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Abstract 

Tactical projects, which are critical in terms of organizational change, continue to experience high rates 

of failure, most of which have been due to cognitive biases, faulty assumptions, and strict adherence to 

execution. The introduction of the Artificial Intelligence (AI) as an instrument of strategy represents an 

attractive yet inadequately comprehended possibility to alleviate these traditional traps by improving 

the data-based decision-making. The paper is the post-implementation, comparative case study analysis 

which aims at exploring the exact role of AI in identifying the outcomes of strategic initiatives. Using 

two historic, real-world industrial changes, the failed General Electric strategy of Digital Industrial 

(based on the Predix platform) and the successful John Deere strategy of AI-supported precision 

agriculture, we decipher the difference between AI-as-accelerant-of-failure and AI-as-enabler-of-

success. 

As our analysis believes, the very existence of AI technology is inconclusive. Rather, the results are 

determined by the philosophy and its intensity of inclusion into the strategic lifecycle. The failure of 

GE is an example of a technology-push strategy, in which AI was implemented to prove a 

conceptualized, general platform vision, which worsened strategic overreach, a lack of understanding 

of the intricacies of data integration, and organizational siloing. On the other hand, the success of John 

Deere illustrates a problem-pull model, in which AI was repeatedly used to address individual, high-

value problems of customers, using proprietary information, and with an integrated and cross-

functional development. 

Based on this comparison, we obtain a prescriptive model of AI-augmented strategic management, 

describing how AI is to be systematic deployed in four stages: (1) Problem Definition, to sense 

opportunity in data anchored; (2) Planning, to de-risk it through simulation; (3) Execution, to monitor 

real-time and corrective control; and (4) Review, to learn to be causally. The findings of the study 

arrive at the conclusion that AI is one of the potent moderators, which can increase the overall 

soundness or imperfections of a strategy. The point of strategic resilience in the digital era is not to 

acquire AI capabilities in themselves, then, but to develop the leadership ability and organizational 

discipline to use it as an official member of the human decision-making process, and thus, alter the very 

process of strategy formulation and implementation. 

 
Keywords: Tactical projects, AI, organizational change, strategic management, data decision-making 

 

1. Introduction 

1.1 The Persistent Problem of Strategic Initiative Failure 

The large-scale projects which are meant to implement corporate strategy and gain 

competitive advantage have a very high failure rate. This is because, according to scholars 

and practitioners, a sizeable percentage of such initiatives, which is often estimated to be 

between 50% and 70%, fail to meet their desired objectives, produce desired returns, or are 

completely abandoned (Sull, Homkes, and Sull, 2015; Beer and Eisenstat, 2000) [22, 2]. These 

breakdowns are gigantic wasters of finances, company resources, and manpower. Such 

breakdowns are often attributed to the well-known pitfalls found in traditional post-mortems 

and include flawed initial assumptions, inadequate alignment between strategy and 

operations, inflexibility in planning that could not keep up with dynamic environments, and 

cognitive biases in the decision-making of the executive, including overconfidence and the 

escalation of commitment (Lovallo and Kahneman, 2003; Schmidt, Braun and Sydow, 2020) 
[16, 19]. The issue is widespread decades after the research on strategy implementation, which 

implies that the core decision-making steps underlying strategic projects should be 

reevaluated. 
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 1.2 The Emergent Role of Artificial Intelligence in 

Strategic Decision Making 
At the same time, Artificial Intelligence (AI) has become a 

back-office automation instrument, and a prospective 

foundation of strategic management. Machine learning, 

predictive analytics, and natural language processing are 

subdivisions of AI that provide the most powerful tools to 

analyze large volumes of data, simulate various complex 

situations, and provide insights rapidly and at scale 

(Brynjolfsson and McAfee, 2017) [4]. This places AI not as a 

tool of operation, but as a revolution in the process of 

formulation and implementation of strategy. AI can reduce 

the expected traps of human judgments by enhancing them 

with data-driven foresight, that is, substituting intuition with 

evidence, detecting latent risks, and making dynamic and 

real-time corrections to courses (Davenport and Ronanki, 

2018; Raisch and Krakowski, 2021) [5, 18]. The new thesis is 

that AI will become a key lever, which may turn the 

difference between a successful and a failed strategic 

initiative. 

 

1.3 Research Objective: Analyzing Success and Failure 

through the Lens of AI-Driven Decisions 
The paper aims at leaving behind the promise of AI and 

investigating its operationalized effect on the output of 

strategic initiatives. The essence of its purpose is to carry 

out a post-implementation analysis that unravels the way the 

adoption (or lack thereof) of AI into the strategic decision-

making processes affects the final success or failure. Instead 

of asking whether AI is important, we enquire into how it is 

important in that, in which circumstances does AI-enhanced 

decision-making become a decisive competitive advantage, 

and in which circumstances does it become a costly 

distraction or a accelerant of failure? The study is based on a 

comparative prism that allows defining the position of AI in 

the intricate ecosystem of strategy implementation. 

In order to do this, my paper will be structured as below. 

