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Abstract: Factory owners and vehicle manufacturers increasingly opt for predictive analytics to
inform their decisions. While predictive analytics have been proven to provide insights into the
initiation of maintenance measures before a machine actually fails, the right models and features
could have a significant impact on the budget spent and resources allocated. This means that
financially oriented questions need to at least partially guide the decisions in the planning phase of
data science projects. Data-driven approaches will play an increasingly important role, but only a
few of the firms that were confident performed logistic regression models for predictive
maintenance. Also, from the available knowledge, data-driven classification models connecting
vehicle component failures and the occurrence of delays at the assembly line have not been
published. This paper utilizes a real-world data-driven approach using classification models in
predictive analytics by vehicle manufacturers and thereby links the financial implications of such
data science projects to their results. We expand the existing literature on predictive maintenance
and possess a unique dataset of newly launched series of vehicles, presented as-is. Our research
context is of interest to researchers and practitioners in the automotive industry that manage and
plan the final vehicle assembly with just-in-time principles, factoring the consequences of
component failures on the assembly process. Key findings of this paper highlight that while minor
tweaking of the models is possible, their potential input in decision-making processes for budget
optimization is limited.

Keywords: Predictive Analytics, Vehicle Manufacturing, Budget Optimization, Cost Saving,
Production Scheduling, Robotic Maintenance, Resource Allocation

1. Introduction

Predictive analytics has gained increasing attention in recent years, and for good
reason. Rapid and considerable changes in manufacturing and the automotive sector have
driven many vehicle producers to adopt innovative and high-performing solutions.
However, this is not a simple task. Manufacturers must overcome practical challenges,
such as adopting smart solutions in the increasingly competitive Industry 4.0 sector.
Ultimately, these solutions can significantly aid planning, particularly in relation to
optimized budgeting and the allocation of resources. The result is that manufacturers are
able to not only improve profitability but also provide efficient and effective responses to
accelerating market changes. Vehicle manufacturing is a capital-intensive business,
involving the lengthy and complex coordination of different processes and resources. In
light of this, the present study explores the economic implications of predictive analytics.
We detail the financial benefits of using predictive analytics to make consistently
successful production decisions and the potential return in terms of revenues. The first
direct financial result of predictive analytics application is resource turnover —that is, the
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enhanced number of vehicles sold. Product evolution and time-varying demands make
balanced fleet distribution vital for manufacturers. The vehicle fleet is a crucial asset,
affecting both costs and revenues.

The problem addressed in the present study is the lack of work providing a strictly
financial dimension of the predictive analytics application for a single vehicle. This study
answers three research questions: How much extra revenue can be expected from using
predictive analytics in vehicle manufacturing? This study specifically focuses on the
return due to resource turnover. However, it should be noted that such a return is
typically higher, as predicted by earlier works carried out in railway and vehicle analytics.
How is it possible to assess the implicit value obtained as a result of the predictive
analytics actions employed for a vehicle from both a single-use and a multi-use
perspective? What cost reduction per kilometer/mile/thousand miles would correspond
to the same return? What amount of extra data should be gathered from a second sale? At
what point does the marginal return due to predictive analytics fall below standards?

Strategic O O Operating

Types of
| Financial Plans

m O Debt mgmt

Figure 1. Types of financial planning

1.1. Background and Rationale

In the last decade, vehicle manufacturing has undergone exceptional development
and is poised for further change. Market trends reveal an increase in preferences for new
vehicles, given rising consumer incomes and urbanization. Over the same period, the
automobile sector has exponentially grown and acquired valuable importance.
Technologies continue to evolve, and companies operating within the competitive
automotive industry strive to quickly assimilate these advancements. One noteworthy
trend is the increasing complexity associated with manufacturing processes and their
observed surge in investment requirements. Owing to these historical shifts and current
practices, the contemporary automobile industry is research-worthy.

Important strategic questions in the automotive industry are: What new technologies
and products can be developed? How should these new technologies and products be
further developed? In that regard, predictive analytics applications in vehicle
manufacturing can provide valuable insights. The adoption of new technology-assisted
manufacturing systems, such as robotics and IoT, can better optimize production
processes in an increasingly competitive market. One such aspect is the capacity of
predictive analytics to increase the understanding of machine behavior in real-time, which
has a crucial bearing on equipment maintenance and can influence profitability. Based on
this emerging literature, the primary research-in-progress objective is to understand the
financial implications of adopting predictive analytics in vehicle manufacturing in Iran.
In this competitive environment, a key issue for organizations is the effective allocation of
resources to achieve their strategic objectives. The process by which organizational
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resources are allocated is known as budgeting. By understanding and demonstrating the
financial implications of predictive analytics, this study adds a dimension to the literature
that has not been addressed to date regarding resource allocation and provides decision-
making support in this respect [1].

