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Abstract 

Accurate customer information profiling remains a critical challenge for banks and businesses due to the massive 

volume of customer data and the need for timely, targeted service delivery. The conventional Back Propagation Neural 

Network (BPNN) algorithm suffers from high computational time, limiting its efficiency in large-scale data analysis. 

To address this limitation, this study developed a hybridized MapReduce Back Propagation Neural Network 

(MRBPNN) technique for customer information profiling. A dataset comprising 2,000 customers’ demographic and 

socioeconomic records, each with 35 attributes and 5 status updates, was obtained from selected banks in Edo State. 

The data were divided into training and testing sets and evaluated using a ten-fold cross-validation approach. The 

hybrid MRBPNN model was implemented in MATLAB R2023a and compared with the conventional BPNN 

algorithm based on false positive rate (FPR), precision, recall, F-measure, accuracy, and computational time. 

Experimental results revealed that MRBPNN achieved superior performance with an FPR of 5.83%, accuracy of 

94.59%, precision of 99.31%, recall of 94.64%, F-measure of 96.92%, and computational time of 13.23 seconds. In 

contrast, BPNN recorded an FPR of 15.61%, accuracy of 84.97%, precision of 97.96%, recall of 85.04%, F-measure 

of 91.05%, and computational time of 26.69 seconds. The findings demonstrate that the developed MRBPNN 

significantly reduces computational time and enhances classification accuracy compared to BPNN, making it an 

efficient and scalable technique for customer information profiling in financial institutions. 
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Introduction 

In the contemporary data-driven economy, financial institutions, enterprises, and organizations increasingly 

acknowledge that effective customer information profiling constitutes a crucial determinant of sustainable competitive 

advantage (Annamalai & Muthiah, 2022). As markets grow more volatile and consumer expectations continually 

evolve, the capacity to derive actionable insights from extensive datasets has become a strategic imperative. Data 

analytics now represents a valuable “digital asset,” empowering firms to enhance marketing precision, optimize the 

utilization of resources, strengthen customer engagement, and ultimately increase overall profitability (AlFayez & 

Bouhamed, 2023).  Customer profiling entails the systematic development of a comprehensive representation of target 

customers by integrating demographic variables (such as age, gender, and geographic location), socioeconomic 

indicators (including income level, occupation, and educational attainment), and psychographic dimensions (such as 

lifestyle, attitudes, and aspirations) (Arockiam & Pushpanathan, 2023). This multidimensional analytical framework 

enables organizations to design and deliver personalized products and services that effectively correspond to customer 

preferences. However, ensuring the accuracy and timeliness of customer profiling remains a considerable challenge, 

primarily due to the exponential growth, diversity, and complexity of customer data, as well as the need for high-

speed, scalable analytical solutions (Awasthy & Valivarthi, 2023). Among existing computational approaches, the 
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Backpropagation Neural Network (BPNN), has been extensively utilized in customer information profiling because 

of its robust capability in pattern recognition and adaptive learning (Bergui et al., 2024). Nonetheless, BPNN models 

are constrained by high computational time and scalability limitations when processing large, distributed datasets; this 

reduces their utilizations in real-time or large-scale customer analytics systems used by financial institutions.  
 

To bridge this gap, hybrid solutions that combine distributed processing frameworks (MapReduce/Hadoop/Spark) 

with neural learning (BPNN) was developed to merge distributed efficiency with the robust learning capabilities of 

neural networks (Biswas et al., 2022). The MapReduce-Backpropagation hybrid (MRBPNN) promises reduced wall-

clock training time while keeping competitive predictive performance for large-scale customer profiling tasks (Cui et 

al., 2022). 

Statement of the problems 

Banks, mostly, deal with numerous customers’ data, and to accurately and speedily identify active customers to offer 

the right products and services at the right time has become a major concern.   

Slow convergence speed and high computational time are the major drawbacks limiting the existing Back Propagation 

neural network algorithm for customer information profiling (Chandrasekar & Ponnusamy, 2025). To solve this 

problem, this research developed a hybridized Map-Reduce Back Propagation Neural Network (MRBPNN) technique 

for customer information profiling.   

