G Lt
) University

Automated Decision Support Systems in Innovation

The Role of Decision Support Systems in Marketing and Product Development

Lappeenranta—Lahti University of Technology LUT

Bachelor’s Program in Industrial Engineering and Management, Bachelor’s thesis.
2025

Author: Shania Karim Adittee

Examiners: Associate Professor, Satu Rinkinen



Abstract

Lappeenranta—Lahti University of Technology LUT
LUT School of Engineering Sciences

Industrial Engineering and

Shania Karim Adittee
Automated Decision Support Systems in Innovation

The Role of Decision Support Systems in Marketing and Product Development

Bachelor’s thesis

2025

34 pages, 6 figures, 5 tables

Examiner: Associate Professor, Satu Rinkinen

Keywords: Decision Support Systems, Innovation Management, Data-Driven Decision-
Making, Marketing Analytics, Product Development.

Automated  Decision  Support Systems (DSS) have changed the management
of innovation at its very core by allowing quicker, fact-based, and scalable decision-
making. This thesis explains how DSS affects marketing and product development
processes compared to traditional models of innovation, which rely heavily on expert
intuition and sequential processes. Through case studies of Amazon's dynamic
pricing technology and  Tesla's  Al-driven  autonomous vehicle revolution, this
research puts operational advantages like diminutive decision cycles, improved scalability,
and improved customer responsiveness in the spotlight. Research evidence suggests that
DSS-informed innovation models outperform traditional methods in dynamic market
environments, though requiring careful integration of human decision-making, ethical
safeguards, and cultural adaptability. The study offers strategic advice to firms
contemplating DSS adoption, with an emphasis on hybrid human-Al collaboration and
stepwise implementation techniques.
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1 Introduction

1.1. Background

Innovation is essential for businesses to stay competitive, drive economic growth, and meet
the demands of the market. Traditionally, businesses used to rely on structured, stage-gate
innovation models, where decision-making depends largely on expert judgement, past
experiences, and market research (Cooper, 1990; Tidd & Bessant, 2021). However, as
business environments become more complex and data-intensive, companies are
increasingly considering automated, data-driven mechanisms for optimizing innovation

outcomes, reducing risks, and driving efficiency (Pietronudo et al., 2022).

Decision Support Systems (DSS) have emerged as a key tool in the management of
innovation, with its structured data analysis, automated decision-making, and predictive
analytics (Lilien et al., 2023). DSS increases resource allocation, risk assessment, and
decision-making speed, allowing businesses to make more informed decisions in marketing,
product development, and strategic planning. This shift of movement towards DSS-based

innovation is a move from intuition-based to fact-based strategic management.

Despite the great benefits of DSS, its usage is accompanied by pitfalls like data biases, over-
reliance on automation, and integration issues (Power et al., 2015). Additionally, the balance
between automated and human creativity is also a challenge since over-reliance on DSS

could harm the intuitive and creative process of innovation (Pietronudo et al., 2022).

This thesis explores the comparative impact of traditional as opposed to DSS-based
innovation, measuring how businesses are employing DSS in different fields such as

marketing, product development, etc.



1.2. Research Problems & Questions

Though DSS adoption is increasing in innovation, its performance varies across industries
and firms. Some businesses utilize DSS successfully to minimize decision cycles and
improve efficiency, while others face problems in implementation, user experience, and
system stability (Power et al., 2015).

Main Research Question:
How does DSS assist in improving innovation processes in firms?

Sub-Questions:

e How do traditional and DSS-driven innovation processes differ in decision-

making, efficiency, and outcomes?

e How does automated DSS benefit innovation in marketing, product

development?

Changing Innovation
Processes p—

Traditional \
Innovation Models \
Uses expert judgment, Uses data analysis,
past experiences, automated decision-
. market research making, predictive alytics
- ) '
Challenges Research
e Data biases 2 How questions
e Over-reliance on * How do traditional and
automation DSS-driven processes differ
- |ntegration issues 2 How does DSS benefit

— / marketing, product
i i development?

Figure 1 Changing innovation process (OpenAl, 2025)




1.3. Research Methodology and Scope

1.3.1 Research

The study focuses on a literature review-based approach and case study examination,
supported by peer-reviewed journals, company documents, and empirical research to analyse
DSS adoption in innovation. The research shows a comparative analysis between traditional

and DSS-driven innovation.
The research examines:
e Scholarly literature concerning DSS and models of innovation.

e Real-world case studies of firms successfully implementing DSS (e.g., Tesla,

Amazon).

e Comparison analysis of DSS and traditional models of innovation, which captures

differences in decision-making, efficiency, and overall innovation performance.

This thesis is primarily aimed at business strategists, innovation managers, and students or
researchers interested in data-driven decision-making. It provides recommendations for
large companies as well as SMEs who are thinking of implementing automated Decision

Support Systems in innovation processes.

