MAN

IJIMOB

1 fournal of
nagement and

"”“jjoI:Gv;N:“fm International Journal of Innovation
o Management and Organizational Behavior T
Article history: A, L\

Received 09 November 2025
Revised 16 February 2026
Accepted 25 February 2026
Initial Published 14 April 2026
Final Publication 01May 2026

Volume 6, Issue 3, pp 1-11
Hox

E-ISSN: 3041-8992

Modeling Innovation Adoption through Reinforcement
Learning: The Influence of Risk Perception and Change

Readiness

Henrik. Solberg®, Lerato. Nkosi?*®, Laura. Sanchez Romero®

1 Department of Strategy and Management, Norwegian School of Economics, Bergen, Norway
2 Department of Business Management, University of Pretoria, Pretoria, South Africa
3 Department of Innovation and Entrepreneurship, Autonomous University of Madrid, Madrid, Spain

* Corresponding author email address: lerato.nkosi@up.ac.za

Article Info

ABSTRACT

Avrticle type:
Original Research

How to cite this article:

Solberg, H., Nkosi, L., & Sanchez Romero,
L. (2026). Modeling Innovation Adoption
through Reinforcement Learning: The
Influence of Risk Perception and Change
Readiness.  International Journal  of
Innovation Management and
Organizational Behavior, 6(3), 1-11.

https://doi.org/10.61838/kman.ijimob.5272

© 2026 the authors. Published by KMAN
Publication Inc. (KMANPUB), Ontario,
Canada. This is an open access article under
the terms of the Creative Commons
Attribution-NonCommercial 4.0
International (CC BY-NC 4.0) License.

Objective: The objective of this study was to elucidate the temporal dynamics of
organizational innovation adoption by integrating empirical psychological metrics
of risk perception and change readiness with a computational reinforcement
learning framework.

Methods and Materials: This study utilized a cross-sectional design, sampling
N = 482mid-to-senior level managers from the corporate sector in South Africa.
Primary data regarding individual risk perception, baseline change readiness, and
behavioral adoption intent were collected utilizing a structured, validated online
questionnaire. The data analysis phase employed a novel hybrid methodology:
inferential statistics via Structural Equation Modeling (SEM) were integrated with
a mathematical Reinforcement Learning (RL) architecture. Specifically, a Q-
learning algorithm was developed where the empirical psychometric scores
directly parameterized the internal variables of synthetic agents, mapping
readiness to the learning rate (a) and risk perception to the environmental penalty
weight (w) and temporal discount factor (y).

Findings: The empirical baseline analysis revealed a strong positive correlation
between change readiness and the final innovation adoption rate (8 = .42), while
risk perception exerted a severe suppressive effect on the ultimate probability of
adoption (Bo:ar = —-58). When mapped to the computational simulation, the fully
optimized Q-learning model significantly outperformed static predictive models,
successfully accounting for 68%of the variance in actual innovation adoption
trajectories (R? = .68). The algorithmic simulation accurately demonstrated that
agents with high change readiness exhibited an accelerated «, quickly escalating
their expected utility for adoption, whereas high risk perception effectively
delayed transition by mathematically magnifying the operational penalty (w) and
minimizing the perceived future value of the new technology (y).

Conclusion: The findings provides a highly accurate, dynamic computational
model that predicts the temporal evolution of human behavioral adaptation during
organizational technological transitions.

Keywords: Innovation Adoption, Reinforcement Learning, Change Readiness, Risk
Perception
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1 Introduction

n the contemporary global economic paradigm, the

continuous integration of novel operational practices and
technological advancements is no longer merely a
competitive advantage, but a fundamental prerequisite for
organizational survival and sustained performance (Texeira-
Quiros et al.,, 2022). Organizations are increasingly
compelled to adopt complex business model innovations and
sophisticated digital marketing frameworks to navigate the
volatile, rapidly shifting dynamics of the modern
marketplace (Trihadi Pudiawan et al., 2023). The academic
literature extensively documents that the successful
deployment of these innovations, ranging from open
innovation ecosystems in traditional manufacturing contexts
like the home appliance industry (Saeedi motlagh &
Karimishad, 2022) to highly creative transmedia storytelling
models in the contemporary book publishing sector (Han,
2024), hinges upon an intricate balance between structural
organizational capacity and human psychological
adaptability. Furthermore, the geographical, economic, and
structural positioning of firms, particularly those operating
in peripheral or emerging regional markets, significantly
dictates the mechanisms through which specialized
management skills and embedded cultural paradigms serve
as vital, sustaining wellsprings of innovation (Pedraza-
Rodriguez et al., 2023). Consequently, mathematically
modeling the ultimate probability of innovation integration,
denoted as P(adoption), requires a comprehensive, multi-
faceted exploration of the entire organizational ecosystem
rather than a singular focus on the technology itself.