Aim and Objectives of the Study 

The primary objective of this study is to design a hybridized Map-Reduce Back Propagation Neural Network 

(MRBPNN) technique for effective Customer Information Profiling. The specific goals are to: 

i. Design and formulate the MRBPNN technique for customer information profiling; 

ii.  Implement the proposed technique using MATLAB (R2023a) software; 

iii. Assess the performance of the developed MRBPNN model based on key evaluation indicators such 

as false positive rate, accuracy, precision, recall, F-measure, and computational time and 

iv. Compare the performance outcomes of the MRBPNN technique with the conventional Back 

Propagation Neural Network (BPNN) to evaluate its overall efficiency and computational 

effectiveness. 

 

MapReduce Neural Network (MRNN) 

The explosive growth of big data across finance, healthcare, social media, and IoT has necessitated distributed learning 

frameworks capable of processing massive datasets efficiently. The Map-Reduce paradigm provides a data-parallel 

model via Map and Reduce phases, offering scalability, fault tolerance, and ease of deployment on commodity clusters 

(Dampfhoffer et al., 2023). MRNN frameworks adapt standard neural network training by decomposing 

forward/backward passes into distributed Map tasks (local forward and gradient computation) and Reduce tasks 

(aggregation and parameter synchronization), enabling parallelization across many nodes and greater throughput on 

extremely large datasets. 

Numerous studies and applied systems show Map-Reduce (and Map-Reduce-style frameworks such as Hadoop and 

Spark) used successfully to scale neural network workloads: examples include Map-Reduce-based convolutional 

algorithms, parallel Winograd approaches for convolution, distributed deep learning pipelines for 

image/medical/recommendation workloads, and IoT pipelines that use Map-Reduce for pre-processing and distributed 

model training. Hybrid MRNNs report substantial speedups in wall-clock time for large datasets though the tradeoffs 

include added communication and synchronization cost and challenges supporting low-latency streaming updates 

(Dong and Wang, 2025). Typical performance improvements are achieved when communication compression, 

asynchronous aggregation, or hierarchical aggregation schemes reduce synchronization overhead. 

Despite these benefits, MRNNs face research challenges: (i) communication/synchronization overhead for iterative 

gradient updates; (ii) data partitioning and load balancing across heterogeneous compute nodes; (iii) support for 

streaming or online learning; and (iv) efficient fault tolerance and straggler mitigation in production clusters (Gao et 

al., 2023). Recent reviews emphasize moving from pure Map-Reduce to more flexible distributed frameworks (Spark, 

Ray, parameter server designs) or hybrid strategies that combine the simplicity of Map-Reduce batch processing with 

dedicated asynchronous gradient aggregation for iterative learning (Gazis & Katsiri, 2022).  
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Backpropagation Neural Network (BPNN) 

Backpropagation remains a foundational supervised learning algorithm for multilayer networks, using gradient-based 

optimization to update weights by propagating the error from outputs to inputs. BPNN variants and improvements 

(regularization, advanced optimizers, second-order methods, Bayesian approaches) have been proposed recently to 

improve convergence and generalization. Hybridizing BPNN with metaheuristics such as Genetic Algorithms (GA), 

Particle Swarm Optimization (PSO)  and other population-based methods continues to be an active area, particularly 

in domains where weight initialization and hyperparameter tuning are critical for performance (Gattoju and 

Nagalakshmi, 2023).   

However, BPNN training on large datasets becomes computationally demanding: memory pressure, long epochs, 

vanishing/exploding gradients (in deep architectures), and sensitivity to hyper-parameters limit vanilla BPNN 

applications at scale (Hosseini et al., 2022). To mitigate these issues, researchers have developed distributed BPNN 

training paradigms (MapReduce-based, Spark-based, parameter-server and federated learning approaches) that 

demonstrate substantial speedups while introducing challenges such as stale gradients, consistency models, and 

communication bottlenecks. Hybrid strategies that incorporate gradient compression, asynchronous updates, and 

hardware acceleration (GPU/TPU) improve efficiency and real-time viability (Hamdi et al., 2024).  

Research Gaps 

The existing algorithm for customer information profiling suffers from slow convergence speed and high 

computational time. Hence, to address these limitations, the research developed a hybridized Map-Reduce-Back-

propagation Neural Network (MRBPNN) technique in order to improve the efficiency and the accuracy of customer 

information profiling.   

 

Methodology 

Research Approach  

In this research, a hybridized Map-Reduce Back Propagation Neural Network (MRBPNN) technique was developed 

for bank customer information profiling using selected banks in Edo State as a case study. The technique was 

implemented in five divisions, these include: data gathering, data pre-processing, data storage, technique development, 

data classification and decision making.  

