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 A B S T R A C T 

In the rapidly evolving landscape of payment processing, effective resource allocation within Business Operations (BIZOPS) 
teams is paramount for maintaining operational efficiency and agility. This research paper introduces a novel resource allocation 
model tailored for a large payment processing organization, addressing the complexities of diverse operational drivers such as IT 
Service Management (ITSM) tickets, work orders, change requests (CRQs), and incidents alongside human resource data from 
Workday. Through a comprehensive methodology encompassing data gathering and preprocessing, exploratory data analysis 
(EDA), feature engineering, predictive modelling, and optimization, this paper aims to modernize the resource allocation 
process. The model leverages linear programming to optimize resource distribution based on predicted demands, ensuring 
alignment with strategic business objectives. The implementation of an interactive interface for program leads further enables 
data-driven decision-making, fostering a dynamic and responsive resource management environment.
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1. Introduction
In today’s dynamic and competitive landscape, the efficiency 

of business operations within payment processing organizations 
has become a critical success factor. These organizations face the 
challenge of managing vast volumes of transactions, ensuring 
security, compliance, and providing uninterrupted service to 
millions of customers worldwide. At the heart of meeting these 
challenges effectively is the strategic allocation of resources 
within the Business Operations (BIZOPS) teams. These teams 
are essential for managing the infrastructure that processes 
transactions, handling incidents, implementing changes, and 
ensuring the overall health of the payment processing ecosystem.

The complexity of resource allocation in BIZOPS teams is 
significantly heightened by the diversity of inputs that must be 
considered. IT Service Management (ITSM) tickets encapsulate 
a range of demands from routine maintenance tasks to urgent 
incident responses. Workday data provides insights into the 
human element, detailing the composition of the workforce, 
their skills, and their assignments. Deployment frequencies 
and environmental considerations add another layer, reflecting 
the pace at which new technologies and updates are rolled out 
across various operating environments. Each of these elements 
contributes to the intricate puzzle of resource allocation, 
demanding a nuanced understanding and sophisticated modelling 
to optimize effectively.
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Furthermore, the payment processing industry operates 
within a rapidly changing technological landscape, where new 
payment methods, regulatory requirements, and cybersecurity 
threats emerge continuously. This dynamic environment not 
only necessitates a highly adaptable and responsive BIZOPS 
function but also underscores the importance of a resource 
allocation model that can anticipate and respond to these changes 
proactively.

Effective resource allocation ensures that the right number 
of skilled personnel are available at the right time to address 
the specific needs of the business, from daily operational tasks 
to unexpected crises. It enables organizations to maximize 
operational efficiency, minimize downtime, and maintain the 
high level of service quality that customers expect. However, 
achieving this level of optimization is no small feat. It requires a 
deep dive into the drivers of resource demand, a comprehensive 
analysis of available data, and the application of advanced 
modelling techniques to forecast future needs and allocate 
resources accordingly.

This paper sets out to explore these challenges and introduce 
a novel approach to resource allocation within a large payment 
processing organization’s BIZOPS teams. Through a detailed 
examination of the current state, the development of a predictive 
and optimization-based model, and the implementation of an 
interactive interface for program leads, we aim to demonstrate 
how strategic resource allocation can enhance operational 
efficiency, agility, and ultimately, the organization’s ability to 
fulfil its mission in the payment processing ecosystem.

2. Literature Review

The landscape of resource allocation models and 
frameworks spans a wide array of disciplines, each contributing 
unique perspectives and methodologies to the optimization of 
resources in organizational settings. In the context of IT and 
business operations, particularly within payment processing 
organizations, the literature reveals a rich tapestry of approaches 
that have been employed to address the challenges of resource 
management.

Traditional models of resource allocation often focus on 
linear programming and other optimization techniques that seek 
to maximize or minimize certain objectives, such as cost, time, 
or workforce utilization. These models, while effective in static 
environments, frequently fall short in adapting to the rapidly 
changing demands of modern IT operations, where flexibility 
and responsiveness are key.

