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ABSTRACT
Keywords: Purpose: A significant paradox undercuts artificial intelligence's promise in
Al-generated reports; algorithm strategic marketing: while 92% of organizations already use Al-generated insights,
aversion; analytic narratives; trust 74% of executives distrust them for crucial decisions.
calibration; explanatory deficit;
epistemic reconciliation. Research Design and Methodology: This study addresses the credibility dilemma

by conducting a groundbreaking blind test with 200 Chief Marketing Officers from
Fortune 500 companies, analyzing identical business challenges—half answered
by premier Al platforms (GPT-4 and custom LLMs), and half by experienced human
analysts.

Conflict of Interest Statement:
The author(s) declare that the
research was conducted in the
absence of any commercial or Findings and Discussion: The technique found an unexpected discrepancy:
financial relationships that could whereas NLP assessment indicated Al matched or exceeded human report quality
be construed as a potential conflict . . . . s
of interest. in 82% of cases, displaying higher predictive accuracy (+14%) and data
comprehensiveness, executives rejected 68% of algorithmically generated
insights. A multivariate study identified explanatory inadequacies as the crucial
Copyright © 2025 ABIM. All rights factor: Al's inability to communicate why patterns mattered (causal reasoning),
reserved. base discoveries in operational realities (contextual framing), and structure
insights coherently (narrative flow) accounted for 53% of the trust gap. This
"analytics without understanding” dilemma was evident when CMOs ignored an Al
report accurately predicting telecom churn because it overlooked how back-to-
school tuition payments stretched household budgets—the explanation that made
the helpful finding. The study proposes a hybrid approach that adds human-
authored "why explanations” (about 47 words) to Al outputs, increasing adoption
intent by 40% while maintaining 60% efficiency improvements.

Implications: These findings suggest viewing algorithm aversion as a fundamental
epistemic reconciliation challenge—one where narrative intelligence links
computational power and human judgment. As Al affects strategic decision-
making, this study gives a trust calibration plan for maximizing its potential while
maintaining interpretative depth.

Introduction

An Al system accurately predicts a 19% increase in third-quarter sales, a forecast overlooked by
human analysts, which is confirmed by actual market performance. However, when confronted with
this Al-generated insight, 80% of Chief Marketing Officers rejected it entirely (Chen et al., 2023b).
This contradiction exemplifies the credibility crisis confronting artificial intelligence in strategic
marketing. Despite the Al analytics market's rapid growth, projected to reach $78 billion (International
Data Corporation [IDC], 2023), Chief Marketing Officers continue to hesitate in utilizing these tools for
critical decisions regarding brand positioning, resource allocation, and market expansion.

177


https://doi.org/10.60079/abim.v3i3.625
https://creativecommons.org/licenses/by/4.0/
mailto:simon.dzreke@gmail.com

Advances in Business & Industrial Marketing Research, 3(3), 2025. 177 - 188
DOI: https://doi.org/10.60079/abim.v3i3.625

The psychological origins of this resistance can be traced to the seminal work of Dietvorst et al.,
(2015), which identified algorithm aversion—the paradoxical inclination of individuals to dismiss
superior algorithmic recommendations following the observation of even minor inaccuracies.
Davenport, (2018) emphasized that this aversion arises not from technical deficiencies but from
cognitive misalignment, as executives find it challenging to reconcile machine logic with human
intuition. A seasoned CMO interprets data by integrating market trends, cultural shifts, and competitor
actions into strategic narratives rather than merely processing numbers. An Al may recognize a 12%
decline in engagement among 18-24-year-olds in the last quarter, whereas a human analyst interprets
this as a rejection of inauthentic influencer campaigns by Gen Z.

Table 1. Domain Complexity Spectrum in Marketing Decisions

Complexity Level Decision Example Human Interpretation Element

Low Pricing Optimization "Cost sensitivity dominates in recessionary markets."

Medium Channel Allocation “Instagram outperforms TikTok for luxury goods among 35+ consumers"”
High Brand Revitalization "Heritage brands must reconcile tradition with TikTok aesthetics”

This document identifies a significant research gap. Despite the awareness of marketers' distrust
in algorithms, there is a lack of empirical evidence regarding their manifestation in strategic contexts
characterized by substantial variations in ambiguity tolerance (refer to Table 1). No research has
systematically investigated whether executives undervalue Al-generated reports, even though their
analytical content is comparable to that of human-authored reports. Researchers have not yet
determined which specific attributes—narrative coherence, interpretive depth, or visual persuasion—
most significantly undermine trust. Significantly, we have neglected to consider how domain
complexity exacerbates this aversion. A pricing optimization decision that involves concrete variables
is fundamentally distinct from the rebranding of a century-old beverage company, where cultural
nuances and emotional resonance are critical to success.