 

Data Collection  

The data collection phase involved obtaining customer information from selected banking institutions. A total of 2,000 

customer records were compiled, each containing 28 variables spanning socioeconomic, psychographic, and 

demographic categories, along with approximately five status updates per customer. The dataset was partitioned into 

training and testing subsets after preprocessing to ensure consistency, quality, and analytical readiness. The collected 

data encompassed various indicators of customer behavior, including activity-based statistics such as the number of 

likes, status posts, group memberships, tags, and events. Demographic and socioeconomic variables—such as age, 

gender, marital status, occupation, and account type—were incorporated due to their established influence on financial 

behavior (Jansen et al., 2024).  Furthermore, egocentric network parameters (e.g., number of friends, network density, 

brokerage, and betweenness) were extracted to provide additional insight into customers’ social interactions, which 

serve as valuable proxies for personality and behavioral profiling. 

Figure 1 showed the raw bank customers’ data. 
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Figure 1: Sample of Raw Bank Customers’ Data 

 

 

Data Pre-Processing 

The second phase, data pre-processing, was undertaken to enhance data quality and ensure suitability for classification 

tasks. This phase involved eliminating redundant, noisy, and inconsistent records to improve analytical precision and 

optimize storage efficiency. The procedure comprised three key stages: Integration, in which the datasets were 

extracted, transformed into a standardized format, and loaded into a unified storage framework; Cleaning, where the 

data were validated for accuracy, completeness, and consistency, with irrelevant or erroneous entries corrected or 

removed; and Redundancy Elimination, which employed filtering and compression techniques to minimize 

duplication and enhance data integrity. The outcome of this process is illustrated in Figure 2, showing the pre-

processed bank customer dataset. 

 

                      

          Figure 2: Sample of Preprocessed Customers’ Data 

 

Data Storage 

In this data storage phase, preprocessed data were stored in reliable storage space in comma separated value(CSV) to 

ensure access to data storage. In this phase, data were transferred from the data source to the data center and transfer 

within the data center. Apart from storage of data, data center helps in collecting, organizing and managing data. 

Figure 3 illustrates the block diagram showing the processes involved in the classification of bank customers 

demographic data. 
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Figure 3: The Block Diagram of the Classification System 

Formulation of the Hybridized Map-Reduce Back Propagation Neural Network Technique 

The weight of the BPNN was initialized and Map-Reduce Computing Technique was introduced at the second step of 

the BPNN to select only the useful data features and remove the useless data features from the BPNN. Map-Reduce 

also minimizes the weights of the data features which has influence on the complexity and speed of BPNN. It is a 

hybrid technique. The input data was segmented into a number of data chunks which are processed by mappers in 

parallel and useful data features was selected for training and classification. The detailed explanation is given as 

follows.  

The Map-Reduce framework consists of two primary components: the Map (mapper) and Reduce (reducer) functions. 

The mapper performs the core data processing task, producing intermediate outputs in the form of ⟨key, value⟩ pairs. 

The reducer then aggregates these intermediate outputs from multiple mappers, performing secondary operations such 

as sorting and merging based on key values (Kumar et al., 2023).  The final computation results are generated by the 

Reduce function. 

Developed hybridized Map-Reduce Back 

Propagation Neural Network 

 

               BPNN 

 

      MR 

Data Collection 
Socioeconomic, Psychographics and 

Demographic data were collected from 

selected Banks in Edo state. 

 

Data Pre-processing 

Data Storage in CSV format 

-Removing redundant, noisy and 
inconsistent data to improve the data 
quality required for classification. 

 

Preprocessed data stored in reliable 

storage space to ensure access to data.  

 

Data Classification using 

MRBPNN 

Customer data was classified into Active 

and Non-Active Customers Using 

MRBPNN    

Result Evaluation 
Results were evaluated using 

performance metrics such as FPR, 

Accuracy, precision, recall etc. 
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In this study, the pairs-based Map-Reduce approach was employed, as outlined in Algorithm 1. Typically, document 

identifiers and their corresponding contents serve as the input key-value pairs. The mapper processes each document 

and emits intermediate pairs, where each co-occurring word pair represents the key and the integer one (the frequency 

count) serves as the value. 