This introduction is followed by a theoretical framework 

that creates the nexus of the strategy execution theory and 

AI augmentation. The essence of the analysis is a 

comparative case study design, where two high-profile, real-

world strategic projects with contrasting results are viewed, 

including the failed attempt of General Electric, in its 

attempt to implement the so-called Digital Industrial, and 

John Deere, in its effort to implement AI to its precision 

agriculture strategy. The design is selected due to its 

analytical strength to expose causal processes; by 

manipulating the situation of large-scale industrial 

transformation as a fixed aspect, we can better trace the 

ways in which alternative decision-making orientations 

towards AI led to contradicting outcomes (Eisenhardt, 1989; 

Yin, 2018) [6, 23]. The following sections present case 

studies, comparative discussion to derive some general 

principles and conclude with a suggested framework on how 

AI can be used to de-risk strategic projects. The conclusion 

presents a set of implications to the theory and practice, 

stating that the quality of strategic implementation in the 

contemporary age is unavoidably tied to the quality of 

decisions that are enhanced by AI. 

 

2. Theoretical Framework: Decision Making, Strategy 

Execution, and AI 

2.1 Traditional Pitfalls: Cognitive Bias, Groupthink, and 

the Planning Fallacy 

Lack of success in strategic initiatives is usually pegged on 

human and organizational constraints that have been laid 

down over time as a result of the custom decision making 

processes. Executives are vulnerable to a set of cognitive 

biases, which mislead strategic choice at the individual 

level. The consequences of overconfidence and optimism 

bias include inaccurate forecasts and inadequate estimation 

of risks and schedules- a phenomenon often termed the 

planning fallacy in which a decision-maker will make their 

forecasts based on the best-case scenarios and disregard 

distributional data of similar past projects (Kahneman and 

Tversky, 1979; Lovallo and Kahneman, 2003) [15, 16]. The 

confirmation bias further solidifies the initial assumptions, 

and leaders tend to find and overweight information that 

makes their course selection right and ignore the evidence 

that opposes their course choice. On the group level, 

groupthink, the need to reach a consensus and a unanimous 

solution at the cost of critical analysis, may hush the dissent 

and lead to a group inability to critically analyze alternatives 

(Janis, 1972) [13]. In structure, the process of strategy 

execution in itself is susceptible to failures in its alignment, 

resource deployment and adaptive learning, thus developing 

a disconnect between the making and doing (Hrebiniak, 

2006) [11]. These pitfalls of tradition also provide a weak 

basis to strategic initiatives, which can easily be affected by 

market changes and internal opposition. 

 

2.2 The AI Augmentation Paradigm: Enhancing Speed, 

Scale, and Objectivity 

Conceptualized here in terms of Artificial Intelligence 

(which is not a free agent) but as a decision-support system, 

a paradigm of augmentation has been introduced that is 

meant to offset these human weaknesses. The AI 

augmentation paradigm is based on the belief that machines 

and humans have complementary advantages and their 

combination will provide even greater results (Raisch and 

Krakowski, 2021) [18]. The fundamental benefits of AI to 

strategic decision-making are in three dimensions: 

 Scale & Speed: AI systems have the ability to examine 

and compute volumes of both organized and 

unstructured data (e.g., market indicators, in-house 

performance metrics, rival filings, sentiment analysis) 

at a scale that human units cannot (Brynjolfsson and 

McAfee, 2014) [3]. This increases the empirical 

foundation of decisions. 

 Objectivity & Pattern Recognition: With access to 

historical data, AI models can detect complicated and 

non-linear patterns and correlations that are not visible 

to a human. More importantly, they are intrinsically 

unbiased by emotions and politics, which affect human 

judgments, and provide more objective and 

probabilistic judgments of situations (Agrawal, Gans, 

and Goldfarb, 2018) [1]. 

 Dynamic Simulation & Forecasting: Advanced AI 

methods allow generating advanced simulation and 

prediction models. This enables strategists to put 

initiatives through a huge variety of conceivable 

futures, the magnitude of risks, and predict results with 

increased accuracy, which directly defies the planning 

fallacy (Davenport and Ronanki, 2018) [5]. 

 

This paradigm shift shifts the decision-making process more 

towards a highly intuitive, experience-based process to a 

model-based, evidence-based process. 
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 2.3 Conceptual Model: AI Integration Across the 

Strategic Initiative Lifecycle 
To conceptualize its role, we suggest a combined model of 

using AI features throughout the four-stage lifecycle of a 

strategic project based on traditional models of the strategy 

process (Mintzberg, 1978; Hrebiniak, 2006) [17, 11]. The role 

of AI is not limited to one stage but could and should be 

imposed throughout the process, forming a feedback 

mechanism of learning and adaptation. 

 Phase 1: Formulation & Diagnosis: In this stage, AI 

enhances the process of environmental scanning and 

identifying opportunities. NLP systems may be used to 

analyze world trends, patent applications, and news in 

order to identify the emergence of disruption. By using 

predictive analytics, it is possible to determine market 

preparedness and potential scale and base strategic 

ambition on facts. 

 Phase 2: Planning & Design: It is the stage when the 

simulation power of AI can be the most critical. 

Algorithms are able to maximize resource allocation, 

simulate interdependencies of complex project plans 

and execute thousands of Monte Carlo queries in order 

to find the most resilient plan in a state of uncertainty. 

 Phase 3: Execution & Monitoring: AI moves to the 

real-time sense and adjustment application. Predictive 

analytics keep track of leading indicators of success or 

failure and consequently alert early deviations of the 

plan. Machine learning models have the ability to re-

distribute resources, or propose mid-course corrections, 

on the basis of real-time performance metrics. 