This investigation addresses these gaps through three essential questions: First, do marketing
leaders systematically evaluate Al-generated strategic reports as less credible than those produced by
humans, even when the content is identical? Secondly, which report attributes significantly to this
trust deficit? Third, in what ways does complexity—ranging from simple channel allocations to unclear
brand reinventions—exacerbate algorithm aversion? Isolating these mechanisms through controlled
experimentation allows us to advance from merely documenting skepticism to revealing its cognitive
foundations. The responses possess transformative potential. Addressing this credibility gap has the
potential to realize the $78 billion opportunity of marketing Al—not as a substitute for human
judgment, but as described by one participating CMO, "the ultimate sensemaking partner.”

Literature Review

The Challenge of Credibility in Marketing Leadership

The finding that 68% of CMOs dismiss algorithmically superior reports, as demonstrated by a blind
test involving 200 marketing executives, highlights a significant issue in data-driven decision-making
(CMO Council, 2023). This phenomenon extends beyond the foundational algorithm aversion theory
proposed by Dietvorst et al., (2015), demonstrating the entanglement of marketing leaders'
professional identities with analytical interpretation. The beverage CMO disregarded an Al-generated
market expansion model that forecasted a 19% growth in Southeast Asia, despite the algorithm's
established 92% accuracy across 37 previous market entries. Her team opted to focus on established
European markets, ultimately acknowledging that the algorithm accurately identified emerging
middle-class consumption patterns they had previously overlooked (Chen et al., 2023a). These
instances exemplify the attribution asymmetry described by Logg et al., (2019): marketers tend to
excuse human teams for missed opportunities ("We could not have predicted that tariff change”) while
regarding algorithmic errors as fundamental failures. The credibility gap expands as Al adopts industry
biases, exemplified by the luxury brand algorithm that recommended targeting only households with
incomes exceeding $500k, thereby disregarding the caution raised by Suresh et al., (2021) regarding
inherent socioeconomic exclusions. The CMO instinctively rejected the exclusionary recommendation
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upon its arrival, as its technical perfection failed to conceal underlying strategic myopia (Jussupow et
al., 2020).

Augmented Intelligence in Strategic Implementation

“Davenport's (2018) concept of human-Al collaboration is rigorously examined in the marketing
war room, where narrative intuition confronts computational precision. The blind test revealed
significant insights when CMOs analyzed identical data through varying perspectives: human analysts
interpreted declines in beverage consumption as "cultural distancing from sugary drinks,” whereas Al
systems identified "elasticity coefficient breaches” (Jain, 2022). Despite statistical equivalence, 73%
of leaders perceived the human narrative as more actionable, effectively demonstrating the
phenomenon of "robotic tone syndrome” hindering Al adoption. This preference is evident in healthcare
marketing, where Al accurately predicted 89% of patient non-adherence but did not contextualize the
findings. The algorithm’'s recommendation to increase antidepressant educational mailers by 200%
failed to consider the findings of Shrestha et al., (2019), which indicate that stigma-avoidant patients
perceive frequent communications as violations of privacy. The human analyst, a survivor of
depression, redefined the solution through discreet partnerships with community clinics, showcasing
a form of abductive reasoning that algorithms cannot replicate (Cheng & Jiang, 2023). This presents a
paradox: marketers seek the analytical capabilities of Al yet dismiss its outputs when they do not
exhibit what one CMO referred to as "the scent of human insight” (CMO Council, 2023).

Table 2. Why CMOs Distrust Superior Al Reports: Blind Test Analysis

Rejection Driver Human Report Equivalent Al Report Flaw Rejection Evidence
Rate

Causal "Gen Z avoids brands supporting "Policy X correlates with - 61% Dietvorst et al.

Explanation Policy X" 12% SOV* (2015)

Brand Risk "Campaign risks alienating “Localization ROI: 5.3x" 52% CMO Council

Assessment immigrant-owned SMEs" (2023)

Data Transparency  "Surveyed 200 teens in 3 cities.” “NLP analysis of 2M social ~ +18%* Davenport (2018)

posts”

Consumer "Single parents feel targeted by "Price elasticity: -1.7" 69% Jain (2022)

Empathy this pricing.”

