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ABSTRACT

The rapid advancement of artificial intelligence and automation is reshaping the nature of
work; however, most occupational risk estimates remain aggregated, failing to account for
the variability of automation susceptibility across specific tasks. This study introduces and
validates a novel, transferable methodological framework and employs the Analytic
Hierarchy Process (AHP) to assess automation risk at the task level, grounded in structured
expert judgment. The framework decomposes an occupation into discrete tasks, evaluates
these tasks against five systematically defined criteria—repetitiveness, cognitive
complexity, human interaction, regulatory variability, and technological adaptability—and
calculates priority vectors through pairwise comparisons. Internal consistency is verified,
and inter-rater agreement is assessed using Kendall’s coefficient. To evaluate the
robustness of the results under expert variability, a Monte Carlo simulation-aided AHP
(MC-AHP) approach was implemented, confirming the stability of task rankings. Applied
to the accounting profession with an international panel of experts, the method identifies
record keeping and report preparation as the most vulnerable tasks, while data analysis and
management exhibit greater resilience. Beyond generating ranked vulnerability profiles,
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the approach captures diversity in expert perspectives, reflecting differences in regulatory
and organizational contexts. The proposed framework offers decision-makers in diverse
professional and geographical contexts a replicable, evidence-based tool for anticipating
technological disruption and guiding workforce adaptation strategies in the era of digital
transformation.

Keywords: Analytic Hierarchy Process; task automation; expert judgment; multi-criteria
decision-making evaluation; automation risk

1. Introduction

The future of work is at the center of a global debate that has gained momentum following
estimates suggesting that a significant percentage of current occupations could be affected
by automation in the coming decades (Frey & Osborne, 2017; OIT, 2021). However,
evidence shows that it is not entire occupations that are automated, but rather the specific
tasks within them (Autor, Levy & Murnane, 2003; OIT, 2021). Previous research has
demonstrated that routine and highly standardized tasks are more vulnerable to
technological substitution, whereas those requiring professional judgment, human
interaction, or contextual adaptation tend to be more resilient (Autor, Levy & Murnane,
2003; OIT, 2021). In Latin America, a region characterized by high levels of labor
informality and persistent digital skills gaps (OIT, 2021), this distinction is crucial for
guiding training policies, workforce reskilling, and business strategies.

Despite the growing attention to this issue, most automation risk models are constructed at
the occupational level and seldom integrate expert judgment in a systematic way, which
limits their ability to capture the diversity and complexity of tasks in specific contexts (ILO,
2021). This methodological gap calls for the development of flexible and replicable tools
that allow automation risk to be assessed at the task level, incorporating both quantitative
and qualitative criteria.

In this context, the Analytic Hierarchy Process (AHP) emerges as a multi-criteria decision-
making technique capable of breaking down complex problems into hierarchies of criteria
and alternatives, conducting pairwise comparisons, and synthesizing expert judgments into
weighted priorities while verifying their consistency (Saaty, 1980). The AHP has been
successfully applied in various fields, including the evaluation of occupational and
educational risks, and its structure allows for the integration of key variables such as
repetitiveness, cognitive complexity, human interaction, regulatory variability, and
technological adaptability. However, given the growing number of publications and the
diversity of applications of the AHP in this field, it is appropriate to conduct a systematic
overview of the current literature to identify thematic trends, areas of concentration, and
research gaps.

To this end, a mapping review was conducted, enabling the identification and visualization
of both the structure and evolution of a research field through conceptual maps or
bibliographic citation networks (Chambergo, Diaz & Benites, 2021). This approach
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provides a descriptive and visual overview of the available evidence and its bibliometric
impact. The methodology was carried out in two stages: 1) The search and selection of
articles in Scopus that met the criteria defined in the search equation; and 2) The synthesis
of results based on the characteristics of the sample, keyword co-occurrence analysis, and
clustering using VOSviewer. A cluster is defined as a group of nodes that are strongly
related through their keyword co-occurrence (van Eck & Waltman, 2010). Given the scope
of this work, no exclusion criteria were applied to the retrieved articles (Kraus, Breier &
Lim, 2022).

The search returned a total of 17,188 documents using the following search equation:
ALL ( ( "Analytic Hierarchy Process" OR "AHP" ) AND ( "risk assessment" OR "risk
evaluation" OR "hazard assessment" ) )

AND ( LIMIT-TO ( DOCTYPE, "ar" ) )
AND ( LIMIT-TO ( LANGUAGE , "English" ) )
AND ( LIMIT-TO ( SRCTYPE, "j"))
AND ( LIMIT-TO ( PUBSTAGE, "final" ) )
AND ( LIMIT-TO ( EXACTKEYWORD , "Risk Assessment" ) OR LIMIT-TO (
EXACTKEYWORD, "Analytical Hierarchy Process" )
OR LIMIT-TO ( EXACTKEYWORD , "Analytic Hierarchy Process" ) OR LIMIT-TO (
EXACTKEYWORD , "Hierarchical Systems" )
OR LIMIT-TO ( EXACTKEYWORD, "Risk Analysis" ) OR LIMIT-TO (
EXACTKEYWORD , "Multicriteria Analysis" )
OR LIMIT-TO ( EXACTKEYWORD, "Risk Factor" ) OR LIMIT-TO (
EXACTKEYWORD, "Risk Perception" )
OR LIMIT-TO ( EXACTKEYWORD, "Risks Assessments" ) OR LIMIT-TO (
EXACTKEYWORD, "Analytic Hierarchy Process (ahp)" )
OR LIMIT-TO ( EXACTKEYWORD, "Risk" ) OR LIMIT-TO ( EXACTKEYWORD,
"Fuzzy Analytic Hierarchy Process" )
OR LIMIT-TO ( EXACTKEYWORD , "Risk Management" ) )

From this dataset, a keyword co-occurrence analysis was conducted using a threshold of 2.
Figure 1 represents a keyword co-occurrence map, built from a set of articles indexed in
an academic database. Each node represents a keyword, and its size reflects its frequency
of occurrence. The connecting lines indicate co-occurrence relationships (i.e., how
frequently keywords appear together). The colors identify thematic clusters (groups of
terms that tend to appear together and thus represent a topic or subarea).

International Journal of the 3 Vol 17 Issue 3 2025
Analytic Hierarchy Process ISSN 1936-6744
https://doi.org/10.13033/ijahp.v17i3.1370



IJAHP Article: Barragan Moreno, Calderon Carmona, Budifio/AHP-based framework for
assessing professional task automation risk: methodological design and cross-sector
application potential

religese
- -9’@@‘.’ projecte - CORTTUIAgn worker redugton

Figure 1 Keyword co-occurrence network based on Scopus-indexed literature on the
Analytic Hierarchy Process (AHP) and risk-related studies (n = 17,188)
Source: Own elaboration using VOSviewer.

