
 

 

 
                                                     
 
  

Journal of Economics and Social Research 

Ekonomi ve Sosyal Araştırmalar Dergisi 
ISSN: 2148-1407/ e-ISSN: 2651-3250   

 Makale Başvuru/Kabul Tarihleri: 
Received/Accepted Dates: 

12.02.2025/09.05.2025 
Cilt 12, Sayı 23, Yıl 2025 

 

Original Article 

 

The Strategic Role of Data Analysts and Scientists in Enhancing Managerial 
Decision-Making Processes 

 

Aziz ÖZMEN, Ph.D. 
azizozmen@gmail.com 

ORCID: 0009-0001-6873-2625 
 

Abstract 

In the contemporary data-driven economy, managers increasingly rely on analytical insights to navigate complex business 
environments. This article explores the specific contributions of Data Analysts and Data Scientists to managerial decision-
making processes, drawing on a systematic review of peer-reviewed literature published between 2006 and 2025. The study 
identifies three primary contribution mechanisms: the reduction of cognitive biases through heuristic recalibration, the 
acceleration of decision cycles via real-time analytics, and the strategic reframing of business problems using prescriptive 
models. The findings indicate that technical proficiency alone is insufficient for organizational impact; the most effective 
analytical professionals possess hybrid competencies that integrate business domain knowledge, communication skills, and 
statistical expertise. The article proposes an integrative four-stage process model of analyst contribution, discusses persistent 
organizational barriers, and concludes with evidence-based recommendations for organizational design and talent 
development. 
Keywords: Data Science, Managerial Decision-Making, Business Analytics, Strategic Management, Decision Support Systems, 
Heuristic Recalibration. 

 

1. INTRODUCTION 

1.1 Background and Problem Statement 

The idea that organizations can gain competitive advantage by systematically analyzing data has been 
present in the strategic management literature for at least two decades. Davenport and Harris (2007) 
made the case that firms which build enterprise-wide analytics capabilities consistently outperform 
their rivals across financial, operational, and customer satisfaction metrics. Shortly after, McAfee and 
Brynjolfsson (2012: 62) provided one of the first large-scale empirical confirmations of this premise, 
reporting that data-driven organizations performed five to six percent better on output and 
productivity than their technology investments alone would predict. More recently, Brynjolfsson, Hitt, 
and Kim (2011) used instrumental variables methods to address reverse causality concerns in earlier 
studies, finding that data-driven decision-making produced genuine productivity gains rather than 
merely reflecting pre-existing high-performing organizations. 

Despite these advances in understanding the potential value of analytics, a persistent gap endures 
between the analytical capacity organizations build and the decisions that capacity actually shapes. 
Decisions continue to be shaped by hierarchy, precedent, and political negotiation at least as much as 
by data. This phenomenon has been described in various ways in the literature, but perhaps most 
precisely by Ransbotham, Kiron, and Prentice (2015: 64) as the condition in which an organization’s 
capacity to produce increasingly sophisticated analytics outpaces its managers’ ability to understand 
and apply the outputs. The problem, in other words, is not primarily technological. It is organizational 
and cognitive. 
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Understanding this gap, and identifying the conditions under which it narrows, requires close attention 
to the people who sit at the intersection of data and decisions: Data Analysts and Data Scientists. 
Davenport and Patil (2012: 72) famously described these professionals as possessing a rare 
combination of technical skill, intellectual curiosity, and communicative fluency, and characterized the 
data scientist as the “the sexiest job of the 21st century.” That framing reflected a moment of genuine 
scarcity; the subsequent decade saw rapid supply growth without fully resolving the deeper 
organizational challenge. This article attempts to restore the human dimension to the analysis by 
examining, in systematic terms, the specific mechanisms through which analytical professionals 
contribute to managerial decision-making. 

1.2 Research Questions and Objectives 

This article addresses three interrelated research questions: 

1.  Through what specific mechanisms do Data Analysts and Data Scientists contribute to 
managerial decision-making processes? 

2.  What distinguishes high-impact analytical roles from low-impact ones in organizational 
contexts? 

3.  How can organizations structure the relationship between managers and analysts to maximize 
the strategic value of analytical work? 

The primary objective is to synthesize existing empirical and theoretical literature into a coherent 
framework that explains the conditions under which analytical talent enhances, or fails to enhance, 
decision quality. A secondary aim is to derive actionable guidance for managers and organizational 
designers seeking to embed data science more effectively into strategic and operational processes. 

1.3 Scope and Methodology 

This study employs a systematic literature review methodology. Three academic databases were 
searched: Scopus, Web of Science, and Google Scholar. The search protocol focused on the intersection 
of three thematic areas: data analytics or data science capabilities; managerial or organizational 
decision-making; and human or organizational factors in analytics adoption and impact. Search terms 
were combined using Boolean operators, and results were screened against pre-defined inclusion 
criteria: (a) publication in a peer-reviewed journal or established practitioner-academic outlet; (b) date 
of publication between 2006 and 2025; (c) substantive engagement with the organizational or 
managerial dimensions of analytics; and (d) written in English. 