This is implemented through two nested loops: the outer loop iterates through all words (serving as the left element 

of the pair), while the inner loop processes the neighboring words (the right element of the pair). Word neighbors can 

be defined using a sliding window or other contextual boundaries such as sentences. The Map-Reduce framework 

ensures that all values associated with identical keys are grouped within the reducer. The reducer subsequently sums 

the values corresponding to each co-occurring word pair to determine their total frequency within the corpus, emitting 

this as the final key-value pair. Each resulting pair represents a cell in the word co-occurrence matrix. This modified 

algorithm demonstrates the application of complex key structures to facilitate coordinated distributed computation (Li 

et al., 2023).  

Training and Classification using Map-Reduce Back Propagation Neural Network 

This study examined a network consisting of n input Map-Reduce data variables, two hidden layers (k₁ and k₂), and m 

output units, as outlined in Algorithm 1. The connection weight between an input variable i and the two hidden units 

j is denoted as w1
ij and w2

ij, respectively. Similarly, the weight connecting the second hidden unit i to the output unit 

j is represented as w3
ij. Each unit’s bias (θ) is implemented as the weight of an additional edge. Consequently, the 

input Map-Reduce vectors are extended by adding a constant 1 component, which is also applied to the hidden layer’s 

output vector. The weight connecting this constant 1 to the two hidden units j is represented by w1
(n+1,k1) and w2

(k1+1,k2), 

while the weight connecting the constant 1 to the output unit j is denoted as w3
(k2+1,m) 

A Back Propagation Neural Network (BPNN) using the stochastic gradient descent (SGD) algorithm was employed 

to minimize the total squared error of the network’s output, starting with weight initialization. The MAPPER function 

from the Map-Reduce framework is executed in parallel for each pair (keyed by custid and customer name) within the 

customer dataset. This operation generates a list of pairs (keyed by instances) corresponding to each customer’s 

neighbors. The MAPPER processes input key–value pairs (such as customer ID and name), producing zero or more 

output key–value pairs. Input and output types may differ. In this work, the MAPPER function performs a word count 

on customer fields, splitting each line into words and emitting key–value pairs like (cust w, neighbor u), where each 

key represents a word and the value indicates the word’s frequency in the field (Lisa et al., 2025).  

Next, the Map-Reduce framework aggregates all pairs with identical keys (instances) and groups them accordingly. 

The REDUCER function is applied in parallel to each group, producing a new set of values within the same domain. 

Typically, each REDUCER call outputs one key–value pair or none, though multiple outputs are possible. The 

framework invokes the REDUCER once per unique key in sorted order, allowing it to iterate through associated values 

and generate outputs. In this research, the REDUCER function sums the customer values (c) and produces a single 

output for each field’s word and its total sum (s). Consequently, the Map-Reduce framework converts a list of customer 

key–value pairs ((p, c₁, c₂, …, cₙ)) into another list ((p, s)), which is represented as xj . 

The Map-Reduce data xj are then loaded into the BPNN, which is randomly divided into training and testing datasets. 

The BPNN architecture consists of three layers—input, hidden, and output. The number of input nodes corresponds 

to the dimensionality of the Map-Reduced data, and the hidden layer nodes are initialized randomly. All connection 

weights are randomly assigned within a specified range. A Sigmoid activation function is applied for nonlinear 

transformation. The network is trained on the training dataset using the developed MRBPNN model until the error 

rate falls below a predefined threshold or the specified number of training epochs is reached. The Stochastic Gradient 

Descent (SGD) method updates weights after each training instance based on the computed error. Once the network 

achieves satisfactory accuracy, the trained MRBPNN model is used to test unseen data to classify customers as loyal 

or non-loyal and to assess its overall performance (Lin & Dyer, 2022).  Algorithm 1 outlines the step-by-step process 

of the MRBPNN model. 
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Algorithm 1: Hybridized Map Reduce Back Propagation Neural Network 

Step 1: Initialize the weight 𝒘𝒊𝒋
(𝟏)

of BPNN 

Step 2: Input Customer Data= (custid, cust field1, … fieldn), target 𝒕𝒊 

Step 3: class MAPPER 

 Method MAP (custida, custd) 