 Phase 4: Review & Learning: The AI helps to conduct 

causal analysis after implementation. Comparing 

predicted and real results of a large number of 

variables, AI may assist in isolating the actual causes of 

success or failure, turning anecdotal post-mortems into 

organizational learning based on facts. 

 

It is this model that we are going to use to analyze the two 

case studies. It suggests that levels of AI adoption at these 

stages and the quality of AI as a moderating factor in 

initiative success are very fundamental. This point will be 

put to the test on the analysis of GE and John Deere that will 

show that different uses of this model resulted in radically 

different end results. 

 

3. Methodology: Comparative Analysis of Documented 

Strategic Initiatives 

3.1 Rationale for Case Selection: High-Impact, Clear 

Outcomes, and Public Data Availability 

This study will use the comparative case study design in 

order to explore the nexus between the use of AI in 

decision-making and strategic initiative outcomes. The 

method is best applied to study modern, complicated 

phenomena when variables are many, and context and 

phenomenon boundaries are not well defined, and controlled 

experimentation is impossible (Yin, 2018) [23]. General 

Electric (GE) and John Deere are chosen through an 

intentional, theoretically based sampling rationale 

(Eisenhardt and Graebner, 2007) [7], which is to attain 

analytical generalization, as opposed to statistical 

representativeness. The three crucial criteria are the 

following: First, both cases are high-impact strategic 

initiatives entailing core business model transformations of 

the order of billions of dollars in established industrial 

companies. Second, they show evident and publicly 

registered results which can be deemed a great failure and 

the other a great success giving a great comparison. Third, 

they provide an abundant database of publicly accessible 

information, such as detailed company disclosures, annual 

reports, transcripts of earnings calls, extensive media 

coverage by mainstream business sources (e.g., The Wall 

Street Journal, Financial Times), interviews with executives, 

and retrospective after-mortem, which makes it possible to 

conduct a strong process-tracing analysis. 

 

3.2 Data Sources: Triangulation for Construct Validity 

In order to establish construct validity and prevent the 

retrospective rationalization bias, the analysis is based on 

the data triangulation when relying on various sources to 

create an extensive narrative (Jick, 1979) [15]. In case of each 

case, data was gathered and processed in four streams: 

1. Corporate Communications: Annual reports (10-K 

filings), investor presentations, transcripts of earnings 

calls (2012-2023), and official press releases on 

strategic intent, progress updates and financial metrics. 

2. Third-Party Analysis: External, and to a significant 

degree, critical view of execution issues and market 

acceptance are offered by investigative journalism, 

industry reports (e.g. by Gartner, McKinsey), and 

academic case studies. 

3. Executive Commentary: Interviews, speeches and 

published articles by major leaders (e.g., executives of 

GE Jeff Immelt and John Flannery; John Deere 

leadership) explaining the strategic vision and the 

rationale. 

4. Financial & Operational Outcomes: Stock results, 

write-downs, segment revenue statistics, and product 

adoption statistics to measure the initiative impact 

objectively against the goals. 

 

Such multi-source solution can be used to cross-verify the 

claims made and it is able to differentiate between corporate 

speech and reality on the ground. 

 

3.3 Case Study 1 (Failure): General Electric's "Digital 

Industrial" Transformation & Predix Platform 
The project that was initiated in 2011 by GE is the one that 

exemplified the failure. The strategic objective was to use 

the industrial base of the company to be a leading 10 

software company by the year 2020, which was based on the 

Predix cloud-based Platform-as-a-Service in industrial 

internet of things and artificial intelligence applications. The 

example is educative since the failure was not informed by 

the inability to envision and invest in the technology, but 

rather common to deep-seated shortcomings in strategic 

decision-making and implementation, where AI was 

theoretically intended to assist. The comparison will be on 

the ways the AI and data analytics use (or misuse) in the 

lifecycle of the initiative led to an amplified effect of the 

typical pitfalls in strategies, like strategic overreach, faulty 

assumptions on what is needed in the market, and poor 

integration planning. 

 

3.4 Case Study 2 (Success): John Deere's Strategic 

Integration of AI & Precision Agriculture 

The success archetype is the iterative precision agriculture 

strategy that John Deere has been pursuing over decades. 

Instead of a sharp turn, it is a long-term effort to integrate 
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 AI and data science into the main product and service 

offering, and change the company so that it ceases to be an 

agricultural machinery manufacturer but an organization 

that offers solutions based on technology. The indications of 

its success include dominating the market, achieving good 

financial results in its precision ag division and high 

customer acceptance of their AI-based capabilities (e.g., See 

and Spray (tm)). The present case offers a contrasting 

example of a disciplined, staged and problem focused 

integration of AI, in which data-driven decision-making was 

integral in the creation of the product, customer value 

generation, and operational strategic approach. 

 

3.5 Analytical Framework: Applying the Lifecycle 

Model 

In Section 4 and 5, the four-phase conceptual model of the 

concept presented in 2.3 will be applied to both cases. Under 

every phase (Formulation, Planning, Execution, Review), 

we are going to look at: 

 Decision Context: The key strategic choices made. 

 AI's Purported/Potential Role: How AI could have 

augmented decision-making in this phase based on the 

theoretical framework. 

 AI's Actual Role & Implementation: How AI and 

data analytics were actually employed, based on 

documented evidence. 

 Outcome Linkage: How the use (or non-use/misuse) of 

AI in that phase contributed to intermediate and final 

outcomes. 