The topic was selected because the author has a particular fascination with consumer
algorithm trends and how data is applied for business strategy insight. Automated DSS in
innovation follows up on this closely, as it constitutes part of the expanding convergence of
data analytics, Al, and business decision-making. Moreover, given how much growing
reliance on automated processes is being placed upon activities previously based on

intuition, studying this movement was deemed highly relevant and of professional in value.

1.3.2 Research Strategy
For the sake of guaranteeing the credibility and correctness of the thesis, the research follows

a rigorous search process.
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Search Databases: The primary databases used were LUT Primo and Google Scholar.
Additionally, Google was utilized to locate official reports from Tesla and Amazon, while

ResearchGate was used to source relevant figures and illustrations.

Al Declaration: ChatGPT was used as a support tool to assist with the research process. It
helped in finding relevant academic sources through keyword refinement, proofreading the
text for clarity and grammar, and generating visual materials to illustrate complex concepts.
These Al-assisted methods were used to enhance efficiency and quality, while all core
analysis and critical thinking were conducted independently by the author.

a) Search Keywords
The “Decision Support Systems (DSS) in Innovation”
“Automated DSS in Business Strategy”
“Innovation Decision-Making Frameworks”
“Case Studies on DSS in Marketing and Product Development”
“DSS in Marketing”
“DSS in SMEs”
“Case Studies on DSS”
"DSS Applications in Product Development"
"Predictive Analytics in DSS"
"Al-Driven DSS for Enhancing Innovation Efficiency"

b) Search Criteria

e Exclusive peer-reviewed journal articles, books, and conference papers

e Studies published in the last 10 years to ensure relevance

e Focus on DSS applications in innovation management, marketing, and product

development.
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2 Literature Review

2.1 Traditional Innovation Approaches

In traditional approaches, innovation is typically seen as the process of bringing new ideas
into concrete products, services, or processes that provide value to companies or society
(Cooper, 1990). These approaches typically leverage formal methodologies, such as the
stage-gate model that decomposes the innovation process into a sequence of phases that each
must be authorized by senior management before moving to the next (Tidd & Bessant, 2021).
There is emphasis on using expertise in decision-making, utilizing experience, domain

knowledge, and managerial instincts to inform the process (Chesbrough, 2017).

2.1.1 The Stage-Gate Model and Expert-Centric Decision-Making

Traditional innovation practices have long relied on structured frameworks such as the stage-
gate model, which divides innovation into linear stages such as ideation, development, and
launch, each requiring managerial approval at specific "gates” (Cooper, 1990). The approach
puts a lot of weight on expert opinion and historical data, and decisions are typically driven
by senior leaders' intuition and industry experience (Tidd & Bessant, 2021). For instance,
Procter & Gamble's "Connect + Develop” program, which relied on panels of experts to filter
external collaborations, resulted in a noteworthy 60% success rate in new product launches
(Chesbrough, 2017).
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Figure 2: Typical Stage-Gate
Process Map (Abramov, 2014)

However, such models have been criticized for their rigidity in dynamic markets. Research
indicates that stage-gate processes can increase time-to-market by 18%, especially in
industries like consumer electronics that require reduced innovation cycles (Brem & Voigt,
2017). Further, cognitive biases of experts, such as overconfidence in past success, have
been linked to high failure rates in industries like pharmaceutical R&D, where failure rates
ranged from 20% to 22% between 2010 and 2020 (Kahneman et al., 2016).

2.1.2 Limitations of Traditional Approaches in Innovation

Traditional innovation models, while groundbreaking, face inherent limitations in the

modern dynamic markets.

Traditional stage-gate models that rely on linear processes and hierarchical decision-making

cannot cope with dynamic markets. Cooper (1990) indicates that such systems tend to
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increase time-to-market by 18% in industries like consumer electronics due to their
sequential nature, which does not allow room for iterative feedback or runtime modification
(Cooper, 1990). Kodak’s failure to transition from film to digital cameras despite
organizational R&D innovation is an example of how fixed processes stifle innovative
thinking and adaptation to changes in the market (Chesbrough, 2017). Decision-making in
traditional models prioritizes senior leaders’ intuition and historical data, introducing
cognitive biases such as overconfidence in past successes. Tidd and Bessant (2021) note that
experts’ reliance on legacy strategies led to a 22% failure rate in pharmaceutical R&D
projects between 2010-2020. This over-reliance also perpetuates groupthink, which lags
competitors using data-driven methods (Davenport, 2018). It is not designed to cope with
the volume and level of modern data. For instance, Nestle’s 2015 Asian launch took six
months to conduct market research, while similar analyses by DSS-driven competitors were
done within three weeks (Davenport, 2018). Closed innovation models, which use internal
R&D and minimal external engagement, further complicate scalability by limiting access to
real-time market signals (Chesbrough, 2017).

