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Abstract

This study analyzes the adoption of artificial intelligence (AI) in Colombian small and medium-sized enterprises (SMEs) as a process of social
innovation. Using exploratory quantitative methodology, a validated survey was administered to 945 SMEs across eight cities, examining sociode-
mographic, motivational, and organizational variables. The observed patterns show a technological democratization process: 36.4% of SMEs use
AT with equitable gender distribution (women 47.3%, men 48.8%, p=0.53), indicating reduction of historical digital divides in the study group. The
key democratization factors identified were accessibility (59%) and perceived usefulness (51%), with high penetration in microenterprises (52.9%).
Technological dependence was associated with organizational factors (exposure time p=0.296, p<0.01; digital maturity) rather than demographic
characteristics, suggesting responsible management through universal policies. Results suggest that equitable AI adoption may represent signifi-
cant social innovation that democratizes technological access and reduces competitive inequalities, although non-probability sampling limitations

restrict generalization of results beyond the analyzed enterprises.
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Introduction

Artificial intelligence (AI) is considered a transformative resource for
social innovation in business contexts, particularly within small and
medium-sized enterprises (SMEs). Authors such as Martinez Guerra
and Romo Melo (2024) highlight that digital technology adoption
enhances operational efficiency and fosters digital maturity in SMEs,
contributing to competitive resilience and process innovation. From
this perspective, Riafio-Solano et al. (2024) argue that the adoption of
Al can activate a process of technological democratization by redu-
cing historical inequalities and enabling broader digital inclusion in
emerging economies.

The SME sector still faces critical barriers limiting access to advan-
ced technologies. These include financial constraints, infrastructure
gaps, and digital skills deficits (Touijer & Elabjani, 2025). In emerging
economies like Colombia - where SMEs make up 99.9% of business
fabric and employ 67% of economically active population - AI usage
remains historically limited and unequal. Anibal Rivero et al. (2025)
and Rojas-Berrio et al. (2022) show how technical, training, and gen-
der factors worsen these gaps.

Even with AT’s transformative potential clearly identified, we still lack
understanding of how adoption becomes social innovation, especia-
lly in contexts like Colombian SMEs. Recent proliferation of accessi-
ble, low-cost Al tools (ChatGPT, Canva, Google Lens) disrupts tra-
ditional technological exclusion paradigms. Hoang and Bui (2023),
Proenga (2024), and Shore et al. (2024) describe how this creates new
opportunities for democratizing access and reducing historical digital
divides.

While researchers have examined this phenomenon through classical
models like the Technology Acceptance Model (TAM) (Davis, 1989),
Almashawreh et al. (2024) and Chatterjee et al. (2022)argue this ap-
proach misses the social innovation dimension of democratization
processes. In smaller organizational structures like SMEs, human
factors - motivations, social dynamics, gender - play crucial roles in
technology adoption. This calls for broader conceptual frameworks
incorporating inclusion, equity, and social impact variables.

Otélvaro (2023) highlights the lack of empirical evidence on how gen-
der variables impact technological democratization in Latin America.
Garcia and Iglesias (2022) and Reyes (2024) show how advanced te-
chnology adoption has traditionally maintained gender gaps through
economic, cultural, and structural barriers. Yet current Al tool avai-
lability - with intuitive interfaces and lower costs - suggests these
democratization processes might alter historical exclusion patterns,
becoming effective social innovation.

Understanding these processes matters for designing inclusive public
policies. Such policies could harness AT's democratizing potential for
sustainable social transformation in traditionally vulnerable business
sectors.

Study Objective and Contribution
Our research question asks: How do gender differences influence Al
adoption and dependence in Colombian SMEs?

The empirical evidence we seek advances understanding of accessi-
ble, low-cost AT integration in SMEs. We apply a technological de-
mocratization lens, examining documented historical barriers while
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viewing this as a novel social innovation process with transformative
potential for inclusive competitiveness and sustainable business sec-
tor development.

