; server executes weighted 

FedAvg: 𝑤𝑡+1 = ∑
𝑛𝑖

𝑛

𝑁
𝑖=1 𝑤𝑖

𝑡+1 

Broadcast 𝑤𝑡+1 to all nodes; evaluate global validation AUC 
until AUC change < 𝜏 for 10 consecutive rounds 

return 𝑤*; output 𝑦̂ = 𝜎(𝑊𝐿ℎ𝐿−1 + 𝑏𝐿) for M&A synergy 
prediction 

 

This is illustrated in Algorithm 1, which outlines the 
entire process of two-stage federated learning in pseudocode, 
including computation of the local gradient histogram under 
differential privacy guarantees, global histogram aggregation 
at the server, distribution of the split points, creation of leaf 
embeddings, formation of the inputs to the DNN model 
through the combination of embeddings and engineering 
variables, optimization via Focal Loss using weighted FedAvg, 
and early stopping based on the AUC criterion. 

3. Results 

3.1 Experimental setup 
Experiments are conducted using a dataset comprising 

286 real manufacturing M&A cases drawn from 23 
companies, segmented into 8 real federated nodes depending 
on the nature of data ownership of each company, with 
sample sizes per node varying from 20 to 52, genuinely 
reflecting the Non-IID heterogeneity due to varying levels of 
M&A activities in manufacturing firms. Baseline models are 
configured based on the following assumptions. A centralized 
XGBoost model is built on the entire dataset without any 
limitations due to privacy protection requirements. It serves 
as a benchmark for gauging the algorithm's maximum 

achievable performance without data restrictions. Logistic 
regression is a well-established econometric baseline that 
measures improvements in the federated learning method 
compared to established approaches to analyzing M&A 
activities. A single-node local DNN is trained only on the data 
from that node, without federated training across other 
nodes. This will help in determining the marginal added value 
of the federated training methodology. Evaluation metrics 
encompass five categories: prediction accuracy, AUC-ROC, F1-
Score, Precision, and Recall. Regarding hyperparameter 
configuration, the number of federated communication 
rounds is set to 100, local training epochs per node to 5, 
learning rate to 0.01, GBDT tree depth to 6, and DNN hidden 
layer dimensions sequentially to 256, 128, and 64, with the 
differential privacy noise coefficient initialized at 𝜎 = 0.1. All 
configurations are determined through grid search on the 
validation set to ensure experimental reproducibility. The 
sample size of 286 cases is determined by the availability of 
complete three-year post-merger financial records and 
sufficient AI-related asset disclosure across the 23 
participating enterprises, representing the full population of 
qualifying manufacturing M&A transactions accessible 
through the designated data sources within the study period 
rather than a randomly drawn subset. 

3.2 Ablation study 
To systematically verify the independent role of each 

important module within the proposed framework, four 
model variants are created using the same partitioned dataset 
and performance assessment settings, with each variant 
tested by deleting or replacing a single major module. In 
particular, the four model variants are composed of deleting 
the DNN fusion module to reduce the framework back to the 
federated GBDT structure, deleting the engineering 
collaboration indicators to keep only the financial variable 
indicators, replacing the federated learning scheme to 
conduct centralized training using the same amount of data to 
exclude the effects of privacy-preserving limitations, and 
reducing the framework to individual local machine learning 
to exclude the benefits brought by data complementation 
between different companies. This allows for systematic 
dissection of the predictive power of the engineering 
collaboration indicators, the modeling improvements in the 
DNN fusion framework, and the information-exchange 
advantages of the federated learning scheme compared with 
local learning. The full test results for all model variants 
across five evaluation criteria are shown in Table 2. As 
illustrated in Table 2, omitting engineering collaboration 
indicators results in a maximum reduction of 6.7 percentage 
points, confirming the irreplaceable predictive ability of these 
indicators, whereas reducing the model to a single node yields 
the minimum accuracy of 79.2 percent.  

In relation to the quantitative analysis of privacy 
protection effectiveness costs, the differential privacy noise 
parameter 𝜎 is an essential engineering parameter when 
deploying federated learning platforms. To illustrate the 
quantitative trade-off between privacy protection 
effectiveness and prediction accuracy, which provides 
valuable guidance for parameters in practical applications, 
the experiment varied 𝜎 from 0.05 to 0.5 while keeping other 
hyperparameters fixed, and recorded the validation accuracy 
at each value of 𝜎. The trade-off between the effectiveness of 
privacy protection and prediction accuracy is illustrated in 
Figure 3. 
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Figure 3. Privacy-accuracy trade-off curve under varying differential 

privacy noise coefficients 𝜎 

Figure 3 shows the privacy-utility curve for different 
values of the differential privacy noise parameter. The curve 
is monotonic: accuracy degrades slightly at low noise values 
and more rapidly at high noise values. The chosen operating 
point at σ = 0.1 corresponds to an accuracy of 87.3%. This 
indicates that the developed framework offers comparable 
accuracy while maintaining differential privacy properties. 