The foundational bedrock upon which successful
innovation adoption rests is inherently tied to the prevailing
organizational culture and the systemic capacity for
collective, continuous learning (Ginting, 2023). A robust,
dynamically learning organization functions as an essential
incubator for operational excellence, where efficient
knowledge dissemination and continuous skill acquisition
form the necessary structural conditions for long-term
success (Yuan & Chayanuvat, 2022). This unwavering
commitment to organizational learning not only fortifies
sustainable competitive advantages in saturated markets but
also acts as a critical, driving catalyst in the
operationalization of open innovation strategies, effectively
bridging the cognitive gap between external knowledge
acquisition and internal practical application (Zhang et al.,
2023). Furthermore, rigid structural and administrative
barriers must be proactively addressed and dismantled to
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maximize this collective learning potential; for instance, the
strategic implementation of flexible working hours in highly
structured governmental and academic institutions has been
empirically shown to significantly elevate employee
productivity, thereby fostering an environment that is highly
conducive to continuous learning, adaptation, and creative
output (Emami et al., 2024). When employees operate within
an institutional culture that actively prioritizes operational
flexibility and continuous intellectual engagement, the
cognitive friction and anxiety associated with adopting
novel, unproven methodologies is substantially diminished.
This reduction effectively lowers the behavioral resistance
threshold, which can be conceptualized computationally as
a reduction in the environmental penalty, denoted
mathematically as R(s,a), within advanced behavioral
modeling frameworks.

Despite the widely recognized necessity of continuous
technological and methodological evolution, the actual
transition from comfortable legacy systems to innovative
paradigms is frequently fraught with substantial systemic
inertia  and  pervasive  psychological  uncertainty.
Comprehensive meta-analytical reviews of innovation
drivers and barriers emphasize that resistance to change is a
deeply  entrenched  psychological —and  structural
phenomenon, often stemming from cognitive dissonance, a
perceived loss of professional autonomy, and an overarching
fear of obsolescence among employees (Motavalli et al.,
2022). Managing the profound, multifaceted uncertainties
inherent in advanced technological rollouts, such as the
integration of transformative 5G capabilities, demands a
highly future-oriented sensemaking perspective where
organizations must proactively decode ambiguous market
signals while simultaneously soothing internal workforce
anxieties (Mogaddamerad & Tapinos, 2023). To
successfully transition an enterprise from a state of
organizational inertia to a state of dynamic systemic
renewal, strategic, targeted interventions must be deployed
to manage this resistance actively, thereby supporting the
uninterrupted, fluid integration of innovation within both
private corporations and heavily regulated public sector
organizations (Mohammadi & Smith, 2024). From a
theoretical standpoint, the perceived risk associated with
these operational transitions acts as a powerful negative
multiplier, functioning as a psychological discount factor,
expressed as y, which fundamentally alters how individuals
cognitively evaluate the long-term expected utility of
embracing organizational change versus safely maintaining
the established status quo.
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Navigating this complex, often treacherous terrain of
systemic uncertainty and entrenched resistance places a
profound and critical burden on organizational leadership.
The contemporary, highly digitized business environment
necessitates a modern paradigm of digital leadership, where
executives are not only directly responsible for steering the
overarching technical architecture of digital transformation
but also for intrinsically catalyzing business model
innovation through visionary, empathetic guidance (Malik,
2024). Transformational leadership styles, in particular,
exert a profound, measurable influence on both
organizational innovation trajectories and ultimate firm
performance; an effect that is often heavily contingent upon
the pre-existing levels of embedded organizational learning
within sectors characterized by rapid, high-stakes research
and development cycles, such as the pharmaceutical industry
(Garcia-Morales et al., 2023). To boost organizational
innovation effectively and sustainably, leaders must
continuously exhibit highly adaptive qualities, fostering a
learning-centric, psychologically safe environment that
inherently boosts the change self-efficacy and confidence of
individual employees (Chughtai et al., 2024). This complex
process often involves the deployment of collaborative, co-
designed coaching frameworks that aim to systematically
dismantle departmental silos and foster a cohesive, unified
culture of change, trust, and active collaboration (Lawrence
et al., 2023). In highly specialized, community-driven
sectors, such as regional agricultural cooperatives, the
specific components of entrepreneurial management are
inextricably linked to the broader, systemic development of
organizational entrepreneurship, highlighting that highly
tailored, context-specific leadership approaches are
absolutely critical for managing the unique, localized risk
profiles of different employee demographics (Nazari et al.,
2023).