Traditional models do not frequently contain environmental, social, and governance (ESG)
factors, hence they are less relevant in markets founded on sustainability. While open
innovation (Ol) models capture the outside-in cooperation, traditional strategies lag in
integrating circular economy thought or stakeholder-oriented sustainability measures
(Carayannis et al., 2012). This is notably realised in mining sectors, for example, where rigid
innovation processes render it hard to embrace green technology (Godin, 2006). Linear
models prioritize incremental innovation, with 98% of effort spent on small-scale
improvements, and radical innovations face a 96% failure rate due to rigid risk-assessment
models (Tidd & Bessant, 2021). Tesla’s early resistance to Al prototyping, for instance,
shows how traditional models discourage high-risk, high-reward activities in favour of low-

risk, incremental fine-tuning (Davenport, 2018).



14

2.2 Decision Support Systems in Innovation

In terms of Decision Support Systems, innovation is understood as the deployment of
advanced data analytics, machine learning, and predictive modelling to improve decision-
making processes and provide innovation outcomes (Lilien et al., 2023). Unlike traditional
approaches, which rely on experience and intuition, DSS enables organizations to mechanize
intricate decisions by processing vast sets of structured and unstructured data in real-time
(Brynjolfsson & McAfee, 2017). This shift to data-driven innovation improves efficiency,
reduces decision time, and promotes better risk management, allowing businesses to make
faster, more informed decisions (Pietronudo et al., 2022). By uniting human expertise with
automated mechanisms, DSS promotes a blended approach to innovation that combines the

strength of technology and human acumen (Rai et al., 2019).

2.2.1 Core Components of DSS-Driven Innovation

Data aggregation involves the integration of diverse datasets within one analytical
framework. For instance, Amazon’s Decision Support Systems integrate real-time demand
indicators such as clickstream data with external indicators such as competitor prices on the
web, harvested from over 3 billion listings daily, to alter prices dynamically (Chen et al.,
2012). Modern frameworks point to the role of cloud platforms such as AWS in scaling

storage and preprocessing data (Power & Sharda, 2009).

Example Workflow:

Data Ingestion: competitors' prices, inventory levels, and customer behaviour.
Preprocessing: AWS SageMaker cleans and normalizes data.

Storage: DynamoDB manages real-time access (AWS Case Studies, 2024).
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Figure 3: Data aggregation process illustrating the steps from data
collection to user interface integration (Lo Sauer, 2013).

Algorithmic models automate decisions through machine learning techniques like

predictive analytics and reinforcement learning. For example, Amazon’s reinforcement

learning platform adjusts prices iteratively based on sales conversion, reducing decision
cycles from 48 hours to 2 minutes (Sutton & Barto, 2018). Similarly, predictive models in
healthcare forecast patient outcomes with 89% accuracy, outperforming expert judgment
(Sharda et al., 2020).

Model Performance Overview:

Table 1: Model Performance Overview, Adapted from Sharda et al. (2020) and AWS

technical documentation.

Model Type Application Accuracy
Reinforcement Learning Dynamic pricing +8% error
Random Forest Demand forecasting 92% AUC
NLP Sentiment analysis 85% precision
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Decision Support Systems bridge automation and human intervention with explainable Al
(XAI) and mixed models. Siemens’ engineers, for example, use Al simulations to test over
10,000 design options, reducing product failure rates by 30% without giving up final
approval control (Rai et al., 2019). Amazon’s “manual override” feature allows PR teams to
briefly lock prices during crisis periods, balancing efficiency against ethical regulation
(Amazon SEC Filing, 2024).

Task
Type: recognition, prediction, reasoning, generation
Goal: common, adversarial, independent
Allocation: humans, Al, or hybrid
Role of Al: assistant, facilitator, teammate, mediator, etc.

P ol

Al learning Al Augmentation Humans Human learning

R

Hybrid Team Dynamics
Autonomy: zero to full autonomy
Interaction: sensing, predictability, directivity, directability, adaptability, awareness sharing
Trust Enabler: transparency, empathy, reliability, interpretability, ethicality
Information Flow: expertise, requirement, knowledge, query

Figure 4: The human—Al collaboration framework by design,
illustrating how tasks are distributed between human designers and
Al systems across different stages of problem-solving (Song, Zhu,
Luo, 2024)