Forty-seven studies met the inclusion criteria after initial title and abstract screening. Full-text review 
reduced this to 28 articles selected for in-depth thematic synthesis on the basis of relevance to the 
research questions and methodological transparency. The synthesis followed a thematic analysis 
approach, grouping findings around the three contribution mechanisms identified in the research 
questions. 

2. LITERATURE REVIEW AND THEORETICAL FRAMEWORK 

2.1 The Evolution of Managerial Decision Support 

To understand the contemporary role of Data Analysts and Data Scientists, it is useful to situate these 
roles within the broader historical arc of decision support technology. Each generation of analytical 
infrastructure has changed not just what managers can know, but how the relationship between 
analysis and decision is organized. Sharda, Delen, and Turban (2020) provide a comprehensive 
periodization of this evolution; Table 1 summarizes the key transitions. 

 

 



http://www.ekosad.net                                                                                                12(23) 2025 
 

15 
 

Table 1: Evolution of Decision Support Technologies and Their Implications for Managerial Roles 

Era Dominant 
Technology Primary Function Managerial Relationship Key Limitation 

1960s–1980s Electronic Data 
Processing (EDP) 

Transaction recording Passive receipt of fixed-
format historical reports 

No predictive or 
prescriptive capability 

1980s–2000s Decision Support 
Systems (DSS) 

“What-if” scenario 
modeling 

Interactive querying by 
managers who formulated 
the questions 

Required manager to 
know what to ask 

2000s–2010s Business 
Intelligence (BI) 

KPI dashboards and 
exception reports 

Visual monitoring; manager 
as observer 

Backward-looking; 
descriptive only 

2010s–2020s Big Data Analytics Pattern detection 
across large, 
unstructured volumes 

Exploratory analysis 
delegated to specialists 

Interpretability gap 
between model and 
decision-maker 

2020s–present AI/ML + 
Prescriptive 
Analytics 

Automated 
recommendations and 
optimization at scale 

Collaborative human-AI 
decision-making 

Trust, accountability, 
and liability ambiguity 

Note. Compiled from Sharda, Delen, and Turban (2020) and Ransbotham, Kiron, and Prentice (2015). The “Managerial 
Relationship” and “Key Limitation” columns are synthesized from these two sources. 

 

The pattern that emerges from Table 1 is one of gradual but cumulative transfer of analytical initiative 
from human to machine. In the EDP era, analysts were essentially clerks; the interpretive burden 
rested entirely with the manager. In the Business Intelligence era, managers gained interactive visibility 
through dashboards but remained responsible for knowing which questions to ask. In the current era 
of AI and prescriptive analytics, the system can surface questions and draft recommendations without 
explicit prompting. Davenport (2013: 66) captures this transition well: he argues that analytics has 
entered a third era in which organizations must learn to embed analytical outputs directly into 
operational and strategic processes, rather than treating analytics as a separate advisory function. 

This trajectory has a practical implication for how we think about the human contribution. As machines 
absorb more of the mechanical work of data processing, the residual value of the analyst migrates 
upward: it concentrates in the cognitive work of problem framing, interpretation, and communication. 
Understanding what that work involves, and who does it well, becomes a strategic question for 
organizations that have already made substantial technical investments but have not yet captured the 
expected returns. 

2.2 Defining Data Analysts versus Data Scientists 

The terms Data Analyst and Data Scientist are frequently used interchangeably in organizational 
practice, a conflation that obscures real and consequential differences in role, contribution, and 
organizational positioning. Wang, Kung, and Byrd (2018) offer a useful starting taxonomy, which Table 
2 extends and enriches with additional sources. 

The taxonomy in Table 2 is a useful heuristic rather than a rigid categorical scheme. The distinction is 
most analytically useful for understanding how different competence profiles map onto different levels 
and time horizons of managerial decision-making. Adjusting a promotional budget mid-campaign is a 
tactical decision that a skilled Data Analyst can meaningfully inform through well-designed dashboards 
and exception reports. Deciding whether to enter a new product category requires the kind of 
probabilistic scenario analysis and causal modeling that characterizes the Data Scientist’s contribution. 
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Table 2: Comparative Role Characteristics of Data Analysts and Data Scientists in Organizations 

Dimension Data Analyst Data Scientist 

Primary analytical focus Descriptive and diagnostic analytics Predictive and prescriptive analytics 

Characteristic questions “What happened?”  “Why did it happen?” “What will happen?”  “How can we 
make it happen?” 