Literature Review

Al Adoption in SMEs Beyond TAM

Technology adoption in SME contexts gets widely addressed, with
researchers traditionally analyzing AI adoption through the Tech-
nology Acceptance Model (TAM) (Davis, 1989) to determine factors
influencing technology incorporation in SMEs (Aljarboa, 2024). Yet
few studies examine how this adoption becomes a social innova-
tion process or analyze its dependence within global SME manage-
ment contexts as digital maturity development (Bamidele Micheal
Omowole et al., 2024).

The gender perspective in adoption remains marginal, approached
through direct association searches that obscure its relevance in
adoption processes and technology development within SME activi-
ties. This happens despite sociocultural roles affecting usage (Bamide-
le Micheal Omowole et al., 2024). This becomes particularly relevant
when we consider technological democratization’s potential as a so-
cial innovation mechanism for reducing historical inequalities.

TAM Model limitations include not explaining the complete com-
plexity of Al technology adoption decisions in SMEs. These cutting-
edge, rapidly evolving tools involve subjective and complex pro-
cesses (Lemos et al., 2022). SME contexts feature particular human
operational characteristics - reduced organizational structures make
technology decisions more influenced by human interactions and
immediate staff needs (Almashawreh et al., 2024). Simultaneously,
organizational structure simplicity maximizes risk and influence of
such human decisions when implementing technological strategies
(Chatterjee et al., 2022).

Therefore, practical, emotional, academic, or even learned social ne-
eds - theorized by McClelland (1967), can influence AI usage mo-
tivation in specific SME environments. Companies can generate or
stimulate these needs through the well-being perceptions they create
(Almashawreh et al., 2024; Soomro et al., 2024). When satisfied equi-
tably and inclusively, technological adoption can become genuine
social innovation. In summary, SME involvement with AI emerges
from AT tool usage patterns, existing motivations, and technological
adoption factors.

Technological Dependence and Gender Gaps

Human involvement - whether by personal choice or induced through
daily activities - can generate technology dependence (Pfeffer & Sa-
lancik, 1978), creating tacit knowledge developments that establish
organizational and silent dependence (Sanchez & Rotundo, 2018).
Within social innovation contexts, this dependence can be both em-
powering and limiting, depending on how the technological demo-
cratization process gets managed.
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People can recognize functional and emotional dependence since
Al adoption changes work dynamics and commercial relationships
(Chen et al., 2022), . In other cases, functional and informational de-
pendence may exist, as Al becomes crucial for decision-making and
data analysis (Bodendorf et al., 2022). Dependence can also emerge
emotionally and socially, since Al alters work dynamics and inter-
personal relationships (Villamil & King, 2024). It can even arise from
leisure and dishonesty in acquired commitments (Murtiningsih et al.,
2024; Sdnchez et al., 2025).

Users can experience and self-recognize technology dependence
(Miauri Aza et al., 2024), though scales aren’t necessarily assimilated
and reported accurately due to fears or shame about recognizing de-
pendence itself. This requires adapting instruments to environments
for improving sample quality (Villavicencio-Ayub et al., 2021; Villavi-
cencio-Ayub & Vargas, 2021).

A critical latent gap involves scarce literature observing this phe-
nomenon through gender analysis perspectives (Garcia & Iglesias,
2022). Sociocultural roles can affect both adoption and dependence
(Chatterjee et al., 2022), yet SME studies remain marginal. In Colom-
bia, where gender gaps in technology access persist (Anibal Rivero
et al., 2025), this approach becomes essential for designing inclusive
strategies that leverage AT’s potential for sustainable business develo-
pment and effective social innovation mechanisms.

Technological Democratization as Emerging Social Innovation

The recent proliferation of accessible Al tools represents a process
of technological accessibility that may constitute the foundation for
democratization when accompanied by capability development and
competitive impact (Pedral Sampaio et al., 2022; Quinello & Nasci-
mento, 2025). This process is characterized by the transformation of
previously exclusive technologies into accessible tools for previously
excluded sectors, modifying power relationships and creating equita-
ble development opportunities (Omisore et al., 2024).

