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Abstract 

Three recurrent strategic issues confront data scientists as organizations increase their reliance 

on data-driven insights include managing organizational expectations, communicating 

successfully with non-technical stakeholders, and preserving data quality and availability.  These 

issues have quantifiable effects on business; in fact, the average company loses roughly $12.9 

million annually due to poor data quality.  The majority of practitioner time is typically devoted 

to data preparation alone; cleaning and arranging data accounts for about 60% of analytic effort.  

Additionally, practitioner surveys consistently identify inability to match analytics with 

stakeholder needs (including clear communication of results) as a major factor in project success.  

This study examines the intersections of these three issues in contemporary data science 

processes and suggests workable solutions that combine expectation-calibration, stakeholder-

centered communication, and governance to improve delivery and reduce hidden costs. 

 

Keywords: Data Scientist, Data-Driven, Data Quality, Data Clarity, Data Availability, Data 
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1. Introduction 

Industrial strategic decisions are now being made by data science, however, without 

trustworthy inputs and organizational alignment, technical models do not work. The financial 

risk is significant: besides the average cost of c. 12.9M, companies lose as much as an estimated 

15-25% of the revenue due to poor data quality and the business inefficiencies that arise due to 

this. According to practitioners, data cleaning and preparation also use about 60 percent of their 

time and leave less bandwidth to model, interpret and engage stakeholders. These facts are the 

reason why the triad quality, clarity, expectations are repeatedly presented in the surveys and 
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in case studies as the determining factor in outcomes of the project (See figure 1).

 

Figure 1: The Synergy of Effective Data Science 

The Challenge of Data Quality and Availability 

1. Fragmented and Inconsistent Data Sources 

The dispersal of data between cloud, on-prem and spreadsheet silos causes missing fields, 

identifiers that are not consistent as well as the existence of duplicate records - issues directly 

reflected in operational costs and decision risk. Current industry reports and commentaries still 

rank data quality at the highest point of enterprise risk records. Gibbs et al, (2005)[12]  argued 

that customer data fragmentation issue in multiple databases which are kept by various 

functional units is a specialized data quality problem, which impacts on the capability of an 

organization to meet privacy laws. It was observed that when personal information is 

distributed and disseminated throughout an organization and the lack of control is noted, such 

actions may have grave consequences especially in the context of the sensitivity of such 

information. They added their roles on the issue of fragmentation between databases where the 

data structure used was not compatible and inconsistent and thus it was hard and time 

consuming to access and collate personal information. Hoang (2023)[13]  investigated how data 
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quality affects the process of data harmonization, especially when companies receive external 

data of various sources and internal data of different subsidiaries. He cited incompatible data 

quality as one of the issues which may result in information asymmetry and eventually to the 

sustainability of the process and the software being operated. Therefore, he proposed that 

effective harmonization of data is pegged on quality data that lacks inconsistency and errors. 

The isolated repositories of information that are referred to as data silos are the fundamental 

issue of incorporating big data analytics in the supply chain management that they do not allow 

a comprehensive analysis and cross-functional coordination. The data silos cause redundancy 

and inconsistency of data which results to discrepancy in forecasting and inventory management 

that is part of bad data quality. It is also due to the use of fragmented data systems whereby the 

suppliers of a supply chain have been siloed, which leads to inefficiencies hindering decision-

making and transparency (Kusumawati, 2025)[17] . In the same vein, Sienkiewicz, (2025)[31]  

revealed the phenomenon of Data Silos, or separate repositories that are directly linked to 

individual business segments, as being a clear expression of architectural fragmentation, causing 

operational inefficiency and problems with governance. Since the presence of Data Silos lowers 

the informational flow, results in the repetition of resources, decreases the quality and 

availability of data, and creates inconsistencies and challenges in the organized analysis. This 

form of fragmentation is a major obstacle to data-driven strategies and digital transformation 

because the data stored in Data Silos is not easily shared, since it is kept in isolated systems. 

2. Data Governance and Quality Assurance 

Proper governance must be done on lineage, validation, role-based access and automated 

monitoring. It can be justified by investing in the capabilities: the business rationale is supported 

by the quantifiable cost savings with regard to the multi-million-dollar annual loss of bad data. 