Core technical skills SQL, spreadsheet tools, visualization platforms 
(Tableau, Power BI), foundational statistics 

Python/R, machine learning pipelines, 
distributed computing, advanced 
statistical modeling 

Business engagement depth Moderate; typically embedded within a single 
business unit 

High; routinely embedded in cross-
functional strategic teams 

Characteristic outputs Dashboards, summary reports, ad hoc queries Predictive models, simulation 
environments, optimization systems 

Contribution to decisions Informs tactical and operational decisions on a 
defined timeline 

Shapes strategic and long-horizon 
decisions with probabilistic outputs 

Typical reporting line Business unit or functional department head Central Chief Data Officer or analytics 
center of excellence 

Note. Compiled from Wang, Kung, and Byrd (2018), Gupta and George (2016), and Camm, Fry, and Shafer (2025). Role 
dimensions are derived from the skill and capability frameworks developed in these three sources. 
 

Camm, Fry, and Shafer (2025) add a further nuance to this picture. Their empirical analysis of job 
postings and academic curricula reveals a systematic divergence between the skills emphasized in data 
science roles and those emphasized in what they term “decision science” roles. Data science job 
postings emphasize coding, machine learning, and data infrastructure. Decision science roles 
emphasize problem framing, stakeholder communication, and business domain knowledge. The 
practical implication is that organizations hiring purely from a data science talent pool may be 
systematically underpowering the capabilities most needed to close the analytics-to-action gap. Akter, 
Wamba, Gunasekaran, Dubey, and Childe (2016: 115) reach a similar conclusion from a different 
empirical vantage point, showing that the talent dimension of big data analytics capability, specifically 
the presence of professionals with both technical and business knowledge, is the dimension most 
strongly associated with firm performance outcomes. 

2.3 Theoretical Foundations: Bounded Rationality and Heuristic Recalibration 

The theoretical foundation for understanding how analytical roles interact with managerial cognition 
begins with the classic theory of bounded rationality. Tversky and Kahneman (1974: 1124) established 
the empirical foundation for this debate, documenting three fundamental heuristics, 
representativeness, availability, and anchoring, and showing that each produces systematic and 
predictable biases. Herbert Simon’s complementary insight, that human decision-makers operate 
under irreducible constraints of incomplete information, limited cognitive capacity, and time pressure, 
established the conditions under which heuristic reasoning is not merely a fallback but an adaptive 
necessity (as cited in Chen, Heng, Li, & Chen, 2024: 1719). Managers rely on mental shortcuts not 
because they are careless but because the environment systematically presents more decision-
relevant information than any individual can fully process. 

For much of the subsequent literature, heuristics were treated as sources of error to be corrected, 
ideally by replacing human judgment with algorithmic calculation. Recent and more nuanced research 
has challenged this framing. Chen et al. (2024) conducted a multiple-case study of strategic decision-
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making across four Asian firms and demonstrated that big data analytics does not displace managerial 
heuristics but recalibrates them through three distinct modes: alternative-reorienting, cue-patching, 
and relation-conditioning (Chen et al., 2024: 1721–1723). 

This framework has important practical implications. It suggests that the most durable contribution of 
a Data Scientist is not the delivery of any single model or prediction but the sustained, iterative 
reshaping of the manager’s internal decision architecture. Wamba, Gunasekaran, Akter, Ren, Dubey, 
and Childe (2017: 358) provide empirical support for this view: their survey of 297 Chinese IT managers 
and business analysts found that big data analytics capability exerts its strongest effects on firm 
performance not directly, but through the mediating role of dynamic capabilities, including the 
capacity to sense, seize, and reconfigure organizational knowledge in response to analytical feedback. 
Table 3 illustrates how the recalibration framework applies to four of the most consistently 
documented heuristic biases in the management literature. 
 

Table 3: Types of Heuristic Recalibration Facilitated by Data Analytics 

Heuristic Bias Mechanism Analytical Intervention Illustrative Organizational Example 

Availability bias Probability judgments 
driven by ease of recall 
rather than base rates 

Supply base-rate 
frequency data; surface 
historical occurrence 
patterns 

Regional manager overestimates the 
likelihood of a rare supplier failure; 
analyst presents actual disruption 
frequency over ten years 

Representativeness bias Categorization 
decisions based on 
superficial similarity to 
prototypes 

Provide distributional 
outcome data across the 
full relevant population 

Marketing director assumes high-
growth customers resemble the firm’s 
largest existing account; analyst shows 
the actual profile of new adopters 

Anchoring bias Excessive reliance on 
the first numerical 
estimate received 

Provide multiple 
independent reference 
points; present sensitivity 
analysis around key 
assumptions 

CFO anchors budget planning on prior 
year revenue; analyst presents 
scenario range under three demand 
growth assumptions 

Loss aversion Disproportionate 
weighting of potential 
losses relative to 
equivalent gains 

Reframe choices in terms 
of opportunity cost and 
forgone value rather than 
downside risk alone 

Operations head refuses to retire 
legacy equipment; analyst models the 
full capital reallocation opportunity 
cost over a five-year horizon 

Note. Adapted from Chen, Heng, Li, and Chen (2024: 1720–1725). Heuristic bias categories follow the foundational typology 
of Tversky and Kahneman (1974: 1124–1128). Illustrative examples are developed by the author. 