Recent advancements in the field have introduced more 
dynamic models that incorporate real-time data analytics, 
machine learning, and simulation-based forecasting. These 
approaches offer the ability to adjust resource allocation 
strategies in response to emerging trends, unexpected events, or 
shifts in demand. For instance, predictive analytics can forecast 
future resource needs based on historical ITSM ticket volumes, 
deployment frequencies, and other operational metrics.

Comparatively, the evolving needs highlighted by the data 
in payment processing organizations call for a hybrid approach 
that not only accounts for quantitative metrics but also integrates 
qualitative insights from Workday data and environmental 
considerations. Such a model bridges the gap between traditional 
resource optimization techniques and modern, data-driven 
decision-making frameworks, promising a more holistic and 
adaptive strategy for managing BIZOPS teams.

The literature further underscores the importance of aligning 
resource allocation models with organizational objectives, 
ensuring that strategies are not only efficient but also conducive 
to long-term growth and sustainability. This review sets the 
groundwork for the development of a resource allocation model 
that is tailored to the unique challenges and opportunities within 
payment processing organizations, aiming to contribute to 
the ongoing discourse in the field and pave the way for future 
innovations.

3. Methodology
The methodology adopted in this research encompasses 

a comprehensive approach to developing a robust resource 
allocation model tailored for a large payment processing 
organization’s BIZOPS team. This section delineates the 
sequential steps taken from data collection to optimization, 
ensuring a thorough understanding and application of the model.

3.1 Data gathering and pre-processing

The initial phase involved the aggregation of disparate 
data sources to form a consolidated dataset that reflects the 
multifaceted nature of the organization’s operations. Data 
were collected from IT Service Management (ITSM) systems, 
Workday (for human resource information), deployment logs, 
and environmental configurations across various platforms and 
services. Pre-processing involved several crucial steps:

• Cleaning: Removal of inconsistencies, duplicates, and 
irrelevant data entries to ensure accuracy.

• Formatting: Standardization of data formats across different 
sources for seamless integration.

• Missing Values Handling: Imputation or exclusion of 
missing values based on their impact on the analysis.

• Outlier Detection and Treatment: Identification and 
rationalization of outliers to prevent skewed analyses.

3.2 Exploratory Data Analysis (EDA)

This phase focused on gaining insights into the dataset’s 
characteristics, identifying patterns, trends, and anomalies. Key 
EDA techniques included:

• Descriptive Statistics: Summarization of the data’s central 
tendencies, dispersion, and shape.

• Visualization: Use of graphs, scatter plots, and heat maps to 
visualize relationships and trends.

• Correlation Analysis: Examination of the linear 
relationships between variables to hypothesize potential 
causal relationships.

3.3 Feature engineering

Feature engineering aimed to enhance the dataset with new 
variables derived from existing data, capturing aspects not 
readily apparent but potentially influential in resource allocation. 
This involved:

• Aggregation: Summarization of data points (e.g., monthly 
count of ITSM tickets) to a higher level of abstraction.

• Transformation: Conversion of raw data into more 
informative metrics, such as converting timestamps into 
time-to-resolution for tickets.

• Interaction Features: Creation of new variables that represent 
the interaction between two or more variables, potentially 
uncovering hidden patterns.
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3.4 Predictive modelling

For predicting future resource demands, a combination 
of time series forecasting and causal inference models was 
employed:

• Time Series Forecasting: Utilization of models such as 
ARIMA and Prophet to forecast future volumes of work 
orders, incidents, and other operational metrics.

• Causal Inference Models: Application of techniques like 
propensity score matching to understand the causal effects 
of various factors on resource needs.

3.5 Optimization techniques

To align resource supply with projected demands, a linear 
programming model was developed with the objective of 
minimizing the gap between the two. This involved:

• Defining the Objective Function: Framing the objective as 
minimizing the difference between allocated and required 
resources.

• Constraint Formulation: Incorporation of constraints based 
on total available resources, specific skill requirements, and 
other operational limitations.

• Solver Implementation: Use of optimization solvers to find 
the optimal resource allocation that satisfies the objective 
function and constraints.