  For all instances w ϵ cust d do 

   For all instances u ϵ NEIGHBORS (w) do 

    EMIT (pair (w, u), count 1)     % Emit count for each 

 Co-occurrence 

Step 4: class REDUCER  

 Method REDUCE (pair p, counts [c1, c2, …]) 

  s ← 0 

  For all count c ϵ count[c1, c2, …] do 

   s ← s + c 

  EMIT (pair p, count s)  % Sum co-occurrence counts 

 𝒙𝒋 =Map Reduce Data = EMIT (pair p, count s) 

Step 5: Calculate the error from difference between the output (𝒚𝒊) and the target (𝒕𝒊) 

𝒆𝒊 = 𝒕𝒊 − 𝒚𝒊        𝒊 = 𝟏, 𝟐, … , 𝒏       

 𝒚𝒋 = 𝝋𝒙𝒋 +  𝒃           

  where  𝝋 =  
𝟏

𝟏+𝒆−𝒙 is the sigmoid transfer function,  𝒆𝒊 is the error difference,  𝒙𝒋 is the Map Reduce Data and 

𝒃 is the bias. 

Step 6: Calculate the weights update using SGD: Stochastic Gradient Descent (SGD) is used as training function 

method. In this method, error is calculated for each training data and the weights are updated immediately. This is 

expressed in equation as follows 

∆𝒘𝒊𝒋
𝒎 = 𝜶𝜹𝒊𝒙𝒋          

Where 𝜶 is the learning rate, 𝒎 = (1), (2), (3) are hidden layer k1 and k2 and Output layer 

𝜹𝒊 = 𝝋′𝒚𝒊𝒆𝒊          

 where 

𝝋′ =
𝒅

𝒅𝒙
(𝝋(𝒙))= 𝝋(𝒙) (𝟏 − 𝝋(𝒙) )       

Step 7: Adjust the weight updates 

𝒘𝒏+𝟏,𝒌𝟏
(𝟏)

= 𝒘𝒊𝒋
(𝟏)

+ ∆𝒘𝒊𝒋
𝒎        

𝒘𝒌𝟏+𝟏,𝒌𝟐
(𝟐)

= 𝒘𝒏+𝟏,𝒌𝟏
(𝟏)

+ ∆𝒘𝒊𝒋
𝒎        

𝒘𝒌𝟐+𝟏,𝒎
(𝟑)

= 𝒘𝒌𝟏+𝟏,𝒌𝟐
(𝟐)

+ ∆𝒘𝒊𝒋
𝒎        

Step 8: Repeat step 2 to 4 for all the training data  

Step 9: Repeat step 2 to 5 until the error reaches an acceptable level (epoch) 

Step 10: Output trained network (𝒕𝒓𝒂𝒊𝒏𝒆𝒅𝒏𝒆𝒕) 

Step 11: Input test data (𝒕𝒆𝒔𝒕𝒅𝒂𝒕𝒂) 
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Step 12: Calculate Euclidean distance as follows 

𝒆𝒖𝒄𝒅𝒊𝒔𝒕(𝒕𝒓𝒂𝒊𝒏𝒆𝒅𝒏𝒆𝒕 , 𝒕𝒆𝒔𝒕𝒅𝒂𝒕𝒂) = 𝒎𝒊𝒏√∑(𝒕𝒓𝒂𝒊𝒏𝒆𝒅𝒏𝒆𝒕𝒊 − 𝒕𝒆𝒔𝒕𝒅𝒂𝒕𝒂𝒊)
𝟐

𝒏

𝒊=𝟏

 

Step 13: If 𝒆𝒖𝒄𝒅𝒊𝒔𝒕 < 𝒔𝒆𝒕 𝒗𝒂𝒍𝒖𝒆 then 𝒄𝒖𝒔𝒕𝒐𝒎𝒆𝒓 𝒊𝒔 𝒍𝒐𝒚𝒂𝒍 else 𝒄𝒖𝒔𝒕𝒐𝒎𝒆𝒓 𝒊𝒔 𝒏𝒐𝒕 𝒍𝒐𝒚𝒂𝒍 

Where 𝒔𝒆𝒕 𝒗𝒂𝒍𝒖𝒆 = 𝒊𝒔 𝒕𝒉𝒆 𝒖𝒔𝒆𝒓 𝒔𝒆𝒕 value to determine loyal customer or not 

 

Implementation in MATLAB 

The implementation of developed technique MRBPNN in the classification of the bank customer Information Profiling 

is done using MATLAB(R2023a). Figure 4 showed an interactive Graphic User Interface (GUI) developed with a real 

time database consisting of selected banks datasets in Edo state. 