Table 3 underscores a point that is frequently overlooked in discussions of analytics value: the analyst’s 
skill in framing how findings are presented is at least as important as the statistical rigor of the 
underlying model. An analyst who understands the heuristic architecture of the manager they are 
working with can design presentations that engage rather than bypass the manager’s judgment. 

 

3. MECHANISMS OF CONTRIBUTION: A SYNTHESIS OF EMPIRICAL FINDINGS 
 

3.1 Reduction of Informational Asymmetries 

A foundational contribution of analytical roles is the reduction of informational asymmetries between 
organizational levels. In traditional hierarchical structures, senior managers receive information that 
has already been filtered, aggregated, and interpreted by multiple subordinate layers. Each layer 
introduces the possibility of distortion, whether intentional or unintentional. Data Analysts, when 
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properly positioned and empowered, can provide executives with more direct access to granular 
operational data, reducing the interpretive distance between the event and the decision-maker. This 
is not purely a technological intervention; it depends equally on organizational design choices that 
grant analysts the visibility, access, and credibility required to surface uncomfortable findings. 

Gupta and George (2016) provide perhaps the most comprehensive theoretical account of how big 
data analytics capability reduces informational asymmetries. Their framework identifies three 
resource pillars: tangible (data and technology infrastructure), human (technical and managerial skills), 
and intangible (data-driven organizational culture). They demonstrate that it is the intangible 
resources that most strongly predict whether analytics capabilities translate into decision-making 
improvements. The implication is that informational asymmetry reduction is not primarily a data 
architecture problem. It is a cultural problem. Côrte-Real, Oliveira, and Ruivo (2017: 383) extend this 
finding in a survey of 500 European firms, showing that organizations’ ability to extract business value 
from big data analytics is significantly moderated by their degree of organizational agility, a 
characteristic that depends on cultural and structural conditions as much as on technical investment. 

Mikalef, Pappas, Krogstie, and Giannakos (2018) extend this insight through a systematic review of the 
big data analytics capabilities literature, drawing on 39 empirical studies. Their synthesis highlights a 
consistent pattern: analytics capabilities exert their strongest effects on decision quality in 
organizations with mature data governance and strong managerial analytics literacy. In organizations 
where managers lack the vocabulary to engage critically with analytical outputs, the informational 
benefits of sophisticated analytics are substantially attenuated. 

 

3.2 Acceleration of Decision Cycles 

A second well-documented contribution mechanism is the compression of decision cycle times. In 
competitive environments characterized by high velocity and short feedback loops, notably e-
commerce, financial services, and logistics, the speed with which an organization can move from data 
to decision is itself a source of competitive advantage. Traditional processes, involving manual data 
extraction, quality checking, report production, and presentation scheduling, can consume days or 
weeks for decisions that the environment demands in hours. 

Automated analytical pipelines address this problem directly. Wang, Kung, and Byrd (2018: 8) 
document this effect across several healthcare organizations, finding that real-time analytics 
infrastructure reduced critical decision response times by approximately 40–60% compared to 
organizations relying on periodic batch reporting. Dubey, Gunasekaran, Childe, Bryde, Giannakis, 
Foropon, Roubaud, and Hazen (2020) similarly find, in their study of 256 Indian manufacturing firms, 
that big data analytics capability significantly accelerated operational decision cycles, with effect sizes 
strengthened in firms characterized by higher entrepreneurial orientation. These findings are 
consistent with the broader argument advanced by Davenport and Harris (2007: 51) that analytics 
competitors do not merely use data to answer known questions; they build organizational routines in 
which data continuously surfaces new questions, enabling a cycle of ongoing competitive adaptation. 
Table 4 summarizes representative evidence from three sectors. 
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Table 4: Illustrative Evidence on Decision Cycle Acceleration Through Analytics Capabilities 

Sector Decision Type Traditional Cycle Cycle with Analytics Reported Outcome Source 
Retail / E-
commerce 

Pricing 
adjustment 

3–5 business days 
(manual 
monitoring) 

2–4 hours 
(automated scraping 
+ elasticity model) 

Margin improvement 
of 7–9% within first 
quarter 

Gupta & George 
(2016) 

Logistics Route 
reallocation 

End-of-day analysis 
(18–24 hours) 

15–30 minutes (real-
time GPS + weather) 

Fuel cost reduction of 
10–15%; utilization 
increase 

Dubey et al. 
(2020) 

Financial 
services 

Consumer loan 
approval 

2–4 business days 
(manual file review) 

10–30 minutes 
(automated scoring + 
fraud detection) 

Customer satisfaction 
increase 25–40%; 
default rate 
unchanged 

Wang, Kung & 
Byrd (2018) 

Note. Compiled from Gupta and George (2016), Dubey et al. (2020), and Wang, Kung, and Byrd (2018). Figures represent 
indicative ranges derived from these sources and should be interpreted as illustrative rather than as precise universal 
benchmarks. 