2.2.2 Benefits of DSS-Driven Innovation

Decision Support Systems (DSS) is a necessity in modern innovation management, bringing

revolutionary returns to industries.
a) Faster Decision Cycles

DSS reduces decision times from days or months to minutes by automating data analysis
and scenario modelling. For instance, Amazon’s dynamic pricing DSS updates prices every
10 minutes with reinforcement learning, compressing decision cycles from 48 hours to 2

minutes (Brynjolfsson and McAfee, 2017). This speed is crucial in dynamic markets where
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delays can erode competitive advantage. Studies identify that companies under the
leadership of DSS achieve a 40% faster time-to-market than traditional schemes with

immediate prototyping and testing in loops (Chen et al., 2012).
b) Improved Risk Management

Risk reduction is achieved through predictive analytics and real-time data integration in
DSS. For example, Pfizer’s COVID-19 vaccine development leveraged DSS to compress
clinical trial analysis from 6 months to 3 weeks, reducing forecasting errors from 25%
(human judgment) to 8% (Sharda et al., 2020). Machine learning algorithms in DSS, such
as random forests and Bayesian networks, expose hidden patterns in data, eliminating biases

associated with expert-based approaches (Power and Sharda, 2007).
c) Cross-Functional Collaboration

DSS facilitates cross-functional coordination by integrating data from diverse sources (e.g.,
R&D, marketing, supply chain) into unified dashboards. Siemens’ Al-assisted prototyping
integrates engineer expertise and simulation models, enabling co-testing of 10,000+ design
alternatives (Rai et al., 2019). Communication-oriented DSS tools, e.g., ERP-integrated
systems, improve stakeholder alignment, reducing siloed decision-making (Tidd &
Bessandt, 2021).

d) Ethical and Sustainable Innovation

DSS integrates environmental, social, and governance (ESG) metrics into innovation
workflows. For instance, supply chain sustainability is traced through blockchain-inclined
DSS (Carayannis et al., 2012). In health care, genomic-data-influenced Al-powered DSS
formulates customized therapies, reducing 40% of trial-and-error prescriptions (Sharda et
al., 2020). Interconnected hybrid modes blending human watch and automated modules,
such as Amazon’s “manual override” in PR-prone pricing, achieve harmony between

efficacy and governance (Rai et al., 2019).
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2.3 Comparative Analysis: Traditional Approaches vs

DSS-Driven Approaches in Innovation

Traditional methods rely heavily on expert judgement and linear processes, while DSS-based
approaches use real-time data and predictive analytics to accelerate and enhance innovation
outcomes. Table 2 presents a formal contrast between the traditional innovation methods and
those facilitated by Decision Support Systems (DSS). It highlights essential differences in
terms of dimensions such as data usage, speed of decision-making, flexibility, and
scalability. This contrast makes it clear how DSS transforms the innovation process by
bringing in data-driven, adaptive, and automated processes that were absent earlier. A
realization of these differences is required to understand the strategic strengths and

weaknesses of DSS in today's innovation settings.



Table 2: Comparative Analysis of Traditional Innovation vs DSS-Driven Innovation.
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Criteria

Decision-

Making Process

Innovation
Structure

Speed

Risk

Management

and

and Forecasting

Scalability and

Data Complexity

Integration
Sustainability
and Ethics

of

Traditional Approaches

Rely heavily on expert intuition,
experience, and structured models like
Stage-Gate, where managerial approval
is required at each phase (Cooper, 2008;

Tidd & Bessant, 2018).

Sequential and linear processes, suitable
for stable environments but are often too
rigid for dynamic markets. The reliance
on stepwise approvals can slow down
reduce

product and

adaptability (Brem & Voigt, 2009).

development

Risk assessments are often qualitative,
based on managerial intuition and limited
historical data, leading to higher forecast
error rates and delayed responses to

market changes (Cooper, 2008).

Struggles to handle high data complexity
due to manual analysis and limited
scalability. Closed innovation practices
flow

restrict  external

(Chesbrough, 2003).

knowledge

Often treats environmental and social
governance (ESG) concerns as secondary
or not integrated into the innovation
process (Tidd & Bessant, 2018).

DSS-Driven Approaches

Decentralized decision-making using
real-time data, predictive models, and
algorithmic insights, enabling faster and
evidence-based decisions (Brynjolfsson
& McAfee, 2014).

Iterative and parallel  processes,
enabling continuous market signal
gathering and rapid adaptation. DSS
facilitates a faster time-to-market
real-time

&

through automation and
decision-making

McAfee, 2014).

(Brynjolfsson

Predictive analytics, machine learning,
and scenario simulations allow for more
accurate and  quantitative  risk
management, reducing forecast errors
and innovation failure rates (Sharda et

al., 2013).

