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1 Abstract

In 2025, AT adoption in professional settings is characterized by a striking paradox: widespread use coupled
with moderate trust. Employees across industries now engage with Al tools multiple times daily, yet most
express uncertainty about output accuracy and maintain rigorous verification practices. This disconnect
between action and confidence reveals a workforce navigating uncharted territory, adopting transformative

technology faster than they can develop reliable mental models for its capabilities and limitations.

This report investigates the behavioral patterns, organizational dynamics, and individual concerns shaping
AT adoption in the workplace. Drawing on survey data from professionals in diverse roles and industries,
we examine usage frequency, trust calibration, skills impact, policy-practice gaps, and the emergence of

distinct user personas from “Al Maximalists” to “Al Resisters.”
Key areas of focus include:

o The phenomenon of “shadow AI” usage in organizations with restrictive policies
e The relationship between job security concerns and adoption patterns

o Skills degradation across different professional functions

e The productivity-workload trade-off as reported by actual users

e Economic investment patterns and willingness to pay for Al tools

Our findings suggest that Al adoption is proceeding through informal experimentation rather than top-
down strategic implementation, creating both opportunities and risks for organizations attempting to

harness these technologies effectively.

2 Introduction

2.1 From Speculation to Reality

The conversation about Al in the workplace has shifted. Three years ago, the debate centered on whether
Al would matter. Two years ago, it focused on when adoption would begin. Today, the question is no
longer if or when, but how professionals are actually integrating these tools into their daily work, and

what that integration reveals about the future of professional capability.

This research cuts through the speculation to examine what’s actually happening. We surveyed 67

professionals across industries, roles, and geographies to understand real usage patterns, not projected ones.



What emerged from the data wasn’t a story of smooth technological progress or coordinated organizational
transformation. Instead, we found something more interesting: a workforce improvising its way through a

technology shift that’s moving faster than anyone’s ability to manage it properly.

2.2 What We Actually Looked At

The survey captured multiple dimensions of Al adoption simultaneously. We asked people how often they
use Al, but also whether they trust it. We asked what their companies say about Al, but also what they
actually do. We measured self-reported productivity gains, but also tracked which fundamental skills
people feel they’re losing. We identified how much people spend on Al tools, but also how worried they

are about their jobs.

The goal wasn’t to generate a single headline statistic about adoption rates. It was to map the tensions,
contradictions, and trade-offs that define how Al is actually being absorbed into professional work. The
patterns that matter most aren’t the ones that fit neatly into “Al is good” or “Al is dangerous” narratives.
They’re the ones that reveal complexity: high usage despite low trust, productivity gains paired with skills

erosion, organizational policies routinely ignored by the workforce meant to follow them.

2.3 Why Survey Data Matters Now

Most analysis of workplace AI comes from three sources: vendor claims about what their tools can do,
organizational case studies showcasing successful implementations, or academic research on Al capabilities
in controlled settings. All three perspectives miss something crucial. What vendors promise and what
actually gets adopted are different things. Showcase implementations don’t represent typical usage. And
controlled experiments can’t capture the messy reality of how people integrate Al into existing workflows

under time pressure.

Survey data from actual users provides a different lens. It reveals what’s working, what isn’t, and what
people are doing when nobody’s watching. It shows the gap between what organizations think is happening
and what employees are actually doing. It captures the difference between how people believe they should

use Al and how they actually use it when deadlines loom and nobody’s checking.

The 67 respondents in this study aren’t a representative sample of all professionals. They skew toward
technology sectors, European locations, and people willing to spend time thinking about how Al affects

their work. But that bias is informative rather than limiting. These are early adopters, the leading edge of



broader trends. Understanding how this group is navigating Al integration provides insight into challenges

that will become universal as adoption spreads.

2.4 What Makes This Moment Different

Every major technology shift produces similar patterns: initial resistance, gradual adoption, eventual
normalization. But AI adoption is compressing these phases in ways that create unique challenges. The gap
between “nobody uses this” and “everyone uses this” has collapsed from years to months. Organizations
haven’t had time to develop thoughtful policies. Professionals haven’t had time to develop reliable intuitions

about when Al works well. Training programs haven’t caught up. Best practices haven’t emerged.

