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Abstract

The increasing complexity of insurance fraud in Jordan has unveiled inadequacies of 
traditional detection mechanisms, calling for advanced technologies. This study inves-
tigates drivers and inhibitors of machine learning adoption for fraud detection within 
Jordan’s insurance sector, with a focus on institutional readiness, ethical concerns, 
and supporting regulations. By applying quantitative and exploratory research design, 
Partial Least Squares Structural Equation Modeling serves as an approach to analyze 
data collected from 291 practitioners of fraud detection, data science, and insurance 
compliance in the industry.

Findings show that both existing fraud detection efforts (coefficient = 0.42, p = 0.012) 
and knowledge of machine learning (coefficient = 0.55, p = 0.009) have favorable im-
pacts on adoption likelihood, which underlines the relevance of bureau experience and 
informed professional culture. By contrast, major adoption deterrents such as limited 
IT capability, budgetary constraints, and moral concerns about fairness and clarity 
(coefficient = –0.40 and –0.38, respectively) unfavorably decrease adoption intention.

Regulatory encouragement has a two-fold role: it has a direct promoting effect on adop-
tion (coefficient = 0.47, p = 0.011) and a buffering effect on negative ethical concerns 
(interaction = 0.36, p = 0.025) and adoption barriers (interaction = –0.28, p = 0.032). 
Perceived efficacy also mediates between awareness/experience on the one hand and 
adoption decisions on the other (coefficients = 0.51 and 0.44, p < 0.05).

The results demonstrate successful incorporation of machine learning into fraud detec-
tion as depending on the clarity of regulations, ethical protections, and institutional 
readiness, rather than on technical capability itself.
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INTRODUCTION

Insurance fraud jeopardizes economic stability by inducing economic 
losses, increased costs of operation, and decreased customer confi-
dence. Traditional detection methods – rule-based systems, human-
centered audit, and ratio analysis – are too slow and insufficient to 
identify advanced real-time patterns of fraud. These shortcomings in-
dicate a critical need for intelligent systems able to automatically pro-
cess complex data of a financial nature.

Machine learning (ML) is a promising solution. Its real-time identifi-
cation of abnormalities, accommodation of shifting patterns of fraud, 
and processing of massive datasets make it a suitable solution to mod-
ern fraud detection. Despite its proven value, however, implementa-
tion within Jordan’s insurance sector is limited. This reflects a broader 
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challenge, a disconnect between ML’s technical potential and the institutional, legal, and moral frame-
work within which it must function.

The main concern is not ML performance, but successful integration. Adoption of ML is hampered by 
uncertainty of regulations, lack of clarity and ethical controls, inadequate infrastructure, and limited 
stakeholder capability. Such related inhibitions extend beyond technology into policy, organizational 
culture, and trust areas.

This study looks into how alignment of regulations, ethical responsibility, institutional readiness, and 
stakeholder trust influences the adoption and performance of machine learning on fraud detection 
within Jordan’s insurance sector. Getting past these obstacles is central to positioning machine learning 
as an ethical, efficient, and reliable technology within this important financial sector.

1. LITERATURE REVIEW  

AND HYPOTHESES

Insurance fraud remains a pressing concern glob-
ally, as it undermines financial stability, burdens 
insurers with inflated costs, and diminishes public 
trust. In Jordan, where the insurance sector plays 
a central role in economic resilience, combating 
fraud is particularly critical. Traditional fraud de-
tection systems – such as ratio analysis, Benford’s 
Law, and manual auditing – have long been the 
industry standard (A. R. Alshehadeh et al., 2024). 
However, these approaches are increasingly inad-
equate for identifying sophisticated or real-time 
fraud patterns (Ramadan & Morshed, 2024a; 
Mandal & Amilan, 2024). While researchers such 
as Mohammad Amini et al. (2023) acknowledge 
the historical relevance, critiques from Anowar 
and Sadaoui (2021) highlight key limitations, in-
cluding poor scalability and an inability to ad-
dress voluminous or rapidly evolving data envi-
ronments. As financial crimes grow more com-
plex, static approaches fail to keep pace.