Likewise, following DijK’s (2023) framework of the digital divide and
recent evidence on Latin America from CEPAL (2025) and the OECD
(Michela, 2023), we distinguish two dimensions: first, technological
accessibility, the availability and adoption of digital tools, and second,
meaningful transformation, which requires additional capabilities,
skills, and competitive outcomes beyond mere access. In this sense,
this study will address the first dimension. recognizing that access to
tools like ChatGPT does not automatically imply closing technologi-
cal skills gaps.

The concept of technological democratization finds theoretical sup-
port in the evolution of the Technology Acceptance Model (TAM)
toward more inclusive frameworks that consider factors of equity, ac-
cessibility, and distributed social impact (Davis, 1989; V. Venkatesh
et al,, 2012). According to Dora et al. (2022) and Merhi (2023), this
transformation goes beyond simple technological adoption, consti-
tuting a process of capacity redistribution that can reduce structural
competitive inequalities.
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The Theory of Perceived Humanity applied to organizational contexts
(Belanche et al., 2021; Dwivedi et al., 2023) reinforces this perspective
by demonstrating that economic and technical accessibility allows re-
source-limited companies to access analytical capabilities previously
reserved for large corporations.

In the SME context, AI democratization acquires particular relevance
as a social innovation mechanism because it allows resource-limited
companies to access analytical and operational capabilities previously
reserved for large corporations, potentially reducing competitive in-
equalities and generating sustainable social value (Li et al., 2023; Park
et al,, 2024). This phenomenon represents an evolution from traditio-
nal models of technological exclusion toward more inclusive ecosys-
tems where social innovation emerges as a result of technological ac-
cessibility (Hoang & Bui, 2023; Shore et al., 2024).

Methodology

To answer this study’s research question, we assume a position based
on the post-positivist paradigm; Creswell and Creswell (2018) point
out this approach as adequate for investigating social technological
innovation phenomena, since it allows combining methodological
rigor with flexibility, recognizing that context subjectivity influences
results. Given that the phenomenon studied here is relatively new, an
exploratory approach is required that can capture both measurable
data and the perceptions of those who participate in these processes
(Shannon-Baker, 2016).

An exploratory-descriptive scope is established, which is ideal for
emerging phenomena with absence of previous reference frameworks
previos (Herndndez Sampieri et al., 2014), with the purpose of cha-
racterizing the adoption and dependence of artificial intelligence in
Colombian SMEs from a gender perspective. We seek to understand
how AI technologies are incorporated into daily business operations.

Population and Sampling Strategy

The study population was defined as SMEs located in eight Colom-
bian cities: Yumbo, Cali, Bogotd, Santander de Quilichao, Barranqui-
lla, Macheta, Villavicencio, and Jamundi. These cities were selected
seeking to capture territorial diversity that included departmental ca-
pitals, industrial centers, and municipalities with varied agricultural
and commercial characteristics.

Non-probabilistic convenience sampling was applied, appropriate
for exploratory studies of emerging technological phenomena whe-
re the main objective is understanding initial dynamics rather than
achieving statistical population generalization previos (Hernandez
Sampieri et al., 2014). This territorial configuration allows observing
the technological democratization phenomenon in differentiated so-
cioeconomic contexts of the Colombian landscape.

Data collection was carried out through mixed modality (face-to-face
and digital) to reduce technological self-selection biases, including
both SMEs with greater digitalization and those with lower connecti-
vity (Herndndez Sampieri et al., 2014).
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Sampling Design Limitations
The adopted sampling design presents specific characteristics that de-
termine both its limitations and strengths:

o As non-probabilistic sampling, results do not allow statistical
generalization to the entire population of Colombian SMEs,
limiting itself to patterns observed in the studied companies.
However, by addressing cities with differentiated socioeconomic
characteristics (capitals, industrial centers, agricultural munici-
palities), it allows capturing territorial heterogeneity relevant to
the studied phenomenon.

o Selection by accessibility may introduce biases toward SMEs
with greater willingness to participate in academic studies or
with particular characteristics not necessarily representative of
the population set. Equally, this type of sampling facilitates ac-
cess to a developing technological adoption phenomenon, where
probabilistic sampling would be prematurely restrictive given li-
mited knowledge about the target population.

o Over-representation of certain regions limits representativeness
of rural contexts and other Colombian regions. In turn, it captu-
res conceptually relevant diversity for understanding social in-
novation processes in different business and territorial contexts.