The result is adoption without infrastructure. People are using Al extensively because it’s immediately
useful, not because they’ve been trained, because their organization has a strategy, or because they fully
understand the implications. They’re making individual decisions about trust, verification, and appropriate
use without shared frameworks or institutional guidance. Some of those decisions will prove wise. Others

won’t. But all of them are being made right now, in real time, with significant consequences.

This report documents what those decisions look like across different roles, industries, and user types.
It examines where organizational policy and employee behavior have diverged, where productivity gains
and skills losses are emerging simultaneously, and where different mental models about Al are producing
fundamentally different usage patterns. The findings don’t resolve debates about whether AI adoption
is good or bad. They describe what’s actually happening as that adoption accelerates beyond anyone’s

ability to control or fully understand it.

3 Methods

3.1 Survey Design and Distribution

This research examines Al adoption patterns in professional environments through a structured survey
deployed in October-November 2025. The survey instrument comprised 14 questions spanning demographics,

behavioral patterns, attitudinal measures, and self-reported impacts.
Distribution channels included:

e Professional networks and industry newsletters

e Direct outreach to business leaders and practitioners



¢ Social media and professional communities

o Tesseract Academy’s network of consulting clients and partners

Incentive structure: Respondents received complimentary access to “Predicting the Unknown” by
Dr. Stylianos Kampakis (retail value $47) upon completion, intended to encourage participation while

attracting respondents genuinely interested in Al and data analytics topics.

3.2 Sample Characteristics

Total responses: 67 professionals across diverse roles and industries
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Figure 1: Survey Sample Characteristics

Geographic distribution: Predominantly Europe-based (77.6%), with representation from the Americas

(14.9%), Asia (4.5%), Australia (1.5%), and Africa (1.5%).
Role composition:

o Founders: 26.9%

o Managers: 19.4%

o Individual Contributors: 17.9%
e Directors: 14.9%

o C-Suite: 13.4%

o Other roles: 7.5%

Industry representation:

o Technology: 40.3%



e Finance: 14.9%

o Creative/Design: 10.4%
o Marketing: 9.0%

o Education: 6.0%

o Healthcare: 3.0%

o Other sectors: 16.4%

3.3 Descriptive Statistics

This section provides a comprehensive exploration of the survey data, examining key patterns across usage
frequency, trust levels, organizational dynamics, spending behavior, and skills impact. The analysis reveals

the complex landscape of Al adoption in professional settings.

3.3.1 Usage Patterns and Adoption
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Figure 2: Al Usage Frequency and Persona Distribution

85.1% use Al daily or multiple times daily, indicating deep integration into professional workflows. The
persona distribution shows a pragmatic majority: 61.2% identify as “Al Pragmatists” who use Al regularly
while recognizing limitations, while 22.4% are “Al Maximalists” who use Al extensively and view it as

transformative.

3.3.2 Trust and Verification Behavior
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Figure 3: Trust Levels and Verification Patterns

While 37.3% agree or strongly agree that they trust AI outputs, 65.7% strongly agree that they always

review and edit Al outputs before using them. This suggests that trust and verification are not mutually

exclusive—professionals may trust Al’s capabilities while maintaining rigorous quality control practices.

3.3.3 Organizational Policy vs. Actual Usage

This section examines the relationship between organizational Al policies and actual employee usage

patterns.
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Figure 4: Company Policy Stance vs. Actual Usage Patterns



While 76.1% of companies actively encourage or permit AI use, 85.1% report using Al extensively or
regularly. Notably, 13.4% engage in “shadow AI” usage—using Al regularly despite restrictive or unclear

company policies.

3.3.4 Spending Patterns

19.4% spend nothing on Al tools, likely relying on free tiers or company-provided solutions. However,
31.3% invest $50 or more monthly, indicating a segment of power users willing to pay for premium AI

capabilities.
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Figure 5: Monthly Spending on AI Tools

3.3.5 Skills Impact Analysis

The skills most commonly affected are those where Al is most actively used. A significant portion of
respondents use Al for writing first drafts (46.3%) and research/information gathering (35.8%), which
directly explains why these are the most commonly degraded skills. Of those who responded, 60.0% report

skills degradation in at least one area (3.0% did not respond). This correlation between high AT usage and



skill degradation suggests that professionals are offloading these tasks to Al, leading to reduced practice

and skill atrophy in these specific domains.