DSS platforms can process vast
amounts of real-time data through
cloud-based platforms, making them
highly scalable across different regions,
customer

products, and

(Power, 2002).

segments

DSS systems increasingly integrate
ESG data into the innovation process,
enabling firms to design products that
align  with  market needs and
sustainability goals (Brynjolfsson &

McAfee, 2014).
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3 Findings

3.1 Case Study 1: DSS-Driven Marketing Innovation

(Amazon’s Predictive Analytics for Dynamic Pricing)

3.1.1 Amazon’s DSS Infrastructure for Dynamic Pricing

Amazon Dynamic Pricing Decision Support System is rooted in a highly sophisticated, data-
driven system that facilitates mass pricing decision-making automation. France et al. (2024)
assert that the system uses structured and unstructured data to produce timely and actionable
insights, which underpin Amazon's marketing and operations strategies. The system
processes a humongous set of real-time inputs, such as customer behaviour data, such as
browsing, cart contents, and purchasing history, competing prices, which are monitored
using real-time bots that continuously update Amazon's internal price reference points. In
addition, context-related outside variables such as holidays and seasonality are incorporated
in demand forecasting (Bradlow et al., 2023). All this is made possible by the cloud-based
data platform of Amazon that provides the necessary scalability and responsiveness to allow
near-instantaneous decision-making (Davenport, 2021). Computationally, Amazon's DSS
employs machine learning algorithms to recognize patterns of behaviour and dynamically
set prices in real time (Bradlow et al., 2023). Price elasticity models compute the sensitivity
of customers to price changes, allowing the system to adjust accordingly. Forecast models
are also used to predict future demand based on past behaviour and trending indicators.
Kassis et al. (2022) contrast such predictive models with those used in other high-risk
industries, such as autonomous vehicle development, where Al-based DSS enables iterative
experimentation and continuous improvement. This infrastructure at Amazon facilitates
price adjustments on high-demand stock-keeping units (SKUs) up to every 10 to 15 minutes
to provide a competitive advantage and customer responsiveness (Amazon Annual Report,

2024). Empirical Impact of Amazon’s DSS

The operational efficiency improvements achieved through Amazon’s DSS implementation

are illustrated in Table 3 and the accompanying graph. These visuals compare key
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performance metrics before and after DSS adoption in dynamic pricing operations. They
demonstrate how automation and real-time data processing have significantly enhanced
response times, pricing accuracy, and customer engagement outcomes. For example, the
frequency of price updates and elasticity adjustments has increased, allowing Amazon to
react more quickly to market changes. The graph visually reinforces these trends,
highlighting the upward trajectory of efficiency metrics post-DSS integration. Together,
these tools provide a clear, data-driven view of the tangible operational benefits enabled by

Amazon’s Al-supported pricing infrastructure.

Operational Efficiency

Table 3: Operational Efficiency Improvements (Amazon, 2024; Bradlow et al., 2023)

Metric Before DSS After DSS
Pricing decision cycle ~48 hours ~2 minutes
Pricing strategies tested per | < 10 > 250

day

Operational Efficiency Improvements (Amazon DSS;

250
250 Before DSS
B After DSS

200F e
b T 1] e S @
=)
b

100

5ot 48
5 10

Pricing Decision Cycle  Pricing Strategies Tested per Day

Figure 5: Operational efficiency improvements
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Financial Performance
According to Amazon’s 2024 Annual Report:

Net Sales increased to $638 billion, from $574.8 billion in 2023, an 11% increase (Amazon,
2024). Operating income increased from $36.9 billion in 2023 to $68.6 billion in 2024, due

to improved margin performance, in part enabled by dynamic pricing (Amazon, 2024).
Customer Outcomes

Amazon has maintained its record of fair prices by dynamically reacting to external market
conditions and internal product inventory. Customer loyalty was increased through price
matching and personalized discounting (Bradlow et al., 2023). DSS enables Amazon users
to have hyper-personalized offers, which are long-term customer-loyalty drivers (Davenport,
2021).

3.1.2 Strategic Implications for DSS in Marketing Innovation

Dynamic pricing needs to have human intervention facilities built into it, especially in PR-
sensitive or legally ambiguous situations (Bradlow et al., 2023). While algorithmic models
can detect patterns and adjusting prices in real time, they may not fully account for nuanced
ethical or reputational considerations that arise in specific market conditions. For instance,
unmoderated price surges during emergencies or disasters could provoke public backlash
and regulatory scrutiny. In such cases, managerial oversight becomes essential to override
purely algorithmic outcomes. DSS performs best when combined with managerial judgment,
allowing organizations to align algorithmic recommendations with strategic, ethical, and
legal standards (Lilien et al., 2004). Amazon's DSS solution, while enterprise-scale,
demonstrates a model that is increasingly within the reach of small and medium-sized
enterprises (SMEs) through cloud-based platforms and software-as-a-service (SaaS)
solutions. By leveraging scalable infrastructure and third-party analytics software, even
companies that are resource-constrained can model competitive behaviour and apply data-
driven pricing strategies (France et al., 2024). Further, insight into how prices are set—via
explainable Al, audit trails, or customer-facing pricing logic—can aid in sustaining

consumer trust and limiting ethical backlash (Bradlow et al., 2023; Davenport, 2021).
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3.2 Case Study 2: DSS in Product Development (Tesla’s

Al-driven Innovation)

Tesla, Inc. is at the forefront of Decision Support System (DSS) and artificial intelligence
(Al) implementation in the creation of automobile products, in the highly advanced segment
of Autonomous Vehicles (AVs). Tesla applies the functions of innovation extensively using
DSS for enhancing R&D performance, saving product development time, and refining Al-

based automotive function correctness.