The analysis identified five main thematic clusters, reflecting the predominant areas in
which AHP has been applied for risk-related studies:

Cluster 1: Organizational management and risk response (red)

This cluster includes terms such as organization, response, and role, and relates to studies
that apply the AHP to support strategic decision-making in institutional settings,
particularly in health management, disaster response, and organizational planning. The
AHP is used to rank risk factors, allocate resources, and define response criteria under
complex scenarios.

Cluster 2: Risk assessment in project environments (blue)

This group includes terms such as project, planning, and implementation, and is associated
with research that applies the AHP in the analysis and management of risks throughout the
life cycle of infrastructure, engineering, and information technology projects. The AHP
supports the selection of alternatives, risk prioritization, and critical phase identification.

Cluster 3: Occupational risk and task-related hazards (green)

This cluster includes terms like construction worker, occupational risk, and safety, which
correspond to studies focused on evaluating workplace risks in sectors such as construction,
manufacturing, and mining. The AHP is applied to identify critical tasks, assess exposure
conditions, and develop workplace safety strategies.
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Cluster 4: Risk reduction and mitigation strategies (yellow)

Centered on the term reduction, this cluster includes studies that use the AHP to rank and
select preventive and mitigation measures across various risk types (environmental,
technological, financial). It highlights the use of the AHP in designing intervention plans,
selecting control barriers, and evaluating response strategies to adverse events.

Cluster 5: Digital Transformation Strategies (DTS) (orange)

This emerging cluster, organized around the term DTS, includes studies that apply the AHP
to assess risks related to digital transformation processes such as automation, Al
integration, cybersecurity, and organizational change. The literature here reflects a growing
interest in how the AHP can be used to support decision-making in digital risk
environments and the reconfiguration of professional roles.

These clusters highlight both the thematic diversity and the methodological breadth of AHP
applications in risk-related contexts. Furthermore, they reveal emerging lines of research
(particularly around digital transformation) that point toward the method’s continued
evolution and relevance in addressing contemporary and future risk challenges.

Building on these findings, this study situates itself within the emerging research agenda
identified in the literature, particularly the cluster focused on Digital Transformation
Strategies (DTS). The prominence of this theme highlights the growing need for decision-
making tools that address the risks posed by automation at a granular level. While the AHP
has been widely applied across domains, its potential to evaluate automation risk at the task
level in professional settings remains underexplored.

The aim of this study is to propose and validate an AHP-based methodological framework
to assess the automation risk of professional tasks, illustrated through a case study in the
accounting profession. This approach seeks to provide a more precise classification of the
vulnerability of each task and to generate inputs for strategic decision-making in the
context of accelerated digital transformation.

2. Reference framework
2.1 Automation, digitalization, and reconfiguration of work

Automation represents a structural transformation that redefines the division of labor
between humans and machines. Its scope has expanded beyond industrial mechanization
to include cognitive tasks—such as decision-making, data analysis, and customer service,
enabled by advances in artificial intelligence, machine learning, and cyber-physical
systems (Lorenz, Stephany & Kluge, 2023; Acemoglu & Restrepo, 2018). This
transformation has given rise to a substantial body of interpretive literature, which
encompasses diverse theoretical perspectives on the relationship between technology and
employment. These perspectives can be systematized into five main approaches:
substitution, complementarity, employment polarization, structural inequality, and task-
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related risk (Frey & Osborne, 2017; Lorenz, Stephany & Kluge, 2023; Filippi, Banno &
Trento, 2023; Nedelkoska & Quintini, 2018; Bessen, 2018; Arntz, Gregory & Zierahn,
2016; Goos, Manning & Salomons, 2009; Autor, 2015; Autor & Dorn, 2013).

Table 1
Main theoretical approaches to understanding the impact of automation on employment

Theoretical ..
Core description
approach
o Automation replaces human labor in tasks when it offers
Substitution . .
greater efficiency or cost-effectiveness.

. Technology augments human capabilities, generating new
Complementarity functions that enhance productivity and value creation.
Employment Automation reduces middle-skill jobs while increasing demand
polarization for high-skill (low-risk) and low-skill (non-routine) roles.

Technological change deepens disparities by economic status,
education, and gender, especially in unequal markets.
Automation risk is linked to the characteristics of individual
tasks rather than entire occupations.

Source: Prepared by the authors based on Frey & Osborne, 2017; Lorenz, Stephany &
Kluge, 2023; Nedelkoska & Quintini, 2018; Bessen, 2018; Arntz, Gregory & Zierahn,
2016; Goos, Manning & Salomons, 2009; Autor, 2015; Autor & Dorn, 2013.

Structural inequality

Task-related risk

One of the most widely recognized approaches is technological substitution, which posits
that technical progress will replace human labor when machines become more efficient or
cost-effective (Autor, 2015). Within this perspective, routine and codifiable tasks are the
most susceptible to automation. Conversely, the complementarity approach argues that
technology can augment human labor by enabling higher value-added activities and
creating new functions that did not previously exist (Bessen, 2018).

The employment polarization perspective describes the simultaneous decline of middle-
skill jobs and growth at both ends of the skill spectrum: high-skill occupations with low
automation probability and low-skill jobs resistant to automation due to their interpersonal
or physical nature (Goos, Manning & Salomons, 2009; Autor & Dorn, 2013). These trends
are especially pronounced in unequal and fragmented labor markets, such as those in Latin
America, where high levels of informality and limited access to technical training intensify
automation’s disruptive effects (Dicks, Kiinn-Nelen, Levels, & Montizaan, 2024; Alaimo,
Chaves, & Soler, 2019).

2.2 Limitations of existing approaches to assessing automation risk

Automation risk analysis has evolved from occupation-based models to more granular,
task-centered approaches. Frey and Osborne (2017) developed a pioneering model
assigning automation probabilities to occupations using expert assessment on factors such
as sensory perception, creativity, social intelligence, and object manipulation. OCDE
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(2019) refined this approach by incorporating job skills survey data, producing more
nuanced probability estimates.