Skills Degraded or Stopped Practicing Due to Al
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Figure 6: Skills Affected by AT Adoption

3.4 Measurement Approach

Likert Scale Questions (1-5): Six attitudinal questions measured agreement levels on trust, verification
behavior, productivity impact, workload changes, organizational policy preferences, and job security

concerns.

Categorical Variables: Usage frequency, company policy stance, actual usage behavior, spending levels,

and self-identified personas were measured through fixed response options.

Multi-Select Items: Skills degradation was captured through checkboxes allowing respondents to identify
all applicable skill areas affected by Al adoption.



3.5 Limitations and Considerations

Sample size and representativeness: With 67 responses, this study provides directional insights rather than
statistically representative population estimates. The sample skews toward early adopters, technology

sectors, and European professionals.

Self-selection bias: Respondents who completed the survey likely have stronger opinions about Al (positive
or negative) than the general professional population. The incentive structure may have attracted

individuals already interested in Al and analytics.

Self-reported data: All measures rely on participant self-assessment rather than objective behavioral
tracking. Responses may reflect perceived rather than actual behavior, particularly regarding skills

degradation and productivity impacts.

Temporal constraints: Data collection occurred over a 4-week period in late 2025. Al adoption patterns

evolve rapidly; findings reflect a specific moment in an ongoing transformation.

Geographic concentration: The European concentration limits generalizability to other regions with

different regulatory environments, organizational cultures, or technology adoption patterns.

Missing nuance: Fixed response categories may not capture the full complexity of Al usage patterns. For

example, “multiple times daily” encompasses both brief queries and sustained engagement.

3.6 Analytical Framework

Analysis focuses on descriptive statistics and pattern identification rather than inferential statistics given
sample characteristics. Cross-tabulations examine relationships between demographic variables, usage

patterns, and attitudinal measures.

Where reported, averages for Likert scale items use numeric conversions (Strongly Disagree=1 through

Strongly Agree=>5). Skills degradation analysis counts frequency of mentions across the multi-select field.

The “shadow AI” metric identifies respondents who report regular or extensive Al usage despite working

in environments that discourage Al or have no clear policy.

10



3.7 Interpretation Guidelines

Findings should be understood as exploratory insights into emerging patterns rather than definitive

conclusions about all professional Al users. The research is particularly valuable for identifying:

e Directional trends in adoption behavior

e Gaps between policy and practice

Attitudinal segments within the user population

Skills and concerns warranting deeper investigation

Organizations should validate these patterns against their own contexts before making strategic decisions

based on this research.

4 Results

This section presents the main findings organized by thematic area. Each subsection examines specific

dimensions of Al adoption behavior, trust patterns, and organizational dynamics.

4.1 Adoption Patterns by Role and Industry
4.1.1 Who’s Using AI?

Understanding who adopts Al and how frequently they use it reveals critical patterns in workplace
transformation. This section examines adoption by role and industry, identifying early adopters and usage
frequency patterns. The data shows that adoption is not uniform—Ieadership roles and technology-forward

industries lead adoption, while other sectors show more gradual integration.

Founders and C-Suite executives show the highest rates of multiple-times-daily usage, with over 60%
using Al extensively. Individual Contributors and Managers show more moderate adoption, with higher
proportions using Al daily or 2-3 times per week. The stacked bars show that leadership roles tend toward
more frequent usage, while operational roles show more varied patterns. This suggests that decision-making

roles benefit more from Al tools, or that leaders have more flexibility to experiment with new technologies.

Technology and Finance industries show the highest concentrations of multiple-times-daily usage (over
50% in some categories), while Healthcare and Education show more moderate adoption rates. The

color intensity indicates that daily Al usage is concentrated in technology-forward industries, suggesting

11



Al Usage Frequency by Role
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Figure 7: Al Usage Frequency Distribution by Role

that industry context significantly influences adoption intensity. Creative and Marketing industries show
moderate adoption, while sectors like Healthcare and Education demonstrate more cautious approaches,

likely reflecting regulatory considerations and different workflow requirements.

4.2 Trust and Verification Behavior

A striking contradiction emerges from the data: professionals use Al extensively despite moderate trust
levels, and nearly all maintain rigorous verification practices. This section explores the cognitive dissonance

of Al adoption.