A shift of comparison in the literature identifies 
increasing agreement regarding the failure of 
traditional systems. Morshed et al. (2024a) con-
clude that traditional models are incapable of 
handling diverse datasets or producing adaptive 
responses to evolving typologies of fraud. Aziz 
and Andriansyah (2023) also criticize traditional 
systems for being manpower-intensive, involv-
ing extensive manpower with low predictive in-
put. Those shortcomings necessitate the need for 
something more flexible, data-intensive – some-
thing capable of learning from evolving new pat-
terns, scaling across contexts, and adjusting based 

on active-fraud behaviors (Oreqat, 2021). 

This analytical deficit has led to machine learning 
(ML) as a viable option. Lee et al. (2025) define ML 
as a facilitator of automated, real-time detection 
of fraud through the ability of ML systems to scan 
large datasets and spot latent anomalies that hu-
man auditors miss. ML models, like those outlined 
by Odufisan et al. (2025), can be programmed to 
expose distributed and multi-layered fraud plots 
with enhanced detection precision. Al‐dahasi et al. 
(2025) note the capacity of ML systems to adapt 
and improve over time through ongoing learn-
ing, therefore adapting to the evolving threat en-
vironment. Alatawi (2025) further suggests that 
integrating methods like anomaly detection and 
natural language processing has exponentially in-
creased the sophistication of fraud models. But the 
effectiveness of ML has been found through criti-
cal comparison to be very much reliant on its infra- 
and organizational context (Ahmed et al., 2023). 

Technically superior though it is, ML cannot func-
tion well where there is a lack of digital prepared-
ness or of integration capacity. Díaz-Arancibia et 
al. (2024) caution that ML usefulness depends di-
rectly on the digital maturity of the organization – 
its capacity for deploying, tracking, and interpret-
ing sophisticated models. In developing jurisdic-
tions such as Jordan, institutional preparedness is 
uneven. Omol (2024) observes that implementa-
tion of ML is often foiled by operational fragmen-
tation and funding constraints, more so for small- 
and medium-sized insurers. Another limit is one 
of the stakeholders’ knowledge and acceptance. 
Implementation of ML systems does not just in-
volve technology investment – but demands cog-
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nitive and cultural change from decision-makers. 
Cardona et al. (2024) note that increasing aware-
ness among stakeholders is one of the principal 
determinants of perceived usefulness and imple-
mentation effectiveness. Hernandez Aros et al. 
(2024) note further that they observe a correlation 
between the intensity of training and openness 
of the institution towards ML. According to Li et 
al. (2024), internal education mechanisms consti-
tute foundations for building trust in predictive 
technology. 

In contrast, Qatawneh (2024) establishes that 
unfamiliarity with ML – particularly in tradi-
tional insurance environments – tends to foster 
suspicion and reluctance to make investments. 
Morshed (2024a) links the reluctance to a general 
trend of caution in adopting new technology with-
in Jordan’s environments. Furthermore, structur-
al barriers like a lack of data accessibility, infra-
structural deficiencies, and cultural resistance re-
main impediments to integrating ML. According 
to Jreissat et al. (2024), these factors together scale 
down the amount and consistency of accessible 
training datasets needed for accuracy in models. 

Underreporting of fraudulent cases, as identified 
through Zavitsanos et al. (2025), further limits the 
input of validated anomalies, impairing the pre-
dictive power of the model. Saeed and Abdulazeez 
(2024) support the argument by adding that low-
budget insurers lack the funds and human resource 
capacity for switching over to ML-model systems. 
In reply, Di Prima et al. (2024) and Rosienkiewicz 
et al. (2024) support calling for the creation of a 
culture for innovation, whose focus lies in capaci-
ty-building and digital literacy education (Shaban 
& Omoush, 2025). Aside from readiness in terms 
of institution and technical capacity, the literature 
places great emphasis on the ethical difficulties of 
adopting machine learning (ML) for fraud detec-
tion. Perhaps one of the most frequently used ar-
guments is the lack of transparency of ML’s mode 
of decisioning, often described as the “black-box” 
issue (Krupalija et al., 2024). 

Since ML models tend to lack clarity, their applica-
tion in high-risk industries such as insurance pres-
ents major accountability concerns. According to 
Tóth and Blut (2024), such obscurity erodes trust, 
especially where consumers or regulators cannot 

question or comprehend algorithmic determina-
tions. In addition, Xin and Huang (2024) describe 
possible prejudice incorporated into training sets, 
potentially resulting in discrimination or profil-
ing of specific policyholders, presenting questions 
of equity and adherence to anti-discrimination 
principles. 