 

Figure 4: Graphical User Interface of Training and Testing Phase 

 

Performance Evaluation of Developed Technique 

The performance of the hybridized Map-Reduce Back Propagation Network technique on the classification of the 

Bank Customer Information Profiling was evaluated based on false positive rate, recall, precision, accuracy and 

computation time . More so, the MRBPNN technique was compared with the standard Back Propagation algorithm. 

Confusion matrix was used to determine the value of the performance metrics. It contains True Positive (TP), False 

Positive (FP), False Negative (FN) and True Negative (TN). 

TP: accurately identified positive instances. 

FP: mistakenly identified negative instances as positive. 

TN: accurately identified negative instances. 

FN: mistakenly identified positive instances as negative [21]. 

More so, Precision, recall, and accuracy were calculated using these terms. 

Precision =  
TP

TP+FP
         (1) 

 Sensitivity/True Positive Rate/ Recall =
TP

TP+FN
      (2) 

False Positive Rate =  
FP

TN+FP
        (3) 

F − Measure = 2 ∗ (
Precision∗Recall

TN+FP
)       (4) 
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Accuracy =  
TP+TN

TN+FP+TP+FN
        (5) 

 

RESULTS AND DISCUSSION 

 

Results 

In this research, the performance of the developed Map-Reduce Back Propagation Neural Network (MRBPNN) and 

the conventional Back Propagation Neural Network (BPNN) for customer profiling classification was evaluated under 

varying learning rates. The simulations were performed using MATLAB R2020a on a computer system equipped with 

an Intel® Core™ i7 processor, running Windows 10 Professional (64-bit), with a processing speed of 3.0 GHz, 8 GB 

of RAM, and a 500 GB hard drive. A Graphical User Interface (GUI) was developed in MATLAB as shown in Figure 

4.  

The performance of both techniques was assessed across learning rate intervals of 0.00–0.49, 0.50–0.75, 0.76–0.89, 

and 0.90–0.99, respectively. Each range yielded similar accuracy levels for the algorithms. The learning rate, a key 

hyper parameter in neural network training, determines how rapidly a model adjusts to the problem. Typically, its 

value lies between 0.0 and 1.0. If the learning rate is set too high, the model may converge prematurely to a suboptimal 

solution; conversely, if too low, training may become excessively slow or stagnate. Since all ranges in this study 

produced comparable results, representative values of 0.49, 0.75, 0.89, and 0.99 were selected for performance 

evaluation as illustrated in Table 1. 

The Learning Rate (LR) served as one of the primary parameters for generating the outputs of MRBPNN and BPNN 

during classification. It played a crucial role in training the MRBPNN to identify dataset patterns relevant to customer 

profiling. The dataset used for prediction was obtained from selected banks and consisted of 1,000 customer records, 

each containing 28 attributes and five status updates, including details such as occupation, card type, transaction 

amount, and deposit history. The dataset of 2,000 samples was prepared for training and validation. A 10-fold cross-

validation method was employed to ensure robust model evaluation, allowing each subset of the dataset to participate 

in both training and testing phases. For both MRBPNN and BPNN models, 20 hidden nodes were assigned during 

experimentation. The average results from the 10-fold cross-validation were computed and presented in Table 1, 

corresponding to the four selected learning rates (0.49, 0.75, 0.89, and 0.99). The performance of MRBPNN and 

BPNN in customer profiling classification was assessed using standard evaluation metrics, including False Positive 

Rate (FPR), Accuracy, Precision, Recall, and F-measure. 

Result of MRBPNN 

Table 1 defined the performance analysis of MRBPNN with learning rate of 0.49, 0.75, 0.89, and 0.99 for the Customer 

Profiling classification using accuracy, precision, recall, and F-measure metrics as earlier stated respectively. The 

average values gotten using learning rate of 0.49 for FPR, accuracy, precision, recall, F-measure and classification 

time were 10.83%, 89.8%, 98.67%, 89.88%, 94.07% and 12.74sec respectively. In the case of 0.75 learning rate, the 

average values had been 9.17%, 91.19%, 98.89%, 91.23%, 94.91% and 12.50sec of FPR, accuracy, precision, recall, 

F-measure and classification time, respectively. In addition, MRBPNN had 5.83% of FPR, 94.59% of accuracy, 