Despite these advances, significant limitations remain. Many models rely on static
assumptions that ignore evolving organizational structures and regulatory changes (Budifio
& Asuaga, 2022). Structured integration of expert judgment is rare, and when present, it
often lacks mechanisms to ensure consistency or to explicitly weight decision criteria.
Furthermore, such models are seldom adaptable to the analysis of specific tasks within a
single profession, and they frequently omit non-technical factors—such as social,
regulatory, or organizational conditions—that can decisively shape automation outcomes
(OIT, 2021; Filippi, Banno & Trento, 2023; Schmidpeter & Winter-Ebmer, 2021). Table 2
summarizes these methodological limitations and their implications for policy and
diagnostic tools.

Table 2
Key methodological limitations of common automation risk assessment models

Methodological

limitation Implication

Aggregate occupation Obscures intra-occupational variability in automation risk,
analysis reducing diagnostic granularity.

Lack of structured expert Reduces contextualization and validity of results for
judgment specific sectors.

Absence of consistency Hinders reproducibility and comparability of findings
validation across professions or countries.

Low adaptability to Limits the applicability of results for sector-specific policy
specific contexts design.

Exclusion of non- Underestimates the influence of social, regulatory, and
technical factors organizational determinants on technology adoption.

Source: Prepared by the authors based on Frey & Osborne, 2017; OIT, 2021; Filippi, Banno
& Trento, 2023; Budifio & Asuaga, 2022; Schmidpeter & Winter-Ebmer, 2021; Im &
Schneider, 2022.

These constraints reduce the utility of current models for stakeholders in education, labor
policy, and organizational planning, highlighting the need for methodologies that
disaggregate occupations into tasks, evaluate automation risk across multiple dimensions,
and incorporate expert judgment in a structured and replicable manner (Filippi, Banno &
Trento, 2023; Latham & Humberd, 2018).

2.3 AHP as a methodological framework for risk assessment

The AHP, developed by Saaty (2008), is a multi-criteria decision-making technique that
breaks down complex problems into hierarchical levels. It facilitates pairwise comparisons
among criteria and alternatives, synthesizing them into weighted priorities while also
assessing the consistency of judgments. The AHP has been widely applied in various
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domains to assess risk—including tourism and food supply chains, educational
management, public policy evaluation, and occupational analysis—demonstrating its
capacity to integrate both quantitative and qualitative criteria (Ali & Kaleem, 2025;
Nguyen, Tuyen, Than & Tran, 2025; Barragan, Gonzalez & Calderon, 2022).

In automation studies, the AHP has been used to assess the relative importance of tasks
within an occupation, to prioritize risk factors such as task standardization, sensory
perception, human interaction, and regulatory context, and to combine technical criteria
with social perceptions about the future of work (Filippi, Banno & Trento, 2023; Budifio
& Asuaga, 2022). Its structured approach and capacity for replication make it valuable for
comparative analyses across professions and sectors.

2.4 Justification for using the AHP for automation risk assessment

Applying the AHP to automation risk assessment addresses critical limitations in previous
models. First, it enables analysis at the task level rather than the occupation level, providing
more precise and actionable insights. Second, its flexible structure allows adaptation to
varied professional and regulatory contexts. Third, it facilitates participatory validation by
incorporating expert knowledge in a systematic way, ensuring multiple perspectives are
integrated and evaluated for consistency (Maskavizan, Poco & Calzolari, 2023; Kendall,
1938).

By linking disaggregated tasks to criteria such as routinization, cognitive complexity,
human interaction, and technological adaptability, the AHP produces a hierarchical model
that accurately reflects an occupation’s susceptibility to automation. This methodological
approach offers decision-makers and educational stakeholders a robust tool for curriculum
design, professional retraining, and evidence-based policymaking in the context of
accelerated digital transformation.

3. Methodology
3.1 Study design

This study is methodological in nature and proposes a systematic, transparent, and
replicable framework for assessing the automation risk of professional tasks using the
AHP. The framework adapts the AHP to structure expert judgments regarding the
susceptibility of tasks to automation through hierarchical criteria, enabling their
quantitative synthesis.

The approach is quantitative, as it transforms qualitative expert assessments into pairwise
comparison matrices processed through mathematical algorithms. This structure supports
the calculation of the relative weighting of specific tasks, the evaluation of consistency in
expert opinions, and the generation of composite automation risk scores.

Although primarily methodological, the framework is validated through its application to
the accounting profession, serving as an exemplary case to demonstrate its implementation
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and effectiveness. This validation aims to illustrate the approach rather than produce
generalizable empirical conclusions.

3.2 Application of the AHP to automation risk assessment

A task-based approach was adopted, decomposing each occupation into discrete tasks
potentially susceptible to automation (Lorenz, Stephany & Kluge, 2023; Budifio & Asuaga,
2022). This required explicit weighting of task types and the factors influencing their
likelihood of automation. The AHP integrates multiple criteria—such as required skills and
task characteristics—into a single decision-making model, assigning weights according to
their contribution to automation risk.

The AHP’s methodological flexibility allows for the integration of qualitative and
quantitative factors in a unified framework (Anderson, Sweeny, & Williams, 2016) and
offers mechanisms to evaluate the consistency of expert judgments (Barragan, Gonzélez &
Calderon, 2022; Davoodi, 2009).

3.3 Definition of evaluation criteria and sub-criteria

Key factors influencing automation risk were identified from the literature on technological
change and work transformation (Chambergo, Diaz & Benites, 2021; Barragan & Guzman,
2025; Grant & Booth, 2009). Each criterion captures a relevant dimension of automation
risk, as shown in Table 3.

Table 3
Hierarchy of automation risk assessment criteria of professional tasks
Criterion Sub-criteria Theoretical justification
Repetitiveness of Routine nature of tasks, Highly repetitive and structured
tasks process standardization tasks are easier to automate.
Tasks that require professional
Requires cognitive Creativity, complex judgment and non-standard
complexity problem solving problem-solving are less
susceptible to automation.
. . Social/emotional Human interaction, empathy, and
Human interaction . . . .. .
intelligence, interpersonal negotiation are difficult for
and empathy L . .
communication algorithms to replicate.

Physical-manual Sensory percention. fine Some manual tasks require
dexterity and sensory Y pereeption, adaptive skills that are difficult to
. motor coordination
perception automate.
Source: Prepared by the authors based on Frey & Osborne, 2017; Budifio & Asuaga, 2022;
Latham & Humberd, 2018; Wioch, K. Sledziewska & Rozynek, 2005; Banno, Filippi &
Trento, 2021.