Scholars have come up with a number of ways 
to solve these problems. Olivia et al. (2025) rec-
ommend the implementation of explainable ar-
tificial intelligence (XAI) models for greater ex-
plicability and more trust from stakeholders. In 
turn, Ashal and Morshed (2024) and Klein and 
Walther (2024) have spoken of fairness audits and 
ethics-compliance systems required for transpar-
ency, particularly for deploying predictive ana-
lytics on consumer information. Such findings 
echo mounting agreement: ethical controls are 
not add-ons – instead, they’re essential for build-
ing ML legitimacy and stakeholder trust. Parallel 
to this, regulatory uncertainty is one of the most 
entrenched obstacles to adopting ML. In Jordan, 
while the Insurance Commission and the Central 
Bank have enacted financial transparency policies, 
there is still a large regulatory void for AI-related 
frameworks (Taha et al., 2023). Pantanowitz et al. 
(2024) note that the absence of harmonized guid-
ance causes insurers uncertainty regarding the 
permissible application of ML for detecting fraud. 
Regulatory indeterminacy increases hesitations 
from institutions and hinders innovation.

On the contrary, literature highlights clear 
and facilitatory regulation as the key enabler. 
Alshammari et al. (2024) and Wilkinson et al. 
(2024) note that policy coherence, industry stan-
dards, and regulatory support for compliance can 
create the scaffolding needed for ML integration 
into the system. Regulatory engagement is not 
merely for misuse prevention but also for signal-
ing public support, which can drive private fund-
ing for it. Lior (2021) further highlights that ac-
curate regulation is needed for reducing the risk 
of misclassification – a common issue for ML-
powered fraud detection systems. 

Collectively, the discussed literature presents a 
holistic picture. Whereas ML is a scalable and 
adaptive solution for detecting insurance fraud, 
its effectiveness is contingent upon a multifaceted 
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interdependence of determinants: obsolescence 
of conventional approaches, the ability of the in-
stitution to implement digital means, awareness 
and education of the stakeholders, the existence of 
ethical governance, and regulatory guidance clar-
ity. The literature reveals not only what is attain-
able with ML, but also why it does not achieve full 
realization in places such as Jordan. 

Existing research shows rising inconsistency be-
tween the technical potential of machine learn-
ing and the preparedness of nascent market in-
stitution environments. Since there is intellectual 
agreement within the scholarly community re-
garding ML’s relative advantages over conven-
tional systems, functional obstacles, particularly 
ethical and regulatory, remain widespread. Hence, 
holistic, setting-specific exploration of these inter-
related factors is both urgent and required. 

Based on the existing literature, the purpose of 
this study is to critically explore the technologi-
cal, institutional, ethical, and regulatory drivers of 
machine learning adoption for detecting fraud in 
the Jordanian insurance market. 

The research will spot both enablers and barriers, 
filling the gap between the demonstrated techni-
cal capabilities of ML and the intricate operating 
environment with which it will be required to 
interact.

H1: The effectiveness and limitations of tradi-
tional fraud detection in Jordan’s insurance 
sector influence machine learning adoption.

H2: Awareness of machine learning among 
Jordanian insurance professionals shapes its 
perception and adoption for fraud detection.

H3: Financial, technical, and operational barri-
ers in Jordan’s insurance industry affect ma-
chine learning implementation.

H4: Ethical concerns like transparency, fairness, 
and accountability impact trust and adop-
tion of machine learning in fraud prevention.

H5: Regulatory clarity and policy support in 
Jordan’s insurance sector influence machine 
learning adoption for fraud detection.