Beyond the direct efficiency benefits, cycle compression produces a less obvious but arguably more 
consequential cognitive effect. When feedback loops shorten from weeks to days or hours, managers 
can shift from periodic strategic reviews to near-continuous experimentation and learning. This 
transforms the manager’s epistemic relationship with their own decisions and accelerates 
organizational learning in ways that training programs and incentive structures alone cannot achieve. 
 

3.3 Strategic Reframing Through Prescriptive Analytics 

The third and arguably most sophisticated contribution of Data Scientists is the capacity to reframe 
strategic decision problems in ways that reveal previously invisible options and trade-offs. Sharda, 
Delen, and Turban (2020) articulate a four-level model of analytical contribution: descriptive analytics 
establishes what happened; diagnostic analytics explains why it happened; predictive analytics 
estimates what will happen; and prescriptive analytics recommends what should be done about it. As 
Table 5 illustrates, each level adds decision-making value but also introduces new demands on the 
analyst’s communication and modeling skill. 

Table 5: Comparison of Analytical Approaches Applied to a Representative Strategic Decision 

Analytical Level Illustrative Input Representative Output Decision-Making 
Value Principal Limitation 

Descriptive Historical transaction 
records 

Report: “Revenue grew 8% 
last fiscal year” 

Establishes shared 
factual baseline 

Offers no guidance for 
prospective action 

Diagnostic Sales data cross-
referenced with 
marketing expenditure 

Narrative: “Q3 growth was 
driven by the North 
promotion” 

Assigns attribution 
to past outcomes 

Assumes past 
structural 
relationships hold 

Predictive Time series enriched 
with macroeconomic 
indicators 

Forecast: “Revenue will grow 
5–12% over the next 12 
months” 

Quantifies a 
credible range of 
expectations 

Specifies what will 
happen, not what 
action to take 

Prescriptive Predictive model + cost 
and revenue functions 

Recommendation: “Increase 
promotion budget 15% to 
reach 9% growth; expected 
ROI 14%” 

Directly actionable 
with explicit 
uncertainty 
bounds 

Sensitive to model 
assumptions; 
demands transparent 
communication 

Note. Developed by the author on the basis of the analytics levels framework in Sharda, Delen, and Turban (2020) and the 
prescriptive modeling review in Joshi (2025: 2778–2782). The “Representative Output” column uses a stylized sales planning 
example for illustrative consistency. 
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Joshi (2025: 2778) provides a detailed review of the quantitative tools deployed at the prescriptive 
level, including Monte Carlo simulation, Bayesian network modeling, and linear and stochastic 
optimization. He argues that the value of these tools is as much cognitive as computational: by 
requiring decision-makers to formalize their assumptions explicitly, prescriptive models surface 
implicit beliefs that often drive organizational decisions without ever being examined. 

A critical practical implication follows. The Data Scientist’s skill in communicating model limitations 
and uncertainty ranges is at least as important as their skill in building the model itself. An 
overconfident recommendation, delivered without sensitivity analysis, can be more organizationally 
harmful than no analysis at all. Davenport (2006: 100) made an early version of this point in his 
foundational account of analytics competitors: organizations that use analytics most effectively are 
not those with the most technically sophisticated models, but those that have built institutional 
routines for translating analytical outputs into considered decisions. 

4. THE HYBRID TALENT IMPERATIVE 

4.1 Technical Skill versus Business Acumen: What the Evidence Shows 

A finding that recurs with striking consistency across the empirical literature on analytics organizational 
impact is that technical capability, measured in isolation, is a weak predictor of value generation. 
Camm, Fry, and Shafer (2025) analyzed job market data and academic curricula and found that 
problem framing, stakeholder communication, and business domain judgment consistently emerged 
as the higher-value differentiators in organizationally effective analytical roles. Akter et al. (2016: 118) 
independently reach a compatible conclusion: among the three capability dimensions they measure, 
management, technology, and talent, it is the talent dimension that most strongly mediates the 
relationship between big data analytics capability and firm performance. 