 

This systematic, staged comparison will isolate the 

processes by which AI as a strategic tool contributed to the 

divergent path of the two projects, going beyond the 

simplistic tech vs. no tech as an explanation of the new 

phenomenon, to a sophisticated interpretation of successful 

and unsuccessful augmentation. 

 

4. Case Study Analysis: The Failed Initiative - GE's 

"Digital Industrial" Strategy 

4.1 Strategic Goals, Context, and the Vision for Predix 

General Electric introduced the Digitial Industrial strategy 

in 2011 under CEO Jeff Immelt, as a top-down vision of 

how to reinvent the 124-year-old industrial conglomerate. 

The aforementioned was to use the extensive domain 

expertise of GE in such fields as aviation, power, and 

healthcare to become one of the Top 10 software firms by 

2020 (Immelt, 2016) [12]. Predix was a cloud-based 

Platform-as-a-Service (PaaS), which was meant to be the 

Android of industry. The idea was to get data and analysis 

of the industrial machines around the world, optimize 

performance, predict failures, and sell new business out of 

AI-as-a-service (e.g., selling thrust hours per jet engine 

rather than the jet engines). This was a classic platform play 

strategy, which had the potential to be a revolutionary 

economics. 

 

4.2 Decision-Making Process: The Triumph of Vision 

Over Analysis 

The process of making strategic choices that gave birth to 

Predix was also defined by the executive vision, belief and a 

strong underestimation of the complexities of execution. 

Analogical thinking (following the example of successful 

consumer software sites) influenced key decisions as 

opposed to sound, data-based research of the B2B market 

(Gavetti, Levinthal, and Rivkin, 2005) [8]. The effect of the 

Highest Paid Person (HiPPO) was in force, and the personal 

commitment of Immelt resulted in an enormous 

organizational force that blocked critical evaluation and 

contingency planning. It was an ideal setting to commit the 

planning fallacy and strategic overconfidence because even 

before the technology platform on which the digital business 

was built was tried at scale, there was ambition on publicly 

projected revenue targets of the digital business (15B by 

2020). 

 

4.3 The Role and Misapplication of AI & Data Analytics 

The project was based on AI and data analytics as the 

generator of value creation. Nonetheless, the introduction 

had a deep sense of disconnection between the opportunities 

brought by AI and their realistic use in the strategic 

lifecycle. 

 Phase 1 (Formulation): AI for Validation, Not 

Exploration. The pre-conceived vision of the platform 

was ex post facto justified with the help of AI. GE had 

enormous internal data in its machines; however, it was 

not making use of cutting-edge analytics to rigorously 

test underlying assumptions: Was it universal demand 

to have a horizontal industrial AI platform, or was it the 

preference of customers to a vertical, customized 

solution? The input of AI in search of alternative 

strategic options or the point of customer pain that can 

be monetized and is most acute was insignificant. 

 Phase 2 (Planning): Underestimating Data 

Complexity. The failure to model the key challenge: 

data integration properly was done through planning. 

AI models can only as good as the data. The plan 

presupposed a smooth stream of standardized and high 

quality information of a variety of, legacy, industrial 

resources between GE and locations of its customers. 

As a matter of fact, this final mile of data connectivity, 

data cleansing, and data contextualization turned out to 

be a giant, not to be underestimated challenge that AI 

could not work with magic. There was no effective use 

of AI simulation tools in stress-testing this important 

dependency. 

 Phase 3 (Execution): The “Black Box” Problem and 

Lack of Agile Adaptation. When in implementation, 

the AI applications at Predix were viewed by customers 

as the black box that would tell them some generic 

things with no specific or visible ROI (Davenport, 

2018) [5]. The platform was created as a one-size-fits-all 

and monolithic solution. More importantly, GE did not 

even use its own AI to oversee the initiative itself. The 

lack of agile and data-driven feedback loop to uncover 

red flags early on (e.g. slower-than-anticipated 

developer adoption, long customer acquisition cost, or 

performance problems with the platform) and adjust the 

strategy was present. 

 

4.4 Post-Implementation Autopsy: Key Failure Factors 

Amplified by Poor AI Integration 

GE digital ambitions were cut ruthlessly with Predix sold 

and the write-downs totaling over 30B, much of it related to 

strategy (Gryta & Mann, 2020) [9]. The postmortem shows 

the role of the defective inclusion of AI in enhancing 

traditional failure modes: 

1. Flawed Core Assumptions (Garbage in, Garbage 

Out): The strategic assumption, in the form of a 

https://www.managementpaper.net/


 

~ 15 ~ 

International Journal of Research in Management https://www.managementpaper.net 

 
 
 universal industrial platform was a hypothesis. GE did 

not rigorously test this hypothesis by deploying AI-

based market sensing and scenario analysis to 

determine the validity of this assumption, instead 

basing its whole strategy on a garbage in assumption, 

which resulted in a garbage out outcome. 

2. Catastrophic Underestimation of Execution 

Barriers: The prediction error did not refute the 

planning error. The challenge of data integration could 

have been simulated with the help of AI, the adoption 

curves could have been modeled on the basis of similar 

B2B platform releases, or a more gradual, vertical-first 

introduction could have been optimized. Rather, the 

planning was positive and abstract. 

3. Organizational and Cultural Resistance: The venture 

was located in a distinct and isolated digital unit (GE 

Digital), which caused a conflict with the main 

industrial business units. AI was perceived as the field 

of another competitive priesthood instead of a 

supplementing resource of the profound specialists of 

the company. This prevented the iterative learning 

required to optimize AI models to actual industrial 

issues. 