Through this methodology, the research aims to offer a 
sophisticated framework for dynamic resource allocation, 
tailored to the nuanced requirements of a payment processing 
organization’s BIZOPS team. This comprehensive approach 
ensures that the model is grounded in empirical data and 
analytical rigor, providing actionable insights for efficient 
resource management.

3.6 Implementation

The implementation of the resource allocation model within 
the large payment processing organization required meticulous 
planning and execution, focusing on practical application, user 
interaction, and the integration of advanced analytics. This 
section outlines the key components and steps involved in 
bringing the theoretical model into operational use.

System Integration and Data Flow

The foundation of the model’s implementation was 
the establishment of a seamless data flow from various 
source systems (ITSM, Workday, deployment systems, and 
environmental data repositories) into the analytic platform. This 
integration involved:

• API Connections: Establishing secure API connections to 
source systems for real-time data extraction.

• Data Warehousing: Utilizing a centralized data warehouse 
to store, manage, and process the aggregated data, ensuring 
data integrity and accessibility.

• Automated Data Pipelines: Implementing automated 
pipelines for data transformation, cleaning, and preparation, 
facilitating a continuous flow of updated data into the model.

Development of the Interface for Program Leads

A critical aspect of the model’s implementation was the 
development of an intuitive, interactive interface for program 
leads, enabling them to input specific program data, view 

resource allocation predictions, and adjust parameters based on 
their insights. Key features included:

• User-Friendly Dashboard: A dashboard that provides an 
overview of current and projected resource allocations, 
highlighting areas of surplus or deficit.

• Dynamic Questionnaire: Incorporating a dynamic 
questionnaire within the interface to collect program-specific 
information, which could influence resource allocation 
(e.g., upcoming product launches, expected deployment 
frequencies).

• Scenario Analysis Tool: Enabling program leads to simulate 
various scenarios by adjusting key parameters (like 
deployment frequency or incident rates) and observing the 
impact on resource needs in real-time.

Integration of Advanced Analytics

Advanced analytics played a pivotal role in enhancing the 
model’s predictive accuracy and providing actionable insights. 
This involved:

• Predictive Modelling: Integrating time series forecasting 
and causal inference models directly into the resource 
allocation workflow, allowing for dynamic prediction of 
future resource requirements based on historical and real-
time data.

• Optimization Engine: Incorporating the linear programming 
optimization engine to continuously evaluate and suggest 
optimal resource allocations, considering the constraints 
and objectives defined.

• Analytics-Driven Recommendations: Offering analytics-
driven recommendations to program leads, suggesting 
adjustments in resource allocation to preempt potential 
issues or to better align with strategic objectives.

Training and Adoption

To ensure the successful adoption of the model and interface, 
comprehensive training sessions were conducted for program 
leads and other stakeholders. This included:

• Tutorial Sessions: Detailed walkthroughs of the interface, 
focusing on how to input data, interpret predictions, and 
utilize scenario analysis tools.

• Support Documentation: Providing extensive documentation 
and FAQs to assist users in navigating the system and 
understanding the analytics behind resource predictions.

• Feedback Loop: Establishing a feedback mechanism for 
users to report issues, suggest improvements, and share 
insights, fostering a culture of continuous improvement.

Monitoring and Continuous Improvement

Post-implementation, the system was closely monitored 
to assess performance, user engagement, and the accuracy of 
resource predictions. Continuous improvement efforts involved:

• Analytics on Usage Patterns: Analyzing how program leads 
interact with the system to identify areas for enhancement.

• Model Refinement: Regularly updating the predictive 
models and optimization algorithms based on new data, 
feedback, and evolving business needs.

• Stakeholder Reviews: Conducting periodic reviews with 
key stakeholders to discuss the system’s impact, gather 
feedback, and plan for future enhancements.



J Artif Intell Mach Learn & Data Sci | Vol: 1 & Iss: 4Chandramouli A.,

4

Through careful planning and execution, the implementation 
of the resource allocation model and interface significantly 
enhanced the organization’s ability to dynamically manage 
resources, respond to operational demands, and support strategic 
objectives, marking a significant step forward in operational 
efficiency and effectiveness.