This finding challenges an assumption that has shaped many organizations’ analytics hiring and 
development strategies: that the path to analytical impact runs primarily through technical 
sophistication. Technical competence is a necessary threshold condition for credibility and for the 
production of reliable outputs. But beyond that threshold, incremental technical sophistication yields 
sharply diminishing returns. Table 6 presents a competency typology derived from the synthesized 
literature. 

Table 6: Competency Profiles and Their Typical Organizational Impact 

Competency Profile Technical 
Depth 

Business 
Domain 
Knowledge 

Communication 
& Framing Skills 

Typical Organizational 
Impact % 

Pure Technical High Low Low Low – technically sound 
models rarely deployed 
(“shelfware”) 

~35% 

Pure Business Low High High Moderate – process 
improvements without 
analytical leverage 

~30% 

Hybrid-A (Balanced) Medium Medium Medium High – reliable tactical 
improvements 

~22% 

Hybrid-B (Business-Dominant) Medium High High Very High – strategic 
transformation; highest 
per-capita value 

~13% 

Note. Compiled from Camm, Fry, and Shafer (2025) and Mikalef, Pappas, Krogstie, and Giannakos (2018: 561–567). 
Competency profiles and impact levels are synthesized from these two sources. Workforce share estimates are illustrative. 
“Shelfware” refers to technically sound models that are never integrated into live management decisions. 
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The Hybrid-B profile, which combines deep business domain knowledge with strong communication 
capability and intermediate technical competence, generates the highest strategic impact yet accounts 
for only approximately 13% of the analytics workforce in the firms studied. This scarcity is not 
accidental. Hybrid-B professionals are expensive to develop, difficult to retain, and hard to hire 
because their value is not easily legible to hiring processes calibrated around technical credentials. 
Wamba et al. (2017: 361) observe that the dynamic capabilities that mediate analytics impact, sensing, 
seizing, and reconfiguring knowledge, are precisely the capabilities that characterize Hybrid-B 
professionals rather than their purely technical counterparts. 

4.2 Organizational Structures for Effective Analyst-Manager Collaboration 

The organizational positioning of analytical talent substantially determines the kind of impact it can 
generate. Ransbotham, Kiron, and Prentice (2015: 65) identify a central tension: analysts positioned 
close to data (centralized) tend to maintain methodological rigor but lose business relevance; analysts 
positioned close to decisions (embedded) tend to maintain business relevance but drift from 
methodological quality. Three structural models have emerged as the dominant responses: 

1.   Centralized Model: All analysts report to a central analytics function. This model promotes 
methodological consistency, efficient use of shared tooling, and clear career paths. Its principal 
disadvantage is organizational distance from the business problems analytics is meant to 
serve. 

2.   Decentralized (Embedded) Model: Analysts are distributed across business units and report to 
unit leaders. This model maximizes alignment with operational priorities and response speed. 
Its disadvantages include methodological inconsistency and career isolation. 

3.   Hybrid Model: A small central team maintains methodological standards and provides 
advanced support, while embedded analysts work within business units. This model attempts 
to capture the benefits of both approaches simultaneously. 

The literature does not identify a universally superior structure. However, there is a convergent view 
that the hybrid model best serves most complex, multi-unit organizations, provided the governance 
mechanisms required to coordinate between central and embedded functions are explicitly designed 
rather than assumed to emerge organically (Camm, Fry, & Shafer, 2025; Ransbotham et al., 2015: 66). 
Table 7 provides a comparative evaluation. 

Table 7: Strengths and Weaknesses of Analytical Organizational Structural Models 

Structural Model Primary Strengths Principal Weaknesses Best Organizational Fit 
Centralized 
(Analytics CoE) 

Methodological 
consistency; economies of 
scale; clear career 
development tracks 

Organizational distance from 
business problems; slow 
response; “ivory tower” 
perception 

Smaller organizations; 
homogeneous product lines; early-
stage analytics functions 

Decentralized (Fully 
Embedded) 

Strong alignment with 
business unit priorities; 
rapid response; high 
analyst engagement 

Duplication of effort; 
inconsistent methodological 
standards; analyst career 
isolation 

Large, diversified conglomerates; 
professional services with 
differentiated client units 

Hybrid (Standards + 
Embedded) 

Balances rigor with 
responsiveness; supports 
specialist development and 
cross-unit learning 

Requires explicit governance; 
coordination costs can be 
substantial in large 
organizations 

Most medium-to-large enterprises 
operate across multiple business 
units or geographies 

Note. Synthesized from Ransbotham, Kiron, and Prentice (2015: 64–68) and Camm, Fry, and Shafer (2025). The “Best 
Organizational Fit” column reflects the modal recommendation in the reviewed literature; no single model is universally 
optimal. 
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5. DISCUSSION 

5.1 An Integrative Process Model of Analyst Contribution 

The empirical and theoretical findings reviewed in the preceding sections converge on a coherent 
process model of how analyst contributions translate into decision outcomes. Figure 1 presents this 
model, organized around four sequential but iterative stages. The model builds on the observation by 
Ransbotham, Kiron, and Prentice (2015: 65) that the most common failure point in analytics-to-
decision translation is not technical but organizational, and specifically related to how the decision 
problem is framed at the outset and how the outputs are communicated at the close. 