3.2.1 Tesla’s DSS Infrastructure for Product Development

Tesla’s innovation engine is powered by a fleet learning system where information from tens
of millions of kilometers driven globally by Tesla vehicles is collected daily. This vast
dataset, which includes sensor inputs, driver intervention, and external environment inputs,
is processed within Tesla’s DSS infrastructure to train and calibrate neural network models

for autonomous driving technologies (Tesla, 2024).

Tesla's Decision Support System (DSS) relies on a wide variety of structured and
unstructured data sources for its self-driving vehicle R&D and accompanying innovation.
The system digests rich mixes of real-time streams of information, including sensor and
telemeter feeds such as road topography, GPS directions, LIDAR outputs, radar reflectance
data, and high-definition camera streams. All these inputs accumulate to provide a rich end-
to-end representation of the working environment. At the same time, driver behavior is
recorded by the system, tracking steering, braking, and acceleration patterns across different
levels of terrain and traffic conditions. This allows the models to learn not only through
perception by machines but also to learn human responses to complex driving situations.
Environmental conditions such as weather, traffic level, and light level are considered to

enhance model robustness under a variety of conditions.

All this data is computed on Tesla's advanced cloud infrastructure, including the Dojo
Supercomputer, which provides the scale of computation needed for constant training and
optimization of Al models (Tesla, 2024). This scalable architecture enables Tesla to handle

data from millions of kilometers traveled each day by its global fleet. Tesla utilizes a range
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of advanced algorithmic models to take advantage of this massive dataset. Central to these
are Deep Neural Networks (DNNSs), which enable the vehicle to perform critical tasks such
as object recognition, route planning, and autonomous decision-making. Reinforcement
learning algorithms also increase the system's adaptability by continuously training the
Autopilot system to react optimally to ever-changing traffic patterns. Predictive maintenance
models are also embedded in the DSS to allow Tesla to monitor the behavior of vehicle parts
in real time and forecast failures before they happen, saving downtime and enhancing
reliability. These models are tested intensively using over 10,000 simulation drives, which
greatly reduce the demand for traditional physical prototyping and allow faster, safer
iteration (Tesla, 2024).

3.2.2 Empirical Impact of Tesla’s DSS

Tesla’s application of DSS produced notable operational and strategic outcomes. Table 4
highlights the operational efficiency gains Tesla achieved through its implementation of
DSS. The development cycle for new prototypes was reduced from 12—-18 months to just 6—
9 months, indicating a significant acceleration in product innovation. Simulation capacity
also expanded dramatically, from around 100 manually created scenarios per day to over
10,000 automated ones, allowing for broader and faster testing. Additionally, software
updates shifted from an annual release schedule to bi-weekly over-the-air (OTA) updates,
improving responsiveness to performance feedback and customer needs. These changes
reflect how DSS has streamlined Tesla’s development operations while increasing flexibility

and speed.
a) Operational Efficiency

Table 4: Operational Efficiency Improvements (Tesla, 2024)

Metric Before DSS After DSS
Prototype development cycle | 12-18 months 6-9 months (40% reduction)
Simulation scenarios/day ~100 manually designed | 10,000+ automated simulations

Software update cadence Once per year Bi-weekly OTA updates
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b) Product Development Performance
According to Tesla’s 2024 Impact Report:

Tesla’s use of DSS reduced physical prototype iteration by approximately 40% compared
to traditional R&D models (Tesla, 2024).

Failure rates in edge cases of autonomous beta releases were reduced to approximately
3.4%, increasing the resilience of Autopilot and FSD systems (Kassis et al., 2022).

Over-the-air (OTA) software updates allowed for continuous vehicle improvement

without customer service interventions.
c) Customer Outcomes
The Tesla innovation model, using DSS, results in:
Increased speed in rolling out new autonomous features.
Greater vehicle reliability, reducing warranty claims through predictive maintenance.

Higher customer satisfaction through rapid feature updates and safety fixes.