Most respondents cluster in the “Cautious Trust” quadrant (high trust, high verification), indicating that
trust and verification are complementary rather than contradictory behaviors. Few respondents fall into
the “Blind Faith” quadrant (high trust, low verification), suggesting that even those who trust Al maintain
quality control practices. This pattern indicates that professionals have developed a nuanced approach:

trusting AD’s capabilities while maintaining human oversight.

12



Industry x Usage Frequency Heatmap
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Figure 8: Industry x Usage Frequency Heatmap

Trust levels are broadly similar across usage frequency groups (median around 3.0 for daily users, 3.0
for occasional users), indicating no strong link between usage frequency and overall trust. Significant
variability exists within each usage category, suggesting that trust levels are influenced by factors beyond

usage frequency, such as tool quality, use case success, and individual risk tolerance.

Maximalists demonstrate the highest trust levels (mean 4.1), consistent with their extensive Al usage
and positive experiences. Resisters show the lowest trust (mean 1.8), reflecting their skepticism about Al
capabilities. Trust distributions vary significantly by persona, with Maximalists showing less variability

(indicating more consistent high trust) than other groups.
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Trust vs. Review Behavior: The Paradox
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Figure 9: Trust vs. Review Behavior Quadrant Analysis
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Figure 10: Trust Levels by Usage Frequency
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4.3 Productivity and Workload Trade-offs

Al adoption creates a complex trade-off between perceived productivity gains and workload changes. This
section examines who has found the “sweet spot” and who feels overwhelmed. The data reveals that
most professionals successfully navigate this trade-off, but some experience increased workload without

corresponding productivity benefits.

Productivity vs. Workload: The Trade-off
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Figure 12: Productivity vs. Workload: Four-Quadrant Analysis

Four distinct patterns emerge: most respondents fall into the “Sweet Spot” quadrant (high productivity,
low workload increase), indicating successful Al integration. A smaller group experiences “Productive
but Overwhelmed” (high productivity, high workload), suggesting they’re leveraging Al effectively but
may need better workflow optimization. The “Unaffected” quadrant (low productivity, low workload)
represents those who haven’t yet integrated AI meaningfully, while “Grinding Harder” (low productivity,

high workload) indicates unsuccessful AI adoption.
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Productivity & Workload Scores by Role
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Figure 13: Productivity & Workload Scores by Role

Comparing productivity and workload scores by role shows that C-Suite executives report the highest
productivity gains (mean 4.5) with moderate workload increases (mean 2.8), suggesting they’ve found
effective ways to leverage Al. Individual Contributors show more variability, with some reporting high
productivity gains and others experiencing increased workload without corresponding productivity benefits.
The side-by-side bars reveal that most roles experience productivity gains that exceed workload increases,

indicating successful Al integration for most professionals.

A clear relationship emerges: as usage frequency increases, reported productivity gains increase. Daily
users report significantly higher productivity (mean 3.9) than occasional users (mean 3.0), suggesting
that consistent engagement maximizes benefits. This pattern indicates that AI productivity gains are
not automatic—they require regular use and familiarity with tools and workflows. The scatter points
show individual variation around the trend, with some high-frequency users reporting lower productivity,

possibly due to tool selection or integration challenges.



Productivity Gain vs. Usage Frequency
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Figure 14: Productivity Gain vs. Usage Frequency

4.4 Skills Degradation Patterns

As Al tools handle more routine tasks, professionals report skill degradation across multiple domains. This

section examines which skills are most affected and how this varies by persona and role.

Individual Contributors and Managers show higher percentages across most skill categories, particularly in
writing first drafts and research/information gathering. C-Suite executives show lower degradation rates,
possibly reflecting their strategic focus rather than hands-on content creation. The color intensity indicates
that roles with more routine, Al-automatable tasks experience greater skill erosion, while strategic roles

maintain more skills.
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Role x Skills Degraded Heatmap
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Figure 15: Role x Skills Degraded Heatmap

Persona analysis reveals distinct patterns: Maximalists report higher skill degradation across all categories,
consistent with their extensive Al usage. Pragmatists show moderate degradation, while Resisters maintain
more skills, reflecting their limited Al adoption. This suggests that skill degradation correlates with usage

intensity rather than being an inevitable consequence of Al availability.
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Skills Lost by Persona
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Figure 16: Skills Lost by Persona

4.5 Job Security Concerns

Job security concerns vary significantly across roles, industries, and usage patterns. This section examines
who’s most worried and explores correlations with adoption behavior. The data reveals an interesting
pattern: those who use Al most extensively report the lowest job security concerns, suggesting that

familiarity reduces anxiety about displacement.