1.2. Research Objectives

The main objective of this research is to outline important findings in the financial
implications of predictive analytics in the vehicle manufacturing sector. We will explore
the financial advantages companies in the automotive industry experience from advanced
predictive analytics in vehicle manufacturing. The financial implications of these insights
will be elaborated in the last part of this paper, where various budget savings will be
analyzed. From the practical standpoint of the car manufacturer, these findings can be
divided into two levels: the importance of including high-tech vehicle analytics in the
company's budget and the effective allocation of the necessary resources. Regardless of
potential strategic wordplay, the underlying issues are of relevance.

In our research, we step into the middle of this strategic-organizational-economic
matter and focus on two condensed approaches: mainly, the financial implications of
predictive analytics in the automotive industry and how money could be saved. In
business, if you can't reduce costs unnecessarily, they could be otherwise invested. We
should also outline that this research has been only seemingly connected to analyses of
the data. Only valid results could arise from analyses of empirical studies and case studies,
except for revealed insights in the real operation of modeling predictive analytics in
practice. In other words, to provide the reader with understandable and valuable findings,
a set of real case studies has to be studied.

Equation 1: Improved Production Efficiency

) o ] Total Units Produced (after)
Production Efficiency Gain = - -1
Total Units Produced (before)

2. Predictive Analytics in Vehicle Manufacturing

Predictive analytics involves the use of data, statistical algorithms, and machine
learning techniques to identify the probability of future outcomes based on historical data.
The key components of predictive analytics include determining what is to be predicted,
identifying key factors affecting the predictive outcome and related data sources,
formulating the prediction goal, selecting suitable methods or algorithms to make
predictions, and developing a closed-loop system for regularly validating and updating
predictions. In the automotive industry, predictive analytics yields the opportunity of
predicting multiple initiatives such as future sales prices, demand, supply chain risks,
optimizing production output, predicting breakdowns, service due dates, vendor
performance, warranty violations, and more. A scientific research vehicle demonstrates
predictive maintenance codes new to the stretch systems on automobiles through
automatic fault prediction and alerts based on its health prediction monitoring. A
manufacturer optimizes its vehicle health checks through data to have tools with the
highest impact on customer satisfaction and sales [2].

In manufacturing, predictive algorithms can predict machine resources needed to
restart a given line. This allows production planners to match incoming orders and line
actors for a chosen commodity mix. Predictive maintenance enhances production output
when maintenance is planned in idle periods. Thus, predictive analytics improves
efficiency and costs within a manufacturing organization. Analytics also gives the
possibility of main parts traceability, even proving what a part became after utilization.
This is increasingly important today. In the current context, where vehicle sales are
generally stable, there is a great race to increase the footprint in high-profit segments. As
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a result, vehicle manufacturers develop an extra interest in understanding and exploring
the premium segment characteristics to benefit from an increasing market share when the
broader market shifts interest towards high-end commodities. An analyst puts it simply:
"The much-touted 'big data' has no inherent value. Only the insight created by the data
and the action you take on the basis of that insight have value." Data sharing is so
controversial because of the strategic insights big data could offer. Identifying and
assessing the individual components of the next level of production planning strategy
allows seeking out in an analytical way the components in which value creation can be
realized and traded. To this end, advanced analytics is increasingly fundamental in
today's aggressive factory setting [3].

10% 0-50%

10%

B Payment History

B Amounts Owed

@ Length of Credit

M Credit Variance

O New Credit

@ Personal Info Variance

15%

29.50%

Figure 1. Using Predictive Analytics in Manufacturing

2.1. Definition and Components

Predictive analytics can be defined as the science of using various techniques such as
statistical methods, predictive modeling, and data mining to predict the most probable
future events or results. The approach primarily functions by analyzing historical data
and uses that data to produce predictive outcomes and identify trends. The most
important components of predictive analytics include historical and external data, data
processing, predictive modeling, deployment, and the outcome. In simpler terms,
predictive analytics leverages data to predict future trends and outcomes in a company
context.

In vehicle manufacturing, predictive analytics can be used to anticipate the required
components for manufacturing, given an understanding of the preferences of customers
and predicted vehicle sales. It is important to use information in gathering predictive
insights to understand how and why a person can buy a branded vehicle, as well as to
collect pertinent information, which includes details of vehicle configurations. The
historical data for these analytics can be acquired using customer survey data that elicits
information such as economic conditions, vehicle usage, the probable place the vehicle
will be used the most, manufacturer, and price range for a vehicle. The data obtained from
various sources is then used after preprocessing and modeling to provide insights for
marketing, as well as in budget optimization and resource allocation. Organizations today
apply the latest tools and technologies to the predictive analytics process, such as artificial
intelligence, machine learning, databases, and clusters of low-cost servers. These tools are
either built into database management systems and relational database management
systems software packages, used to develop custom applications, or embedded in non-
relational databases to support business intelligence and analytics applications. The tools
can process both structured files and large amounts of unstructured as well as semi-
structured complex and complicated data. Being identified as a part of knowledge
discovery, predictive analytics helps to elevate the cognitive capacity of understanding
complex social systems such as vehicle manufacturing. Some of the notable tools and
technologies in the domain are artificial intelligence and neural networks, analysis
services, Apache Hadoop MapReduce, Decision-Loom, Easy-Kube, Greenplum, IBM SPSS,
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and SAS. Additionally, today's tools in predictive analytics are capable of analyzing big
data to explore the course and sequence of events that lead to a specific outcome primarily
to make go/no-go decisions. Techniques like scenario modeling can help in making a
decision based on prior evaluation, descriptive, or predictive models. Further, the advent
of social media and unified computing has further expanded the capability of machines
in predictive analysis [4].