The ultimate efficacy of these leadership and structural
interventions is measured by the workforce’s “change
readiness,” a complex, multi-dimensional psychological and
structural construct that strictly dictates the speed, breadth,
and depth of innovation adoption. Change readiness acts as
a critical, defining mediator between strategic human
resource management practices—such as the rigorous
implementation of high-commitment HR systems—and the
actualization of concrete innovative behaviors among the
employee base (You & Park, 2024). Comprehensive and
strategically aligned human resource strategies cultivate
deep-seated emotional commitment and actively shape the
overarching hierarchical culture, which in turn significantly
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elevates the overall psychological readiness for change
within complex, multi-tiered institutions such as prominent
universities (Mir Mohammadian Tooteh Kaleh et al., 2024).
Furthermore, cultivating a highly supportive human
relations climate alongside robust, visible organizational
support mechanisms are essential precursors for transitional
success; they directly and positively influence baseline
readiness, with active employee participation and perceived
leadership excellence acting as vital mediating pathways that
bridge the theoretical gap between structural intent and
individual action (Meyer et al., 2024). Modern
organizational paradigms, such as Green Human Resource
Management, increasingly recognize that cultivating a
genuine sense of corporate social responsibility alongside
traditional operational readiness metrics can profoundly and
positively impact the successful execution of organizational
change initiatives, demonstrating that readiness is deeply
intertwined with ethical and ecological corporate identity
(Zihan et al., 2024). During periods of severe exogenous
shock and unprecedented systemic crisis, such as the global
operational disruptions caused by the COVID-19 pandemic,
the nuanced interplay between distinct, adaptive leadership
styles and the baseline change readiness of the workforce
becomes the absolute primary determinant of sustained
employee performance and uninterrupted operational
continuity (Primandaru & Kairupan, 2024). Structural
equation modeling further confirms a definitive, quantifiable
relationship between an organization’s prevailing cultural
typology and the baseline readiness of its specialized
workforce, such as educators, strongly suggesting that deep
cultural alignment is a strict, non-negotiable prerequisite for
the cognitive preparedness required for innovation (Hosseini
et al., 2025). Consequently, heightened organizational
vitality directly fuels the generation and implementation of
innovation, a dynamic that is fundamentally mediated by the
workforce’s baseline acceptance and readiness for change
(Lotfi Jalalabadi et al., 2023), leading to sophisticated dual
mediation models where the overarching impact of
organizational transition on final employee innovation
performance can be accurately evaluated, tracked, and
quantified (Shaturaev, 2023).

Beneath the overarching structural, cultural, and
managerial frameworks of change readiness lies a highly
complex, deeply personal web of individual psychological
mechanisms that ultimately govern risk perception and
behavioral adaptation. The severe psychological toll of rapid
environmental shifts, looming technological obsolescence,
and continuous operational restructuring can precipitate
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significant distress and anxiety among the workforce,
necessitating innovative therapeutic and cognitive
interventions, such as paradoxical timetable therapy, to
elucidate the deep-seated mechanisms of behavioral change
and fundamentally mitigate underlying psychological
problems before they derail innovation efforts (Asayesh &
Parsakia, 2025). The personal cognitive evaluation of the
risk associated with new innovations is heavily influenced
by deep-seated individual trait differences and baseline
psychological resilience; for example, the inherent readiness
for change in highly stressful, restrictive, or clinical
contexts—such as individuals grappling with severe
substance dependence—is intricately and undeniably linked
to the efficacy of their personal coping mechanisms, the
management of intense internal cravings, and the stabilizing
presence of external ideological, community, or religious
support structures (Kumar et al., 2025). Drawing direct
psychological parallels to the corporate sphere, these
foundational elements dictate exactly how an employee
copes with the cognitive “craving” for familiar, comfortable
legacy systems versus the psychological readiness required
to adopt disruptive new technologies. Similarly, targeted
psychological practices, such as structured mindfulness
training, have been empirically identified as crucial
mediating factors that effectively temper impulsive,
reactionary sensation-seeking behaviors, thereby stabilizing
an individual’s cognitive readiness to undergo profound
behavioral or organizational changes without succumbing to
immediate resistance (El-Ashry & Abdelaal, 2025). In the
explicit, formalized context of corporate innovation
modeling, these disparate, complex psychological variables
coalesce into a quantifiable risk perception metric, where the
perceived operational or social threat of adoption
dynamically alters the expected utility value of a new
technology, functioning as a continuous cognitive penalty
within the employee’s internal decision-making matrix.
While traditional cross-sectional methodologies have
successfully identified the broad associative links between
these myriad constructs—such as leadership, culture,
readiness, and risk—they fundamentally fail to capture the
temporal, dynamic learning processes inherent in actual
human decision-making. The adoption of an innovation is
not a singular, static event but rather a sequential, evolving
learning trajectory over time, which is best conceptualized
mathematically as a Markov Decision Process governed by
a specific state space, denoted as S, and a definable action
space, denoted as A. Reinforcement Learning paradigms,
specifically Q-learning algorithms, provide a highly robust,
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dynamic mathematical framework to model this exact
behavior. In such a computational model, a synthetic agent
continuously updates the expected value of adopting an
innovation, expressed as the function Q (s, a), based entirely
on continuous environmental feedback and internal
parameter weighting. An individual’s empirically measured
change readiness can be directly computationally mapped to
the algorithmic learning rate, expressed as a, dictating
precisely how rapidly an individual internalizes positive
interactions with the new technology. Conversely,
individual risk perception fundamentally alters the
mathematical reward function, R(s,a), and the temporal
discount factor, y, mathematically suppressing the perceived
future value of the adoption action and delaying behavioral
change. By synthesizing these rich, empirical psychological
profiles with advanced computational reinforcement
learning paradigms, researchers can successfully simulate
nuanced, highly accurate adoption trajectories, thereby
moving far beyond static linear correlations to dynamically
predict the evolution of employee behavior under varying,
real-world conditions of systemic uncertainty.