Individual Contributors show mean concern of 3.0, Managers 3.1, and C-Suite executives 3.1. The variation
within roles suggests that individual experiences and organizational contexts significantly influence concern

levels, indicating that job security anxiety is shaped by both role characteristics and personal circumstances.

Industry analysis reveals variation in job security concerns across sectors. The box plots show median
concern levels and distribution ranges, with mean values annotated above each box. Industries are ordered
by mean concern level, making it easy to identify which sectors show higher or lower anxiety about Al’s

impact on job security.
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Job Security Concern by Role
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Figure 17: Job Security Concern by Role

Clear persona differences emerge: Resisters show the highest proportion of “Agree” and “Strongly Agree’
responses (mean 3.8), while Maximalists show the lowest (mean 2.0). This inverse relationship between

usage and concern suggests that familiarity with Al reduces anxiety about job displacement. The pattern

is consistent: as Al adoption increases, job security concerns decrease.

The relationship between usage frequency and job security concerns shows variation across usage levels.
The box plots display the distribution of concern levels for each usage frequency category, with mean

values indicated. The trend line connects the mean concern levels across usage frequencies, revealing the

overall pattern in the data.
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Figure 19: Job Security Concern Levels by Persona
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Job Security Worry vs. Usage Frequency
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Figure 20: Job Security Worry vs. Usage Frequency

4.6 Policy-Practice Disconnect

A significant disconnect exists between organizational AI policies and actual employee behavior. This
section examines “shadow AI” usage and industry-specific disconnects. The data reveals that employees
often use Al tools regardless of official company policies, creating both opportunities and risks for

organizations.

The heatmap matrix reveals a strong alignment between policy and practice: companies with permissive
policies (Encouraged or Permitted) show the highest AI usage rates, with 97-100% of employees using Al
extensively or regularly. When companies have “No Policy,” 90% of employees still use Al, suggesting
that the absence of guidance doesn’t prevent adoption. The cell values show the number of respondents
in each policy-usage combination. The color intensity indicates higher concentrations where policy and
practice align—most usage occurs under permissive policies, demonstrating that clear organizational
support facilitates Al adoption. The pattern indicates that policy matters: when companies actively

encourage or permit Al use, employees adopt it widely.
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Company Policy — Actual Usage Matrix
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Figure 21: Company Policy — Actual Usage Flow

Industry-level analysis shows varying gaps between policy and practice. Technology and Finance industries
demonstrate better alignment: when policies encourage Al, actual usage follows. However, Healthcare and
Education show larger disconnects, with actual usage rates sometimes exceeding policy encouragement
levels. This suggests that in some sectors, employee demand for Al tools outpaces organizational policy

development.
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Policy vs. Behavior Gap by Industry
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Figure 22: Policy vs. Behavior Gap by Industry

4.7 Economic Investment Patterns

Understanding who pays for Al tools and how spending correlates with usage reveals the economic dynamics
of AT adoption. This section examines spending patterns by role, usage frequency, and the relationship

between investment and engagement.

Spending patterns vary by role: Founders and C-Suite executives show higher proportions spending $50+
monthly, while Individual Contributors and Managers show more reliance on free tiers ($0). The stacked
bars reveal that leadership roles invest more heavily in premium Al tools, while operational roles tend
toward free or low-cost solutions. This suggests that decision-making roles see greater value in premium

capabilities, or have more budget flexibility for Al tool investments.
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Monthly Spend Distribution by Role
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Figure 23: Monthly Spend Distribution by Role

Spending patterns vary significantly by usage frequency. Daily users show higher median spending ($35-75
range) compared to occasional users (median $10-35). However, the wide interquartile ranges indicate
substantial variation within each group, suggesting that usage frequency alone doesn’t determine spending.
Some high-frequency users spend nothing (relying on free tiers), while some occasional users invest heavily
in premium tools. This pattern suggests that spending decisions are influenced by factors beyond usage

frequency, such as specific use cases, tool quality requirements, and budget availability.