4. Financial Consequences and Strategic Reversal: The 

collapse resulted in enormous financial losses, loss of 

investor confidence and the ultimate disintegration of 

the conglomerate. The Predix case is a warning of how 

cutting-edge AI technology, without structured, data-

grounded strategic decision-making, can only increase 

the rate and magnitude of failure instead of averting 

them. 

 

5. Case Study Analysis: The Successful Initiative - 

John Deere's AI-Driven Precision Ag Strategy 

5.1. Strategic Goals and Context: From Iron to 

Intelligence 

This change of direction was spurred by keen-edged 

data-grounded realities: the pressures of global 

population increase, scarce labor, and sustainability 

were causing sharp customer pangs at the input 

efficiency (seed, fertilizer, water, herbicide) and yield 

optimality. The strategy thus concentrated on 

integrating some form of intelligence in equipments to 

enable farmers to do more with less. In contrast to the 

top-down platform moonshot of GE, the Deere 

initiative became a problem-driven evolution, directly 

connected with its current relationships and footprint 

with customers (Schumann, 2022) [20]. 

 

5.2 Decision-Making Process: Iterative, Customer-

Centric, and Asset-Based 

A more moderate, evidence-based, and repetitive approach 

was observed in the decision-making process of Deere. 

Close and constant feedback of farmers (lead users), real-

world field data of its machines and clear eyed evaluation of 

its own unique defensibly worthy assets made strategic 

choices; a huge, globally deployed fleet of linked machines 

producing petabytes of proprietary telemetry data on soil 

conditions, crop health, and machine performance. Build-

Measure-Learn was used to make decisions. Instead of 

making a grand bet on the company, Deere made a chain of 

modular, complementary bets, or in such areas as autonomy, 

computer vision, and data analytics, which could be unified 

into a unified system later. This strategy addressed the trap 

of planning since it made it possible to learn and change. 

 

5.3 The Integrative and Iterative Role of AI Across the 

Lifecycle 
AI in John Deere was not a product per se, but a 

programmed intelligence in a hardware-software-service 

structure. Its usage throughout the lifecycle of the strategic 

initiative can be seen as effective augmentation. 

 Phase 1 (Formulation): AI for Problem 

Identification & Validation. Deere utilized data on its 

connected fleet to go beyond anecdotal feedback to 

define the problems quantitatively. Patterns of 

inefficiency determined objectively by AI analysis of 

field data included the exact rates of herbicide over-

application or inefficient planting depth. This factual 

diagnosis was necessary to make sure that the strategic 

initiative was addressing factual, quantifiable, and 

useful issues. 

 Phase 2 (Planning): AI for Solution Design & De-

risking. Artificial intelligence was at the heart of 

planning particular products such as See and sprays. 

The computer vision and machine learning models were 

implemented in controlled and real-life conditions to 

find the answer to such vital questions as Could AI 

distinguish between crops and weeds at 12 mph with 

high reliability? How much would the cost savings have 

been? Such application of AI to simulation and proof-

of-concept de-risked development and was a definite 

business case prior to full-scale commercialization. 

 Phase 3 (Execution): AI as the Core Value-Delivery 

Mechanism. When it came to implementation AI 

became not only a development tool but also the heart 

of the product. See & Spray 4 is a device that operates 

on the basis of real-time deep learning to allow focused 

spraying to decrease the use of herbicides by a factor of 

60-77 (Stone, 2023) [21]. On the same note, in the 

Operations Center platform, AI is applied to transform 

machine data and satellite data into predictive 

agronomic prescriptions. Importantly, even Deere 

employs AI to streamline its own processes with 

predictive analytics to support the supply chain and 

equipment health management to make sure that 

products are available and in operation at all times. 

 Phase 4 (Review): AI for Closed-Loop Learning. The 

plan is self-enhancing in nature. The information of all 

field activities with the AI tools of Deere is returned 

(with the consent of the farmers) to further educate and 

augment the models, forming a strong network effect 

and data moat. The success is not fixed, with every 

season, the data provided by the AI improves the 

quality of the service better, creating customer value 

and improving the competitive stance of the Deere. 

 

5.4 Post-Implementation Analysis: Key Success Factors 

Enabled by AI 
The success of this venture is characterized by commercial 

success, technology leadership, and good customer adoption 

in the high-margin precision agriculture segment. 

1. Clear, Quantifiable Value Proposition: The benefit of 

any application of AI is directly related to a financial 

value to the farmer: reduced input expenses, increased 

outputs, or reduced work. This ROI was so obvious that 

it encouraged adoption and high prices. 
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 2. Leveraging a Proprietary Data Asset: Deere has not 

only an AI algorithmic competitive edge but also a 

proprietary access to a large, granular, and up-to-date 

data base of the world of agriculture as a tangible 

physical place. This resource is required to train useful 

AI and a serious competitive advantage. 

3. Strategic Acquisitions and Ecosystem 

Building: When Deere acquired companies, it did so in 

a disciplined and targeted way to jump-start their 

capabilities. This is illustrated by the acquisition of 

Blue River Technology (2017) which is the developer 

of See and Spray at a cost of $305 million. This 

acquisition and integrate strategy worked better as 

compared to the more GE platform approach of build 

and pray since every acquisition introduced a mature 

and specific application of AI that fit perfectly into the 

Deere ecosystem. 