The aim of this study is to elucidate the temporal
dynamics of innovation adoption by integrating empirical
psychological metrics with a computational reinforcement
learning framework to model how individual risk perception
and change readiness mathematically drive the behavioral
trajectory of technological integration.

2 Methods and Materials

This research employs a hybrid methodological
approach, integrating a cross-sectional quantitative survey
design with computational reinforcement learning modeling
to investigate the dynamics of innovation adoption. The
study is situated within the emerging market context of
South Africa, focusing on corporate professionals and
management personnel navigating periods of technological
and structural transition. An exact sample of 482 participants
was recruited through a stratified random sampling
technique, targeting major economic hubs including
Johannesburg, Cape Town, and Durban to ensure a diverse
and representative cross-section of the South African
corporate landscape. The stratification was based on industry
sectors, primarily focusing on finance, manufacturing, and
information technology, which are highly susceptible to
rapid innovation cycles. Inclusion criteria mandated that
participants must be currently employed in a mid-to-senior
level capacity and must have experienced a significant
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organizational innovation rollout within the preceding
twelve months. Ethical clearance was obtained prior to
participant engagement, and all individuals provided
informed consent, ensuring confidentiality and the voluntary
nature of their participation.

The empirical data required to parameterize the
computational models were gathered using a
comprehensive, structured online questionnaire comprised
of validated psychometric scales adapted for the South
African socio-economic environment. To quantify Risk
Perception, the study utilized a multidimensional risk
assessment inventory that evaluates the perceived financial,
operational, and psychological threats associated with
adopting new technologies. Participants rated their
agreement with statements regarding potential productivity
losses and job security on a standard Likert scale. Change
Readiness was measured using an adapted version of the
organizational change readiness scale, which captures
individual self-efficacy, management support, and the
perceived valence of the innovation. This construct assesses
the psychological and structural preparedness of the
employee to transition from current baseline operations to
the newly introduced innovative practices. Finally,
Innovation Adoption behavior was captured through a
retrospective self-reporting mechanism where participants
detailed their frequency of use, depth of engagement, and
overall integration of the new systems into their daily
workflow. The survey instrument was subjected to a pilot
test prior to the main rollout to confirm internal consistency,
achieving high reliability coefficients across all targeted
constructs.

The analytical framework combines traditional
inferential statistics with advanced computational modeling
to map the trajectory of innovation adoption. Initial data
processing involved the computation of descriptive
statistics, reliability tests, and correlation matrices to
establish the baseline relationships between risk perception,
change readiness, and adoption rates. The core of the
analysis, however, rests on formulating the adoption process
as a Markov Decision Process modeled through a
Reinforcement  Learning  framework. Within  this
computational environment, the state space, denoted as S, is
defined by the empirical scores of an individual’s change
readiness, while the action space, denoted as A, represents
the binary decision to either adopt or resist the innovation at
any given time step. The reward function, expressed
mathematically as R(s,a), is intrinsically linked to the
participant’s risk perception; high perceived risk acts as a
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penalty, discounting the expected utility of the adoption
action. The temporal dynamics of adoption were simulated
using a standard Q-learning algorithm, where the expected
value of adopting an innovation is continuously updated
based on the equation Q(s; a;) < Q(ss ay) + ariy +
ymax , Q(Se41,a) — Q(sg,ar)]. In this formula, the
parameter arepresents the individual’s learning rate derived
from their change readiness profile, and yrepresents the
discount factor. Following the simulation of these learning
trajectories for all 482 synthetic agents corresponding to the
human participants, structural equation modeling was
utilized to compare the simulated adoption curves against the
actual self-reported adoption behaviors. This comparative
analysis allowed for the optimization of the reinforcement
learning parameters, thereby providing a robust
mathematical validation of how risk perception and change
readiness interact to facilitate or hinder the cognitive process
of innovation adoption.