99.31% of precision, 94.64% of recall, 96.92% of F-measure and 13.23 sec of classification time averagely, 

respectively. Also, at learning rate of 0.99, MRBPNN produced averagely 10.85% of FPR, 89.83% of accuracy, 

98.66% of precision, 89.87% of recall, 94.09% of F-measure and 12.41sec of classification time  

 

Table 1: Result of MRBPNN at different learning rate 

Learning Rate FPR (%) Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F-

measure 

(%) 

Time (s) 

0.49 10.83 89.81 98.67 89.88 94.07 12.74 

0.75 9.17 91.19 98.89 91.23 94.91 12.50 

0.89 5.83 94.59 99.31 94.64 96.92 13.23 
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0.99 10.85 89.83 98.66 89.87 94.09 12.41 

 

averagely, respectively. It was observed from the result that accuracy, precision, recall and F-measure increases from 

learning rate of 0.49 to 0.89 and decrease from 0.90 to 0.99. This occurred because a learning rate that is too high may 

cause the model to converge too quickly to a poor outcome, while a learning rate that is too low may cause the training 

process to stagnate or fail to progress. 

 

Result of BPNN 

Table 2 defined the performance analysis of BPNN with learning rate of 0.49, 0.75, 0.89, and 0.99 for the Customer 

Profiling classification using accuracy, precision, recall, and F-measure metrics as earlier stated respectively. The 

average values gotten using learning rate of 0.49 for FPR, accuracy, precision, recall, F-measure and classification 

time were 22.10%, 79.25%, 96.90%, 79.40%, 87.28% and 27.09sec respectively. In the case of 0.75 learning rate, the 

average values had been 19.60%, 81.63%, 97.32%, 81.78%, 88.87% and 27.12sec of FPR, accuracy, precision, recall, 

F-measure and classification time, respectively. In addition, BPNN had 15.61% of FPR, 84.97% of accuracy, 97.96% 

of precision, 85.04% of recall, 91.05% of F-measure and 26.69 sec of classification time averagely, respectively. Also, 

at learning rate of 0.99, BPNN produced averagely 22.22% of FPR, 79.26% of accuracy, 96.88% of precision, 79.43% 

of recall, 87.29% of F-measure and 27.38sec of classification time averagely, respectively. It was noticed from the 

result that accuracy, precision, recall and F-measure increases from learning rate of 0.49 to 0.89 and decrease from 

0.90 to 0.99. This occurred because a learning rate that is too high may cause the model to converge too quickly to a 

poor outcome, while a learning rate that is too low may cause the training process to stagnate or fail to progress. 

 
Table 2: Result of BPNN at different learning rate 

Learning 

Rate 

FPR 

(%) 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F-

measure 

(%) 

Time (s) 

0.49 22.10 79.25 96.90 79.40 87.28 27.09 

0.75 19.60 81.63 97.32 81.78 88.87 27.12 

0.89 15.61 84.97 97.96 85.04 91.05 26.69 

0.99 22.22 79.26 96.88 79.43 87.29 27.38 

 

Comparing Result of MRBPNN and BPNN at Different Learning Rate 

The result of MRBPNN was compared with the existing standard BPNN algorithm and the performance of the 

technique on the classification of Customer data was evaluated based on false positive rate, accuracy, precision, recall, 

F-measure and computational time to determine its overall performance and efficiency. Table 3 demonstrated the 

performance analysis of MAPBPNN at Learning Rate of 0.89 for the Customer Profiling classification using FPR, 

accuracy, precision, recall, F-measure and computational time metric. It could be seen from the table that MRBPNN 

outperformed BPNN in terms of FPR, accuracy, precision, recall, F-measure and Computational time. 

 

Discussion of Results 

Figures 5 showed the bar chart expressing the average FPR, accuracy, precision, recall, F-measure and classification 

time obtained for MRBPNN and BPNN method tested on selected banks in Edo state datasets for each Learning Rate. 

This study considered Learning Rate of 0.81, 0.89, 0.91, and 0.95 for training and classifying Customer Profiling. The 

study observed that MRBPNN with Learning Rate of 0.89 has the highest Customer Profiling classification 

performance in all the metrics considered compared with BPNN. It was observed that Learning Rate has significant 

effect on the Customer Profiling classification performance of the developed MRBPNN method used.  