..~ Predictive
Analytics
[pri- dik-tiv a-na-li-tiks]

Determining future
performance based
on current and
historical data.

Figure 2. Predictive Analytics: Definition, Model Types

2.2. Applications in the Automotive Industry

Predictive analytics has gained increasing attention in vehicle manufacturing over
the past decade. In different parts of the production process, it is possible to optimize
inventories and supply processes, forecast demand more accurately, and fundamentally
reduce stock costs even over entire supply chains. In other applications, predictive
analytics can be used to improve the quality controls of production parts from multiple
production lines or to optimize the scheduling and maintenance planning of materials
handling systems and machinery. Many automotive companies are devoting substantial
human and financial resources to these efforts and recognizing these potential cost
savings and process improvements. Finally, other companies are using predictive
analytics in their models development or customer relationship management, providing
customers the ability to access data about their vehicles, diagnostics, and maintenance
alerts by using predictive analytics that positively differentiates their products and
reduces buyer transition costs. As the data and methods become more sophisticated and
real-time data processing becomes faster and cheaper, additional opportunities will
emerge for companies to further reduce costs, optimize dynamic and unstructured
processes, and obtain competitive advantage in the design or manufacture of new vehicles,
although most companies currently still use descriptive or diagnostic analytics with their
big data and tend to use predictive analytics only under skillful human guidance, except
in the few situations noted above.

Several industry examples illustrate the opportunity to focus research and resources
in this well-read field. One company has long been noted for using process engineering
with lean manufacturing, Just in Time, and build quality right the first time under its
production system, which gives the company a lasting competitive advantage because it
increases efficiency and quality and decreases waste while driving product design and
product process improvements. While the production system has proprietary elements,
its basic principles are being imitated widely and are foundational to practices like Six
Sigma, Lean Six Sigma, and the Theory of Constraints. More specific examples of
predictive analytics in the automotive industry include data-driven, real-time vehicle
route scheduling systems for multi-shift handling JIT deliveries to the car production line,
and cell control system optimization and anomaly detection at an overseas inside door
line. Based on these industry examples, it is believed more than $2-3 billion in additional
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annual cost savings opportunity is available in predictive analytics for the industry,
mainly in the above prospect regions of application or in processing quick, real-time data
for quicker top-down responses to unforeseen shifts in customer demand [5].

3. Financial Implications of Predictive Analytics

Financial Implications of Predictive Analytics in Vehicle Manufacturing: Insights for
Budget Optimization and Resource Allocation through an Analytics-Based Strategy for
Predictive Quality Business

Reduction in direct manufacturing costs will be the most likely financial implication
of the adoption of predictive analytics. By developing solutions for the negative
implications of the findings, manufacturers performing root cause analysis in-house can
increase operational efficiency from a 25% prediction to between 60% and 149% impact.
The reallocation of resources would have a large overall impact. By enabling strategic-
level decision-making, vehicle manufacturers would expect at least a 41% return on
investment from using predictive analytics for their predictive quality solution [6].