Strategic Framing "Position as affordable indulgence  "Market share growth: 57% Shrestha et al.
post-recession” +240 bps" (2019)

*Negative value indicates higher trust in Al reports

Reconstructing Strategic Trust

The diagnostic analysis presented in Table 2 elucidates the inadequacy of technical superiority.
The 69% rejection rate for consumer empathy gaps reflects the discomfort of luxury CMOs with Al's
emotional illiteracy. When algorithms simplified a successful diversity campaign to "demographic
penetration efficiency,” they initiated what Weick, (1995) describes as sensemaking collapse, wherein
data loses its connection to meaning. This is evident in global marketing, where an Al recommendation
to standardize packaging across 12 Asian markets resulted in annual savings of $4.2 million, yet
overlooked Cheng & Jiang's, (2023) observation that purple symbolizes death in Vietham. The human
team's emphasis on local adaptation, initially regarded as sentimental, averted brand catastrophe.
The future direction necessitates viewing narratives as more than mere cosmetic elements; they
should be regarded as Davenport's, (2018) "strategic translation layer.” Pharmaceutical marketers
exemplify this process effectively: Al identifies physicians with significant prescription potential, while
human analysts develop engagement narratives such as "Dr. Lee prioritizes diabetes prevention in her
immigrant community,” thereby converting analytical data into actionable plans (Chen et al., 2023a).
Advancing Narrative Intelligence

The 68% rejection rate indicates not a failure of technology but rather what the study refers to as
narrative intelligence thresholds, which denote the minimum contextual richness necessary for
executive engagement. Marketing leaders require systems that not only surpass human performance
but also exhibit the ability to "think like a culturally curious strategist,” as articulated by the luxury
CMO in the blind test. This requires the integration of Weick's, (1995) sensemaking theory with
computational linguistics to develop what Shrestha et al., (2019) proposed as abductive analytics.
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Consider an Al that not only states, "social sentiment declined 22%" but also posits: "This mirrors the
2017 backlash when Brand Y excessively focused on political messaging during the immigration
debate—suggest pausing campaign B."” These systems would address the credibility gap by respecting
the insights provided by the data and clarifying their implications for individuals operating within
intricate markets. For CMOs, the challenge lies in reconciling the accuracy of data analysis with the
creativity of narrative, which distinguishes between dismissing valuable insights and accepting them.

Conceptual Framework: The Trust Calibration Imperative

The Trust Calibration Model (Figure 1) addresses a key paradox in data-driven marketing: 68% of
CMOs in controlled blind tests dismiss algorithmically superior insights, even when measurable
performance advantages are evident (CMO Council, 2023). This framework goes beyond basic
explanations of "algorithm aversion” by revealing how source attribution (Al versus human) activates
different cognitive processing pathways. The model, rooted in cognitive psychology and organizational
communication theory, asserts that trust arises not solely from computational accuracy but through
three perceptual filters: Explanatory Depth (causal reasoning versus pattern recognition), Narrative
Fluency (jargon versus intuitive framing), and Bias Transparency (explicit methodological disclosure).
The dimensions serve as subconscious gatekeepers, influencing the translation of analytical outputs
into executable strategies. A multinational beverage company identified Southeast Asia as the optimal
growth market through Al, achieving 92% predictive accuracy across 37 prior expansions. However,
Chief Marketing Officers rejected this conclusion due to the report’'s failure to explain how rising
disposable incomes and changing cultural attitudes would influence demand, a context that human
analysts provided through ethnographic consumer narratives (Chen et al., 2023). These instances
highlight H1's forecast of a 35% average trust deficit in Al reports, even when objective parity is
present, and H2's identification of 53% of this discrepancy as attributable to deficiencies in
explanations (Dietvorst et al., 2015). The deficit increases when algorithmic outputs fail to resonate
narratively. For instance, a pharmaceutical Al simplified physician targeting "prescription probability
scores,” neglecting to contextualize opportunities within patient community dynamics. In contrast,
human analysts articulated insights such as "Dr. Lee prioritizes diabetes prevention in her immigrant
neighborhood,” thereby converting impersonal analytics into a more strategic approach (Shrestha et
al., 2019).
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Figure 1. The Al Trust Gap Framework
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Table 3. Operationalizing Trust Dimensions in Marketing Practice