A positive relationship emerges between usage frequency and spending: as usage increases, spending tends
to increase. However, the relationship is moderate, with significant scatter around the trend line. Some
high-frequency users spend minimally (using free tools effectively), while some moderate users invest
heavily (seeking premium capabilities for specific needs). The regression line indicates that while usage
frequency influences spending decisions, other factors such as specific use cases, tool quality requirements,

and budget availability also play important roles.
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Figure 24: Spending by Usage Frequency
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Usage Frequency vs. Monthly Spend
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Figure 25: Usage Frequency vs. Monthly Spend
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4.8 Persona Analysis

Fach persona represents a distinct behavioral profile with unique patterns of trust, verification, productivity,

and spending. This section provides detailed behavioral fingerprints for each persona type.

4.9 The Five Personas

The survey identified five distinct user personas, each representing different attitudes and behaviors toward

AT adoption. Understanding these personas helps explain the diversity of Al integration patterns.

Persona Distribution Across Workforce

Al Resister — 0.0%

Al Skeptic 10.4%

Al Curious 6.0%

Al Pragmatist 61.2%

Al Maximalist 22.4%
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Figure 26: Persona Distribution Across Workforce

The distribution of personas across the workforce reveals that Al Pragmatists represent the largest
group (61.2%), indicating that most professionals have adopted a balanced approach: using Al regularly
while maintaining awareness of its limitations. AT Maximalists (22.4%) form the second-largest group,
representing enthusiastic early adopters. The distribution suggests a mature adoption landscape where
most users have moved beyond initial experimentation to establish regular usage patterns. 0.0% identify

as Al Resisters, representing those who remain opposed to Al integration.
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Persona Distribution by Industry
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Figure 27: Persona Distribution by Industry

concentrations of Maximalists, reflecting the sector’s early adoption and innovation culture. Healthcare
and Education sectors show more Skeptics and Resisters, possibly due to regulatory concerns, ethical
considerations, or slower technology adoption cycles. This industry-persona alignment suggests that

organizational context shapes individual attitudes toward Al.

Behavioral fingerprints across personas reveal distinct patterns. Maximalists demonstrate high scores
across trust, productivity, and advocacy, with moderate review behavior and low job security concerns.
Pragmatists show balanced profiles with moderate trust, high review behavior, and strong productivity.
Resisters show the opposite pattern: low trust, high review behavior, low productivity, and high job
security concerns. These patterns illustrate how personas represent coherent behavioral clusters, with
each group showing consistent patterns across multiple dimensions. This finding suggests that individual

attitudes toward Al form integrated mental models rather than isolated preferences.
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Figure 28: Behavioral Fingerprint by Persona

The small multiples show three key behavioral dimensions for each persona: usage frequency (top row),
skills degraded (middle row), and monthly spending (bottom row). Each column represents one of the
five personas. Maximalists and Pragmatists show high concentrations in frequent usage categories, while
Resisters show higher proportions in infrequent usage. Skills degradation patterns vary by persona, with
Maximalists showing higher rates in writing and research tasks. Spending patterns reveal that Maximalists
and Pragmatists invest more heavily in premium Al tools, while Resisters and Skeptics rely more on
free tiers. This comprehensive view validates the persona framework as a meaningful segmentation tool,

showing consistent behavioral patterns across multiple dimensions.
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Figure 29: Persona Profiles: Usage, Skills, and Spending
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5 Discussion and Conclusion

5.1 Summary of Key Findings

This research reveals a complex landscape of Al adoption characterized by high usage rates, moderate
trust levels, and significant organizational gaps. The data shows that 85.1% of professionals use AT daily
or multiple times daily, indicating deep integration into professional workflows. However, only 37.3%
express high trust in Al outputs, while 65.7% strongly agree they always review and edit AI outputs before

use—demonstrating a trust paradox where extensive usage coexists with cautious verification practices.

The findings highlight a significant policy-practice disconnect: while 76.1% of companies actively encourage
or permit AT use, 13.4% of employees engage in “shadow AI” usage—using Al regularly despite restrictive
or unclear company policies. This gap suggests that organizational policies are not keeping pace with

actual employee behavior, creating both opportunities and risks for organizations.