Research Design

A cross-sectional, quantitative, and non-experimental design is esta-
blished, with a descriptive-correlational approach, oriented to iden-
tify association patterns between variables observed in the specific
context of the studied SMEs (Supo & Zacarias, 2020). The cross-sec-
tional design is appropriate for capturing a “snapshot” of the current
state of AT adoption in SMEs, considering the rapid evolution of these
technologies (Kumar, 2019). It is important to indicate that the adop-
ted design allows identifying associations and correlations between
variables in the observed population, but does not intend to establish
causal relationships.

Instrument

The main data source is a 16-question questionnaire, developed spe-
cifically for this study and validated by five experts in its design sta-
ge and two more in the calibration stage. The instrument’s validity is
supported by a final weighted Fleiss Kappa coeflicient of 0.92 for con-
tent, objectivity, and pertinence of the item set; indicating excellent
agreement among specialized evaluators (Fleiss, 2003). Temporal sta-
bility was evaluated through test-retest with Pearson’s Rho of 0.9, evi-
dencing high temporal reliability (Cohen, 1992). The items address
three types of variables operationalized as follows:

*  Sociodemographic control variables: Gender, age, company
type, activity type, formalization status, and recognized AT use.

e Independent variable “Al Involvement”: Operationalized in
three dimensions based on the extended Technology Acceptance
Model (Davis, 1989; V. J. Venkatesh et al., 2012):
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o  Use (specific tools and frequency)
O  Motivation (TAM factors and additional needs)

o  Adoption factors (barriers and facilitators)

¢ Outcome variable “Al Dependence”: Operationalized from
two complementary perspectives following Villavicencio-Ayub
et al. (2021) recommendations for Latin American contexts:

o Level or degree of self-recognized dependence

o Quantity and types of recognized dependencies

Methods

Data collection was carried out through mixed modality (face-to-face
and digital) between March and July 2024, using a field team com-
posed of students from the Project Management Specialization at
Uniminuto Colombia, previously trained in interview techniques and
research ethics (Dillman et al., 2014). This strategy reduced techno-
logical self-selection biases by including both digitalized SMEs and
those with lower connectivity.

Descriptive statistical techniques (mean, mode), normality tests
(Kolmogorov-Smirnov), categorical associations (chi-square) were
employed as association measures in the data, not for population in-
ference, and non-parametric correlations (Spearman) for understan-
ding the associative magnitude of variables (Supo & Zacarias, 2020).
Analyses were performed with Jamovi 2.3 (exploratory analysis), SPSS
26 (inferential), and AMOS 25 (SEM models), allowing methodologi-
cal triangulation (Hair et al., 2022).

Given the adopted non-probabilistic sampling design, all statistical sig-
nificance test results are interpreted as indicators of patterns and trends
in the analyzed cases, not as global population inferential evidence.

Hypotheses

Based on the literature review and developed theoretical framework,
two working hypotheses are established to guide the proposed explo-
ratory analysis:

First, we have that the recent availability of accessible and low-cost
Al tools may be altering historical patterns of technological exclusion
by gender (Garcia & Iglesias, 2022; Reyes, 2024). If democratization
is effective, no significant differences should be observed in adoption
between men and women, constituting a social innovation indicator
(Hoang & Bui, 2023). From this reflection arises H1 (Democratiza-
tion as Social Innovation): “AI adoption in Colombian SMEs evi-
dences technological democratization patterns characterized by equi-
table access independent of gender”

The evidence observed in the theoretical review conducted suggests
that technological dependence arises mainly from organizational
factors such as exposure time and digital maturity, rather than
individual characteristics (Bodendorf et al., 2022; Chen et al,
2022). Verifying this perspective is crucial for responsibly managing
technological adoption (Villamil & King, 2024). Hence we propose
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H2 (Organizational Management of Dependence): “Al dependence
in SMEs is associated with organizational factors (exposure time,
digital maturity) rather than individual demographic characteristics”

Ethical Considerations and Quality

The study followed social research ethical principles, guaranteeing
informed consent from participants, confidentiality of business data,
and exclusively academic use of collected information.