3 Findings and Results

The findings of this study delineate the complex interplay
between psychological constructs and behavioral outcomes
by integrating traditional inferential statistics with the
dynamic outputs of our reinforcement learning simulation.
The empirical data collected from the N = 482corporate
professionals in South Africa served as both the foundational
metrics for behavioral analysis and the initialization
parameters for the computational agents. Initial data
screening confirmed that all assumptions for normality,
linearity, and homoscedasticity were met, with no missing
data points owing to the forced-response nature of the digital
survey instrument. The descriptive statistics revealed a
moderate-to-high overall baseline for change readiness
among the sample (M = 3.84, SD = 0.72), operating
alongside a moderate degree of perceived risk associated
with innovation adoption (M = 3.12, SD = 0.85). Bivariate
correlation analyses indicated a strong, statistically
significant negative relationship between risk perception and
the final innovation adoption rate (r = —.54, p <.001),
while change readiness demonstrated a robust positive
correlation with adoption rates (r =.62, p <.001).
Furthermore, a significant inverse relationship was observed
between change readiness and risk perception (r = —.41,
p < .001), suggesting that higher preparedness inherently
mitigates the perceived threats of technological transition.
These foundational metrics and their interrelations are
detailed in Table 1.
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Table 1

Descriptive Statistics and Bivariate Correlations for Key Study Variables

Variable M SD 1 2 3 4
1. Risk Perception 3.12 0.85 —
2. Change Readiness 3.84 0.72 —.41* —
3. Initial Adoption Intent 3.05 0.91 —. 48" .55"* —
4. Final Adoption Rate 3.76 0.88 —. 54" .62 .71 —

Building upon these empirical baselines, the study
transitioned to the computational phase, where the self-
reported scores were translated into the reinforcement
learning parameters for the 482 synthetic agents. The
learning rate, denoted as «, was mathematically derived
from each participant’s change readiness score, operating
under the assumption that higher readiness facilitates faster
updating of action-value estimates. Conversely, the discount
factor, y, and the environmental penalty within the reward
function, R(s, a), were modulated by the individual’s risk
perception score. To ensure the computational model
accurately reflected the empirical reality, a baseline model

Table 2

with uniform parameters was first executed, followed by an
optimized model where aand ywere individualized. The
simulation ran over 100 discrete time steps (epochs),
representing a conceptual twelve-month rollout period. The
calibration of these parameters demonstrated that the
optimal learning rate for the cohort skewed lower than
standard theoretical models, reflecting the inherent caution
within the South African corporate sector during times of
structural volatility. The specific parameter derivations and
their bounds utilized within the Q-learning algorithm are
summarized in Table 2.

Reinforcement Learning Model Parameter Estimates and Empirical Bounds

RL Parameter Definition Empirical Source Baseline M(SD) Optimized M(SD) Range Min-Max
Learning Rate (a) Speed of value updating Change Readiness 0.50 (0.00) 0.38 (0.12) 0.15-0.75
Discount Factor (y) Value of future rewards Risk Perception (Inverse) 0.90 (0.00) 0.82 (0.09) 0.60 - 0.99
Exploration Rate (€) Probability of random action Initial Adoption Intent 0.10 (0.00) 0.14 (0.05) 0.05-0.30
Penalty Weight (w) Negative reward multiplier Risk Perception (Direct) 1.00 (0.00) 1.45 (0.35) 0.80 - 2.50

Following the execution of the Q-learning simulation, it
was imperative to validate the predictive power of the
reinforcement learning framework against the actual, self-
reported adoption behaviors of the human participants. The
convergence of the synthetic agents’ Q-values over time
resulted in a simulated adoption trajectory for each profile.
These simulated trajectories were then mapped against the
cross-sectional survey data representing the final adoption
rates. The comparative analysis yielded high model fit
indices, indicating that the reinforcement learning paradigm
successfully captured the cognitive dynamics of the adoption
process. Specifically, the optimized model, which integrated

Table 3

Comparison of Simulated vs. Actual Adoption Outcomes

the empirical nuances of risk and readiness, significantly
outperformed the baseline uniform model. The optimized
model accounted for a substantial proportion of the variance
in actual adoption rates (R? = .68), compared to the baseline
model (R? =.22). The Root Mean Square Error (RMSE)
and Mean Absolute Error (MAE) were also substantially
reduced in the individualized simulation, confirming that
mapping psychological constructs directly to computational
learning parameters provides a highly accurate
representation of human decision-making under uncertainty.
The comparative performance metrics of the computational
models are presented in Table 3.