4. Cultural and Organizational Alignment: The 

development of AI was not an independent division of 

digital engineering and product teams. This made sure 

that AI professionals collaborated with agronomists and 

mechanical engineers, basing AI development on 

domain knowledge and making sure that the solutions 

were feasible and easily fitted into the machine. AI was 

a complementer of the core business, not a disruptor of 

the core business. 

 

John Deere shows that successful implementation of AI in 

strategy is not about technological genius in isolation, but 

rather the disciplined, gradual, and combined 

implementation of that technology into the solution of well-

identified problems, using unique resources, and 

constructing a cycle of value and learning on itself, 

contrasting with GE. 

 

6. Comparative Discussion: Decoding the Divergence 

Whether it is the failure of General Electric with Predix or 

the success of John Deere with precision agriculture, the 

paradox of the philosophy and implementation of AI-

augmented strategy is a basic schism. Their opposite results 

cannot be explained by the presence or absence of a 

dichotomy of using AI and not using AI. Instead, as 

demonstrated in the cases, AI is a force multiplier enhancing 

the quality of strategic decision-making and executional 

discipline underlying it. This part summarizes the 

comparative analysis with an aim of isolating the critical 

dimensions that justify the divergence. 

 

6.1 Strategic Philosophy: "Solution in Search of a 

Problem" vs. "Problem in Search of a Solution" 

The fundamental philosophical divide is on the origin of 

every initiative. The method that was presented by GE was 

an example of a technology-push strategy. It began with a 

strong technological vision, which was an industrial AI 

platform, and then attempted to discover markets and issues 

to match it. This resulted in a wide, horizontal product 

(Predix) that was generic by nature and could not produce 

specific and high value results to the varied industrial 

segments. John Deere, in its turn, pursued the market-pull 

strategy. The initiative started with a highly perceived, 

desperate, and measured collection of customer issues 

(increasing input expenses, labor scarcity) and followingly 

utilized AI as a toolbox to make accurate, vertical 

resolutions (See and Spray, automated direction). AI was 

implemented as a tool to a clear objective and not the 

objective. 

 

6.2 Foundation and Execution: Data Readiness vs. Data 

Hubris 
The ability to build a successful AI strategy is based on the 

availability and quality of data. Here, the contrast is stark. 

 GE (Data Hubris): GE had assumed that since it 

owned industrial assets, it could easily get the data and 

organize it. This was a fatal misjudgment. The 

information was stored in the broken and legacy 

systems of different business units (Aviation, Power, 

Healthcare) in various formats, protocols and 

governance. The issue of integrating data turned into 

the main implementation nightmare that was choking 

the grand AI vision with the pure, contextualized gas it 

needed. 

 John Deere (Data Readiness): Specifically, a data 

pipeline that was developed in-house and had a well-

designed structure and proprietary nature formed the 

strategic pillar of John Deere (Data Readiness). Its 

machinery was made to be connective where it 

produced standardized telemetry based on a single 

domain (agriculture). This offered a prepared, cost-

effective, and high-quality data to train and deploy AI 

models. Deere has resolved the data dilemma on the 

product design stage much earlier before its most 

ambitious AI uses were introduced. 

 

6.3 Organizational Model: The Disruptive Silo vs. The 

Integrated Augmenter 
The way AI was integrated into the organization was 

climactic. 

 GE (The Disruptive Silo): GE Digital is a new 

enterprise unit, which is established to break the 

traditional industrial enterprises. This established intra-

organizational rivalry, cultural ill will and dissonance. 

Predix was perceived by the industrial units as a threat 

or as something that is distracting them rather than as a 

tool to their success. This dis-connected version of the 

model meant that the rich domain knowledge that the 

engineers of GE had accumulated over the years could 

not be successfully applied to inform the development 

of AI, and the solutions developed were technologically 

advanced but frequently industrially naive. 

 John Deere (The Integrated Augmenter): The 

integration of AI and software in the main engineering 

and product development processes occurred. There 

were Agronomists and data scientists. This incorporated 

model made it possible to keep the development of AI 

based in the real-life agricultural practice. AI was 

regarded as an enlargement of the functions of the 

machine and the farmer, and this strengthened the 

essence of Deere, instead of weakening it. 

 

6.4 Value Realization and Adaptation: Speculative 

Futures vs. Tangible, Iterative ROI 

The nature and the schedule of anticipated value creation 

were radically contrasting. 

 GE (Speculative, Long-Term Monetization): The 

value was based on an ecosystem, dominated by 

platforms in the future. The revenue models (e.g., the 

outcome-as-a-service) were complicated and untested 

on large scale. The absence of short-term, tangible 
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 success by the individual business units undermined the 

internal support, and long cash-flow horizon exposed 

the initiative to shareholder impatience in corporate 

depressions. 

 John Deere (Tangible, Short-Term ROI with a 

Long-Term Roadmap): The AI application provided 

immediate, calculable value: saved gallons of herbicide, 

percentages of yield, labor hours. This created rapid 

adoption by customers and revenue which was used to 

finance additional R&D. The strategy introduced a very 

well-defined ladder of value, starting with the simplest 

GPS guidance and progressing to full autonomy, with 

the ability to learn through experience, attain customer 

trust and financial sustainability. 