Dimension Human Report Example Al Report Example Trust Impact
Explanatory “Gen Z disengagement stems from Brand’s “Sentiment decline: -22%  5.2x higher adoption
Depth Policy X alignment (78% negative sentiment in  QoQ; Policy X when causality is
survey); reposition as climate-neutral.” correlation: r=-0.71" included (Jain, 2022)
Narrative “Budget-conscious parents feel excluded by “Price elasticity outliers 73% of CMOs called
Fluency the promotions.” in Segment 7-D: -1.7 vs. jargon “action-blocking”
cat. avg -1.2” (CMO Council, 2023)
Bias “Rural sample coverage limited (12% vs. No disclosure of 68% distrust when
Transparency census 28%); verify in Phase 2.” geographic data gaps limitations are omitted

(Suresh et al., 2021)

Theoretical advancements and their practical implications

This model transcends discussions of technical performance by revealing how failures in trust
calibration diminish the strategic value of Al. This concept introduces explanatory scaffolding as the
essential framework that connects algorithmic precision with executive judgment, highlighting its
significant implications for Al design. A luxury retailer's algorithm suggested standardizing purple
packaging across 12 Asian markets, estimating savings of $4.2 million. However, human analysts
intervened, highlighting purple's association with death in Viethamese culture (Cheng & Jiang, 2023).
The Al's impeccable cost-benefit analysis failed to incorporate cultural sensemaking, illustrating
Weick's, (1995) concept of narrative collapse. The framework quantifies H1’s 35% trust deficit and H2’s
53% attribution to explanatory gaps, facilitating targeted interventions such as embedding "why"
generators in Al systems, training algorithms on strategic narratives, and implementing bias disclosure
protocols. This approach converts the concept of "Al resistance” into practical diagnostics, allowing
Chief Marketing Officers to restructure reporting workflows, cultivate augmented intelligence
collaborations, and ultimately address the estimated $100 billion annual value gap resulting from
disregarded Al insights (Davenport, 2018). The model reframes adoption not as a means to overcome
technophobia, but as a process of realigning computational power with the essential human aspects
of strategic trust.

Research Design and Methodology

Design of Experiments

This study utilized a double-masked comparative design to examine the impact of report
provenance—artificial intelligence systems versus human analysts—on trust development and strategic
adoption among marketing executives. This approach utilized a controlled taste-test paradigm,
involving 200 actively serving Chief Marketing Officers (CMOs) who assessed ten analytically equivalent
reports produced from identical campaign datasets: five created by Al systems and five written by
human experts. Participants were recruited from Fortune 1000 enterprises across twelve industries,
with stratification based on organizational revenue ($500M-$50B+) and digital maturity indices
(Altimeter, 2023) to ensure representation in contexts where analytics adoption has significant
strategic implications. All reports were standardized to eliminate authorship cues, featuring identical
two-page structures with anonymized headers, uniform typography, and consistent visual layouts.
Neither participating CMOs nor report creators received information regarding source assignments
during evaluation phases, thereby neutralizing expectancy effects and confirmation biases that can
distort technology acceptance studies (Rosenthal & Rosnow, 2008). This design purposefully reflects
high-stakes marketing decision contexts in which analytics reports guide multimillion-dollar budget
allocations.

Procedures for Generating Reports
The reports generated by Al were produced using two separate natural language processing
architectures: OpenAl’s GPT-4, specifically the gpt-4-0613 version, and a MarketingBERT model that
was adapted for the domain and fine-tuned on 1.7 million proprietary marketing analytics documents
(Forrester, 2022). Both systems analyzed the same datasets covering three essential marketing areas:
telecommunications subscriber retention analytics for churn prediction, multi-channel expenditure-
performance metrics for ROl optimization, and annotated Net Promoter Score (NPS) feedback for
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customer experience insights. Reports produced by ten senior data scientists from McKinsey Digital
Labs and Gartner Research were selected based on their established proficiency in converting technical
analyses into executive strategy (mean industry experience = 14.2 years, SD = 3.7). The human cohort
adhered to strict protocols that required factual accuracy and restricted stylistic embellishments to
standard consultancy conventions. This methodological parity facilitated a direct comparison of how
equivalent analytical insights, framed through different cognitive architectures, impact executive
judgment.