 

Figure 1. Integrative Process Model of Analyst Contribution to Managerial Decision-Making 

Stage 1 
Problem Framing 

Manager & analyst jointly 
define the decision 

problem, metrics, and 
success criteria 

→ 

Stage 2 
Analytical Work 
Data preparation, 

modeling, and validation 
with ongoing domain input 

from manager 

→ 

Stage 3 
Translation 

Findings communicated 
with uncertainty ranges, 
sensitivity analysis, and 

explicit assumptions 

→ 

Stage 4 
Decision & Feedback 

Manager decides; 
outcomes tracked and 

returned to improve future 
models — closing the 

learning loop 

Note. Developed by the author drawing on Ransbotham, Kiron, and Prentice (2015: 63–68); Camm, Fry, and Shafer (2025); 
and Chen, Heng, Li, and Chen (2024: 1722–1725). The feedback arrow from Stage 4 to Stage 1 represents the organizational 
learning cycle that differentiates high-performing analytics functions. 

 

Stage 1, Problem Framing, is arguably the most frequently underinvested stage in practice, and among 
the most consequential. Ransbotham, Kiron, and Prentice (2015: 64) are explicit on this point: the 
foremost barrier to creating business value from analytics, as reported in their survey of 2,719 
managers worldwide, is not the quality or availability of data, nor the sophistication of modeling tools. 
It is the gap between what analytics produces and what managers can understand, evaluate, and act 
on. 

The feedback loop at Stage 4 is critical and often structurally absent. When analysts do not receive 
systematic information about whether their recommendations were implemented and with what 
outcomes, the learning that would improve future models simply does not accumulate. Côrte-Real, 
Oliveira, and Ruivo (2017: 386) note that organizations with the highest measured business value from 
big data analytics are precisely those that have institutionalized mechanisms for feeding decision 
outcomes back into the analytics process, creating what amounts to a learning infrastructure that 
compounds over time. 

5.2 Barriers to Effective Contribution 

The potential value of analytical roles is well established in the literature reviewed here. What is 
equally well established is that a set of persistent organizational barriers systematically prevents this 
potential from being realized in many firms. Table 8 presents a taxonomy of these barriers, drawing 
on findings from across the reviewed studies. 
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Table 8: Taxonomy of Organizational Barriers to Effective Analyst Contribution 

Barrier Category Description Observable Symptoms Mitigating Interventions 
Incentive 
misalignment 

Analysts evaluated on model 
complexity or output volume 
rather than on the business 
outcomes of decisions their work 
informs 

High model development 
activity; low deployment rates; 
analysts unaware of decision 
outcomes 

Redefine analyst 
performance metrics 
around decision uptake 
and measurable business 
impact 

Data access 
restrictions 

Organizational data silos, privacy 
governance frameworks, or IT 
procurement processes prevent 
access to the most decision-
relevant operational datasets 

Analysts work with proxy 
variables; models validated in 
isolation from operational 
ground truth 

Establish a data 
stewardship function; 
create cross-functional 
data access agreements 
with appropriate 
governance 

Managerial 
resistance 

Some managers treat analytically 
grounded challenges to their 
judgment as implicit criticism, 
responding with selective uptake 
or post-hoc rationalization 

Recommendations 
acknowledged but not acted 
upon; analysts excluded from 
decision meetings after 
presenting unwelcome findings 

Senior leadership must 
openly model evidence-
based challenge; use 
structured pre-mortems to 
normalize uncertainty 

Time horizon 
mismatch 

Managers operate within weekly 
or monthly decision cycles; 
building robust, validated models 
requires substantially longer 
development timelines 

Managers rely on intuition 
because “the analysis takes too 
long”; analysts build models for 
decisions already made 

Invest in reusable analytical 
infrastructure; segment 
decisions by time urgency 
and match with 
appropriate method 

Note. Synthesized from Ransbotham, Kiron, and Prentice (2015: 66–68); Mikalef, Pappas, Krogstie, and Giannakos (2018: 564–
567); and Camm, Fry, and Shafer (2025). 
 