International Journal of the 9 Vol 17 Issue 3 2025
Analytic Hierarchy Process ISSN 1936-6744
https://doi.org/10.13033/ijahp.v17i3.1370



IJAHP Article: Barragan Moreno, Calderon Carmona, Budifio/AHP-based framework for
assessing professional task automation risk: methodological design and cross-sector
application potential

3.4 Hierarchical model design

The model has three levels: 1) General objective — Assess the automation risk of tasks in
each profession; 2) Criteria (risk factors) — Derived from the literature and empirical
evidence (see Table 3); and 3) Decision alternatives (tasks) — Specific tasks evaluated for
automation susceptibility.

This structure enables flexible application across occupations, supporting multi-criteria
evaluation grounded in expert judgment (Anderson, Sweeny, & Williams, 2016).

3.5 Pairwise comparison process and weight calculation

Once criteria are defined, experts conduct pairwise comparisons using Saaty’s scale (Table
4), producing matrices at each hierarchy level.

Table 4
Pairwise comparison scale for the AHP preferences

Verbal judgment Numerical value
Equally preferred
From equally to moderately preferred
Moderately more preferred
From moderately to strongly preferred
Strongly more preferred
From strongly to very strongly preferred
Very strongly more preferred
From very strongly to extremely preferred
Extremely more preferred
Source: Prepared by the authors based on Saaty, 1980; Saaty, 2008.

O 0 1N N Wi~

3.6 Priority estimation algorithm with AHP

To operationalize the AHP for automation risk assessment, the calculation of priorities
follows the sequence established in classical literature (Anderson, Sweeny & Williams,
2016; Munier, 2011). The process is designed to progressively translate expert judgments
into quantitative measures that can be systematically compared and synthesized.

Step 1 — Identification of criteria and risk factors: The first stage defines the key risk
criteria/factors at Level 1 of the hierarchy. These are derived from the literature review and
represent the main dimensions influencing the susceptibility of professional tasks to
automation.

Step 2 — Construction of pairwise comparison matrices: A square matrix A is built, where
a_ij denotes the expert’s judgment of the relative importance of element i compared to
element j. The value a;; = 1 indicates equal importance. Two levels of matrices are
constructed:
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o One comparing the main risk criteria/factors.
o Multiple matrices comparing the decision alternatives/tasks under each
criterion.

Step 3 — Estimation of relative weights: The normalized principal eigenvector of each
matrix is calculated to determine the weight of each criterion or alternative. This step is
repeated for every matrix, ensuring that each set of comparisons is internally consistent
and that the weights reflect the experts’ collective understanding of the problem structure.

Step 4 — Weighting of alternatives: For each decision alternative (task), the local priority
values obtained in Step 3 are multiplied by the weight of the corresponding criterion. This
integration ensures that both the intrinsic importance of the criterion and the performance
of the alternative under that criterion are reflected.

Step 5 — Aggregation into composite scores: The weighted values are summed across all
criteria, yielding a composite score for each task. This score serves as a single, interpretable
indicator of automation risk, facilitating comparison and prioritization.

Step 6 — Consistency verification: The internal consistency of expert judgments is
evaluated by computing the Consistency Ratio (CR). This step ensures that the judgments
are logically coherent and that the resulting weights are reliable.

It is important to note that Steps 2 to 5 are executed independently for each referee,
producing an individual priority matrix that reflects each expert’s perspective. These
individual results are subsequently aggregated (via the geometric mean) into a consolidated
priority ranking. This procedure not only preserves the diversity of expert input but also
ensures methodological rigor in line with multi-criteria decision-making best practices.

3.7 Evaluation of the consistency of judgments

Ensuring the logical coherence of expert judgments is an essential requirement for the
reliability of the AHP results. Once the priority vectors have been calculated, the
Consistency Ratio (CR) is used to evaluate whether the pairwise comparisons provided by
each referee are consistent with the principles of transitivity and proportionality in
decision-making.

The verification process follows the algorithm below:

Step 1 — Weighted sum vector calculation: Multiply the pairwise comparison matrix by the
priority vector to obtain the weighted sum vector.

Step 2 — Ratio calculation: Divide each element of the weighted sum vector by its
corresponding priority value.

Step 3 —Maximum eigenvalue (A max) determination: Calculate the mean of the values
obtained in Step 2. This mean represents the maximum eigenvalue of the matrix.

Step 4 — Consistency Index (CI) computation: Compute the Consistency Index using the
following equation, where n is the number of elements compared:
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Amax—n
1 =2 M
Step 5 — Consistency Ratio (CR) computation: Obtain the CR by dividing the CI by the
Random Index (RI) corresponding to n, as shown in the equation:

_c

CR = (2)

The Random Index (RI) values used in this study are presented in Table 5. These values
are derived from randomly generated reciprocal matrices of size n (Mendoza, 2013).

Table 5
Consistency index of a randomly generated matrix

n|3 4 5 6 17 8 9
RI|06 1 1.1 12 13 141 145
Source: Mendoza (2013, p. 37).

Interpretation: A CR < 0.10 is generally considered acceptable, indicating that the
judgments have a satisfactory level of internal coherence. If the CR exceeds this threshold,
Mendoza (2013) recommends reviewing the expert’s comparisons for possible
inconsistencies. In some cases, and if justified by the decision-making context, a more
flexible threshold may be applied. For alternative methods of assessing the consistency of
expert responses, see Barragan, Gonzalez and Calderon (2022) and Alonso and Lamata
(2006).

3.8 Agreement among referees

Beyond verifying the internal consistency of each referee’s judgments, it is essential to
determine the degree of consensus within the panel of experts. Discrepancies in the
assessment of the relative importance of criteria/risk factors or decision alternatives/tasks
can influence the robustness of the aggregated results.

To quantify the level of agreement, this study employed the Kendall Coefficient of
Concordance (W), a non-parametric statistic that measures the ordinal association among
multiple raters (Maskavizan, Poco & Calzolari, 2023; Kendall, 1938; Arizaga Piedra,
Monge Loja & Muioz Pauta, 2023). The coefficient ranges from 0 (no agreement,
equivalent to random ranking) to 1 (perfect agreement).