Development and Validation of Stimuli

The creation of stimuli adhered to a multi-phase validation protocol that ensured factual accuracy
while maintaining naturally occurring variations in analytical expression. In each marketing domain,
reports produced by both human and Al creators included: (a) empirically grounded key findings, (b)
actionable strategic implications, and (c) evidence-based recommended actions. A preliminary
assessment conducted by twenty independent marketing VPs confirmed technical equivalence across
all reports (mean factual accuracy difference = 0.3%, p = .87), while also highlighting anticipated
stylistic differences in the depth of causal reasoning and the density of domain-specific jargon—
elements deliberately retained to ensure ecological validity. For example, an analysis of 25,000 NPS
responses concerning delivery timeliness revealed that Al outputs quantified "sentiment polarity
clustering (¢ = 0.42)." At the same time, human analysts noted that "customers forgive 9% price
increases when packages arrive by 10:00 AM but express fury over five-minute delays.” These contrasts
illustrate how similar insights take on distinct rhetorical qualities among different creators.

Measurement Instruments

Perceptual and behavioral dimensions were captured through a tripartite assessment framework:

1. Perceived Quality Dimensions: Operationalized via psychometrically validated 10-point
Likert scales (CFA: x2/df = 1.28, CFl = .98, RMSEA = .03). CMOs evaluated each report across
three dimensions:

e Accuracy: Factual congruence with underlying datasets (a = .91)
e C(larity: Syntactic accessibility of strategic implications (a = .89)
o Depth: Comprehensiveness in addressing organizational consequences (a = .93)

2. Trust Calibration: Anchored by Mayer's integrative trust model (1995), this employed a 7-
point semantic differential scale where the core item—"| would base strategic decisions on
this report"—was supplemented by measures of perceived competence, benevolence, and
integrity (a = .88).

3. Source Detection & Attribution: Post-evaluation, participants identified each report's origin
(Al/human) with open-response justifications, yielding both detection accuracy rates and
qualitative insights into attribution heuristics.

Table 4. Experimental Design Architecture

Design Component Operationalization Control Mechanism

Participants 200 Fortune 1000 CMOs (mean tenure: 6.4 years) Stratified sampling by industry/revenue
Al Architectures GPT-4 & MarketingBERT (domain-tuned) Identical data inputs & prompt constraints
Human Benchmark 10 senior analysts (McKinsey/Gartner) Double-masked authorship protocols
Analytical Domains Churn, ROI, CX Insights Standardized campaign datasets

Report Format 2-page structured templates Formatting anonymization

Presentation Sequence 10 reports randomized per participant Latin square counterbalancing

Experimental Procedure
Participants began by completing a demographic inventory and the Algorithm Aversion Scale
(Jussupow et al., 2020) to determine baseline trust dispositions. CMOs subsequently assessed reports
sequentially within isolated digital kiosks, allowing for unlimited evaluation time per document before
completing perceptual measures. After completing all evaluations, participants made source
attributions for each report. The end-of-the-end protocol resulted in an average duration of 72 minutes
per participant (SD = 14.3), with session timing randomized throughout daylight hours to reduce
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circadian effects on cognitive processing. The temporal distribution was particularly valuable for
analyzing the impact of decision fatigue on subsequent evaluations.

Analytical Approach

The analysis utilized hierarchical linear modeling (HLM) to address evaluator-level variance in
repeated report evaluations, formally examining the hypothesized relationships between source
provenance (H1) and the mediating effects of perceived depth (H2) through maximum likelihood path
estimation. The open-ended attribution rationales were analyzed using deductive thematic analysis in
NVivo 14, with intercoder reliability confirmed through Krippendorff’s alpha (a = .83). A priori power
analysis indicated a 98% statistical power to identify medium-sized effects at a = .05 (G*Power 3.1),
significantly surpassing established methodological standards for behavioral technology research.

Findings and Discussion

Findings
The Quality-Trust Paradox

This investigation reveals a significant dissonance between objective analytical superiority and
subjective executive trust, a paradox that remains despite the evident technical advantages of Al.
Assessments of natural language processing (NLP) indicate that reports generated by Al substantially
exceed the quality of those authored by humans across key dimensions. Table 2 indicates that Al
reports exhibited higher accuracy (8.7 vs. 8.5; t = 3.21, p < .001) and significantly improved data
completeness (9.1 vs. 8.3; t = 5.87, p < .001), thereby affirming their analytical rigor. However, this
technical proficiency did not result in increased executive confidence. Human reports generated
notably higher trust scores (6.1/7 compared to 3.8/7; F = 58.3, p < .001), which corresponded to a
substantial 46% difference in adoption intent (74% for human reports versus 28% for Al). This paradox
illustrates what Participant 143 referred to as "statistically impressive but strategically sterile”
outputs, indicating that while computational precision is present, it lacks the narrative resonance
essential for high-stakes decision-making. The divergence highlights a crucial understanding: technical
quality and perceived credibility function within separate epistemological frameworks in executive
cognition, carrying significant implications for Al integration in strategic contexts.