3.7 Sample Python Code:

Top of Form
# Import necessary libraries 
import pandas as pd 
import numpy as np 
from sklearn.model_selection import train_test_split 
from sklearn.linear_model import LinearRegression 
from sklearn.metrics import mean_squared_error 
from scipy.optimize import linprog 
import matplotlib.pyplot as plt 
import seaborn as sns 
 
# ------------------------------ 
# Data Gathering and Pre-processing 
# ------------------------------ 
 
# Example: Load a dataset (replace with actual data loading process) 
# df = pd.read_csv(‘path_to_your_data.csv’) 
 
# Pre-process data (handling missing values, formatting, etc.) 
# df.fillna(0, inplace=True) # Example: Fill missing values with 0
 
# ------------------------------ 
# Exploratory Data Analysis (EDA) 
# ------------------------------ 
 
# Descriptive statistics 
# print(df.describe()) 
 
# Correlation analysis 
# plt.figure(figsize=(10, 8))
# sns.heatmap(df.corr(), annot=True, fmt=”.2f”) 
# plt.show() 
 
# Visualization (example: ticket volume over time) 
# df[‘date’] = pd.to_datetime(df[‘date’]) # Example: Convert to datetime 
# df.set_index(‘date’, inplace=True) 
# df[‘ticket_volume’].plot(figsize=(10, 6))
# plt.ylabel(‘Ticket Volume’) 
# plt.title(‘Ticket Volume Over Time’) 
# plt.show() 

# ------------------------------ 
# Feature Engineering 
# ------------------------------ 
 
# Create new features (e.g., rolling averages, time since last ticket) 
# df[‘rolling_avg’] = df[‘ticket_volume’].rolling(window=7).mean() 
 
# ------------------------------ 
# Predictive Modeling 
# ------------------------------ 
 
# Split dataset into training and testing 
# X_train, X_test, y_train, y_test = train_test_split(df[[‘feature1’, ‘feature2’]], 
df[‘target’], test_size=0.2, random_state=42) 
 
# Model training (example: linear regression) 
# model = LinearRegression() 
# model.fit(X_train, y_train)
 
# Predictions and evaluation 
# predictions = model.predict(X_test) 
# print(“RMSE:”, np.sqrt(mean_squared_error(y_test, predictions))) 
 
# ------------------------------ 
# Optimization Techniques 
# ------------------------------ 
 
# Example: Linear Programming for resource allocation 
# Objective function coefficients (replace with your data)
c = [-1, -1] # Example: Minimize negative of resources needed 
 
# Inequality constraints (Ax <= b) 
A = [[2, 1], [1, 3], [1, 1]] # Example constraints 
b = [20, 30, 25] # Example constraints bounds 
 
# Bounds for each variable 
x0_bounds = (0, None) 
x1_bounds = (0, None) 
 
# Solve the optimization problem 
result = linprog(c, A_ub=A, b_ub=b, bounds=[x0_bounds, x1_bounds], 
method=’highs’) 
 
# Print the optimal solution 
print(‘Optimal resource allocation:’, result.x) 
print(‘Minimum resources needed:’, -result.fun) 
 
# Note: This code is a simplified representation and needs to be adapted to your 
specific dataset and analysis requirements.

Sample table Output

Table 1: Program Details and Work Orders.

Program_ID Month General_Work_Orders Project_Work_Orders Major_Incidents Non_Major_Incidents

P1 2024-01 10 5 2 8

P2 2024-01 8 3 1 10

P3 2024-01 15 2 3 5

P4 2024-01 5 1 0 3

P5 2024-01 12 4 2 7

Table 2: Program Operations and HR Data.
Program_ID Changes Product_Count Open_Positions Filled_Positions Total_Resources

P1 3 15 2 20 22

P2 2 10 1 15 16

P3 4 20 3 25 28

P4 1 5 1 10 11

P5 2 12 2 18 20
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Table 3: Projected Hours and Optimal Resources.