3.3 Predictive performance comparison 
Building on the analysis of individual modules, the entire 

federated learning model is thoroughly evaluated through 
comparative analyses across three models and five 
parameters. This evaluation assesses the predictive 
capabilities of the federated learning model under stringent 
data privacy constraints, quantifying performance 
differences among federated collaborative learning, 
centralized machine learning, and conventional econometrics 
techniques.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Experimental conditions strictly ensure consistency in terms 
of the data split and parameter measurement. The results 
from the full comparison of the performance metrics are 
shown in Table 3.  

Table 3 shows that the accuracy of the proposed 
federated learning model is 87.3%, which is 5.2 % higher than 
that of the centralized XGBoost model trained without privacy 
constraints, demonstrating the value of cross-node 
collaboration in providing information complementarity 
beyond data sufficiency and model sophistication. 

3.4 Feature importance analysis 
The substantial improvement in prediction accuracy 

indicates the framework's validity. Furthermore, a deep 
exploration of how each aspect of engineering collaboration 
contributes to synergy effect prediction provides the essential 
empirical basis for testing the primary methodological 
assumption of this study: the dominant role of engineering 
compatibility in predicting AI capability synergy effects. For 
this experiment, the federation strategy for calculating SHAP 
values uses an approach in which each node computes local 
SHAP values and transmits the average and variance of each 
SHAP feature to the server. The server performs weighted 
averaging, using each node's sample size as its weight, to 
compute the global feature importance ranking. This strategy 
ensures privacy-preserving SHAP analysis in a federated 
environment without leaking any original sample data 
throughout the procedure. The global feature importance 
ranking based on SHAP values is shown in Figure 4. As shown 
in Figure 4, the group importance of engineering 
collaboration measures is 0.42, which is significantly higher 
than that of the financial and operational measures, with a 
group importance of 0.30. The highest-ranked individual 
attribute is the R&D Compatibility Index. 

 

 

 

Table 2. Ablation study results: performance comparison across model variants with individual modules removed 

Model Variant Accuracy (%) AUC-ROC F1-Score Precision Recall 

Complete FL Framework (Proposed) 87.3 0.921 0.869 0.883 0.856 

w/o DNN Fusion (FL-GBDT Only) 83.1 0.879 0.824 0.836 0.812 

Centralized Training (No FL) 82.1 0.874 0.813 0.831 0.796 

w/o Engineering Indicators 80.6 0.853 0.791 0.808 0.774 

Single-Node Local Training 79.2 0.834 0.768 0.776 0.761 

 

Table 3. Predictive performance comparison between the proposed FL framework and baseline models 

Model Accuracy (%) AUC-ROC F1-Score Precision Recall 

Proposed FL Framework 87.3 0.921 0.869 0.883 0.856 

Centralized XGBoost 82.1 0.874 0.813 0.831 0.796 

Single-Node Local DNN 76.8 0.812 0.754 0.763 0.746 

Logistic Regression 74.5 0.791 0.738 0.744 0.731 
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3.5 Post-merger economic value effects 

Feature importance analysis confirms the predominant 
role of engineering collaboration in the predictive 
mechanism. Furthermore, an investigation of post-merger 
economic value creation trends among AI-intensive acquirers 
provides the final empirical verification of this study’s main 
argument through a value realization perspective. In this 
experiment, the data are partitioned into AI-intensive and 
non-AI-intensive acquirers based on the sample median of AI-
related R&D costs to total R&D costs. Differences in post-
merger economic value increments between the two groups 
are statistically confirmed via two-sided independent-
samples t-tests. To assess the evolution of economic value 
increments following mergers, this study analyzes value 
premium dynamics over the three-year post-merger period 
(Years 1, 2, and 3) and applies the same analysis to the high 
engineering collaboration group, defined as the top 30% of 
engineering collaboration scores. Economic value increment 
dynamics over three-year post-merger periods for both 
acquirer groups are depicted in Figure 5. 