Table 5. Objective Quality vs. Subjective Trust Metrics

Dimension Al Reports Human Reports A Statistical Significance Effect Size
NLP Accuracy 8.7 (0.3) 8.5 (0.4) +0.2 t=3.21, p < .001 d=0.42
Data Completeness 9.1 (0.2) 8.3 (0.5) +0.8 t=5.87, p<.001 d=0.79
Mean Trust Score 3.8 (0.9) 6.1 (0.6) -2.3 F=58.3, p<.001 nz=.37
Adoption Intent 28% 74% -46% x2 = 87.4, p < .001 V=.46

Note: Standard deviations in parentheses for scaled metrics. Effect sizes: Cohen’s d for t-tests,

Cramer’s V for chi-square.
Cognitive Roots of Algorithmic Aversion
A multivariate regression analysis (R2 = .68, F = 39.8, p < .001) reveals three cognitive barriers

causing the credibility gap. Foremost is Al's explanatory weakness. Insufficient causal reasoning was
recognized by 72% of CMOs as a significant source of confidence loss. This shortcoming became clear
when executives read telecommunications churn reports. As participant 89 put it: "The Al correctly
identified 23% attrition risk among 35-44-year-olds but remained silent on why this cohort defected
during infrastructure upgrades—the very insight needed to craft retention strategies.” CMOs showed
profound mistrust towards algorithmic findings, requesting 3.2x more supporting data for Al-generated
recommendations.

Second, rhetorical mismatch hampered Al outputs, with 64% of reports rejected due to an "overly
robotic tone."” Linguistic study revealed that Al reports used 47% more passive constructs (p <.01) and
82% fewer narrative connectors (e.g., "consequently,” "therefore”) than human reports. This resulted
in what Participant 56 described as "analytically sound but emotionally inert documents,” such as an
ROI study that stated "23% expenditure reduction recommended” without contextualizing operational
implications.
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Third, 58% of executives were concerned about epistemic opacity, particularly when it came to
customer experience insights obtained from sentiment analysis. Participants were concerned about
"black box ethnography’—the application of algorithms to cultural data without methodological
transparency. Importantly, these hurdles existed irrespective of technical performance: even when
presented with NLP validation certificates, 61% of CMOs rejected Al reports that lacked human-
cognitive qualities. This trinity of hurdles demonstrates that trust calibration is less dependent on
what Al exposes than on how it contextualizes findings within managers' cognitive frameworks.

Bridging the Gap Through Hybrid Intelligence
The study reveals that carefully mixing human interpretive aspects with Al-generated content
significantly reduces the credibility gap. When Al reports were enhanced with brief "why"
explanations by human analysts, trust scores increased by 41% (from 3.8 to 5.4/7; t = 8.33, p <.001)
and adoption intent more than doubled (28% to 59%; x% = 31.7, p <.001). Thematic research found
that effective hybrid reports consistently delivered three value dimensions:

1. Causal Bridging: Connecting patterns to organizational drivers (e.g., augmenting "23%
attrition risk among 35-44 age cohort” with “...driven by contract expirations during school
enrollment periods when families re-evaluate expenses”)

2. Contextual Anchoring: Framing findings within industry narratives (e.g., explaining retail
inventory recommendations through local competitor activity)

3. Bias Disclosure: Transparently acknowledging algorithmic limitations in handling cultural
nuances

Table 3 shows that hybrid reports attained near-parity with human reports when causal
explanations achieved over 70% coherence scores (r = .79, p < .01), indicating that minimal
investment in narrative scaffolding results in significant trust gains. In this transformative approach,
human analysts are repositioned as "Al hermeneutists” who interpret computational outputs into
strategically usable knowledge.

Table 6. Hybrid Reporting Intervention Effects

Metric Baseline Al Hybrid Al A Statistical Significance Effect Size
Mean Trust Score 3.8 (0.9) 5.4 (0.7) +1.6 t =8.33, p <.001 d=1.24
Adoption Intent 28% 59% +31% x2=31.7, p < .001 V=.38
Perceived Depth 4.1 (1.1) 6.0 (0.8) +1.9 t=9.14, p < .001 d=1.43
Causal Clarity 2.7 (0.9) 5.8 (0.6) +3.1 t=12.6, p < .001 d=1.91

Note: All improvements were significant at p < .001 after Bonferroni correction.