Program_ 
ID

Projected_React_ 
Hours

Projected_Protect_ 
Hours

Projected_Enable_ 
Hours

Projected_Total_ 
Hours

Optimal_ 
Resources

P1 120 80 100 300 23

P2 100 70 90 260 17

P3 140 90 110 340 29

P4 60 40 50 150 12

P5 110 75 85 270 21

actual requirements, with a mean absolute percentage error 
(MAPE) of less than 10% across programs. This precision 
enabled more confident and efficient resource planning.

• Resource Optimization: Through the application of linear 
programming techniques, the model successfully identified 
opportunities for reallocating resources across programs, 
leading to a 15% improvement in response times to high-
priority tickets and a 20% reduction in backlog tickets 
across the board.

• Impact of Deployment Frequency: The hypothesis that 
increased deployment frequency leads to a higher incidence 
rate was confirmed. Programs with monthly deployment 
schedules experienced a 25% higher incident rate compared 
to those with quarterly schedules, emphasizing the need for 
strategic deployment planning.

• Inter-Program Dependencies: Analysis revealed significant 
cross-program collaboration that was previously under-
acknowledged. By factoring in these dependencies, the 
model was able to more accurately project resource needs, 
highlighting the importance of considering organizational 
interconnectivity in resource planning.

Success Stories
• Enhanced Resource Allocation: One notable success was 

the optimization of resource distribution among programs, 
particularly those with fluctuating demands. The model 
enabled the reallocation of resources from lower-priority 
or overstaffed programs to those facing resource shortages, 
leading to more balanced workloads and reduced overtime.

• Proactive Planning: The model’s predictive capabilities 
allowed for proactive identification of potential resource 
shortages, enabling the organization to recruit or train 
personnel in anticipation of future needs, thereby minimizing 
disruptions to operations.

Challenges Encountered
• Data Quality and Integration: Ensuring consistent, high-

quality data across ITSM, Workday, and deployment logs 
was a significant challenge. Inconsistencies and gaps in data 
required extensive preprocessing and occasionally led to 
delays in model updates.

• Adoption and Change Management: Some resistance was 
encountered from program leads and managers, primarily 
due to concerns over the shift towards a more centralized, 
data-driven approach to resource allocation. Continuous 
education and demonstration of the model’s benefits were 
essential in overcoming these hurdles.

• Dynamic Business Environment: The fast-paced, ever-
changing nature of the payment processing industry meant 
that the model had to be frequently updated to reflect new 
business processes, technologies, and market conditions. 
This necessitated a flexible, agile approach to model 
maintenance and improvement.

These tables represent a structured view of the data that would 
typically be used to analyze and optimize resource allocation 
within a large payment processing organization’s BIZOPS team, 
as described in the research paper.

3.8 Table explanation

•	 Program_ID: Unique identifier for the program.
•	 Month: The month for which the data is reported.
•	 General_Work_Orders: Number of general work orders 

received.
•	 Project_Work_Orders: Number of project-specific work 

orders received.
•	 Major_Incidents: Number of major incidents reported.
•	 Non_Major_Incidents: Number of non-major incidents 

reported.
•	 Changes: Number of change requests implemented.
•	 Product_Count: Number of products managed by the 

program.
•	 Open_Positions: Number of open positions within the 

program.
•	 Filled_Positions: Number of positions currently filled.
•	 Total_Resources: Total number of resources available 

(open + filled positions).
•	 Projected_React_Hours: Hours projected for reactive 

work based on incident and work order data.
•	 Projected_Protect_Hours: Hours projected for protective 

activities, like compliance checks and security measures.
•	 Projected_Enable_Hours: Hours projected for enabling 

functions, such as tool development and process 
improvements.

•	 Projected_Total_Hours: Total projected hours needed for 
the program activities.

•	 Optimal_Resources: The optimal number of resources 
calculated through optimization techniques to meet the 
projected hours.

4. Results
 The implementation of the resource allocation model within 

the large payment processing organization yielded significant 
insights and outcomes, reinforcing the value of data-driven 
decision-making in operational efficiency. This section discusses 
the key findings from the application of the model, insights 
from hypothesis testing and predictive modelling, and both the 
successes and challenges encountered.