Model Configuration R? Adjusted R* RMSE MAE AIC
Model 1: Uniform Baseline RL 22 21 0.85 0.76 1245.3
Model 2: Readiness-Adjusted (e) .45 44 0.58 0.51 982.1
Model 3: Risk-Adjusted (y, w) .51 .50 0.52 0.46 890.5
Model 4: Fully Optimized RL .68 .67 0.31 0.25 612.8
IJIMOB
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To synthesize the statistical and computational findings,
a Structural Equation Modeling (SEM) framework was
applied to the combined dataset of human psychological
scores and synthetic agent terminal Q-values. This final
phase of analysis aimed to isolate the direct and indirect
pathways through which risk perception and change
readiness influence the ultimate adoption outcome, utilizing
the reinforcement learning parameters as mediating
variables. The structural model confirmed that change
readiness has a strong direct positive effect on the final
adoption rate (8 = .42, p <.001), but also a significant
indirect effect mediated through the optimal learning rate
parameter (a). Similarly, risk perception exhibited a strong

Table 4

International Journal of Innovation Management and Organizational Behavior 6:3 (2026) 1-11

direct negative effect on adoption (8 = —.35, p <.001),
which was structurally mediated by an increased penalty
weight (w) and a reduced discount factor (y) within the
agent’s simulated cognitive environment. The total effect of
risk perception on adoption, combining both direct empirical
pathways and computationally mediated pathways, was
notably suppressive  (Biotar = —58, p <.001). The
goodness-of-fit statistics for the final structural model
indicated an excellent fit to the data (y?/df = 1.85, CFI =
.96, RMSEA =.04). The specific path coefficients,
demonstrating the integration of psychological metrics and
computational reinforcement learning variables, are
elucidated in Table 4.

Structural Equation Modeling (SEM) Path Coefficients Integrating RL Parameters

Structural Path Unstandardized Estimate (B) Standard Error (SE) Standardized Estimate (8) p-value

Direct Effects
Change Readiness —Final Adoption 0.51 0.06 42 <.001
Risk Perception —Final Adoption -0.42 0.07 -.35 <.001

RL Parameter Mediation Paths

Change Readiness —Learning Rate (a) 0.15 0.02 .58 <.001
Learning Rate () »Terminal Q-Value 1.82 0.21 A7 <.001
Risk Perception —Penalty Weight (w) 0.28 0.04 .61 <.001
Penalty Weight (w) »Terminal Q-Value -0.95 0.12 -41 <.001
Terminal Q-Value —»Final Adoption 0.78 0.05 .65 <.001

4 Discussion

The primary objective of this study was to elucidate the
temporal dynamics of innovation adoption by integrating
empirical psychological metrics with a computational
reinforcement learning framework. By conceptualizing the
adoption process as a Markov Decision Process, we sought
to mathematically model how individual risk perception and
change readiness drive the behavioral trajectory of
technological integration. Our findings demonstrate a robust
validation of this hybrid approach, revealing that an
optimized Q-learning model—where the learning rate «,
discount factor y, and penalty weight ware directly
parameterized by self-reported psychological scores—
significantly outperforms traditional, static predictive
models. The fully optimized reinforcement learning model
accounted for a substantial 68%of the variance in actual
adoption rates (R? = .68), confirming that the cognitive
processes underlying organizational change are highly
dynamic and accurately representable through algorithmic
learning simulations.

The empirical baseline results indicated a strong positive
correlation between change readiness and the final
innovation adoption rate (8 = .42), a relationship that was
computationally mediated by an accelerated learning rate (a)
within the synthetic agents. This finding aligns seamlessly
with contemporary literature emphasizing that psychological
and structural preparedness serves as the critical catalyst for
innovation integration (You & Park, 2024). When
organizations cultivate a robust human relations climate and
provide visible support, they inherently boost the
workforce’s baseline readiness, allowing employees to
internalize the benefits of new systems more rapidly (Meyer
etal., 2024). Our computational model visually captured this
phenomenon: agents with higher avalues quickly escalated
their expected utility, Q(s,a), for the adoption action,
thereby reducing the time spent in the exploratory, hesitant
phases of technological transition. This structural readiness
is deeply intertwined with organizational culture; as
previous studies have demonstrated, deeply embedded
cultural alignment and proactive human resource practices
act as strict prerequisites for cognitive preparedness
(Hosseini et al., 2025). Cultivating such an environment,
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potentially integrating green human resource practices or
clear  corporate  social  responsibility initiatives,
fundamentally elevates the psychological readiness required
for seamless organizational change (Zihan et al., 2024).
Consequently, heightened organizational vitality and
proactive management significantly fuel the generation and
acceptance of innovation (Lotfi Jalalabadi et al., 2023), a
dynamic that our model successfully quantified through the
accelerated convergence of terminal Q-values among highly
ready agents. Even during periods of severe exogenous
shock or pandemic-induced disruptions, this foundational
readiness remains the primary determinant of sustained
performance (Primandaru & Kairupan, 2024).