 

6.5 Synthesis: AI as a Moderator of Strategic Soundness 
The comparison eventually illustrates the fact that AI is not 

a success factor but a mitigating factor. At GE, AI only 

multiplied a defective strategy based on untested 

assumptions, substandard data underpinnings, and 

misalignment among the organization and accelerates its 

collapse. In the case of John Deere, AI enhanced an 

effective business orientation based on customer 

intelligence, data asset and internal integration and 

accelerated its achievement. What is important to learn is 

that AI is conditional. It can not cure a bad strategy, but it 

can perform wonders on a good one--and show it to be 

faulty. It is not the complexity of the algorithms but, rather, 

the classical, time-tested principles of strategic discipline 

that defines the effectiveness of an AI-augmented strategic 

initiative, namely a precise problem-focus, leveraging 

assets, organization fit, and viable path to value. 

 

7. A Framework for AI-Enhanced Strategic Initiative 

Success 

The comparative study of GE and John Deere shows that AI 

integration cannot be a one-time choice but a corporate 

ability that is embedded in the context of strategic 

management. Informed by the teachings of these divergent 

cases, we give a proposal of practical framework to be taken 

by leaders. This model is not a fixed check list but a living 

philosophy, with the focus on AI as a combined partner 

throughout the strategic lifecycle, to de-risk the initiatives 

and improve quality decisions. 

 

7.1 Phase 1: Problem Definition & Diagnosis - 

Grounding Strategy in Data 

 Objective: To substitute intuitive or analogical 

strategic leaps with opportunity identification based on 

evidence. 

 AI’s Role: Use AI as a tool of sensing and validation. 

Implement Natural Language Processing (NLP) to 

study the market trends, competitor knowledge, and 

scientific publications. An objective identification of 

the most acute pain points, inefficiencies or unmet 

needs uses machine learning on internal operational and 

customer data. 

 Key Guardrail (The John Deere Principle): This 

initiative should not be based on a generic technological 

ability, but instead, they should be centered on a 

particular and high value problem that has been proven 

by data. Question: What is a customer or business issue 

are we addressing, and what data would affirm it is the 

most important issue? 

 Avoiding the GE Trap: Do not feel like beginning 

with an ambitious platform vision. Test the underlying 

strategic hypothesis by applying AI to pressure-test on 

external and internal data, before identifying 

meaningful investments. 

 

7.2 Phase 2: Solution Design & Planning - De-risking 

with Simulation 

 Objective: To transition on probabilistic robust, as 

opposed to linear, optimistic, planning. 

 AI’s Role: Use AI as a simulation and optimization 

engine. Predict results in thousands of possible future 

conditions (market changes, competitor responses, 

execution time delays, etc.) using predictive analytics 

and agent-based modeling. Maximize the allocation of 

resources and sequencing of the projects. The most 

important being; model the data supply chain: simulate 

the flow, integration and quality of data needed by the 

AI components to work, and find blockages early. 

 Key Guardrail (The Anti-Planning Fallacy Rule): In 

other words, construct an imaginary distribution of 

possible realities that includes worst-case scenarios, 

which is known as the Key Guardrail (The Anti-

Planning Fallacy Rule). The plan must be stress-tested 

to ensure its robustness and not geared towards the 

optimum. 

 Avoiding the GE Trap: Do not presume data access. 

The data architecture and integration are important 

strategic dependencies that cannot be implemented as a 

technical afterthought. 

 

7.3 Phase 3: Execution & Monitoring - Enabling 

Adaptive Control 

 Objective: To stop the management of the company as 

a stand-still, with milestones, and to have a dynamic, 

sense-and-respond management. 

 AI’s Role: Introduce AI as an early-warning and real-

time performance monitor. Set leading indicators of 

success and failure. Continuously scan these indicators 

(e.g. adoption rates, customer sentiment, operational 

metrics) with AI, and point out deviations in expected 

pathways much earlier than conventional reporting 

could. Allow the lower-level decisions (e.g. dynamic 

resource re-allocation) to be algorithmically course-

corrected. 

 Key Guardrail (The Closed-Loop 

Principle): Develop a direct feedback loop between 

data on the execution and the management decision 

making. The initiative should be instrumented to learn 

along the way. 

 Avoiding the GE Trap: Do not forget the strategy and 

leave it like that. Monitor the health status of the 

initiative itself with the AI developed to support the 

initiative, and enable agile pivots prior to the failures 

turning disastrous. 

 

7.4 Phase 4: Review & Institutionalization - Learning 

and Scaling 

 Objective: To convert the post-initiative analysis into 

the anecdotes storytelling to a causal learning that 

develops organizational capacity. 

 AI’s Role: Use AI as a tool of causal inference and 

codification of knowledge. Once this is done, run high-

level analytics to determine the factors that (e.g., 
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 particular features, team structures, market conditions) 

strongly correlated with success or failure. This analysis 

applies to refresh the strategic playbook of the 

organization and enhance the AI models applied during 

the initial three phases of the next effort. 

 Key Guardrail (The Capability Builder Mandate): It 

is not only to pronounce a project completed but to 

improve the strategic AI maturity in the organization. 

AI applications that are successful have to be 

productized and scaled; the lessons that are learned to 

avoid repeating itself have to be encoded. 

 Avoiding the GE Trap: Do not consider a failed 

initiative as a single event. Applying AI-based review 

in learning the systemic decision-making failures is 

essential, so that the organization learns, and not merely 

passes by. 