Bassi and Alves-Souza posit that Data Governance (DG) is comprehensive in evaluating and 

managing data usability, availability, data privacy and security and data quality (DQ) both inside 

and outside the organization (Bassi and Alves-Souza, (2025)[5] . Authors recognized the need in 

Data Quality (DQ) assurance as one of the most significant issues in the implementation of Data 

Governance projects and classifies challenges of Data/Organization concept that comprises Data 

Quality (DQ) and Data Life Cycle Management as the flaws of the nature of the data or the 

organization itself. Ates & Garip, (2025)[4]  stated that data governance is a collection of roles, 

processes, policies and tools that are aimed at making sure that quality of data is upheld during 

its life cycle and is used properly within an organization implying that it is a solution to quality 

assurance and not necessarily a problem. Their research shows that the key challenges in 
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business include lack of knowledge on the effect of the data governance process on other 

business processes, the complexity of the process, and the position of the process manager and 

lastly stated that the quality of data available and quality are key issues whose data governance 

initiatives aim to resolve. Lebaea et al, (2024)[19]  opined that the issue of complexities that 

accompany data governance, particularly when dealing with new technological models, is a very 

challenging one. They found that data integration, scalability, regulatory compliance, and data 

quality maintenance are among the problems facing organizations in spite of acknowledging the 

relevance of data governance. They also claimed that the concepts of data governance are to 

ensure the availability, coherence, and quality of data which are vital in reliable and responsive 

IT systems hence suggesting that absence of good governance may result in problems of data 

quality and availability. 

3. Ensuring Data Availability 

Standardized APIs, documented schemas, and reproducible pipelines are required of data 

scientists. A shortened prep work tail that wastes time with practitioners is reduced here. Xiao 

et al, (2017)[35]  discovered that the availability of data as an aspect of data quality, which 

quantifies it as a percentage of voluntary medical male circumcision (VMMC) clients whose client 

intake form (CIF) is on file at the respective sites. The research found data quality and data 

availability issues in a VMMC program and indicated that, despite an overall improvement in 

data quality audits tended to enhance data availability and completeness, certain gaps in 

documentation persisted, as well as that data availability and completeness tended to improve 

following data quality audit, indicating the inconsistency of data quality assurance. Cai and Zhu, 

(2015)[7]  defined data availability as user convenience in obtaining data and related 

information, Identifying the availability as one of five dimensions of a data quality standard, 

usability, reliability, relevance, and presentation quality, but also breaks down the concept of 

availability into three subcategories, namely, accessibility, authorization, and timeliness. Data 

quality management (DQM) is essential in the process of successful data governance because it 

safeguards the accuracy, reliability and relevance of the data to be used in decision-making, DQM 

encompasses detecting and fixing data quality problems, the establishment of controls, and 

ongoing guarantee throughout all the data lifecycle processes. Therefore, the successful data 

quality management is often threatened with a variety of challenges, and their overcoming is a 

key factor in ensuring data integrity and utility (Sargiotis, 2024)[30] . Derakhshan et al, 

(2021)[11]  explained that any unavailable or inaccessible data would result in a drop in the 

percentage of data being completed and more missing data, which is how availability is one of 
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the aspects of data quality issues. Moreover, the access and availability of data were tested by a 

skilled panel in the initial stages of data quality testing, as these were identified as possible 

challenges. This missing information was usually explained by the unconsciousness of patients, 

the absence of a responsive companion, or the absence of ID-documents which are feasible 

problems directly related to the availability of the data at the time of collecting them. 

Communicating with Non-Technical Stakeholders 

1. Translation of Technical Concepts 

Most successful teams do not analyze model internals by themselves, but rather translate 

algorithmic output into business measures - dollars saved, lead time reduction, risk reduction, 

etc. According to surveys, communicating the results to end users is one of the most successful 

factors in data science projects, which supports the view of technical performance as not being 

enough. According to Martinez et al (2021)[24] , out of three success factors listed as the most 

relevant, the authors recognized such as communicating the results to end-users, the precise 

description of the needs of stakeholders and team collaboration/coordination. 