The algorithm for calculating Kendall’s W is as follows:

Step 1 — Matrix construction: Create an n X m matrix, where n represents the number of
decision alternatives/tasks and m the number of referees. Each cell P;; contains the rank

assigned by referee j to alternative/task i.
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Step 2 — Sum of ranks: For each alternative/task, calculate the sum of its ranks:
Hy = Y7 Py (3)
Step 3 — Mean of total ranks: Compute the mean of the rank sums:

— 1
H=—3 H 4)

Step 4 — Sum of squared deviations (S): Determine the dispersion of the rank sums around
the mean:

S=y0 . (H; — H)? (5)

Step 5 — Kendall’s Coefficient of Concordance (W): Calculate W using:

128
- m2(n3-n) ©
Interpretation:
o W =1 Perfect agreement among referees
W = 0 No agreement (random ordering)
W < 0.3 Slight agreement
0.3 < W < 0.7 Moderate agreement
W = 0.7 High agreement

O O O O

The computation of W provides a quantitative measure of consensus, supporting the
validation of aggregated rankings. High levels of agreement strengthen the reliability of
the results, while lower values may indicate the need to revisit criteria definitions, clarify
task descriptions, or provide additional guidance to referees before re-assessment.

3.9 Final prioritization

Once the individual priority vectors for each referee have been obtained, both for the
criteria/risk factors and for the decision alternatives/tasks, the next stage is to integrate
these results into a consolidated ranking that reflects the collective judgment of the expert
panel.

To achieve this, the geometric mean was applied to the corresponding entries of the
individual priority vectors. This approach, widely recommended in the AHP literature for
aggregating individual judgments, ensures that the influence of each referee is
proportionally represented and that the aggregated priorities preserve the multiplicative
nature of pairwise comparisons.

The consolidation procedure follows these steps:
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Step 1 — Aggregation of criteria priorities: For each criterion/risk factor, compute the
geometric mean of the relative weights assigned by all referees. This yields a global criteria
priority vector.

Step 2 — Aggregation of task priorities within each criterion: For each decision
alternative/task under each criterion, calculate the geometric mean of the relative weights
assigned by all referees, generating global task priority vectors for each criterion.

Step 3 — Weighted aggregation across criteria: Multiply the priority of each task (within a
given criterion) by the global weight of its corresponding criterion.

Step 4 — Final composite score calculation: Sum the weighted priorities of each task across
all criteria to obtain a composite automation risk score for each decision alternative/task.
Step 5 — Ranking: Order the tasks in descending order of their composite scores to identify
those with the highest and lowest susceptibility to automation.

This procedure ensures that the final prioritization: 1) Incorporates the judgment of all
referees in a balanced manner; 2) Preserves the methodological integrity of the AHP
process; 3) Produces a transparent and reproducible ranking of professional tasks; 4)
Provides a decision-making tool that can be directly used to identify critical tasks for job
redesign, workforce training, or automation mitigation strategies. In the context of the case
study on the accounting profession, these results also offer insights into which activities
require urgent strategic attention, and which are less vulnerable to technological
substitution.

3.10 Implementation in a case study: accounting profession

To demonstrate the applicability and robustness of the proposed AHP-based framework,
the methodology was operationalized in a case study focusing on the accounting
profession, a field identified in the literature as highly susceptible to automation (Frey &
Osborne, 2017; Lorenz, Stephany & Kluge, 2023). This case provides a relevant and
challenging testing ground for the method, as it includes both routine, rule-based activities
(such as transaction recording, reconciliations, and standardized reporting) that exhibit a
high probability of automation, and analytical, judgment-based, or interpersonal tasks that
remain less susceptible to technological replacement (Budifio & Asuaga, 2022).

The selection of this profession is further supported by its accelerated adoption of Robotic
Process Automation (RPA) and artificial intelligence (Al) tools, which have already
redefined operational workflows in many accounting contexts (Ogosi, Lira, Guadalupe,
Lira & Cacsire, 2023; Aguirre & Rodriguez, 2017). As such, it offers a realistic
environment to test the framework in a sector where technological disruption is actively
reshaping task structures.

Following the methodological sequence described in previous paragraphs, the
implementation phase comprised:

1. Application of the hierarchical criteria defined for automation risk
assessment, adapted to the specific tasks and competencies of accounting
professionals.
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2. Collection of expert judgments from an international panel, systematically
structured through pairwise comparisons in accordance with the AHP
methodology.

3. Evaluation of internal consistency and inter-rater agreement, using the
algorithms described in the consistency and concordance sections, to
ensure methodological reliability and transparency.

This structured approach aligns with best practices in methodological validation research
(Landriscina, 2013) integrating theoretical model development, expert-based data
collection, and robust statistical verification. The results not only confirm the framework’s
practical utility for assessing automation risk but also generate actionable insights for
workforce planning, occupational redesign, and targeted training policies in accounting and
potentially in other professional domains.

3.11Sensitivity analysis using Monte Carlo simulation

To evaluate the robustness of the rankings under expert judgment variability, a sensitivity
analysis was conducted using a Monte Carlo simulation—aided Analytic Hierarchy Process
(MC-AHP). Following the methodology established by Jing, Chen, Zhang, Li, and Zheng
(2013), applied by Thomas, Rane, and Harris (2024) in nuclear risk and security studies,
and extended to multi-stakeholder decision-making by Mantogiannis and Katsigiannis
(2020), the following four steps were undertaken:

Step 1 — Triangular estimation: For each non-diagonal element of the pairwise comparison
matrices, a set of three values—minimum (min), most likely (modal), and maximum
(max)—was derived from the judgments provided by the three experts. The minimum and
maximum correspond to the lowest and highest observed values, respectively, while the
modal value corresponds to their arithmetic mean. This structure captures the range of
expert input and enables probabilistic modeling of uncertainty.

Step 2 — Beta-PERT distribution modeling: Using the estimated triplets, beta-PERT
distributions were constructed to model the uncertainty of each judgment. The beta-PERT
distribution is well suited for expert-based estimation because it allows for skewed
distributions and emphasizes the most likely value while accounting for variability. The
following equations (adapted from Arntz, Gregory & Zierahn, 2016) were used to
parameterize the distribution:

mean = min+4m03dal+max (7)
stdev = w (8)
@ = (i) (i 1) ©)
B = a(Smin) (10)
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These shape parameters were then used to simulate the non-diagonal values in the pairwise
matrices through random sampling from the beta distribution.

Step 3 — Simulation setup and score aggregation: A Python-based simulation model was
developed to generate 1,000 synthetic realizations of each pairwise comparison. For each
iteration, the model sampled values from the beta-PERT distributions, constructed the
complete pairwise matrix (enforcing reciprocity), and calculated the priority vector using
the eigenvector method.

The global score A for each alternative kwas then calculated by aggregating the local
scores by ;(task scores under each criterion j) weighted by the normalized importance Ujof
the five criteria, following the approach used by Thomas, Rane, & Harris (2024):

A = Y51 (byj - Uy) (11)

Step 4 — Result synthesis and visualization: The simulation produced a distribution of 1,000
scores per task. From these distributions, statistical descriptors such as mean, standard
deviation, and 95% confidence intervals were computed. Additionally, boxplots were
generated to visually assess the dispersion of scores and the relative stability of task
rankings under expert judgment variability.