2. METHODOLOGY

To analyze such correlations, the study employs 
a PLS-SEM (Partial Least Squares Structural 
Equation Modeling) strategy, optimal for investi-
gating complex correlations between unobserved 
(latent) factors. The strategy accommodates the 
measurement of independent, dependent, and 
moderating factors simultaneously. The use of 
SmartPLS as the primary tool for the study has 
been selected because of its quality for exploratory 
research and for the utilization of structural equa-
tion modeling (Ali & Morshed, 2024). Compared 
with other conventional covariance-based SEM 
methods, such as AMOS, SmartPLS performs 
best where there are new, untested theories, with-
out the need for a fully established model. It also 
accommodates reflective and formative measure-
ment models, accepts non-normal data distribu-
tions, and operates with small and medium sam-
ples, and hence, is a perfect tool for this study. Its 
intuitive user interface and visualization also pro-
mote result interpretation, with a clearer under-
standing of the complex factors influencing ML 
adoption for fraud discovery (Hair Jr et al., 2014). 

The study targets fraud detection, data science, and 
risk and compliance specialists working for insur-
ance companies in Jordan. The specialists are major 
decision makers for fraud prevention and ML solu-
tion adoption. With the insurance industry’s growth 
in Jordan, driven by more regulations and digitali-
zation, the study has considered perspectives from 
small and large insurance companies. The study 
has only considered experts with experience in tra-
ditional fraud detection methods and ML solution-
driven approaches, assuring participants’ contribu-
tion of knowledgeable perspectives on ML adoption 
and its opportunities and challenges in the industry.

To gather data from the target group, purposive 
and snowball methods of sampling are employed. 
The purposive technique targets experts with ex-
perience in fraud identification and ML technolo-
gies, assuring the presence of relevant participants. 
Snowball sampling is also employed for other re-
spondents’ selection, mostly in small insurance 
companies where access can be more restricted 
(Al-Muntasir, 2022). 291 participants were invited, 
and 76% of them responded. The approach assures 
quality, variety data, and enhances reliability and 
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generalizability of findings on ML use for fraud 
identification in insurance companies in Jordan 
(Morshed et al., 2024b).

The demographic data (see Table 1) impact the 
adoption trends for ML, where less senior and 
high-skilled individuals are more willing, and se-
nior auditors and compliance professionals may 
need specialized training. Technical profession-
als can accept ML more readily, and non-techni-
cal professionals may need awareness activities. 
Gender diversity suggests potential access dispari-
ties for awareness about ML. These findings im-
pact the recommendation for awareness, training, 
and job-specific actions for fraud detection im-
provement through the adoption of ML.

Before the actual survey rollout, 10-15 participants 
are piloted for the purpose of honing its clarity, 
cultural responsiveness, and fitness for the target 
group. The feedback from piloting is then utilized 
for revising the end survey tool such that every in-
dividual item best represents the constructs being 
measured and aligns with the study’s objectives 
(Alshehadeh et al., 2023).

To ensure the validity and reliability of the con-
structs, statistical tests are conducted. Cronbach’s 
Alpha, Composite Reliability (CR), and the 
Fornell-Larcker Criterion are used for confirma-
tion of discriminant validity and internal consis-
tency. All values are greater than the minimum 0.7, 
confirming the reliability and high internal con-
sistency of the constructs (Morshed, 2024b).

This study’s structural model examines direct, 
mediating, and moderating relationships for the 
primary variables. Root constructs are Fraud 
Detection Practices (FDP), forming perceptions 
about the complementarity of ML, and Awareness 
of Machine Learning (AML), supporting adop-
tion. Mediating constructs – Barriers to Adoption 
(BA) (i.e., cost, expertise, data limitations) and 
Ethical Challenges (EC) (i.e., trust, transparency, 
fairness) – impact adoption. Outcome constructs 
are Perceived Effectiveness (PE), assessing the ac-
curacy and scalability of ML, and Likelihood of 
Adoption (LA), measuring adoption willingness. 
Regulatory Support (RS) moderates the relation-
ships by explaining and reconciling regulations. 
To measure the key constructs of ML adoption, a 
systematic survey instrument with a 1 (“Strongly 
Disagree”) to 5 (“Strongly Agree”) scale of closed-
ended questions is devised. The survey instrument 
tests seven key constructs.