Researcher demonstrated that the emphasis on organizational and socio-technical issues (such 

as communication) offers a substantial void that was recognized in earlier surveys between 

technical and organizational operations in data science project management. It was also 

mentioned that over the past few years, the data science community concentrated on technical 

issues and did not pay enough attention to the organizational and socio-technical ones. The 

article by Suh et al (2023)[33]  mentioned poor communication between data scientists and 

subject matter experts as one of the leading impediments to model development and 

deployment, which substantiates the assumption that technical performance is not a sufficient 

condition. Their results indicated that the delivery of performance measures is not enough to 

the Subject Matter Experts (SMEs) that are expected to make decisions and recommendations 

using the outputs of the model. They also noted that the communication bottleneck may ensure 

the model fails or even is not used at all implying that poor presentation has negative effect on 

adoption despite its technical quality. As Weiner (2022)[34]  clarified, the successful delivery of 

a project is the delivery of a model or communication of the analysis results, which implies that 

communication is one of the success factors that can be discussed on the same level as the 

delivery of a model. According to him, anytime a project will fail, the inability to explain a model 

prediction when it matters to the management or customer, he cited examples as to why a 

project will fail, such as lack of leadership support, access to information, and collaboration 

across teams, all of which are related to communications and alignment of management as basis 



 

  

VOL.04 ISSUE 01 JAN-MAR 2026     HTTPS://DOI.ORG/10.59231/EDUPHORIA/230470                ISSN: 2960-0014 80 

 

An International Multidisciplinary Magazine 

to project success. In a bid to establish a list of critical success factors (CSFs) in data analytics, 

Demir et al (2024)[10]  conducted a systematic literature review to study the diverse data 

analytics areas such as Data Science. Based on 28 research articles, they determined six major 

themes of CSFs, namely, People, Strategy, Technology and Data, Organizational Culture, Process 

Design, and External Factors. Communication as success factor encompasses the success factor 

of Communication and Collaboration indicating the significance of working relationships and 

approach to working with team members that are associated with communicating results to end-

users. 

2. Understanding Stakeholder Priorities 

Framings of the same analysis are needed by executives, product managers, and operations 

teams; aligning the framing to the audience is a repeatable art that has a significant positive 

effect on adoption. Al-Hasan and Micheli, (2022)[2]  examined the role of mental templates that 

managers employ to provide information with form and meaning in constructing their decision 

making with respect to the promotion, adaptation or prevention of process improvement 

approaches (PIAs). They found three cognitive frame types of managers, namely, conflicting, 

paradoxical, and supporting, which define the extent and scope of PIA application in new product 

development (NPD), at times opposed to organizational strategy, and proved the existence of 

how the frames of the organization may be substituted by the frames of a particular manager, 

revealing the substitution of the organizational frames by the individual managers. The Matrix 

provided by Mendelow was utilized by Alshawaf, (2025)[3]  to position the principal 

stakeholders, including researchers, RDM professionals, institutional leadership, funding bodies 

and infrastructure providers, on the basis of their power and concern to establish customized 

communication strategies. His communication strategy facilitated the various needs of the 

stakeholders by establishing awareness, creating trust, dealing with obstacles, instilling 

acceptance, engaging with stakeholders, and leading to action to ensure successful 

implementation and adoption of Research Data Management (RDM) with a focus on the active 

involvement of key stakeholders by targeting the communication efforts to each stakeholder 

based on their respective roles, interests, and influence. Markey, (2024)[23]  came up with two 

salient themes of TA perceptions of writing in statistics and data science that include writing as 

presentation and writing as contextualization which correlates with the necessity to fit framing 

to the audience. He also described that writing as contextualization meant that the statistician 

has to shape data and evidence to the requirements and purposes of a given audience in order 

to be persuasive, which directly corresponds to the question of the audience-specific framing, 
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and that when a statistician sees writing as contextualization, then the audience had the capacity 

to make informed judgments, and the requirements and their objectives shape the way they 

frame their message, which also confirmed the significance of audience-specific framing. Yanti 

et al (2024)[36]  discussed how interactive capabilities in data visualization (i.e. dynamic filters 

and drill-downs) enable users to tailor the data display to the particular analysis requirements 

and underlie such a notion as adapting the framing to the audience. They showed that an 

interactive data visualization allows users to explore a smaller set of information and learn data 

in a further and more detailed way and that data visualization in financial reports can definitely 

enhance better understanding of stakeholders, and thus, showing data in a more digestible and 

more visual form, as opposed to the classic table, can lead to higher adoption. 

3. Building Stakeholder Trust 

Transparency in respect to assumptions, uncertainty and data limits are the most imperative. In 

the industry reports, there is positive executive concern on the reliability of analytics input e.g. 