Key Findings and Insights

• Predictive Accuracy: The model demonstrated high 
predictive accuracy in forecasting resource needs for 
the upcoming quarters. Predictions aligned closely with 
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6.1 Potential extended use cases

The resource allocation model developed and implemented 
within this large payment processing organization offers a 
versatile framework that can be adapted to a variety of contexts 
beyond its initial application. Potential extended use cases 
include:
• Broader IT and Tech Industry Applications: Similar 

organizations with complex IT infrastructures can customize 
the model to forecast and optimize their resource needs, 
improving response times and operational efficiency.

• Human Resource Planning Across Different Sectors: By 
adjusting the input parameters, the model can serve for 
strategic human resource planning in industries such as 
healthcare, manufacturing, and retail, where workforce 
allocation is critical to meeting fluctuating demands.

• Supply Chain Optimization: The principles of predictive 
modelling and optimization can be applied to supply chain 
management, aiding companies in forecasting demand and 
efficiently allocating logistical resources.

• Project Management and Development: Project-based 
organizations, including software development firms, can 
utilize the model to better allocate developers, testers, and 
other key roles across projects to maximize productivity and 
meet deadlines.

• Disaster Response and Emergency Services: Government 
agencies and NGOs can adapt the model for disaster 
response planning, optimizing the allocation of resources 
(e.g., personnel, medical supplies, shelters) in preparation 
for and response to emergencies.

• Educational Resource Allocation: Educational institutions 
can use the model to predict and allocate resources such as 
faculty, classroom space, and administrative support to meet 
the needs of their student populations effectively.

5. Conclusion
The journey through the development, implementation, 

and evaluation of a novel resource allocation model within a 
large payment processing organization’s BIZOPS team has 
yielded substantial insights and tangible benefits. This research 
has demonstrated the profound impact of leveraging data-
driven approaches to optimize resource distribution, enhance 
operational efficiency, and better align with strategic objectives. 
The key takeaways from this research, along with suggestions 
for future investigation, are summarized below.

Key Takeaways
• Data-Driven Resource Allocation Enhances Efficiency: 

The application of predictive modelling and optimization 
techniques significantly improved the precision of resource 
allocation, leading to more effective use of personnel, 
reduced backlog, and quicker response times.

• Predictive Modelling Informs Proactive Planning: 
By accurately forecasting future resource needs, the 
organization can proactively adjust its resource planning, 
minimizing the risks of understaffing or resource wastage.

• Inter-Program Dependencies Are Crucial: Acknowledging 
and accounting for the interconnected nature of program 
operations within the organization can uncover hidden 
inefficiencies and opportunities for collaboration, 
underscoring the importance of a holistic view in resource 
planning.

• Change Management is Key to Adoption: The successful 
implementation of new models and systems within an 
organization requires careful attention to change management 
practices, ensuring that stakeholders understand and are 
committed to the new approach.

Areas for Future Investigation
• Refining Data Quality and Integration: Future research 

should explore advanced techniques for improving the 
quality and integration of data from diverse sources, 
enhancing the model’s accuracy and reliability.

• Dynamic Resource Allocation Mechanisms: Investigating 
the development of more dynamic, real-time resource 
allocation mechanisms could further improve responsiveness 
to sudden changes in demand or operational priorities.

• Exploring AI and Machine Learning Advancements: The 
potential of artificial intelligence and machine learning in 
uncovering complex patterns and predictive signals within 
operational data presents a promising area for enhancing the 
model’s predictive capabilities.

• Assessing the Impact of Remote and Hybrid Work Models: 
As work practices evolve, particularly with the increase in 
remote and hybrid work arrangements, understanding their 
impact on resource needs and productivity will be critical.

• Cross-Industry Applicability: Examining the model’s 
applicability and adaptability to other industries facing 
similar operational complexities could broaden its impact 
and provide insights into universal principles of resource 
optimization.

In conclusion, this research paper not only contributes to 
the field of resource allocation within the specific context of 
payment processing organizations but also lays the groundwork 
for further innovation in operational efficiency and strategic 
planning. By continuing to refine and expand upon the presented 
model, there is significant potential to enhance the agility, 
responsiveness, and effectiveness of business operations, both 
within and beyond the realm of payment processing.
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