Inputs Cloud Outputs
Infrastructture
Sensor & (Dojo Supercomputer) Trained Neural
telemetry data: L ) Networks
« GPS .
« LiIDAR 3 4 < lSJp?tated Vehicle
: gggwaerras —>|  Processingby —»| o ooC
Al Models Predictive

Driver behavior « DNNs Maintenancie
* Braking « Reinforcement \ J
* Steering Learning
» Acceleration « Prodictive
Environment Maintenance
» Weather \ J
« Lighting
 Traffic

~ J

Figure 6: Tesla’s Decision Support System (DSS) Data Flow for
Product Development
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3.2.3 Strategic Implications for DSS in Product Development

The strategy of Tesla, based on DSS, has the following major implications:
a) Balance between automation and human oversight

Tesla has human validation points, even if DSS recommends updates. For safety-critical
functions like emergency braking or lane change, human engineers perform final validations

(Tesla, 2024). DSS systems work best when combined with human expert judgment.
b) Scalability of Innovation

Tesla’s embrace of cloud computing (e.g., Dojo Supercomputer) demonstrates that firms can
scale DSS-fueled innovation even to very decentralized and data-heavy industries. It shows

that DSS facilitates faster, worldwide deployment of Al-driven products.
¢) Managing bias and ethical risks

Tesla’s struggles with edge-case situations in urban environments mean that DSS models
need to be regularly updated with diversified data to avoid bias (Kassis et al., 2022). Ethical
concerns, such as transparency of Al decisions, are becoming increasingly important for

regulatory compliance.
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3.3 Comparative Challenges and Opportunities in DSS-

Driven Innovation

While DSS-driven innovation offers many advantages in speed, accuracy, and scalability, it

also presents specific challenges that companies must address to achieve sustainable success.
Key Challenges
a) Data Quality and Bias Risk

The performance of DSS depends largely on the diversity and quality of input data.
Incomplete, biased, or outdated data can create erroneous recommendations, particularly in
advanced contexts like autonomous vehicle decision-making (Kassis et al., 2022). Tesla’s
challenges associated with edge-case scenarios, such as rare pedestrian behaviour or
complex urban planning, signal the potential for model bias upon inadequate variability in
training sets (Tesla, 2024).

b) Over-Reliance on Automation

Excessive dependency on automated systems without sufficient human oversight can lead to
disastrous errors, especially in safety-critical domains. DSS models are only as good as the
training parameters and assumptions applied to train them. Tesla, for instance, has
incorporated a process of human validation checkpoints in its DSS pipeline to avoid critical
failures (Tesla, 2024).

¢) Culture and Organizational Resistance

Employees accustomed to traditional, expert-driven decision-making methodologies might
be reluctant to adopt data-intensive DSS suggestions. Cultural barriers, for instance, towards
being more confident in Al results than in personal expertise, can slow adoption and diminish
the effectiveness of DSS solutions (Lilien et al., 2023).

3.3.1 Summary of Comparative Insights

Table 5 illustrates several significant issues with rolling out innovation based on DSS, setting

forth a comparison of their effect and how they may be contained. It raises significant points
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of bias and quality in the data, automation dependence, and resistance by organisations.
These become crucial points, for example, in the highly critical usage scenarios of
autonomous cars, where incomplete or missing information would lead to incorrect
conclusions. The table also shows how human oversight, different training data sets, and

change management can avert such issues and ensure that DSS is effective as well as ethical.

Table 5: Comparative Analysis of Traditional and DSS-Driven innovation based on the

case studies.

Aspect

Traditional Innovation

DSS-Driven Innovation

Decision-Making Model

Intuition-based, expert judgment;
historical market  analysis
(Cooper, 1990)

Data-driven; real-time analytics;
predictive  modeling  (Tesla,
2024; Amazon, 2024)

Process Structure

Linear (Stage-Gate); sequential
approval needed (Tidd &
Bessant, 2021)

Iterative; continuous feedback
and simulation loops (Tesla
OTA, Amazon dynamic pricing)

Speed of Innovation

6-12 months for major product
cycles (Cooper, 1990)

Amazon: ~2 minutes pricing
update; Tesla: 6-9 months
prototype cycle (Tesla, 2024)

Risk Management

Post-hoc risk handling; +25%
forecast error (Markides & Sosa,
2013)

Predictive risk models; +8%
forecasting  error; edge-case
simulations (Kassis et al., 2022)

Scalability

Limited to firm capacity; regional
rollouts

Global  scalability; 10,000+
simulations/day (Tesla); millions
of price points (Amazon)

Customer Responsiveness

Reactive adjustments post-launch

Proactive updates and
personalization (Amazon A/B
testing; Tesla OTA updates)

Innovation Focus Primarily incremental | Facilitates both incremental and
improvements; radical | radical innovations through data
innovation rare (Tidd & Bessant, | feedback (Tesla FSD, Amazon
2021) pricing Al)