At an operational level, the implications of this new technology will be both financial
and non-financial, with the key non-financial impact being in the decision-making
behaviors of those within manufacturing organizations. At a strategic level, vehicle
manufacturers are more likely to see financial outperformance should they employ an
analytics-based strategy to inform resource allocation and make better investment
decisions. Efficient allocation of budget may bestow profit-optimizing benefits on all
manufacturers, but the largest financial impact will be within companies that are currently
under-allocating their budget. Should these under-allocators access more resources, they
will be able to produce more vehicles to meet demand and then gain revenue and increase
sales at a faster rate than their competitors, meaning they are able to achieve a larger
overall net present value from their vehicle sales. The aggregation of operational and
strategic-level benefits will be financial in nature, and vehicle manufacturers can expect
to achieve these benefits either as increased revenue in vehicle sales or as a decrease in
cost. This lower cost will result in a higher NPV for the same expected sales volume for
those vehicles that are manufactured and expected to be sold. While the predicted benefits
are large, vehicle manufacturers are unlikely to achieve them if they don’t focus on
building relevant factors into the business controller’s financial framework to ensure they
can make decisions based on these globally relevant factors. The challenge here is to look
beyond the immediate financial impacts of the predictive analytics solution alone and
acknowledge the value of the downstream impacts and the importance to the business
unit leader in terms of their day-to-day management behavior and changes to their
resource allocation decision-making. In order to satisfy their investment, the vehicle
manufacturer must ensure they can change the culture of their departmental workings to
reap the rewards of this powerful potential growth in market power, reduction in
operational costs, and improvements in next action. The adoption of predictive analytics
in vehicle manufacturing presents significant financial implications, primarily through a
reduction in direct manufacturing costs and enhanced operational efficiency. By
conducting in-house root cause analyses, manufacturers can potentially boost their
predictive capabilities from a mere 25% to an impressive 60-149%, leading to more
informed resource allocation and strategic decision-making. This strategic approach is
expected to yield at least a 41% return on investment for predictive quality solutions,
particularly benefiting companies that have historically under-allocated their budgets.
These manufacturers stand to gain substantial revenue growth by increasing production
to meet demand, ultimately enhancing their net present value (NPV) from vehicle sales.
However, realizing these benefits requires a shift in organizational culture, emphasizing
the integration of predictive analytics into financial frameworks and decision-making
processes. This shift is essential not just for immediate financial gains, but also for
fostering long-term operational improvements and optimizing resource allocation in a
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competitive landscape. By focusing on both financial and non-financial impacts, vehicle
manufacturers can leverage predictive analytics to transform their operations, driving
growth and efficiency in a rapidly evolving market [7].
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Figure 3. Predictive Analytics Models in Finance

3.1. Cost Reduction and Efficiency

In vehicle manufacturing, predictive maintenance aids in reducing costs. Unexpected
downtime in an assembly line incurs a high opportunity cost for the vehicle manufacturer:
the continuation of assembly is delayed by nearly 2 hours plus the time required for
diagnostics in case of a random hardware error of a welding gun. A variety of predictive
analytics models can help increase operational efficiency in manufacturing processes or
reduce resource consumption: anomaly detection models help identify outlier processes
on a run chart, forecasting models recognize trends and, when the accuracy is sufficiently
high, correlations between two or more variables can inform supply chain and inventory
decisions in production or part specifications. A steel manufacturer is able to resolve a
bottleneck in the production process using predictive analytics. The real-time generated
insights based on machine learning help understand the factors contributing to
underwater welding defects. Ideally, their resolution should yield the elimination of the
major part of the 20% defect rate in welding because it can increase the weld quality by
20%. By being able to optimize the weld height, costs up to 14% lower are feasible on the
overall welding process and raw materials as they are streamed through the underwater
environment. Also, an automotive manufacturer is able to forecast when their transfer
press will fail and proactively engage maintenance.

The financial return of predictive analyses on maintenance: the costs of condition-
based maintenance in vehicles lie on average at 30 dollars per vehicle, which is usually
out of the scope of control of the manufacturer. The cost of proactive maintenance in other
industries to diminish the hazardous failure prospects lies below 40 dollars an hour. But
the costs of disagreeable tasks such as routine maintenance can be 20,000 euros or even
40,000 euros per event. Hence, predictive analytics poses an opportunity to optimally
schedule routine maintenance, which especially is an appealing prospect in large
assembly lines. We can envision at least a 50,000 euros cumulative return on savings and
productivity improvement.

Predictive analyses on the assembly can reduce the bottleneck. By definition, a
bottleneck will cause a production delay because the speed tangent process must always
wait for it to finish. Hence, translating production delays per vehicle to a mathematically
tractable monetary value, a 2-hour delay in assembly will result in a delay of assembling
and testing 23 vehicles. Given that the average revenue per vehicle is 12,000 euros, the 2-
hour delay is 288 euros per vehicle. With 10 such delays per year, the delay costs are 2,880
euros a year. Given an annual cycle of 100,000 vehicles [8].

Equation 2: Resource Allocation Efficiency
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Optimal Resource Usage y
Total Resource Usage

Resource Allocation Efficiency = 100

3.2. Revenue Generation and Market Growth

With the growing inclusion of technological features in vehicles, there is an
opportunity for monetization of driving data. Predictive analytics can provide insights on
how to leverage and monetize driving data to drive revenue growth or enter new value
propositions. Predictive analytics can also predict future consumer market trends,
customer perception, adoption, and product valuation to identify which innovative
features or vehicles will be marginal hot sellers, hence reducing marketing and sales
expenses due to average market-shaped demand. Ideally, this information can help
vehicle manufacturers gain insight before launching vehicles about which segment or
category profiles of market demand will exist in the connected and autonomous space
within 4 to 6 years into the future to plan, produce, offer, and advertise automated vehicle
cars and features.