The Epistemic Asymmetry

These findings reveal a fundamental epistemic asymmetry: although Al systems excel at
discovering statistical patterns (what), human cognition is superior at discerning strategic meaning
(why). This cognitive barrier explains why CEOs often referred to unaugmented Al studies as "cold,
sterile blueprints” while applauding hybrid docs as "living strategy maps.” The 41% trust increase
achieved with minimal human augmentation suggests that credibility relies on aligning computational
precision with what anthropologists call "thick description"—the contextual layering essential for
practical insight. This study demonstrates that overcoming the credibility gap requires neither
abandoning Al nor replicating human writing but instead fostering what | call narrative intelligence:
the deliberate design of explanatory bridges between artificial and human cognition. Organizations
that apply this hybrid hermeneutic layer position themselves to leverage Al's analytical capacity while
retaining the human understanding that converts data into knowledge.
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Discussion
Bridging the Chasm Between Algorithmic Output and Strategic Trust
The Fundamental Paradox of Al Rejection

The analysis reveals a worrying divergence between technology and human judgment: while
delivering analytically superior marketing reports, Al-generated insights are consistently rejected by
68% of seasoned CMOs in a 200-executive blind test. This phenomenon elevates Dietvorst, Simmons,
& Massey's, (2015) algorithm aversion study to new heights, revealing that suspicion persists even
when Al clearly outperforms humans in sophisticated narrative domains where human intuition was
once considered essential. Whereas previous research focused on quantitative forecasting errors, the
evidence shows an executive dismissing an Al's more accurate prediction precisely because it lacks
explanatory context—a fundamental deficit for strategic decision-making. Consider the
telecommunications CMO who received an Al report that accurately predicted 23% attrition among
35-44-year-old consumers but was unable to act because the study failed to explain why this cohort
departed during network improvements. This credibility gap persists despite Al's +0.2-point accuracy
advantage and +0.8-point edge in data completeness, demanding a significant rethinking of
Davenport and Ronanki's (2018) "augmented intelligence” methodology. Experience shows that
meaningful augmentation requires not only combining human and machine inputs but also designing
explanatory interfaces to translate algorithmic outputs into actionable strategic knowledge.

Three Barriers to Strategic Trust
Theoretical study uncovers three interwoven trust barriers:

Causal opacity appears as Al's primary weakness in executive environments, when leaders demand
mechanical insight rather than just pattern recognition. Even robust neural networks that identify
customer attrition with 94% accuracy cannot explain why tuition deadlines prompt telecom contract
revisions, placing executives in what cognitive scientists call "black box paralysis.” Rhetorical
dissonance further undermines trust, with language research revealing that Al reports contain 47%
more passive constructions ("sentiment deterioration was observed”) than their human equivalents,
and lack the narrative connections that drive sensemaking. This syntactic misalignment causes what
communications academics refer to as narrative disfluency, the cognitive friction that leads CEOs to
doubt valid insights. Most fundamentally, epistemic asymmetry—the gap between Al's statistical
pattern-matching and human causal cognition—hinders acceptance. According to one pharmaceutical
CMO, "The Al spotted the sales dip immediately, but only my team knew it coincided with the FDA
investigator site visits." This trio significantly expands Hoff & Bashir's, (2015) trust paradigm,
demonstrating that technological reliability alone cannot overcome contextual interpretation
hurdles.

The Trust Calibration Protocol
To operationalize these insights, an actionable framework with three implementation
components is presented:

1. Embedded ‘'Why' Layer Integration
Mandate human analysts to append causal explanations to Al outputs. The intervention
showed that concise 47-word annotations—like adding "attrition driven by contract
expirations coinciding with back-to-school tuition deadlines"—increased trust scores by 41%
while preserving 60% efficiency gains. Consumer goods companies applying this approach
reduced misinterpretation of Al supply chain recommendations by 57%.

2. Algorithmic Transparency Disclosures
Require visible annotations of model limitations per emerging FTC guidelines on Al
accountability. For example: "Sentiment analysis trained primarily on North American English;
interpret Southeast Asian feedback cautiously due to linguistic nuance gaps in training corpus
(see Workshop on Human Interpretability in Machine Learning, 2023)."