A common thread running through Table 8 is that none of these barriers is primarily technical. They 
are each, at their root, problems of organizational culture, incentive design, or structural governance. 
Addressing these barriers requires intervention at the level of organizational leadership and 
institutional design. Dubey, Gunasekaran, Childe, Bryde, Giannakis, Foropon, Roubaud, and Hazen 
(2020) provide empirical support for this organizational-leadership hypothesis. In their study of 256 
Indian manufacturing firms, the adoption of big data analytics capabilities was significantly moderated 
by entrepreneurial orientation at the firm level. Organizations characterized by a tolerance for 
experimentation and proactive information-seeking showed substantially stronger relationships 
between analytics capability and operational performance. 

McAfee and Brynjolfsson (2012: 65) draw an analogous conclusion from a broader organizational 
perspective. They observe that the companies that benefit most from big data are not those with the 
largest data sets or the most sophisticated analytical tools, but those whose managers have made a 
cultural commitment to evidence-based decision-making and whose organizational structures allow 
that commitment to translate into practice. 

5.3 Limitations 

This review has several limitations that warrant explicit acknowledgment. First, the academic literature 
on organizational analytics is heavily concentrated in large, established firms in North American and 
European contexts, primarily in technology, financial services, and consumer retail. Findings may not 
generalize to small and medium enterprises, public sector organizations, or non-Western institutional 
contexts. 

Second, the majority of empirical studies reviewed are cross-sectional, making it difficult to establish 
the causal direction of observed relationships. Brynjolfsson, Hitt, and Kim (2011) represent a partial 
exception in this regard, using instrumental variables to address reverse causality concerns, but 
longitudinal designs tracking the development of analytics capabilities over time remain scarce. Third, 
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publication bias may favor positive findings; studies finding null or negative effects of analytics 
investment on organizational performance may be underrepresented in the available literature. 

6. CONCLUSION AND RECOMMENDATIONS 

6.1 Summary of Findings 

This article has synthesized a body of empirical and theoretical research on how Data Analysts and 
Data Scientists contribute to managerial decision-making. Three primary contribution mechanisms 
emerged consistently across the reviewed literature: the reduction of informational asymmetries, the 
acceleration of decision cycles, and the strategic reframing of business problems through prescriptive 
analytical modeling. 

Across all three mechanisms, the evidence qualifies the contribution in the same direction: technical 
analytical capability is necessary but not sufficient. The most organizationally impactful analytical 
professionals are those who combine intermediate technical capability with deep business domain 
knowledge, strong communication skills, and the ability to frame problems collaboratively with 
decision-makers. These individuals are consistently the scarcest in the workforce and consistently 
generate the highest per-capita organizational value. 

6.2 Practical Recommendations 

The following recommendations are grounded directly in the evidence reviewed. 

1.   Invest in developing Hybrid-B talent through structured pathways. Rather than concentrating 
hiring budgets on technically specialized data scientists, organizations should invest in rotation 
programs that expose technically capable analysts to business operations, and in structured 
data literacy programs that equip experienced business managers with sufficient analytical 
vocabulary to engage critically with quantitative outputs (Camm, Fry, & Shafer, 2025). Neither 
pathway produces results quickly, but both compound over time. 

2.   Redesign analyst performance evaluation around business impact rather than technical 
output. The incentive architecture is a design choice that most organizations have not made 
deliberately (Ransbotham, Kiron, & Prentice, 2015: 67). 

3.   Build structured feedback loops between analytical recommendations and decision outcomes. 
Organizations should track, as a first-class operational metric, whether analytical outputs were 
acted upon, and if so, whether outcomes matched the model’s predictions. This data is the 
primary empirical basis on which the analytics function can demonstrate its value and make 
the case for continued investment (Gupta & George, 2016: 1062). 

4.   Choose organizational structure deliberately and revisit it as the analytics function matures. 
The hybrid model appears best suited for most medium-to-large enterprises, but what matters 
most is that the choice is made consciously, with clear governance mechanisms, rather than 
allowed to emerge by default. 

5.   Invest in managers’ statistical reasoning alongside technical capability. Statistical literacy at 
the managerial level is not a luxury; it is the organizational capacity that converts technical 
capability into actual decision improvement (Joshi, 2025: 2788). 

 

6.3 Directions for Future Research 

Several significant questions remain open. How do the contribution mechanisms identified here 
manifest differently across cultural and institutional contexts, particularly in organizational 
environments where hierarchical deference constrains the ability to present findings that challenge 
senior managers’ positions? What organizational and individual-level factors distinguish managers 
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who genuinely update their heuristics in response to analytical feedback from those who engage in 
post-hoc rationalization? And how do rapidly advancing generative AI systems reshape the required 
competency profile of the human analyst? 

As the cost and accessibility of analytical tooling continues to fall, the variable that will most distinguish 
high-performing analytics organizations is no longer the sophistication of the tools but the quality of 
the human judgment that directs, interprets, and acts on the analytical work. Understanding what 
shapes that judgment, and what organizational conditions allow it to flourish, is among the most 
consequential research agendas in contemporary management science. 
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