With forecasts and demand viability, it provides innovative capabilities or new
features without losing possible customer production tailgates, as well as the tuning of
revenue deliberate cost maximization for change planning. It also identifies important
new research digital twin capabilities. As strategic commercialization, experts and
transportation change researchers address their effect on vehicle competition, supply
chain strategies, and autonomous driving behavior. Successful implementation of
predictive analytics and market predictions is showcased in the auto industry by global
automakers. One automaker used predictive vehicle demand analytics to position a model
at the top of the market share for the automotive luxury sedan consumer segment.
Another found that a percentage of its experimental connected car testers were likely to
buy another vehicle in the next year. If it meets its self-driving launch platform goals, it
wants the new vehicle to seamlessly adapt driver specifics to maximize the vehicle's value.
More than half of insurance companies and organizations stated that they anticipated it
would only be three years for original car manufacturers to dominate the insurance
market over traditional auto insurers due to available predictive analytics on damage
avoidance. City planners are engaging manufacturers to better understand consumer
segments, strategic finance relationships, and potential consumer shares if they make
strategic investments into smart cities, connected vehicles, and public service offerings. If
cities have aligned transit plans, customizable services can also capture discretionary
income of technical professionals throughout the pandemic's lowered national real estate
and city pricing rates [9].

4. Budget Optimization Strategies

Integration with the Budgeting Process Batch is not only updated in real time, but it
is so fast as to be able to be effectively integrated with the budgeting process, using results
to check the effectiveness of the forecasts and deciding about general administration costs.
Thanks to the predictive model, the practice of understanding exactly where to allocate
resources in the vehicle assembly process can provide better forecasting of necessary
resources. For example, by allowing a maximum stock number to be set, we avoid stock
increases due to financial promotions. The more realistic our spending during the year,
the greater the accuracy of the budget and so forth.

Resource Allocation Nowadays, companies need faster and more dynamic budgeting
practices to encompass the changing environment and highly competitive nature of the
market. In a world where real-time data analysis is available, a company accounting
system must evolve to accommodate this information in meaningful ways; it must
streamline budget procedures around opportunities to efficiently allocate resources
where they are necessary to optimize processes. Manufacturers utilize the concept of
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predictive analytics to streamline and optimize budgeting across their activities. For many
years, most manufacturers would assign funds to operational and administrative heads
at the beginning of a fiscal year. This would be based on their best guess of what they
would need to cover expenses for their department. When this money ran out, the
department managers would then ask for more money to cover the operations, often
spending weeks or even months arguing their need without action being taken.

Forecasting Another way that analytics improve budget development is by assisting
with forecasting. To illustrate, auto parts producers typically segment costs according to
the assembly process in order to allocate budgets to activities. Analytics can be used to
identify in which point of the process the money can be saved by optimizing spending.
Examples of those are the welding line, the body in white, and the paint. Predictive
analytics can be used to forecast demand for welding material, and if we are able to flag a
week where we believe the demand will prompt a spike in pricing, we can buy supply on
the spot market and move it through to manufacturing. Additionally, if we can forecast
downtime on our assembly line, we can optimize the paint customer order, for example
[10].

Scenario Analysis and Simulation Many manufacturers use predictive analytics and
simulation to model scenarios of particular monthly spending for production. Real-time
simulations support quick decisions about the level of spending required in comparison
to invoices issued to plants that forecast a fixed aspect of cost. Scenario analysis holds
strategic importance for manufacturers who use it to model their cash and profit margins,
offering direct cost savings of interest to trade parties. By optimizing the subsidiaries'
company data, profit margins are increased to positively influence the company's bottom
line.

Impact on Financial Performance To summarize, through predictive analytics, the
company is able to model what it requires in getting the mathematical complex calculation
for sure. Manufacturers save in the regional treasury and the subsidiaries are able to offset
savings against profit, resulting in the optimization of plants' budgets. A simulation of
monthly payments is calculated by working out income and expenditure using the on-
hold treasury for a company; profit potentials are reviewed by different activities using
the company's quarterly and annual plans to add the variable costs, therefore identifying
the secondary trading profit. A real profit is generated once the capital is included to be
paid on long-term services.

Prescriptive
Predictive
Diagnostic How can
Descriptive What we make it
. i 5 happen?
Why did will happen?

VALUE

What it happen?
happened?