This simulation-based sensitivity analysis offers a robust and transparent means of
evaluating the stability of AHP-based decisions. It not only quantifies the potential impact
of uncertainty in expert input but also enhances the methodological rigor and replicability
of AHP applications in this risk assessment context.

4. Results

This section presents the findings from the implementation of the AHP-based methodology
designed to assess the automation risk of professional tasks, validated in the accounting
profession. As detailed in the methodological section, the hierarchical structure of the
model was applied with input from an international panel of experts. These experts
provided pairwise comparative judgments at two levels: 1) Among the criteria/risk factors,
and 2) Among the decision alternatives/tasks within each criterion.

Individual judgments were consolidated using the geometric mean, producing a consensus-
based priority ranking in line with AHP best practices (Anderson, Sweeny & Williams,
2016; Munier, 2011).

4.1 Characterization of the panel of experts

Three international experts with extensive experience in technological automation and the
accounting field were selected as referees. Selection criteria included:

International Journal of the 16 Vol 17 Issue 3 2025
Analytic Hierarchy Process ISSN 1936-6744
https://doi.org/10.13033/ijahp.v17i3.1370



IJAHP Article: Barragan Moreno, Calderon Carmona, Budifio/AHP-based framework for
assessing professional task automation risk: methodological design and cross-sector

application potential

Thematic specialization — All experts had in-depth knowledge of the current
capabilities and limitations of technologies applied to accounting and work
organization, enabling nuanced understanding of professional tasks and
competencies.

Academic or professional affiliation — Each expert was affiliated, at least partially,
with a higher education institution.

Geographic diversity — Experts came from Colombia, Argentina, and Uruguay,
allowing incorporation of diverse perspectives shaped by economic and regulatory
contexts (Budino & Asuaga, 2022).

This diversity mitigated potential local bias, given that perceptions and responses to
automation vary significantly across countries (Buzzelli, 2023).

4.2 Definition and prioritization of evaluation criteria

Based on the framework presented in Table 3 and the professional expertise of two
accounting specialists from Uruguay and Colombia, the criteria/risk factors used to assess
the automation risk in the accounting profession were defined as follows:

1.

Repetitiveness: Tasks with fixed patterns and low variability—requiring minimal
judgment—are highly automatable through technologies like RPA (Frey &
Osborne, 2017).

Complexity: Tasks involving critical thinking, judgment, and decisions in
ambiguous contexts are less automatable due to their reliance on tacit knowledge
(Acemoglu & Restrepo, 2018).

Reliance on social skills or human interaction: Functions requiring social skills
such as empathy or negotiation resist automation, as emotional and interpersonal
nuances are hard to replicate (Autor, 2015).

Variability in the regulatory context: Tasks that demand continuous adaptation to
evolving legal frameworks are less standardizable and thus less automatable on
(Wtoch, Sledziewska & Rozynek, 2005).

Adaptability to emerging technology: Tasks easily integrated with emerging
technologies like Al or big data are more prone to automation due to their high
compatibility (Bessen, 2018).

4.3 Definition of decision alternatives

Following Latham and Humberd (2018) the accounting tasks were grouped into four
decision alternatives:

Record Keeping — Manual, routine activities such as data entry and reconciliations
Reporting — Routine cognitive tasks like adjustments and data verification
Management — Non-routine cognitive tasks involving analysis and design of
processes

Data Analysis — High-complexity, non-repetitive tasks such as consulting and
decision-making
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4.4 Hierarchical model structure
Figure 2 illustrates the AHP-based hierarchical structure for evaluating automation risk in

the accounting profession, linking the overall objective, criteria/risk factors, and decision
alternatives/tasks.

Determine the specific factors that most
influence the assessment of automation risk of
accounting tasks

) Reliance on Variability in the Adaptability to
Repetitiveness Complexity social skills regulatory emerging
context technology
Record Reporting Data Management
keeping analysis

Figure 2 Hierarchical structure of the AHP-based model for assessing automation risk in
the accounting profession

4.5 Priority vectors for criteria and alternatives

The three referees provided judgments on both criteria and tasks, producing the priority
vectors v.gi, I = 1,2, 3. for criteria and v_g, for tasks (Table 6). For example, Referee 1
assigned the highest weight (0.58) to Repetitiveness, while Referee 2 assigned greater
emphasis (0.25) to Complexity.

0.58 0.32 0.48
0.14 0.25 0.21

Verr = | 0.15 |;vepo = | 0.14 [;vers =] 0.12 |

\0.06 / \0.10 / \0.10 /
0.04 0.17 0.06
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Table 6

Priority vectors assigned by each referee to accounting tasks under each risk criterion

Criterion Referee 1 Referee 2 Referee 3
0.67 0.60 0.63
Repetitiveness Vrip1l = 0.17 Vrip2 = 0.24 VT1R3 = 0.22
0.06 0.11 0.09
0.08 0.03 0.04
0.36 0.54 0.59
Complexity Vr2r1 = 0-36 Vr2r2 = 0.27 Vr2r3 = 0.22
0.13 0.13 0.14
0.12 0.04 0.04
Reliance on social 0.37 0.59 0.59
skills or human Vr3gp1 = 0.29 VUr3p2 = 0.24 Vr3r3 = 0.23
interaction 0.23 0.12 0.12
0.09 0.03 0.04
0.65 0.36 0.34
Variability in the _10.21 _ 1036 _ [ 0.34
regulatory context VT4R1 = | 0 06 VTaR2 = | 0 16 VT4R3 = | 021
0.06 0.(5)9 0.29
o 0.46 0.56 0.56

Adaptability to

emefging ’ UTsr1 = 0.27 Urspz = 0.26 VUTsr3 = 0.25
technology 0.14 0.12 0.13
0.11 0.03 0.04

Note: Relative priorities (sum = 1.0) assigned by each referee; higher values indicate
greater perceived automation risk within the criterion.