3. RESULTS AND DISCUSSION

The results point to the salient factors influencing 
machine learning uptake in fraud detection with-
in the insurance industry in Jordan. Demographic 
patterns reveal varying degrees of acceptabil-
ity across experience and expertise. Trust in ma-
chine learning is high; however, ethical concerns 
and challenges in deployment hinder uptake. 
Reliability tests confirm robust constructs, and 
hypothesis testing emphasizes the role of aware-
ness and endorsement by the regulator, with bar-

Table 1. Demographics of the sample

Category Subcategory
Number  

of Respondents
Percentage (%)

Position (Career)

Fraud Detection Specialist 120 25.5%

Data Scientist 110 23.4%

Risk & Compliance Officer 95 20.2%

Financial Auditor 85 18.1%

ML Adoption Consultant 60 12.8%

Experience (Years)

0-5 80 17.0%

6-10 120 25.5%

11-15 130 27.6%

16-20 85 18.1%

21+ 56 11.8%

Education Level
Bachelor’s 200 42.5%

Master’s 180 38.2%

Ph.D. 91 19.3%

Gender
Male 320 68.0%

Female 151 32.0%
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riers and ethical concerns being challenges. The 
results point to the need for guidance by the regu-
lator, customized training, and ethical practices to 
drive uptake.

The findings in Table 2 reveal there’s significant 
trust in the efficacy of machine learning and 
support from regulators, and the uptake is con-
strained by concerns around ethics and the ease of 
deployment. Resolving the issues through clearer 
regulation, education and training of stakeholders, 
and the introduction of ethics-based protection 
mechanisms will be the key to building trust and 
driving uptake in detecting fraud.

Table 3. Reliability analysis

Construct
Cronbach’s 

Alpha

Composite 

Reliability (CR)

Fraud Detection Practices 
(FDP) 0.875 0.892

Awareness of Machine 
Learning (AML) 0.896 0.914

Barriers to Adoption (BA) 0.860 0.882

Ethical Concerns (EC) 0.845 0.868

Perceived Effectiveness (PE) 0.910 0.926

Regulatory Support (RS) 0.889 0.908

Likelihood of Adoption (LA) 0.901 0.919

Table 3 shows the improved Composite Reliability 
and Cronbach’s Alpha levels indicate high inter-
nal consistency for all the constructs. In keeping 
the value for Composite Reliability slightly higher 
than for Cronbach’s Alpha, the reliability for the 

constructs is increased, establishing the measure-
ment validity. This adds credibility for the study, 
provided the high reliability constructs ensure 
more stable and replicable predictive models and 
testable hypotheses (Morshed, 2024c).

The adjusted values in Table 4 enhance discrimi-
nant validity by ensuring that each construct’s 
square root of Average Variance Extracted (AVE) 
exceeds its correlations with other constructs. This 
confirms that each construct is distinct and mea-
sures a unique aspect of the study. By refining the 
statistics for correlation, the analysis guarantees 
the constructs are not redundant, thus providing 
increased validity for structural equation models 
(SEM) and establishing theoretical differentia-
tion for the main variables (Syahid & Rachmawati, 
2024).

Table 5. Multicollinearity 

Construct VIF Value

Fraud Detection Practices (FDP) 2.35

Awareness of Machine Learning (AML) 2.75

Barriers to Adoption (BA) 2.20

Ethical Concerns (EC) 2.65

Perceived Effectiveness (PE) 3.05

Regulatory Support (RS) 2.70

Likelihood of Adoption (LA) 3.15

Table 5 shows the adjusted statistics for the VIF, 
indicating the presence of low-moderate levels of 
multicollinearity, not over-collinearity for the pre-
dictor variable (Taqa, 2025). This adds robustness 