84% of CEOs interviewed expressed concern about the quality of data on which decisions were 

made which is a sign of a general question of trust which must be resolved through 

communication and governance. In a procedure that is depicted in Brous et al (2020)[6] , it is 

reported that the outcome of a decision made by data science initiatives is not consumed or 

embraced by decision-makers due to the uncertainty as to the quality of the data input that 

correlates also with the stated issue of data quality. They assert that data governance is 

increasingly being implemented by organizations as a means of increasing the levels of adoption 

and creation of trust in the outcomes of data science decisions and found that having a full-

fledged data governance capacity is a pre-condition to being in a position to trust the outcomes 

of data science decisions to the extent that it is required to make fruitful decisions. According to 

Mahanti (2019)[21] , the key to data quality success is not so much technical excellence but 

rather soft, including connecting the top management, education, change resistance, and 

communication, which significantly contributes to overcoming the issue of trust that many CEOs 

continue to experience. He discussed how data quality could be a burden to the organizations 

because there is a lot of operations change involved and it is an intangible factor and why such 

massive effort is usually difficult even without compliance and regulatory intent and why such 

an endeavor was necessary in the first place and why data quality is such a concern causing 

stakeholders to lose hope. Passi and Jackson, (2018)[26]  explored organizational actors as a 

way of generating and renegotiating under uncertain conditions of analysis through taking part 

in skepticism, assessment, and credibility practices. Investigating four common tensions of 
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applied data science work that have problems of trust: unambiguous numbers, counterintuitive 

knowledge, unbelievable data, and un-understandable models and, hence, to the collaborative 

nature of the work, the author explores. Zhang and Wang, (2025)[36]  described how decaying 

digital trust is fuelled by increasing concerns over data privacy, security breaches, an absence of 

visibility of which algorithms these are, and inappropriate decision-making that is inaccessible 

through traditional data governance practices. According to them, to achieve confidence with AI 

choices and smart contracts, data quality and integrity should be handled carefully, and 

imperfect data is one of the key obstacles towards creating and sustaining digital trust on a smart 

market, which implied the creation of a multi-layered Data Governance Framework that was 

specifically aimed at building and preserving trust. 

Managing Organizational Expectations 

1. Misunderstandings About Capabilities and Timelines 

Unrealistic sponsor expectations are caused by common assumptions, such as instantaneous, 

flawless projections.  Timelines should specifically account for the phases of data engineering 

and validation since data cleaning usually requires the most work.  According to Kordon 

(2020)[16] , the most time-consuming step in the data science pipeline is data preparation, 

which explains why it takes so much time and effort.  The inner, shorter model development loop 

comprises an iterative sequence of data preparation with corresponding analysis that can lead 

to model generation and validation, he said. Data preparation is a nontrivial, challenging-to-

fully-automate process that includes procedures to collect, integrate, preprocess, and balance 

available data. According to Martins et al. (2025)[25] , data cleaning is still one of the most 

important and time-consuming processes in contemporary data science since it has a direct 

impact on the correctness and dependability of downstream analytics.  They frequently 

referenced research demonstrating that duties like identifying and fixing incorrect entries, 

reconciling duplication, and standardizing conflicting formats account for up to 80% of a data 

professional's work.  Therefore, it has been observed that attempts at automated cleaning are 

complicated by the varied and "messy" character of real-world data, which ranges from partially 

organized records to high-frequency transactions, necessitating more advanced techniques. 

Data pre-processing, which includes cleaning, can take up 50% to 80% of the total classification 

process, according to Maharana et al. (2022)[22] , highlighting its substantial effort and time 

impact.  The concerns with the raw data itself (noise, corruption, missing, and inconsistency) 

and the necessary processes to follow for the optimal data analysis technique were the two 

major pre-processing issues that the writers addressed.  Additionally, it was stated that data pre-



 

  

VOL.04 ISSUE 01 JAN-MAR 2026     HTTPS://DOI.ORG/10.59231/EDUPHORIA/230470                ISSN: 2960-0014 83 

 

An International Multidisciplinary Magazine 

processing is essential because raw data is susceptible to noise, corruption, missing data, and 

inconsistency. To improve quality and avoid erroneous predictions, cleaning, integration, 

transformation, and reduction techniques are needed. 

2. Expectation Calibration Framework 

Precursors have been workshops we held early on (scoping studies), and ‘deliverables’, e.g., 

being available for testing at certain dates, with the data ready, using base models and pilot 

models, as well as educating stakeholders that could not or did not want to yet accept 

probability likelihoods etc. This mitigates the risk and temptation that projects may be only 

evaluated by their finally obtained accuracy, rather than incremental value capture. Lahiri & 

Saltz, (2024)[18]  noted that data science projects fail often because of uncertain inputs and 

outputs, nebulous objectives, and project complexity suggesting the need for structured 

processes like early scoping to manage expectations and risk. They identified that data science 

project failures arise from numerous challenges, including unrealistic expectations, 

unstructured project execution, poor stakeholder management, and scope creep, which early 

interventions aim to mitigate and noted that current project management methodologies often 

overlook the diverse risks of sociotechnical systems and risk articulation inherent in data 

science lifecycles, justifying the need for a framework that manages risk incrementally rather 

than focusing solely on final outcomes. At each level of the data science project, Chollangi et al. 