&'OLIQ\‘

Figure 4. Budget optimization

4.1. Usage of Predictive Analytics in Budgeting

Introduction This subsection aims to discuss the usage of predictive analytics in
budgeting in the context of the manufacturing process of a vehicle. The main objectives of
this subsection are to show the application of big data and predictive analytics in
budgeting, how it can be used for better budget allocation, how different methods and
techniques can predict emergent phenomena to support more accurate budget projections,
and to assess the financial potential of the predictive system when used in the budgeting
process. One of the goals of manufacturers who employ budgeting is to establish financial
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estimates and ensure that these estimates are as accurate as possible. Data analysis focuses
on leveraging non-financial data with historical records to predict future trends, allowing
for better budgeting and resource allocation and facilitating understanding of the
profitability of the manufacturing process. Analyzing vehicle recalls, market and
competitor trends, and vehicle model popularity can improve the ratio of successful and
uneventful manufacturing approaches and reduce shipment overstock, as well as save
both time and natural resources [11].

Big Data and Predictive Analytics in Budgeting The analysis and understanding of
data can unveil trends and relationships between technical, human, and financial
information that were not immediately obvious and support decisions by predicting
emergent phenomena. Predicting future states of a given situation or product is usually
done by correlating measurements made under the same or similar conditions with
outcomes where an equal situation emerged. Machine learning is a subset of artificial
intelligence that provides systems the ability to automatically learn and improve from
experience without being explicitly programmed. Many different methods and
techniques in the field are able to identify trends and patterns in the big data space and
may be used to help a manufacturer break a product into multiple components that may
aid in agile budget plan segmentation when appropriate. Many manufacturing firms use
these tools to support developing useful predictions for their business.
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Figure 5. Production of cars analysis

4.2. Case Studies and Examples

The effectiveness of predictive analytics for budgeting purposes of automotive
manufacturers is demonstrated in a number of case studies and examples described in the
literature. The individual case studies employ various predictive approaches and
consequently exhibit diverse application contexts, which emphasizes the versatility of
predictive tools in translating them to other organizational settings.

A German manufacturer of multi-utility vehicles developed a predictive model to
optimize the spare part budget. Through the integration of external data on the number
of vehicles and their use, spare part orders were forecasted much better than via the
previous method of forecasting based on the age of the vehicles. The manufacturer of
heavy trucks and buses uses this type of predictive analytics. As a supplier, another
company also benefits from this approach. Apart from better forecasting, the use of the
algorithm has led to a significant reduction in order volume and associated costs. This
approach also has a positive side effect in that the supplier has the opportunity to improve
its financial resources. Through the digital transformation of various manufacturers of
commercial vehicles, OEMs are generally accumulating large amounts of data and
converting their knowledge levels into reactive and predictive analytics departments and
data-driven labs.

Another case study shows various predictive analytical models for budgeting in the
automobile industry, particularly in the planning phase of automotive supply chain
management. These models help in addressing challenges caused by the high volatility of
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the automotive market, which must always respond to market demand. A Spanish truck
manufacturer implemented a predictive analytics tool to automatically generate the profit
and loss forecast for the coming weeks, which also includes the anticipated investment
requirements. This tool gave the truck manufacturer the ability to automatically generate
its profit and loss forecast within a couple of minutes, instead of the 18 days it previously
took to prepare the forecast manually. This approach helps in the timely preparation of a
prediction of the investor’s financial requirements from the internal business unit.
Another example of the use of predictive analytics in budgets describes how a German
manufacturer used the tool to prove that a capacity increase was not necessary. The
manufacturer used predictive analytics to verify or deny that requirement in a very
structure-intensive process with diametrically opposite effects. It was a win-or-lose
situation: a reduction in customer service level and availability would result in the loss of
a significant amount for every percentage of sales and profit that the manufacturer could
not deliver in its full-service segment. If the capacity increased, there would be a lot of
vacant spots in the new call center and a reduction in sales and profits. Predictive analysis
of the corresponding data revealed that the trend of increasing access to the call centers
constituted a transitory, outward-moving sub-trend that could be projected with a high
degree of confidence. The excess performance of capacity, even after a predicted reduction
of the trend, amounted to a significant percentage within the plan as per predictive
analysis [12].

5. Resource Allocation Best Practices

Once key areas for attention are quantified, decision-makers must determine how to
allocate resources to those priority areas. In the vehicle manufacturing industry, best
practice is generally aligned with an optimization strategy predicated on short-term needs
within the context of strategic goals and needs within the longer term. Analytics-informed
allocation looks both at the interaction of resources and the lower priorities that could be
affected if higher priorities receive fewer resources. For the resource allocation best
practices to hold, the organization needs to think carefully about risk management: if the
quantified priority areas do not receive the resources they need due to unforeseen
circumstances, then what? It’s not that the quantification was wrong, but that the models
did not predict accurately enough the risks of not receiving an appropriate investment in
those areas.