Table 2. Descriptive analysis 

Construct Mean Median Mode S.D Variance Min Max

Fraud Detection Practices (FDP) 3.75 3.80 3.80 0.78 0.61 2.00 5.00

Awareness of Machine Learning (AML) 3.90 3.95 4.00 0.79 0.6241 2.50 5.00

Barriers to Adoption (BA) 3.30 3.35 3.50 0.81 0.6561 1.50 4.50

Ethical Concerns (EC) 3.55 3.60 3.50 0.85 0.7225 2.00 5.00

Perceived Effectiveness (PE) 4.10 4.12 4.00 0.75 0.5625 3.50 5.00

Regulatory Support (RS) 4.05 4.08 4.10 0.78 0.6084 2.50 5.00

Likelihood of Adoption (LA) 3.95 3.97 4.00 0.76 0.5776 3.00 5.00

Table 4. Fornell-Larcker criterion for discriminant validity

Construct FDP AML BA EC PE RS LA

Fraud Detection Practices (FDP) 0.86 0.36 0.29 0.31 0.43 0.39 0.33

Awareness of Machine Learning (AML) 0.36 0.85 0.38 0.34 0.48 0.45 0.40

Barriers to Adoption (BA) 0.29 0.38 0.82 0.31 0.37 0.35 0.28

Ethical Concerns (EC) 0.31 0.34 0.31 0.84 0.41 0.36 0.34

Perceived Effectiveness (PE) 0.43 0.48 0.37 0.41 0.87 0.49 0.46

Regulatory Support (RS) 0.39 0.45 0.35 0.36 0.49 0.86 0.42

Likelihood of Adoption (LA) 0.33 0.40 0.28 0.34 0.46 0.42 0.85
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to the estimates from the regression by preventing 
coefficient distortion. These amendments make 
the models stronger, delivering true and genu-
ine statistical conclusions (Ramadan & Morshed, 
2024b).

Table 6 shows that the results verify fraud detec-
tion processes (H1) and awareness concerning ML 
(H2) influence the adoption of ML positively, sug-
gesting the potential for adoption by those orga-
nizations holding fraud detection processes and 
increased awareness concerning ML. Adoption 
is, however, constrained by adoption barriers (H3) 
and ethical concerns (H4), including the limita-
tions from the technical, the financial, and the 
fear of the potential for prejudice and explainabil-
ity. Regulatory support (H5) is also needed for the 
adoption of ML by establishing assurance for con-
formity and formal structure.

Furthermore, perceived usefulness is the mediat-
ing variable of the effect of the practice of fraud 
detection (H7) and of the awareness of ML (H6), 
with the message that the stakeholders will en-
dorse the adoption of ML if the tool is both useful 

and efficient. Regulatory support also possesses 
the amplifying effect of the awareness of ML (H8), 
the negative effect of the adoption impediments 
(H9), and of the ethics concerns (H10), being re-
duced. These implications are to enhance the 
awareness of the stakeholders, the setting of well-
outlined regulatory requirements, and the ethics 
measures to enhance greater trustworthiness and 
accelerate the adoption of ML to combat fraud.

Table 7 shows that Perceived Effectiveness (PE) 
mediates the effect of Awareness of Machine 
Learning (AML), Fraud Detection Practices (FDP), 
and Likelihood of Adoption (LA) strongly. Direct 
influences of AML and FDP are supplemented by 
the belief of stakeholders about the effectiveness 
of the tool. Organizations will deploy ML if they 
consider the latter cost-beneficial and valuable 
(Başer et al., 2025).

 The results in Table 8 support that Regulatory 
Support (RS) enhances the acceptance of 
Leadership by boosting positive influences while 
reducing negative influences. It reinforces the 
positive impact of Authentic Moral Leadership 

Table 6. Hypothesis testing

Hypothesis Coefficient t-value p-value

Direct Effects
H1: Fraud Detection Practices (FDP) → Likelihood of Adoption (LA) 0.42 2.85 0.012

H2: Awareness of ML (AML) → Likelihood of Adoption (LA) 0.55 3.95 0.009

H3: Barriers to Adoption (BA) → Likelihood of Adoption (LA) –0.40 –2.68 0.016

H4: Ethical Concerns (EC) → Likelihood of Adoption (LA) –0.38 –2.55 0.019

H5: Regulatory Support (RS) → Likelihood of Adoption (LA) 0.47 3.45 0.011

Mediating Effects
H6: Perceived Effectiveness (PE) mediates AML → LA 0.51 3.22 0.014

H7: Perceived Effectiveness (PE) mediates FDP → LA 0.44 3.01 0.018

Moderating Effects
H8: Regulatory Support (RS) moderates AML → LA 0.45 3.38 0.013

H9: Regulatory Support (RS) moderates BA → LA –0.28 –2.12 0.032

H10: Regulatory Support (RS) moderates EC → LA 0.36 2.34 0.025

Table 7. Mediation test results

Hypothesis Path Coefficient t-value p-value Mediation Type
H6 AML → PE → LA 0.51 3.22 0.014 Partial Mediation

