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Abstract:

Our paper introduces an innovative automated framework, combining logistic regression and arithmetic trend analysis,
to predict and manage dispatch rates in the technology service sectors efficiently. This approach provides a detailed
analysis of factors influencing dispatch rates, enabling service providers to anticipate demand and optimize resource
allocation effectively. The deployment of our framework significantly improves resource planning and cost efficiency,
leading to enhanced operational efficiency and customer satisfaction. This represents a transformative contribution to
service management practices and academic research.
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Introduction

The technology service sector requires efficient
dispatch management to meet customer satisfaction
and operational efficiency. Traditional methods, often
manual, struggle with the sector's complexities,
affecting resource distribution and cost management.

Problem Statement: Companies find it challenging to
efficiently monitor and attribute changes in dispatch
rates due to a lack of robust, automated analysis and
prediction tools, leading to missed optimization
opportunities.

Objectives:

- Develop an automated framework for accurately
predicting dispatch rates and identifying key
influencing factors, offering actionable management
insights.

- Improve planning and resource allocation efficiency
by enhancing the tracking and attribution of dispatch
rate shifts.

- Enrich the technology service management field with
thorough analysis and evidence of the framework's
effectiveness in real scenarios.

Methodology
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The study begins by collecting a comprehensive set of
service request data, covering variables like customer
type, service agreement level, geographic region, and
ages of products and systems. This data, drawn from
anonymized service records over several years, forms
the basis for in-depth analysis of dispatch trends.
Initial exploration of this data leads to the formulation
of hypotheses regarding factors affecting dispatch
rates, such as the impact of system age and service
agreement levels on dispatch frequency.

Logistic Regression Modelling: To evaluate these
hypotheses and predict dispatch likelihood, logistic
regression modelling is employed. This statistical
method, ideal for binary outcomes like dispatch
events, assesses the influence of various factors on
dispatch probability. Data preprocessing—such as
handling missing values and normalizing variables—
ensures model accuracy, with the model's predictive
performance assessed through cross-validation. The
model's findings help validate or challenge our initial
hypotheses based on the significance of each factor's
influence on dispatch likelihood.

Arithmetic Approach for MDR Shifts: In parallel, an
arithmetic method analyzes regional contributions to
shifts in the Mean Dispatch Rate (MDR), enabling the
identification of regions with significant impacts on
overall

MDR variations. This analysis aids in pinpointing
areas for focused intervention, offering a clearer
understanding of geographic trends in dispatch rates
and informing targeted management strategies.

The MDR is defined as the ratio of total dispatches to
the total number of units in service (ASU):

2 __ Total Dispatches
J'[DR B Total ASU

The change in MDR (AMDR) between two time
periods or categories is expressed as:

AMDR = MD R.sent — MDRyrovious

To ascertain the contributions of various factors to
AMDR, we use an extended form of the equation:

AMDR = Y (ADispatch Rateg,.,, x ASU Ratiocior)

/ 19 2
Here, ADispatch Rateg,cio; is the change in the

rate of dispatches attributable to a specific factor (e.g.,
customer type, technology

entitlement), and ASU Ratior.ciaris the
proportion of active

service units associated with that factor. By computing
this for each relevant factor, we can quantitatively
attribute the overall change in MDR to precise changes
in dispatch rates and ASU ratios across different
segments.

AMDR = ) (ADispatch Ratec,omer Type X ASU Ratiocusiomer Type) +
3" (ADispatch Rateree, gugitiement X ASU Ratiorech Entitlement) + - - -

This methodical arithmetic analysis provides a robust
foundation for pinpointing critical areas of impact on
MDR and fosters an empirical basis for strategic
decision-making to enhance dispatch management
systems.

Together, these methodologies—combining advanced
statistical modelling with straightforward arithmetic
analysis—form a comprehensive framework for
understanding and predicting dispatch trends within
the technology service sector. This dual approach not
only validates our hypotheses with empirical evidence
but also provides actionable insights for optimizing
dispatch management practices. Real-time Example
with Data, Metrics, Equations, Techniques

Sample Data in Tables

Below is a hypothetical example of sample data and
logistic model statistics that could be included in a
study. The data showcases the impact of various
factors on dispatch rates.
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Table 1: Sample Data on Dispatch Rates

Product System

Age Age

Customer Technology Dispatch

Type Entitlement Region (Years) (Years) (Yes=1/No=0)
Corporate High North 2 3 1
Individual Low South 4 5 0
Corporate Medium East 1 2 1
Individual High West 3 4 0

6. Dispatch (Yes=1/No=0): Whether a dispatch was
necessary (1) or not (0) for the service request.

These variables allow for a detailed analysis of
dispatch needs, supporting the development of
predictive models for efficient resource planning
and operational improvements.

This study categorizes service requests based on key
variables that influence dispatch needs:

1. Customer Type:

Corporate: Requests from businesses, possibly
covering many systems or requiring high-level service
agreements.

- Individual: Requests from single consumers, usually
for personal devices.