 

7.5 Cross-Cutting Enablers: The Foundational Pillars 

It is based on a four-step model that has two non-negotiable 

pillars, which the GE case lacks but the John Deere one 

would have: 

1. Data Infrastructure as Strategic 

Priority: Intelligible, available, and quality data 

architecture is not a problem in IT, but a precondition of 

competitive strategy. Efforts should be constructed on a 

factual evaluation of data preparedness. 

2. AI-Augmented Culture, Not AI-Siloed Culture: It 

cannot be successful without data scientists and AI 

experts working together with experts of the business 

domain as well as decision-makers. Leadership should 

also create an atmosphere of evidence-based 

communication in which AI generated information is 

discussed and brought to action, and it is not 

disregarded or unquestioningly accepted. 

 

According to this framework, the strategy is not as 

significant in the contemporary world as the process of 

strategizing. Through a progressive and meticulously 

planned increase of every step of that procedure with AI, 

companies will have a high likelihood of turning aspiration 

into beneficial and sustainable results. 

 

8. Implications and Conclusion 

8.1 Managerial Implications: Building AI-Aware 

Strategic Leadership 

The implications of the analysis are far-reaching to the 

corporate leaders and boards. The main lesson is that AI 

does not demand adequate technological investment; this is 

the need to upgrade the strategic leadership competence 

fundamentally. The managers need to develop AI-enhanced 

strategic fluency, the capacity to align strategic problems to 

be solved by AI and perceive its probabilistic results and 

blend them with human experience and judgment. This 

involves: 

 Moving from Advocacy to Inquiry: Leaders need to 

set an example of transitioning their advocacy to 

inquiry, wherein they deploy AI generated insights to 

pose superior and more inquisitive questions when 

developing strategies. 

 Governance for Algorithmic Oversight: Strategic 

initiatives based on AI need new governance. This 

incorporates official inspection of the data that the 

crucial assumptions are based on, continuous audit of 

algorithmic prescriptions to bias or drift, and definite 

guidelines to override them by people. 

 Talent and Structure: It requires the de-siliconing of 

structures to succeed. It is important to establish cross-

functional or fuse teams, which comprise strategists, 

data scientists, and domain experts such as those at 

John Deere. The C-suite should have positions (e.g., 

Chief Data Officer, Chief AI Officer) that have the 

responsibility to ensure that data quality and AI ethics 

are not technical priorities but strategic ones. 

 

8.2 Theoretical Contributions: Extending Strategy 

Process Theory 

The project will add to the field of strategy process theory 

by officially incorporating AI as one of the components of 

the implementation system. It goes beyond considering AI 

as an instrument, which makes it a moderating variable that 

affects the connection between the strategic choice and the 

outcome of the organization in a systematic manner 

(Hambrick and Fredrickson, 2001) [10]. The positive and 

negative aspects of this relationship can be moderated by AI 

as evidenced by our comparative cases. The theory of 

augmented intelligence in management (Raisch and 

Krakowski, 2021) [18] is also promoted in the paper on the 

basis of the empirical, field-based evidence of the 

mechanics and contingencies of the high-stakes strategic 

context. It outlines the circumstances such as problem-

centricity, data preparedness, or organizational integration, 

in which augmentation is a success or failure. 

 

8.3 Limitations and Avenues for Future Research 
This study possesses some inherent limitations that can 

point to fruitful directions of future research. First, being a 

comparative case study, its results are aimed at analytical 

generalization as opposed to general statistical 

generalization. Second, the study is based on publicly 

accessible retrospective information, which may be 

subjective to narrations. Third, the framework, although 

based on extreme examples, needs an additional empirical 

confirmation on more industries and kinds of initiatives: 

 Measure the depth of AI integration against the 

outcomes of strategic initiatives quantitatively using 

large-N surveys that provide measures of the proposed 

framework. 

 Explore the micro-foundations of AI-augmented 

decision-making based on ethnographic approaches to 

study how teams in practice engage with outputs of AI 

in strategic deliberations. 

 Understand the long run competitive behavior of AI-

based strategy, and determine whether it creates 

sustainable advantage or results in a novel arms race 

and competitive parity. 

 Discuss in more detail the ethical and governance 

issues, especially the problem of algorithmic bias when 

strategic resources are being allocated and the 

disclosure of AI-based strategic advice. 

 

8.4 Final Remarks: AI as the Keystone of Modern 

Strategic Resilience 
The downfall of the Predix, the full-fledged company of GE, 

and the emergence of precision agriculture by John Deere 

are not simply tales of company success and failure. They 

are parables of a new strategy. In a more rapidly evolving 

complex and data-rich world, the use of simplistic human 
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 intuition and the use of conventional planning is a more and 

more risky assumption. The paper ends with the conclusion 

that AI is more than a tool when implemented with the 

professionalism that John Deere had but lacked in the 

implementation strategy of GE, it becomes the key note of 

strategic resilience. It helps organizations to base vision on 

evidence, risk-free execution with simulation, flexible with 

nimbleness, and learn with accuracy. The key point is that 

AI will not eliminate the strategist; it will require a superior 

one, a leader who can ask the correct questions, listen to the 

information, and be bold enough to create dynamic and 

intelligent strategies to control the world that he or she seeks 

to master. It is the strategic efforts that will be designed, 

developed, and reviewed to establish a collaboration 

between artificial and human intelligence that will be 

successful strategic initiatives of the future. 
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