The average accuracy, precision, recall and F-measure for the Customer Profiling classification has variable behavior 

for various Learning Rates with MRBPNN method. Thus, it was observed that Learning Rates affect the Customer 

Profiling classification performance using MRBPNN method. MRBPNN for Customer Profiling classification system 
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was comparatively high in terms of all the metrics considered, considering all the four-Learning Rates which justified 

the general high classification performance of MRBPNN.  

 

 

 

 

 

 

 

Table 3: Comparison results at learning rate of 0.89 

Technique FPR 

(%) 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F-

measure 

(%) 

Time (s) 

BPNN 15.61 84.97 97.96 85.04 91.05 26.69 

MRBPNN 5.83 94.59 99.31 94.64 96.92 13.23 

 

 

 

 

 
 

Figure 5: Performance Result of MRBPNN and BPNN at Learning Rate of 0.89 

 

The main feature of the developed MRBPNN for the Customer Profiling classification with learning rate of 0.89 

Learning Rate is that MBPNN with learning rate of 0.89 arbitrarily assigned the kernels instead of tuning them as 

usually done by other Learning Rates. Compared with other Learning Rates such as Learning Rate of 0.49, 0.75, and 

0.99, the developed MRBPNN with learning rate of 0.89 for the Customer Profiling classification easily completed 

the learning phase at very fast speed and provided more compact network when evaluated with other considered 

Learning Rates. Also, it achieved best generalization performance of the Customer Profiling classification when 

compared with other variants. 

 

Moreover, this implies that the highest percentage of correctly classified (positive and negative) Customer Profiling 

classification was achieved using MRBPNN and BPNN with learning rate of 0.89. Highest accuracy (precision) was 

achieved because the number of correctly classified positive class was obtained when evaluated with other learning 

rate values.  Recall metric further justified that MRBPNN and BPNN with learning rate of 0.89 network gave the 

highest correctly predicted positive class.  Invariably, F-measure metric gave the best performance by combining 

unique characteristics of both precision and recall metric. In conclusion, MRBPNN with learning rate of 0.89 

performed best in terms of false positive rate, accuracy, precision, recall, F-measure and processing time for Customer 

Profiling classification. 
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Conclusion 

In this research, MRBPNN and BPNN learning algorithm with different Learning Rate such as Learning Rate of 0.49, 

0.75, 0.89 and 0.99 was used for Customer Profiling classification. This selected Learning Rate of MRBPNN and 

BPNN for Customer Profiling classification were measured in terms of accuracy, precision, recall and F-measure. The 

results of MRBPNN were also compared with BPNN. All the metrics used by MRBPNN effectively improve the 

quality and efficiency of predicting Customer Profiling. However, classification technique such as BPNN was also 

adopted for Customer Profiling classification in this study, but MRBPNN outperformed it and gave better results. 

Hence, in this study MRBPNN with learning rate of 0.89 performed excellently in predicting the customer profiling 

in banking system in terms of FPR, accuracy, precision, recall and F-measure compared with BPNN coupled with 

different Learning Rate considered in this study. MRBPNN with learning rate of 0.89 for Customer Profiling 

classification has better predictive performance as compared with BPNN. MRBPNN with learning rate of 0.89 can 

enable managers and development teams of banks to restructure customer profile application based on this highly 

effective and actionable classification model.  

 

Recommendations 

In view of the results obtained from this research, the following are therefore recommended: 

i. Future work can be carried out by investigating adaptive Learning Rate in MRBPNN.  

ii. Some optimization technique can be introduced to select optimal parameters of MRBPNN in the future to 

further examine the performance of the system and possibly improve upon the results obtained. 

 

Contributions to Knowledge 

This research has added to the existing body of knowledge by 

i) Introducing Map-Reduce into BPNN which gave rise to parallel processing and data 

locality, which reduced the computational time tremendously.  

ii) Exploring the intrinsic properties of Learning Rate in MRBPNN and BPNN for predicting 

accurate Customer Profiling.  

 

Abbreviations 

AI:      Artificial Intelligence  

MR:     MapReduce  

MRNN:      MapReduce Neural Network 

BPNN:     Back Propagation Neural Network 

MRBPNN: MapReduce Back Propagation Neural Network  

FP:      False Positive 

FN:      False Negative 

FPR:       False Positive Rate 

ML:       Machine Learning 

LR:             Learning Rate 

ReLU:        Rectified Linear Unit 

SGD:          Stochastic Gradient Descent 

TP:      True Positive 

TN:      True Negative  
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