4.6 Consistency of judgments

Table 7 shows the Consistency Index (CI) for each referee at both criteria and task levels.
Values above the 0.10 threshold indicate potential inconsistency (Mendoza, 2013). Referee
1 maintained high consistency (global CI = 0.07), although CI rose to 0.13 under
Adaptability to Emerging Technology.
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Table 7

Consistency Index (CI) of referees’ judgments
Cl Referee 1 Referee 2 Referee 3
Criteria 0.07 0.19 0.08
Repetitiveness 0.06 0.58 0.19
Complexity 0.09 0.45 0.17
Reliance on social
skills or human 0.14 0.50 0.28
interaction
Variability in the 0.03 0.14 0.02
regulatory context
Adaptability to
emerging 0.13 0.35 0.27
technology

4.7 Aggregation and concordance

Using the priority vectors for each criterion and task, weighted matrix multiplication
yielded the classification vectors Pr; = (V¢qpilVezrilVesril Vearil Vesri) Veri

For example, Referee 1 ranked tasks as: 1) Record Keeping (0.57); 2) Reporting (0.22); 3)
Data Analysis (0.10); and 4) Management (0.09).

0.57 0.55 0.58

_ (o022, _(027]). _[0.24
Pr1 = 0.10 i Prz = 0.12 i Prs 0.12
0.09 0.04 0.04

To evaluate agreement among referees, Kendall’s coefficient of concordance (W) was
calculated using Equations (3) to (6) (Table 8). The resulting W = 0.031 indicates low
agreement, highlighting differences in experts’ prioritization—possibly reflecting national
and sectoral perspectives (Buzzelli, 2023).

Table 8
Calculation of Kendall’s coefficient of concordance
Prioritization Sum of priority Sum of squared
matrix vectors deviations
Tasks PRI PRZ PR3 Hi Hi —H (Hl —H)Z
Record 057 055 058 171 0.96 0.93
Keeping
Reporting 022 027 024 0.73 -0.01 0.00
Data Analysis 0.10 0.12 0.12 0.35 -0.39 0.15
Management 0.09 0.04 0.04 0.18 -0.56 0.31

Note: The mean of the sums was H=0.75, and the sum of squared deviations was S = 1.4.
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4.8 Consensus-based ranking

The final consensus vector was computed via the geometric mean of referees’ scores,
producing the ranking: 1) Record Keeping (0.56); 2) Reporting (0.24); 3) Data Analysis
(0.11); and 4) Management (0.01). Tasks with higher complexity, contextual variability,
and reliance on interpersonal skills (e.g., Data Analysis, Management) showed lower
automation risk, consistent with previous findings (Acemoglu & Restrepo, 2018; Autor,
2015).

0.56
0.24
0.11
0.01

The resulting vector reflects the consensus-based ranking of tasks according to the relative
automation risk, as determined by the multi-criteria decision-making approach proposed in
this study. The findings indicate that, among the tasks evaluated, Record Keeping is the
most susceptible to automation (0.56), followed by Reporting (0.24). In contrast, tasks such
as Data Analysis (0.11) and Management (0.01) are considered to have substantially lower
risk of automation. This is attributed to their higher cognitive complexity, contextual
variability, and reliance on interpersonal skills. Overall, the classification highlights the
heterogeneous nature of accounting tasks in the face of technological advances and
supports the relevance and applicability of the proposed multi-criteria decision-making
approach for assessing automation risks in a rigorous and context-sensitive manner.

Interpretation: The results confirm that the proposed AHP-based methodology is effective
for identifying tasks with greater susceptibility to automation. The heterogeneous ranking
across task types reflects the multidimensionality of automation risk in accounting,
supporting the relevance, flexibility, and transferability of this approach to other
professional contexts.

4.9 Sensitivity analysis results

To assess the robustness of the task prioritization results under expert judgment variability,
a Monte Carlo simulation—aided AHP (MC-AHP) was conducted. The simulation followed
the approach proposed by Jing, Chen, Zhang, Li, and Zheng (2013), using beta-PERT
distributions for each non-diagonal element of the pairwise comparison matrices based on
the minimum, modal (mean), and maximum values obtained from three experts. A total of
1,000 iterations were performed, generating synthetic realizations of the judgment matrices
and computing the global priority score for each task per iteration using the normalized
weights of the five criteria.

Table 9 summarizes the statistical descriptors obtained from the simulation. The results
indicate that Record Keeping consistently received the highest automation risk score (mean
= 0.5646; SD = 0.0123), followed by Reporting (mean = 0.2486; SD = 0.0081), Data
Analysis (mean = 0.1213; SD = 0.0051), and Management (mean = 0.0654; SD = 0.0052).
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The observed 95% confidence intervals were narrow and did not overlap across tasks,
which supports the consistency of the ranking despite variability in individual judgments.

Table 9

Statistical summary of global priority scores from MC-AHP (n = 1,000)
Task Mean Std. Dev. Min 2.5% Median 97.5% Max
Record Keeping 0.5646 0.0123 0.5253 0.5401 0.5648 0.5883 0.6000
Reporting 0.2486 0.0081 0.2218 0.2325 0.2485 0.2642 0.2737

Data Analysis 0.1213 0.0051 0.1046 0.1114 0.1213  0.1313 0.1368
Management 0.0654 0.0052 0.0507 0.0559 0.0654 0.0758 0.0798

Figure 3 presents the boxplots of the global scores obtained for each task across all
simulations. The visual distribution of scores confirms the low dispersion and reinforces
the stability of the ranking. Although “Record Keeping” displays the widest range, it
maintains the highest risk level throughout all iterations. This pattern is consistent with the
deterministic results, confirming that the prioritization is robust under uncertainty.

Distribution of Task Scores - Monte Carlo AHP Simulation (n=1000)

-

0.5 4

o
'S

Global Priority Score
o
w

0.214

0.1 4 E
=—7=t—m
T T T T
Record kepping Reporting Data Analysis Management

Figure 3 Distribution of global priority scores for professional tasks obtained from Monte
Carlo simulation—aided AHP (n = 1,000 iterations)

This simulation-based sensitivity analysis addresses the methodological limitations often
attributed to traditional AHP models, particularly the absence of statistical validation and
judgment uncertainty (Thomas, Rane & Harris, 2024). By explicitly modeling variability
in expert input, the MC-AHP approach enhances the reliability and transparency of task-
level risk assessments.

International Journal of the 22 Vol 17 Issue 3 2025
Analytic Hierarchy Process ISSN 1936-6744
https://doi.org/10.13033/ijahp.v17i3.1370



IJAHP Article: Barragan Moreno, Calderon Carmona, Budifio/AHP-based framework for
assessing professional task automation risk: methodological design and cross-sector
application potential

5. Discussion
5.1 Discussion of the results

This study’s primary contribution lies in demonstrating the methodological value of the
Analytic Hierarchy Process (AHP) for assessing automation risk in professional tasks
through expert judgment. Rather than focusing on the substantive results for a specific
profession, the emphasis is on how the proposed procedure enables the decomposition of
complex decision problems into structured, conceptually clear levels, facilitating
systematic comparisons between criteria and alternatives—even in highly complex
contexts (Saaty, 2008; Munier, 2011). The design of clear and guided evaluation
instruments was critical to ensure that experts fully understood the task, an essential factor
when incorporating specialized knowledge into multi-criteria decision-making processes
(Alonso & Lamata, 2006).