It’s just this challenge that has several organizations turning toward enterprise-wide
predictive analytics investment/dollar allocation algorithms, which search for the
combinations of variables that create the most value across the enterprise. One large
automaker used this strategy to determine which of 71 potential projects over a five-year
horizon should be funded to supply the company’s goals. Resource allocation must be
flexible enough to be changed based upon what real-time data indicate is working. Case
studies have shown that this dynamic resource allocation is feasible in the automotive
sector. A notable example is a plant that was designed to be allocated to new uses.
Employees were trained on data analytics tools and were encouraged to use big data to
continuously improve resource allocation, for instance by matching the speed of ancillary
operations to wall color changes on the production line, and changing the production line
to better align with materials supply. Thus, the real-time strategic decision reported is the
effective application of numerous incremental improvements. The organization that is
designed to glean insights from predictive analytics, allocate resources based upon those
insights, and effectively have multiple tall poles will likely dominate their competition.
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Figure 6. Predictive Analytics Process

5.1. Balancing Short-Term Needs with Long-Term Goals

Decisions about where to direct available resources may become more complex as
the number of options and operations increases in vehicle manufacturing. The long-term
goals defined in the strategy of the vehicle manufacturer and the short-term operational
shortfalls or possibilities for improvements to be tackled are equally relevant to consider.
There are established ways to make decisions concerning resource investments. Most of
them show a way forward in the direction of integrating predictive analytics into this
decision-making process.

Though the main goal in both strategic and operational decision-making is to
optimize gains achieved with available resources, there are often short-term interests that
dictate decision-making concerning the allocation of resources. Often, there is no patience
for slow investments to be returned in the obscure future. In vehicle manufacturing, the
dilemma becomes more complicated due to regular model changes, with investments that
need to be rewarded immediately. One model per vehicle manufacturer is the absolute
incorporation of pursuit and well-exercised medium- and long-term strategic planning,
correspondingly replicated in operational planning to gain resources from it [13].

The collaboration of strategic and operational planning and the allocation of
resources identified by predictive analytics is a key advantage of both a balanced
approach to resource investment and access to state-of-the-art predictive analytics. By
prioritizing activities, the goal is to bridge the stated myth with proper medium-term and
long-term resource allocation to ensure overall growth capacity is supported; this assists
manufacturers in being ready and prepared in an organizational way when future
production requires skills and jobs, allowing for a high degree of customer-centered and
tailor-made consultation. This is increasingly seen in practice. Organizations that
specialize in workforce planning and development combine detailed predictive models
for operational, workforce, and re-skilling investments. Such a priority list assists in
structuring operational budgets now for increases in operational expenses to leverage
those who already expect that they can achieve actual and future growth. The prediction
will not be very stable over time as new effects must be incorporated into the underlying
models, and predictions are based on knowledge of the facts at a certain moment in time.
The prediction will be stable over time if the assumptions are stable. In this case, an
exponential technique that multiplies a historic number by a growth factor to predict the
future will be a strong possibility. Furthermore, depending on the level of predicted
increase in benefits connected to the improvements sold on the market, the producer will
have a percentage growth of profits gained through selling improvements for a certain
market share of the vehicles produced. In short, effective resource allocation has a positive
influence on the suggested activities [14].

Equation 3: Net Present Value (NPV) of Predictive Analytics
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5.2. Risk Management and Contingency Planning

In the wide-ranging uncertainty around large-scale vehicle manufacturing,
predicting all possible eventualities is unfeasible. However, lessons learned in other risk
management applications of predictive analytics suggest that attention to how and why
vehicle manufacturing is particularly affected by those emergent potentialities can
significantly contribute to the opportunity and risk assessment stage of project budgeting.
By aptly managing their conception and arrival into the world, organizations stand the
best chance to optimize their positive impacts and minimize any negative side effects.
Identifying emerging project risks at an early stage can give projects and the actors behind
them more time to design and implement proactive plans and strategies to mitigate
potential risks effectively. From the perspective of critical chain project management and
a Theory of Constraints agency approach, this includes having predictive analytics inform
the creation of provisional and/or safety margins in budgets, which can respond to
varying uncertainties promptly when cost savings and cost switching might still be most
effective. This will simultaneously maximize safety and client satisfaction in the case that
emergent project risks turn into noticeable obstacles, without implying that they
eventually will. The insights can be used to develop more comprehensive tools applied to
organizations wanting to mitigate project risks in the context of significant manufacturing
plant investment and car model introduction. In its present state, the findings can also be
immediately used by executives to help inform and shape voice and indemnity in their
decision-making processes. From an academic perspective, this advances our
understanding of how predictive risk management is relevant in charting risk hotspots
and the preconditions that underlie these systemic risks in car manufacturing. Universal
applications of the learning from car manufacturing should be tested elsewhere. A recent
survey of risk professionals determined that a significant percentage found it effective for
senior executives to regularly review risk appetite and risk tolerances, with a notable
portion finding this practice very or extremely effective. Further, a high percentage found
risk scenarios and models to be effective in assessing different potential future outcomes.
The findings indicated that financial losses from declines in share prices and market
capitalizations are the most common measures of extreme loss and current operational
resiliency, with damage to reputation also being frequently used. Qualitative assessments
are the most common manner to quantify potential extreme losses, according to the
surveyed individuals. It is advised that organizations have ingrained parts of their risk
management framework to be able to forecast potential risks and issues and have
mitigation pathways in place in case a risk eventuates. Plenty of risk managers determine
potential risk mitigating actions in advance. Assessing the level of risk against risk
appetite tolerance is at a notable percentage. Therefore, more than a third too close to half
of risk professionals are astute with predictive management. Interestingly, the study also
confirmed that overarching financial management and capacity planning options must be
kept in place and adaptable to account for potential emergent developments. The current
state of existing risk management assessment and adaptations in the car manufacturing
and vehicle manufacturing supply domain are unknown. However, going under this will
feed an understanding of what they are undertaking in terms of resilience. In addition,
this will enable analyses to be funneled down to the most likely opportunities of the
adaptive capacity constraints [15].