 
Figure 5. Post-merger economic value premium trajectories of AI-
intensive versus non-AI-intensive acquirers across three years 
Note: Error bars represent ±1 standard error. Significance markers 
indicate between-group differences at each time point: * p < 0.05, ** 
p < 0.01, n.s. not significant. 
 

 
 
 
 

 
Post-acquisition economic value increments of AI-

intensive and non-AI-intensive acquiring firms over three 
years are shown in Figure 5. AI-intensive firms exhibit a 
consistently increasing trend, while non-AI-intensive firms 
maintain a stable trend before slightly declining. There is no 
significant difference between the two groups in Year 1, 
followed by statistical significance in Year 2 and the greatest 
deviation in Year 3 (Δ = 23.6%). 

4. Discussion 

The total feature importance for engineering 
collaboration indicators is 0.42, notably higher than the 
feature importance of financial indicators at 0.30, with the 
R&D compatibility index ranking first at 0.18. Such results are 
confirmed by research showing that innovations, product 
improvements, and the market growth they facilitate through 
AI investments cannot be achieved through financial resource 
integration alone; rather, they require deeper integration of 
technological capabilities [32]. The positive impact of M&As 
on innovation also depends on the successful recombination 
of R&D assets and the accumulation of digital knowledge [33]. 
Moreover, the positive influence of R&D collaboration 
associated with AI applications on firm performance further 
supports the validity of the predictive information conveyed 
by engineering compatibility [34]. The value premium of AI-
intensive acquirers is further enhanced in the high-
engineering-collaboration sample, providing strong evidence 
of a time-lagged value-creation phenomenon that aligns with 
theoretical assumptions about the gradual nature of technical 
adaptation in AI capability integration [35]. Digital M&A 
benefits for firm performance, however, depend on the 
fulfillment of capability-matching prerequisites [36]. This 
study provides quantitative evidence for the boundary 
condition of capability matching, which applies specifically to 
the engineering compatibility dimension. The conditional 
effects of digital M&A on driving innovation upstream provide 
the basis for a complementary effect [37]. The proposed 
approach improves upon the centralized XGBoost baseline by 
5.2% at σ = 0.1, while the drop in precision remains within 

an acceptable range. Furthermore, the success of high-quality 
predictive collaboration among enterprises under privacy-
preserving conditions provides a meaningful reference for 
the technical feasibility of multi-enterprise collaborative 
modeling in manufacturing M&A contexts [38]. The primary 

Figure 4. SHAP-based feature importance ranking of engineering collaboration indicators and financial variables 
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limitation of this study is that the dataset is predominantly 
drawn from Chinese and East Asian manufacturing markets, 
and the validity of the results obtained in other cultural 
contexts, namely European and North American institutions, 
remains unknown. In addition, because the metrics of 
engineering collaboration are calculated using publicly 
available data, missing information from some enterprises 
may lead to measurement errors. Further research could 
include applying vertical federated learning to address 
heterogeneity in feature spaces across enterprises. 

5. Conclusion 

In this study, a horizontal federated learning approach 
for predicting the synergistic effects of AI capabilities on 
manufacturing M&A is developed using a two-stage, 
decoupled training scheme. The approach employs a two-
stage, decoupled training strategy that combines a federated 
histogram-aggregated gradient-boosted tree with a FedAvg-
based deep neural network, enabling cross-enterprise 
collaborative modeling without any raw data leakage. 
Additionally, an engineering collaboration index system is 
established, comprising an R&D compatibility index, a 
production system interoperability index, and an AI 
personnel complementarity index. Empirical analysis of 286 
real M&A events across 23 manufacturing enterprises shows 
that the horizontal federated learning model achieves 87.3% 
prediction accuracy, outperforming the centralized XGBoost 
model (82.1%) and the logistic regression model (74.5%). 
Furthermore, the overall importance of engineering 
collaboration indicators is 0.42, substantially higher than that 
of financial indicators (0.30). Moreover, the value premium of 
AI-focused acquiring firms exhibits a time-lagged increasing 
trend, peaking at Δ = 23.6% in the third post-M&A year. These 
conclusions provide a methodological link between privacy-
preserving machine learning and strategic management 
research on manufacturing M&A, illustrating the critical 
importance of engineering compatibility for forecasting AI-
based M&A synergy effects. The suggested decision support 
tool can be directly employed at the three major decision-
making phases of target selection, due diligence, and 
integration planning, offering a comprehensive chain decision 
support solution that considers both data compliance and the 
precision of AI-based M&A decisions in the age of intelligent 
manufacturing. 
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