The case study in the accounting profession serves as a validation scenario for the
methodology. The Kendall coefficient of concordance indicated a slight level of agreement
among referees (Maskavizan, Poco & Calzolari, 2023; Kendall, 1938), consistent with
expectations for expert-based multi-criteria assessments. While individual perceptions
varied, shared ranking patterns emerged, enabling the identification of tasks with the
highest automation risk—namely Record Keeping and Reporting. These tasks are
repetitive and predictable, characteristics that previous studies have consistently linked to
technological substitution (Frey & Osborne, 2017; Arntz, Gregory & Zierahn, 2016;
Budifio & Asuaga, 2022). This outcome confirms the ability of the AHP-based framework
to capture widely recognized automation risk patterns, while also allowing the
identification of context-specific nuances.

The diversity of the expert panel—though limited to South American academics—
illustrates how the method integrates both global and local perspectives. Judgments
reflected broader trends in automation as well as the specific regulatory and operational
realities of accounting practice in the participating countries. This alignment with the
recommendations of Alaimo, Chaves, and Soler (2019) and Ripani, Soler, Kugler, Kugler,
and Rodrigo (2020) strengthens the case for adapting analytical frameworks to diverse
social, labor, and technological contexts.

The methodological design also benefited from aggregating expert judgments using the
geometric mean, which preserved individual independence and reduced potential group
bias (Davoodi, 2009; Alonso & Lamata, 2006). This not only increased the robustness of
the rankings but also yielded a transparent and replicable procedure that can be transferred
to other fields facing automation challenges.

5.2 Theoretical implications

The use of the AHP as a methodological framework reinforces the argument that structured
decision-making tools are critical in contexts characterized by complexity and uncertainty.
In this study, the AHP proved to be a powerful tool for capturing both generalizable trends
and profession-specific nuances in automation risk, particularly in domains where
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technical feasibility interacts with contextual variables such as legal mandates or task
complexity. The findings contribute to the growing literature on the intersection between
digital transformation and occupational change, demonstrating how expert knowledge can
be systematically translated into hierarchical criteria. Moreover, the study illustrates that
the incorporation of diverse expert perspectives, even within a regional academic context,
allows for valid theoretical insights into how automation risk is socially constructed and
contextually grounded.

5.3 Practical implications

The proposed AHP-based framework offers practical value to policymakers, educators, and
organizational leaders who must anticipate the effects of automation on professional roles.
For instance, identifying Record Keeping and Reporting as the most automatable
accounting tasks provides a foundation for redesigning training programs and job roles to
prioritize higher-order skills that are less susceptible to automation. Additionally,
organizations can adapt the methodological design to other professions or sectors where
similar pressures from digitalization are present. The use of transparent and replicable
processes enhances stakeholder trust and supports evidence-based workforce planning. The
insights on local regulatory influence also encourage a nuanced approach to automation
policies, one that accounts for institutional and legal variability across countries or
jurisdictions.

5.4 Limitations and future research

The methodology’s public dissemination enables continuous refinement, adaptation to new
professional contexts, and incorporation of evolving technological trends. Nonetheless,
certain limitations merit acknowledgment. First, the wvalidation panel, although
professionally relevant, was relatively small and exclusively academic. This composition
may limit generalizability, suggesting that future studies expand the panel to include a more
diverse and international pool of experts or adopt Delphi rounds to reinforce independence
and robustness of judgments. Second, the pairwise comparison scale may introduce
anchoring bias if referees avoid extreme values on Saaty’s scale. Although the research
team provided clear instructions to mitigate this risk, complementary calibration exercises
could further enhance judgment precision. Finally, the approach measures technical
feasibility of automation but does not explicitly account for economic, organizational, or
regulatory constraints that may impede implementation. Tasks deemed technically
automatable may remain in practice due to high implementation costs, protective
regulations—such as the legal role of public accountants as notaries in Colombia—or
institutional resistance to change.

To test the stability of the results under conditions of expert judgment variability, a Monte
Carlo simulation—aided AHP (MC-AHP) approach was implemented, following the
methodology proposed by Jing, Chen, Zhang, Li and Zheng (2013) and extended by
Thomas, Rane and Harris (2024). The simulation confirmed the robustness of the ranking
patterns obtained, showing minimal dispersion and no reversals in task prioritization. These
findings reinforce the reliability of the AHP framework even in the presence of subjective
variability, enhancing its methodological rigor. While no comparative analysis was
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performed with alternative methods such as Fuzzy-AHP, TOPSIS, or machine learning
techniques, the choice of the AHP was based on its suitability for capturing structured
expert knowledge and its capacity to ensure traceability, interpretability, and consistency
assessment—features particularly relevant for explaining task-level risk in the absence of
large historical datasets. Future studies may benefit from triangulating results using
alternative multi-criteria decision-making approaches to expand the methodological
landscape and test convergence across models.

6. Conclusions

This methodological article demonstrated the usefulness of the AHP for assessing the
automation risk of professional tasks based on structured expert judgment. By
decomposing a complex decision problem into hierarchical levels, the proposed approach
facilitated conceptually clear comparisons among criteria and alternatives, even in highly
complex contexts. The design of didactic and comparative data collection instruments was
instrumental in ensuring that experts fully understood the evaluation process, thereby
strengthening the validity of their contributions.

The operationalization and validation of the methodology within the accounting profession
revealed that, according to aggregated expert judgment using the geometric mean, Record
Keeping is the task most susceptible to automation, followed by Reporting. Conversely,
tasks involving Data Analysis and Management were considered less vulnerable. This
ranking is consistent with prior evidence that routine, standardized activities face a higher
risk of technological substitution.

The study also underscores the value of integrating both global and context-specific
perspectives, as the diversity of expert backgrounds enriched the analysis and provided a
nuanced understanding of discrepancies. Extending this methodology to other professional
domains and geographical settings, and incorporating economic, organizational, and
regulatory factors, could significantly enhance its explanatory power.

By combining structured expert judgment with multi-criteria decision-making techniques
such as AHP, this approach offers a robust and adaptable framework for supporting
strategic decisions in the context of the ongoing digital transformation of work
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