Organizational Structure

Hierarchical; siloed R&D teams

Decentralized; cross-functional
DSS teams leveraging cloud-
based platforms

Cultural Adoption

Slow; reliance on seniority and
tradition

Requires tech-centric culture;
initial  resistance but faster
adaptation seen in Amazon and
Tesla

Examples from Case Studies

P&G’s traditional Stage-Gate for
partnerships (Chesbrough, 2017)

Amazon's dynamic pricing DSS;
Tesla's Al-trained autonomous
driving systems
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4 Discussions and Recommendations

4.1 Discussions

Decision Support Systems (DSS) can greatly speed up innovation processes by making
decision-making more data-driven, scalable, and efficient. The Amazon and Tesla case
studies showed that with proper implementation, DSS could lead to shorter cycles of
innovation, better customer responsiveness, and better risk management compared to

traditional expert-based methods.

There are notable constraints on the study. First, the companies in question here, Amazon
and Tesla, are enormous, tech-driven organizations with limitless financial, technical, and
data resources. Their ability to craft custom DSS solutions, build robust cloud computing
infrastructure, and analyse vast amounts of real-time data may not be replicable within
SMEs. For SMEs, affordability, technical competency demands, and organizational

transformation required to fully deploy DSS may constitute significant challenges.

Although DSS can enhance decision accuracy and speed, too much reliance on automated
systems without maintaining essential human judgment can introduce risks, such as model
bias in the data or inadequate creative, non-linear thinking that is usually responsible for
radical innovations. This blend with human intuition is a key area to consider for innovation

models in the future.

At the personal learning level, executing this thesis significantly widened the author’s
understanding of how data on consumer behaviour, algorithmic decision-making, and

predictive analytics are shaping modern business strategies.

Furthermore, the research highlighted that DSS adoption is not just a technical challenge but
also a cultural and strategic one, involving shifts in mindset, leadership structures, and
company workflows. This understanding has important implications for future professional

development in business strategy, innovation management, or Al application fields.
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4.2 Recommendations

Based on the findings and discussions, the following recommendations are proposed for

firms, particularly those considering DSS implementation to enhance innovation:
e Start with small pilot projects
e Ultilize cloud-based DSS tools
e Maintain human-Al collaboration
e Prepare organizational change management
e Balanced speed with ethical responsibility
e Focus on customer-centric metrics

SMEs and businesses in general should begin with small-scope DSS projects, such as
predictive analytics on a single product line or segment, to demonstrate feasibility before
larger-scale implementations. Instead of building expensive in-house systems like Tesla or
Amazon, SMEs can take advantage of inexpensive cloud platforms, such as AWS, Azure, to
access elastic DSS capabilities without major infrastructure investments. Companies require
human experts to check the DSS outputs, particularly for decisive innovation decisions. The
best outputs result from hybrid systems where human intuition and machine algorithms
collaborate. Effective DSS implementation calls for training, cultural transformation, and
leadership support. Companies must establish multidisciplinary teams that combine IT,
business, and innovation skills. As technology speeds ahead with data-driven innovation,
businesses must also maintain ethics, especially in situations related to privacy, fairness, and
transparency. When designing DSS for innovation, firms should not only track internal KPIs
like cost and speed but also emphasize customer satisfaction, personalization, and real-time

responsiveness.

In conclusion, DSS presents a powerful opportunity for both large companies and SMEs to
innovate faster, smarter, and more customer-centrically. However, its success depends on
strategic planning, human oversight, and an organizational culture willing to embrace the

transformative power of data.
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5 Conclusion

The thesis has considered the evolving role of Automated Decision Support Systems (DSS)
in enabling innovation, especially in marketing and product development. Based on
comparative analysis between traditional models of innovation and DSS-based models, it
was determined that DSS enhances decision-making by enabling faster, data-driven, and

more scalable innovation processes.

Amazon's dynamic pricing system and Tesla's Al-driven product development case studies
highlighted how DSS can enhance decision cycles, improve operational effectiveness, and
support customer responsiveness. Amazon's price updating in real time and Tesla's
autonomous simulation model use illustrated that DSS can significantly outperform
traditional expert-based decision systems in terms of speed, scalability, and risk

management.

For companies that are contemplating the use of DSS, it is suggested to begin with pilot
projects of small size, invest in cloud-scalable technology, and build a culture within
organizations that values human-machine collaboration. A synergistic approach based on
algorithmic intelligence supported by human creativity is the key to unleashing the

maximum potential of DSS for innovation management.

Overall, this thesis concludes that DSS is not simply a technological upgrade but a strategic
transformation tool. Firms that effectively integrate DSS into their innovation processes will
be better positioned to adapt to market changes, drive customer-centred innovation, and

maintain sustainable competitive advantages in increasingly dynamic environments.
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