(2024)[9]  set important benchmarks and deliverables to signify the end of important stages, 

which naturally promotes incremental value capture.  In a similar vein, they described a 

structured project process flow for data science projects that emphasizes defining a clear scope 

and guaranteeing both technical and business alignment throughout the project lifecycle, which 

lessens the focus solely on final accuracy. Lastly, they suggested gathering stakeholder feedback 

to comprehend their viewpoints and refine the model or processes based on their input, 

supporting iterative refinements and continuous adaptation rather than a single judgment based 

on final accuracy. According to Afzal et al. (2021)[1] , a Data Readiness Report is an artifact that 

certifies the baseline quality of ingested data by documenting operations and remediations 

carried out on the data. This naturally enables incremental value evaluation and milestone-

based deliverables.  A shareable data asset allows stakeholders to comprehend data quality 

before the final model output by providing a comprehensive overview of data readiness for 

machine learning tasks, documenting data quality issues, and making it easy to advertise the 

data in a data-as-a-service model.  By completing the AI documentation pipeline with Datasheets, 
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Dataset Nutrition Label, FactSheets, and Model Cards, which promote communication and 

transparency beyond final model accuracy, this boosts confidence and dependability. 

3. Aligning Business Goals and Analytical Outcomes 

Measure downstream impact and link model success indicators to business KPIs. The effort will 

struggle for funding and adoption if the firm cannot link analytics outputs to quantifiable 

business outcomes.  According to Sudhakar et al. (2025)[32] , the idea that initiatives must 

demonstrate quantifiable financial outcomes in order to succeed is implicitly supported by the 

argument that as digital marketing grows, transparent and accountable measurement that links 

marketing investments directly to financial results becomes essential for sustainable growth. 

The results demonstrated that companies that use integration have more accurate ROI 

estimations, which helps them manage marketing resources more efficiently and provide clear 

financial justification for investments.  Additionally, it demonstrates that improving Return on 

Investment (ROI) requires bridging the gap between financial measurements and marketing 

analytics, and that integrating financial data with marketing insights provides firms with a 

comprehensive picture of investments and results. According to Liu et al. (2018)[20] , a business 

analytics program can effectively enhance strategic decision-making by obtaining actionable 

intelligence, suggesting a link between analytics and favorable results.  noted that not knowing 

how to use analytics to improve business performance is the largest obstacle to adoption, 

implying that tying analytics to performance is essential for adoption.  The necessity for funding 

and resources connected to results is directly addressed by the statement that the analytics 

leader must successfully convey the advantages of analytics in order to gain the trust and 

resources required for performance. Rahman (2025)[28]  showed that companies with greater 

analytics maturity had far better performance outcomes, such as profitability, efficiency, 

decision quality, and return on investment. This suggests a clear connection between success 

and quantifiable results.  He confirmed that the methodical integration of analytics into strategic 

processes results in quantifiable improvements in efficiency, customer value, and financial 

performance, supporting the significance of linking analytics to quantifiable outcomes. He also 

mentioned that financial analytics allows organizations to measure, forecast, and optimize 

financial performance, demonstrating that the capacity to measure is a fundamental component 

of successful analytics adoption. 

Integrating Solutions: A Unified Approach 

Technical investments (data catalogs, lineage, automated tests), communication procedures 

(model cards, business-facing visualizations, narrative one-pagers), and governance rhythms 
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(quarterly steering, cross-functional KPIs) are all combined in a single program.  The scope of 

the issue (multi-million annual cost estimates and percent-of-revenue implications mentioned 

above) supports the ROI for these solutions.  By measuring the substantial yearly recurring 

economic value—calculated at USD 11.3 million—achieved by applying a data governance 

framework to production data for 1,700 wells, Huff & Lee (2020)[14]  illustrated the need for a 

methodical approach. Describing a nine-step framework for data governance that includes 

technical elements (e.g., creating an appropriate data catalog, designing enabling technologies), 

communication processes (e.g., investing in organizational change management, communicating 