Conversely, our findings revealed a strong, suppressive
effect of risk perception on the ultimate probability of
adoption, P(adoption), with a total negative effect size of
Brotas = —58.  Within  the  reinforcement learning
architecture, this perceived risk was successfully modeled
not merely as a static barrier, but as a dynamic
environmental penalty (w) and a reduced discount factor (y).
This mathematical representation captures the psychological
reality that employees facing structural uncertainty heavily
discount the future rewards of an innovation while
magnifying the immediate operational penalties. This aligns
with extensive meta-analytical reviews identifying that the
fear of obsolescence, loss of autonomy, and perceived
operational threats generate profound systemic inertia
(Motavalli et al., 2022). Managing these multifaceted
uncertainties, particularly during the rollout of complex
technologies like 5G or advanced digital infrastructures,
requires proactive, future-oriented sensemaking to soothe
workforce anxieties before they crystallize into behavioral
resistance (Mogaddamerad & Tapinos, 2023). If left
unaddressed, this resistance acts as a continuous cognitive
penalty, R(s,a), within the employee’s internal decision
matrix (Mohammadi & Smith, 2024). The severe
psychological distress associated with technological
restructuring necessitates recognizing the individual trait
differences that govern risk evaluation; much like
individuals utilizing religious coping or structured
mindfulness to manage cravings and impulsive reactions in
clinical settings (El-Ashry & Abdelaal, 2025; Kumar et al.,
2025), corporate employees require psychological
stabilizing mechanisms to temper their reactionary
resistance to operational changes. Innovative psychological
interventions, reflecting the mechanisms of paradoxical
timetable therapy, may be required to elucidate and
fundamentally mitigate these deep-seated anxieties before
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they permanently derail the organizational learning
trajectory (Asayesh & Parsakia, 2025).

The successful mitigation of this mathematically modeled
risk penalty, and the simultaneous amplification of the
learning rate, places a profound operational burden on
organizational leadership. Our study supports the paradigm
that digital leadership and transformational management
styles are indispensable for steering digital transformation
and catalyzing business model innovation (Malik, 2024).
Transformational leaders actively modulate the corporate
environment, effectively lowering the perceived penalty
weight (w) for their subordinates by fostering a
psychologically safe, learning-centric atmosphere (Garcia-
Morales et al., 2023). By boosting change self-efficacy
through adaptive leadership, executives enable employees to
explore the action space, A, without the paralyzing fear of
failure (Chughtai et al., 2024). This is often operationalized
through collaborative coaching frameworks that dismantle
silos and foster a cohesive culture of trust (Lawrence et al.,
2023). Furthermore, recognizing that management skills and
organizational culture are vital, embedded sources of
innovation—particularly in peripheral regions or specialized
sectors like agricultural cooperatives—highlights that
localized, highly tailored leadership approaches are critical
for managing unique demographic risk profiles (Nazari et
al., 2023; Pedraza-Rodriguez et al., 2023). By acting as the
architects of the organizational learning environment,
leaders directly influence the structural conditions that
govern the Q-learning updates within their workforce
(Ginting, 2023).

Ultimately, integrating these psychological and structural
elements into a cohesive learning organization is a
fundamental prerequisite for long-term survival in the
modern marketplace (Texeira-Quiros et al., 2022).
Organizations must adopt complex digital marketing
frameworks and open innovation ecosystems to maintain a
sustainable competitive advantage (Saeedi motlagh &
Karimishad, 2022; Trihadi Pudiawan et al., 2023). The
continuous skill acquisition inherent in a true learning
organization acts as the necessary structural condition to
bridge the gap between external knowledge and internal
application (Yuan & Chayanuvat, 2022; Zhang et al., 2023).
Dismantling rigid administrative barriers, such as
implementing flexible working hours, lowers the cognitive
friction associated with new methodologies, mathematically
reducing the environmental penalty and fostering creative
outputs like transmedia storytelling in publishing (Emami et
al., 2024; Han, 2024). By utilizing sophisticated dual
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mediation models, as demonstrated in our structural
equation modeling phase, organizations can accurately
evaluate and track the overarching impact of these
transitions on final employee innovation performance
(Shaturaev, 2023). Our reinforcement learning simulation
provides a vital, predictive mathematical bridge connecting
the abstract constructs of readiness and risk to the concrete,
sequential reality of human behavioral adaptation in the
workplace.