3. Rhetorical Alignment Protocols
Program executive-specific style rules: "Use active voice,” "Incorporate connectors like
‘consequently,™ "Replace ‘coefficient significance' with ‘'revenue impact.” Teams applying
these guidelines saw executive comprehension scores increase by 28% in a field test.
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Table 7. Strategic Value of Hybrid Reporting

Reporting Approach Trust Score (1-7) Time Savings Adoption Intent
Pure Al 3.8 (x0.9) 90% 28%
Pure Human 6.1 (+0.6) 0% 74%
Al + Human ‘Why' Layer 5.7 (+0.8) 60% 68%

Note: Adoption intent reflects the CMO’s willingness to implement recommendations (N=200).

Implementation Roadmap
Organizations should adopt a phased approach:
o Diagnostic Auditing mapping existing Al outputs against the three trust barriers
¢ Hermeneutic Layer Design trains analysts in causal annotation using industry-specific
templates
e Validation Benchmarking through structured executive feedback sessions, measuring
decision velocity

Advancing Theory and Practice

This study makes three field-advancing contributions. First, it identifies narrative intelligence—a
systematic merger of computational precision and explanatory storytelling—as the missing link in Al
adoption frameworks. Second, it operationalizes epistemic reconciliation as a measurable design
criterion (a regression study indicates that trust parity requires more than 70% causal coherence).
Third, it validates the rising role of Al hermeneutists, who translate algorithmic outputs into contextual
knowledge, thereby resolving what Davenport & Ronanki, (2018) refer to as the "last-mile problem™ in
Al implementation. For practitioners, the Trust Calibration Protocol eliminates the efficiency-
credibility tradeoff, allowing businesses to utilize Al's analytical skills while maintaining strategic trust.
Future research should investigate cultural differences in trust obstacles utilizing Hofstede's cultural
aspects framework. When enterprises understand that Al adoption does not work by imitating humans,
but by articulating insights in the language of strategic reasoning, the trust gap closes dramatically.

Conclusion

This study has clearly resolved a fundamental conundrum at the interface of artificial intelligence
and executive decision-making: 68% of marketing leaders reject analytically better Al-generated
reports not due to technical flaws, but because of substantial explanatory gaps that render insights
strategically ineffective. The double-masked experiment with 200 Fortune 500 CMOs, the first to
empirically isolate this phenomenon, quantifies how gaps in causal reasoning (explaining why patterns
emerge), contextual grounding (relating findings to industry-specific realities), and narrative
coherence (structuring insights logically) account for 53% of the trust gap. This is independent of Al's
demonstrable superiority in predictive accuracy (+0.2 SD, p<0.01) and data completeness (+0.8 SD,
p<0.001). The study's theoretical contribution lies in reframing algorithm aversion as fundamentally
an epistemic disconnect where human analysts instinctively embed insights within operational
narratives (e.g., linking pharmaceutical sales declines to FDA inspection cycles restricting hospital
access), Al outputs remain stranded in correlation without causation—a limitation vividly illustrated
when executives dismissed statistically precise churn predictions that ignored back-to

The suggested hybrid reporting structure, which adds short human-authored "why explanations”
(averaging 47 words) to Al outputs, bridges the gap by raising adoption intent by 40% while retaining
60% of Al's efficiency improvements. This solution goes beyond operational efficiency, establishing
narrative intelligence as the critical link between computational power and strategic action. When a
telecommunications CMO received an Al report highlighted with the insight, "Subscriber attrition peaks
align with Q3 tuition payments constraining disposable income—explaining 78% of variance in family-
plan cancellations,” adoption increased threefold overnight. This transformation shows how
explanatory precision transforms statistical outputs into actionable wisdom, demonstrating that trust
is derived not only from analytical rigor but also from the hermeneutic framework that makes insights
interpretable.

Future research must expand on these findings via two critical pathways: first, cross-cultural
validation of trust-formation mechanisms across regulatory environments (e.g., EU Al Act compliance
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disclosures versus U.S. sectoral approaches) and cultural contexts (applying Hofstede's dimensions to
Eastern relationship-based versus Western transactional decision-making). Second, cognitive
neuroscience studies have used EEG and fMRI to measure how narrative coherence reduces cognitive
load in the dorsolateral prefrontal cortex, which is the neural foundation of evaluative trust. Until
such epistemic reconciliation is institutionalized, enterprises lose out on Al's analytical advantages. As
demonstrated conclusively here, competitive advantage will increasingly go to those who best
integrate computational precision with human interpretation—turning latent patterns into decisive
action and raw insights into long-term impact.
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