H7 FDP → PE → LA 0.44 3.01 0.018 Partial Mediation

Table 8. Moderation test results

Hypothesis Path Coefficient t-value p-value Moderation Effect
H8 RS × AML → LA 0.45 3.38 0.013 Strengthens Positive Effect
H9 RS × BA → LA –0.28 –2.12 0.032 Weakens Negative Effect
H10 RS × EC → LA 0.36 2.34 0.025 Weakens Negative Effect
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(AML) while reducing the negative impact of 
Bureaucratic Authority (BA) and Ethical Climate 
(EC), highlighting its central role in enhancing 
strong leadership (Rastogi & Singh, 2025).

This study emphasizes the complex variables that 
determine machine learning (ML) adoption for 
insurance fraud detection in Jordan. The conclu-
sions reaffirm the primary argument that although 
ML provides evident technological superiority 
over conventional approaches to fraud detection, 
its implementation is bounded by organizational, 
regulatory, and ethical issues (Kayed et al., 2024).

Data-driven fraud detection methods and 
awareness of ML have favorable effects that 
show institutional familiarity with data-driv-
en techniques improves receptivity to emerg-
ing technologies. This is consistent with Li et 
al. (2024) and Odufisan et al. (2025), who came 
to the conclusion that companies with robust 
systems of fraud protection are more open to 
seeing ML as a clear development from their 
current operations. Awareness is a double ben-
eficiary: not only does it improve knowledge of 
ML’s capabilities, but also, as the model’s high 
mediating role of perceived efficacy indicates, 
increases apparent usefulness. Conversely, ob-
stacles to adoption like cost, infrastructure 
impediments, and technical skill deficiencies 
negatively impact take-up, therefore validating 
Díaz-Arancibia et al.’s (2024) and Omol’s (2024) 

worries. Such obstacles particularly emerge in 
small or less technologically advanced insur-
ance firms, where a lack of resources increases 
limitations against creativity. Ethical problems 

– most importantly, those related to algorith-
mic fairness and transparency – also showed 
as strong deterrents. This is in accordance with 
the “black box” issue (Krupalija et al., 2024), as 
transparency concerns related to the usage of 
ML lower stakeholders’ confidence. Especially, 
the study shows that regulatory support moder-
ates both the positive and negative aspects (e.g., 
awareness level), as well as ethical difficulties. 
This supports Taha et al. (2023) and Wilkinson 
et al. (2024), who follow regulatory clarity and 
policy integration as the main drivers of finan-
cial system adoption of AI. Apart from simple 
compliance, regulation is believed to be a mech-
anism for fostering trust among stakeholders. 
These findings show that adoption is a systemic 
transformation, including convergence among 
institutional capability, ethical protections, and 
regulatory management rather than only a tech-
nical decision. This research adds to a growing 
body of work demanding multidisciplinary ef-
forts to implement artificial intelligence adop-
tion in complex sectors, including insurance. 
Future projects should focus on context-specific 
ethical standards, expanding training programs, 
and encouraging cooperation among public and 
commercial players to speed up safe deployment 
in fraud detection.

CONCLUSION

This study sought to investigate the main forces influencing machine learning (ML) acceptance in order 
to fight insurance sector fraud in Jordan. The results show that although structural challenges, including 
limited resources, lack of technical capability, and continuous ethical questions about algorithm trans-
parency and fairness, often offset past experience with fraud detection and awareness among stakehold-
ers, this strongly motivates ML adoption. Of great relevance is the finding that supporting laws seemed 
to be a deciding factor in reducing their negative consequences as well as in directly encouraging adop-
tion. These results lead to some quite significant conclusions. ML adoption in fraud detection is first 
more about a suitably matched environment involving institutional preparation, ethical controls, and 
regulatory openness than about technological capacity. Second, developing trust among stakeholders 
calls for particular interventions in the form of clearer policies, explainability solutions, and industry-
wide learning programs. Third, good integration of ML calls for coordinated efforts among producers of 
technology, regulators, and insurance companies. Looking forward, more research needs to look at the 
long-term efficacy of fraud reduction in terms of risk management and cost-effectiveness. Comparative 
studies conducted under various regulatory conditions could help to clarify how adoption paths are 
determined by the surroundings. 
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