2. Technology Entitlement:

High: Premium service agreements with fast
response and extensive coverage.

- Medium: Standard agreements offering a balance of
response time and coverage.

- Low: Basic warranties with slower response and
limited coverage.

3. Region: Identifies the service request's geographic
origin (North, South, East, West), affecting dispatch
logistics and service availability.

4. Product Age: Years since the product's purchase,
indicating wear and potential faults.

5. System Age: The age of the system needing service,
relevant for systems with components of varying
ages.

Standard Pvalue
Variable Coefficient Error
| <
Intercept -1.234 0.056 0.001
Customer Type
(Corp=1) 0.765 0.112 0.002
‘Technology <
Entitlement (High) 0.987 0.134 0.001
Region (North) 0.345 0.089 0.01
<
Product Age -0.456 0.076 0.001
<
System Age 0.562 0.092 0.001

Table 2: Logistic Regression Model Statistics

This table shows the logistic regression model output,
indicating the influence of each factor on the
likelihood of a dispatch.

Table 2's logistic regression model finds that high
technology entitlement and corporate customers
increase dispatch likelihood, while older products are
less likely to be dispatched. Older systems, conversely,
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have a higher chance of needing dispatch. The model's
analysis reveals statistically significant impacts of
these factors on dispatch probability.

Logistic Regression Coefficients

Region

Product Age

System Age

Feature

“Echnology Entitlement

Customer Type

-05 -04 -03 ~
Coefficient Value

The chart visualizes logistic regression coefficients,
showing how various factors affect dispatch
likelihood. Bar length indicates the effect's strength
and direction, with negative values indicating a
decreased dispatch probability for increasing feature
values, and colours distinguishing the features for
clarity.

Distribution of Dispatch Probabilities

No Dispatch
— Dispatch

02 04 06 08
Probability

This graph illustrates the distribution of predicted
probabilities for dispatch events, with the orange area
under the curve representing the probability density

for scenarios resulting in no dispatch and the blue for
scenarios leading to a dispatch. The peaks of each
curve suggest the most common probability scores
assigned by the logistic regression model for each
outcome.

Feature Importance via Logistic Regression Coefficients
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Technology Entitlement -
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The heatmap shows the impact of features on dispatch
likelihood based on logistic regression coefficients.
'Region' negatively affects dispatch probability the
most, with '"Product Age' and 'System Age' also
significant, whereas 'Customer Type' impacts the least.
Colour gradients from dark blue to red indicate the
effect magnitude of each feature.

Predicted Dispatch Probabilities for Selected Samples

Sample

SampleS Sampled Sample3 Sample2  Sample 1

-04

-03

No Dispatch Dispatch
Class

The heatmap displays the predicted probabilities of
dispatch for selected samples from a logistic
regression model, where darker shades correspond to
higher probabilities. Notably, Sample 4 exhibits a high
likelihood for a dispatch event, whereas Sample 2
leans towards a lower likelihood, illustrating the
model's differential predictions based on the features
of each sample.

Results

The automated framework significantly improved
operational efficiency in dispatch management. Its
logistic regression model effectively predicted
dispatch needs based on 'System Age' and 'Product

Age'. An arithmetic method enhanced this by
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identifying regional variations in dispatch rates,
enabling precise resource allocation. These
improvements facilitated better resource planning,
reduced unnecessary dispatches, and lowered costs.
The framework also aided in identifying and
addressing  inefficiencies, optimizing service
schedules where needed. Overall, it has become a key
tool in enhancing dispatch operations' efficiency and
effectiveness, showcasing the value of predictive
analytics in decision-making within the technology
service sector.

Potential Extended Use Cases

The automated framework for predicting and
managing dispatch rates offers broad applications
beyond its initial implementation, enhancing various
aspects of the technology service sector:

- Predictive Maintenance: Utilizes predictive analytics
to identify systems requiring maintenance in advance,
reducing downtime and costs.

- Customer Service Improvement: Employs insights
from the framework to enhance customer interaction
and proactivity, boosting satisfaction and loyalty.

- Inventory Optimization: Predicts spare part demand
across regions, allowing for better inventory control
and reduced costs.

- Quality Assurance: Identifies products with higher
dispatch rates to improve quality control and product
design.

- Warranty Analysis: Analyzes dispatch trends to
adjust warranty terms according to actual service
needs and risk, potentially offering better conditions.

- Resource Allocation: Aids in efficient allocation of
technical personnel and resources, especially in
highdemand areas.

Expanding the framework's application can lead to
significant advancements in service delivery,
operational efficiency, and customer satisfaction
across the technology service sector.

Conclusion

The automated predictive framework advances the
technology service sector by accurately forecasting
service needs with logistic regression and data
analysis, boosting operational efficiency and customer
service. It enables resource optimization and strategic
planning, reducing costs and improving service
delivery. This proactive approach enhances customer
satisfaction by anticipating needs, setting a new
standard for efficient, customer-centric service
management. Essentially, it transforms service
dispatches from reactive to proactive, streamlining
operations and fostering stronger customer
relationships.
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