data importance), and governance rhythms (e.g., implementing continuous data quality 

monitoring, facilitating and stating that the disconnect between departments frequently results 

in significant "hard-dollar" loss, contributing to unknown potential value loss, which the 

systematic data governance procedure is designed to address.  Redman (2016)[29]  calculated 

that the annual cost of subpar data in the US alone is $3.1 trillion, an astounding amount that 

warrants a large investment in data quality enhancement. He found that decision-makers, 

managers, and data scientists must account for errors in their daily work, which is costly and 

time-consuming. He also noted that the process of verifying and fixing data errors quickly 

becomes a routine but ineffective aspect of work life, pointing to a systemic issue that calls for a 

cohesive program to address. 

Case Illustration  

After automating point-of-sale data validation rules, holding weekly business-data syncs with 

straightforward scenario visualizations, and resetting forecast precision targets to realistic 

bands given data limitations, a retail team was able to reduce stock-outs by 12%.  Within three 

months, quantifiable operational progress was achieved through the mix of communication, 

governance, and calibrated expectations.  Conflicts occur when expectations are not fulfilled, 

according to Huff & Lee (2020)[14] , highlighting the significance of establishing expectations up 

front on how to address data quality issues in order to reduce misunderstandings. They also 

found that leadership must inform stakeholders on the state and significance of developing data 

governance on a regular basis.  In a similar vein, they stated that the realized economic impact 

for a top natural resources business was estimated to be USD 11.3 million in yearly recurring 

savings for production data alone for 1,700 wells following the use of the nine-step data 

governance framework.  According to Purohit et al. (2024)[27] , by securing investment and 

improving data quality, an automated, integrated, and comprehensive web-based workflow 

solution helped overcome obstacles and produced savings of almost $7.5 million. Noting that the 
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workflow's automation and digitalization, along with the integration of data governance 

practices and policies, increased the effectiveness of managing the business process, resulting in 

significant outcomes, and outlining how data governance through automated processes 

guarantees that significant data assets are managed effectively throughout their life cycle and 

ensures appropriate time management for the organization, which addresses the problem of 

geoscientists and engineers wasting valuable time on low-level tasks. 

Recommendations 

 

Figure 2: Ways to Enhance Data Utilization and Collaboration 

For Organizations 

➢ Invest in governance and data quality tools.  Analyst estimates of average enterprise costs 

of about $12.9 million annually based on inadequate data serve as the foundation for the 

business case. 

➢ Calculate the price of inaccurate data.  This issue is often underestimated by 

organizations; monitoring it can free up funds for solutions. 
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➢ Arrange the resources needed to prepare the data.  Since data preparation typically 

accounts for about 60% of analysis time, realistic staffing and scheduling should take this 

into account. 

For Data Scientists 

➢ Create model cards that highlight data limitations and uncertainty. 

➢ To make "data quality" a visible, quantifiable focus of management attention, use 

dashboards with data-health measures (missing rates, freshness, duplicates). 

For Cross-Functional Teams  

Before committing to timetables, make sure sponsor groups participate in data-readiness 

milestones and establish agreed KPIs and governance cadence. 

Conclusion 

Organizations seeking dependable, repeatable analytics must address the triple problem of data 

quality, stakeholder communication, and expectation management.  The evidence is clear: this 

is a top priority due to the multimillion-dollar annual expenditures and significant time sinks for 

practitioners.  Teams can decrease hidden costs and increase quantifiable economic value by 

integrating governance, communication, and calibration.  This study shows that the success of 

every data science project depends on the careful coordination of three interrelated pillars: 

realistic expectation management, clear communication, and high-quality data. Poor data quality 

continues to be a multi-million-dollar burden, according to industry reports and recent research, 

and practitioners still spend the majority of their time fixing avoidable data problems.  The study 

also shows that when stakeholders are unable to comprehend results, trust outputs, or 

incorporate insights into operational decision-making, even technically competent models fall 

short.  Projects are also jeopardized when expectations fail to account for the data-dependent, 

probabilistic, and iterative character of analytical work. This study provides a single route for 

businesses looking for reliable, repeatable, and value-generating analytics by combining insights 

from governance frameworks, socio-technical communication practices, and structured 

expectation-calibration tactics.  The case study demonstrates that when these components work 

together rather than separately, quantifiable performance benefits result.  In the end, addressing 

the triple challenge is a strategic requirement for businesses hoping to get long-term benefits 

from data-driven systems in an increasingly complicated digital environment, not a technical 

luxury. 
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