5 Conclusion

This study successfully demonstrates the profound
efficacy of integrating empirical psychological metrics with
computational reinforcement learning to understand the
complex temporal dynamics of organizational innovation
adoption. By conceptualizing the employee’s decision-
making process during technological transitions as a Markov
Decision Process, we provided a novel mathematical bridge
between abstract cognitive states and concrete behavioral
trajectories. Our findings confirm that traditional, static
models are insufficient for capturing the fluid nature of
human adaptation. Instead, the optimized Q-learning
algorithm—which explicitly parameterized the learning rate
(a) using change readiness scores, and the penalty weight
(w) and discount factor (y) using risk perception data—
yielded a highly accurate predictive model, accounting for a
substantial portion of the variance in actual adoption rates
(R? =.68). Specifically, the results establish that
heightened organizational change readiness acts as a
cognitive catalyst, accelerating an individual’s internal
learning rate and minimizing the time spent in hesitant,
exploratory phases. Conversely, elevated risk perception
functions as a severe environmental penalty that heavily
discounts the perceived future utility of the innovation,
thereby  driving  systemic  behavioral  resistance.
Consequently, successful digital transformation and
technological integration require management to move
beyond conventional training paradigms. Leaders must
actively architect the organizational learning environment
by simultaneously cultivating psychological safety to lower
perceived operational risks and fostering structural readiness
to accelerate the workforce’s cognitive transition.
Ultimately, this interdisciplinary approach proves that
employee behavior during periods of change is neither
entirely unpredictable nor strictly linear; rather, it is a highly
dynamic, algorithmic learning process that can be accurately
modeled, anticipated, and strategically managed to secure
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long-term organizational competitiveness and successful
technological integration.

While this study offers a novel methodological
integration of psychometric data and computational
modeling, several limitations must be acknowledged. First,
the cross-sectional nature of the empirical survey data
restricts the ability to establish definitive temporal causality
between the psychological constructs prior to the innovation
rollout and the ultimate adoption behavior. Although the
reinforcement learning model inherently simulates a
longitudinal temporal process over 100 discrete epochs, the
initialization parameters were derived from a single point of
data collection, relying heavily on retrospective self-
reporting, which is susceptible to recall bias and social
desirability effects. Second, the computational model
utilized a standard, simplified Q-learning algorithm. Human
cognitive processing and organizational decision-making are
vastly more complex than a standard Markov Decision
Process; employees do not operate in isolated vacuums but
are heavily influenced by complex multi-agent network
dynamics, peer contagion, and continuous, variable external
economic shocks that a singular reward function cannot fully
capture. Finally, the sample was strictly confined to the
South African corporate sector, specifically targeting mid-
to-senior level management in finance, manufacturing, and
IT. The unique socio-economic, historical, and regulatory
context of the emerging South African market inherently
limits the broad global generalizability of these exact
computational parameters to other cultural or economic
environments.

Future research should prioritize the deployment of true
longitudinal study designs to track the real-time evolution of
change readiness and risk perception alongside actual
system usage metrics, rather than relying on retrospective
surveys. By continuously gathering empirical data at
multiple intervals during an innovation rollout, researchers
can dynamically update the algorithms, allowing for real-
time calibration of the learning rate aand the discount factor
y. Furthermore, the computational architecture should be
expanded from a single-agent paradigm to a multi-agent
reinforcement learning environment. Simulating a network
of interacting agents would allow researchers to investigate
how peer influence, leadership modeling, and departmental
silos affect the diffusion of innovation across complex
organizational topologies. Investigating the role of different
algorithmic reward structures—such as comparing sparse
versus dense reward environments—could also provide
deeper insights into how organizations should structure their
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incentive  programs during periods of transition.
Additionally, applying this hybrid methodological

framework to disparate geographical regions and distinct
industries, such as healthcare or public education, would
help validate the universality of translating psychological
psychometrics into computational learning parameters.

For organizational practice, the results of this study
strongly suggest that management must move beyond
viewing innovation adoption as a mere training issue and
instead treat it as an ongoing cognitive and psychological
transition. Leaders should utilize validated psychometric
tools to assess baseline change readiness and risk perception
prior to the deployment of new technologies, effectively
diagnosing the “learning rate” of their specific workforce. If
high perceived risk and low readiness are detected,
executives must  proactively implement structural
interventions—such as enhanced transitional support,
staggered implementation phases, and visible psychological
safety nets—to artificially lower the environmental penalty
of making errors during the early stages of adoption. Practice
should focus on shaping the reward environment; by
providing continuous, immediate, and positive feedback
during the initial exploratory phases of a new system’s
rollout, management can directly manipulate the temporal
discount factor, helping employees recognize the long-term
utility of the innovation sooner. Ultimately, interventions
must be highly individualized; understanding that different
departments or demographic cohorts possess different
computational learning trajectories allows human resource
professionals to deploy targeted, empathetic, and resource-
efficient change management strategies that align with the
actual cognitive processes of their employees.
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