Skills degradation emerges as a critical concern, with 60.0% of respondents reporting skill degradation in
at least one area. Writing first drafts and research/information gathering are the most commonly affected
skills, directly correlating with high AI usage in these domains. The persona analysis reveals distinct
behavioral patterns, with AT Maximalists (22.4%) and AI Pragmatists (61.2%) representing the majority

of users, each with different trust levels, verification practices, and spending patterns.

5.2 Strategic Recommendations

1. Close the Policy-Practice Gap: The 13.4% shadow AI usage rate indicates employees are using
AT regardless of policy. Organizations should formalize AT policies that acknowledge current usage

patterns rather than attempting to restrict them.

2. Build Trust Through Transparency: The trust paradox (high usage, moderate trust) suggests
organizations should invest in Al literacy programs that help employees understand Al capabilities

and limitations, reducing cognitive dissonance.

3. Address Skills Erosion Proactively: With 58.5% reporting skill degradation, organizations
should implement “skills maintenance” programs that ensure critical capabilities don’t atrophy while

leveraging Al augmentation.
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4. Leverage the “Sweet Spot”: 52.2% of users report high productivity with low workload increases.

Organizations should identify these users and replicate their practices across teams.

5. Mitigate Job Security Concerns: Organizations should communicate how Al augments rather
than replaces roles, with specific examples from successful implementations, addressing concerns

that vary across roles.

6. Invest in Persona-Specific Strategies: Different personas require different approaches. Max-
imalists need advanced tools and training, while Skeptics need gradual exposure and clear value

demonstrations.

7. Industry-Specific Benchmarks: Technology and Finance lead in adoption; other industries should

study their practices while adapting to sector-specific constraints and opportunities.

5.3 Risks of Ignoring the Data

Organizations that fail to address these patterns risk: - Continued shadow Al usage creating security and
compliance vulnerabilities - Skills degradation reducing organizational capability over time - Job security
anxiety reducing employee engagement and retention - Policy-practice gaps undermining organizational

credibility - Missed opportunities to leverage the productivity gains already being realized

5.4 How to Close the Policy-Practice Gap

A significant disconnect emerges: 13.4% of employees engage in shadow Al usage despite restrictive policies.

To close this gap, organizations should:

1. Acknowledge Current Reality: Conduct internal surveys to understand actual Al usage patterns
before creating policies

2. Create Permissive Frameworks: Develop policies that permit Al use with clear guidelines rather
than attempting to restrict it

3. Provide Approved Tools: Offer organization-approved Al tools that meet security and compliance
requirements

4. Train on Appropriate Use: Educate employees on when and how to use Al tools effectively and

safely
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5. Regular Policy Review: Update policies quarterly based on evolving usage patterns and tool
capabilities
6. Transparent Communication: Explain the reasoning behind policies to build understanding and

compliance

5.5 Building Trust While Encouraging Adoption

The trust paradox (high usage, moderate trust) requires a nuanced approach. The data reveals that trust

and verification are not mutually exclusive. Organizations should:

« Encourage verification practices as a sign of professional responsibility, not distrust

o Provide clear guidelines on when Al outputs require review

e Celebrate examples of effective Al-human collaboration

e Create forums for sharing Al experiences and best practices

e Invest in tools that make verification efficient rather than burdensome

e Address concerns directly: Acknowledge AI limitations and provide training on identifying errors
e Share success stories: Highlight how AI has enhanced rather than replaced human capabilities
o Provide AI literacy training: Help employees understand how AI works to reduce fear and

increase appropriate usage

The findings suggest that successful Al adoption requires balancing enthusiasm with caution, policy with
practice, and augmentation with skill maintenance. Organizations that navigate these tensions thoughtfully
will be best positioned to realize Al’s transformative potential while maintaining organizational capability

and employee confidence.

5.6 Limitations and Future Research

This study provides directional insights rather than definitive population estimates given sample size (n=67)
and self-selection bias. Future research should examine larger, more representative samples across diverse
geographic regions, track longitudinal changes in adoption patterns, and investigate causal relationships
between usage intensity and skills degradation. Additionally, qualitative research exploring the mechanisms

behind shadow Al usage and trust calibration would complement these quantitative findings.
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