6. Conclusion
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This paper explores the financial implications of using predictive analytics in vehicle
manufacturing and provides managers with strategic guidance on how to optimize
budgeting and resource allocation. It indicates how the two approaches - prescriptive and
supporting - can be used by vehicle manufacturers and some of their differences. Our
findings suggest a significant potential for applying the prescriptive approach to develop
profit maximization by reducing costs and increasing efficiency in the manufacturing
process. Both approaches change the traditional budgeting from a time consuming
activity that uses managerial expertise into financially reviewed plans that contribute to
decision-making at various levels with clear strategic outcomes for operations. It is
anticipated that the research generates industry-wide interest and provides new
directions to utilize financial implications assembled from predictive analytics in a highly
competitive domain. Predictive analytics allows the capacity to forecast a set of
predictions and adapt to unforeseen developments by integrating both historical and real-
time data. The automotive industry is becoming data-rich as vehicles become increasingly
connected and central hubs of data. The automotive and automotive-related connected
data is expected to grow significantly. The data is extremely varied coming from sensors
monitoring vehicle performance, usage, device connectivity, vehicle navigation systems,
and customer preferences and driving patterns. The current data revolution with its
advancements in Al, IoT and Edge Computing has the capacity, therefore, to potentially
transform car manufacturing operations. Manufacturers should start reimagining their
budgeting process based on predictive analytics-based strategic decisions, informed by
state-of-the-art algorithms that consider all necessary features, and finally optimized
across different possible predictive models. During this we learned a few interesting and
useful facts about the automotive industry, which will be remembered as benefits of the
industry visit to automotive giants. Researchers witnessed work ethics and highly
competitive spirit emerging from the organized atmosphere prevalent in the large
carmakers. All were working and almost racing against time to present their side using
any tools available, data, charts and technology to convince the managers about the use
of predictive analytics. This will become a source of enduring information after the end of
the project. There may be scope to upgrade the skills set required to use, for instance,
sophisticated libraries, to cover new advances and new data-intensive modeling
techniques that allow one to mix and match several features using cutting-edge
techniques.

6.1. Future Trends

Today, data has become a vital commodity for the manufacturing industry. It is
utilized more efficiently by companies that can collect, store, and analyze massive
amounts of data using the latest technologies. Predictive analytics holds the key in
supporting the data inferences to make informed decisions in real time. Future analytics
tools may need to develop to cope with evolving needs and technological constraints.
Tools and methodologies that may evolve can be descriptive analytics, which need to
undergo both qualitative and quantitative changes. Moreover, the addition of new
technologies such as Al and machine learning is inevitable in the evolution of analytics.
Another trend of predictive analytics is the shift toward a more real-time approach, which
supports the making of decisions and can redefine the analytical strategies. The real-time
aspect can be the pruned version of predictive analytics and helps manufacturers with a
more focused approach by prioritizing the machine learning algorithms to be run.
Manufacturers, when shaping the strategies of investment in different machines and
technology, always rely on the insights and the intelligence drawn from the internal data
[16].

Privacy of data is always a concern for the companies that gather and use industrial
operational intelligence and insights. Ensuring proper alignment toward ethical
considerations is an indirect trend expected to be observed in analytics-driven
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manufacturing. Based on these considerations, the future tenets are laid to ensure that
stakeholder trust and confidence are validated rather than just the insights. The incoming
spike of new entrepreneurs is also a factor. Overall, based on all these challenges, which
are the new era norms, analytics are also in their evolution phase. The tried and tested
algorithms and analytical tools and methodologies are only reliable if they cope with the
challenges imposed by privacy, security, and noise. In every layer and section of
manufacturing, data is generated in large amounts. The companies that will utilize near
real-time predictive analytics will always keep pace to deliver customized products, and
they will not be considered as a part of the herd. These companies will surface as game
changers and highly efficient suppliers, sourcing raw materials and always attracting
great talent to their companies.
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