Likewise, quality control mechanisms were implemented in data co-
llection, including field team training, supervision of instrument appli-
cation processes, and verification of data completeness and consistency.

It is recognized that the limitations of the non-probabilistic sampling
design restrict the scope of conclusions, but allow a first systematic
approximation to a phenomenon of high social and economic rele-
vance, generating updated evidence for future research with probabi-
listic designs of greater inferential scope.

Results and Discussion

Instrument Quality

Based on 344 Al use cases, McDonald’s omega (w) was estimated at
0.774, indicating that the instrument structure for the variables is re-
liable (Hancock & An, 2020). Concurrently, the Kaiser-Meyer-Olkin
measure of sampling adequacy presented a general value of 0.637 with
p=0.001, indicating that the sample is suitable for factorial treatments.

Exploratory factor analysis shows that the sample analyzed in 4 di-
mensions covers 60.52% of explained variance. Confirmatory factor
analysis allows defining the elements that explain the phenomenon’s
behavior. In a first grouped factor, we have the number of Als used,
administrative functions (AF), operational functions (OF), total mo-
tivations, and total motivation level. A second grouped factor relates
city, recognized dependence level, and reported dependencies quanti-
ty. The third explanatory factor integrates biological gender and com-
mercial activity performed. Finally, age and company types.

Sample Presentation

The sampling exercise achieved 945 records in the target cities. Data
distributions show that 37% come from the municipality of Yumbo
(Valle), 14% from Bogotd (DC), and the cities of Cali (Valle) and Ba-
rranquilla (Atldntico) contribute 10% respectively. Meanwhile, the
populations of Santander de Quilichao (Cauca) 9%, Jamundi (Valle)
8%, Villavicencio (Meta) 7%, and Macheta (Cundinamarca) 5%.

Concurrently, in the dataset, an average AI usage level of 36.4% is
calculated, equivalent to 344 users of this technology among the 945
surveyed. People who use AI technologies in their work functions
are distributed as 47.3% women, 48.8% men, and 3.9% non-binary
persons. 50% of Al users work in microenterprises, while in small
enterprises an usage level close to 24% is observed, and in medium
enterprises the level reaches 20%. 6% of users of these technologies
correspond to professionals formally registered as natural persons
who provide their services independently.
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The dataset allows observing the occupational behavior of people dis-
tributed mainly in six commercial activities; at the goods commerce
level there is a participation of 41%, the services sector at 32%, com-
mercial establishments with mixed service and commerce operations
sum 15%. On the other hand, the prevalent age of subjects is in the
range of 26 to 35 years at a level of 38% of cases, followed by people
between 36 and 45 years at a level of 26%.

Tests for Hypothesis H1

36.4% of studied SMEs (344 of 945) use at least one Al tool, eviden-
cing significant technology penetration in the studied population,
which five years ago were exclusive to large corporations.

The distribution by company type of observed cases shows prevalence
of microenterprises with 52.9% of AI users, small enterprises 22.6%,
medium enterprises 18.6%, and independent professionals 5.8% of
users. The high penetration observed in microenterprises suggests
effective democratization patterns, since traditionally this segment
had lower access to advanced technologies.

A notable finding is observed in the gender distribution of AI use
within the studied sample. Of the 344 identified users, women repre-
sent 47.3% (163 users), men 48.8% (168 users), and non-binary per-
sons 3.9% (13 users). This almost perfectly balanced distribution con-
trasts markedly with what has been traditionally documented about
gender digital divides in previous literature.

To examine whether this balanced distribution presented statistically
significant trends in the data, the chi-square test was applied, through
which no statistically significant association patterns between gender
and AI adoption are observed in the sample (x*=3.14, p=0.53). The
absence of significant differences (p>0.05) evidences gender demo-
cratization in Al adoption in the analyzed SMEs.

In Figure 1, a pattern that should be noted is observed: all main tools
have in common that they are free or very low cost, which may ex-
plain their high penetration in sectors traditionally excluded from
advanced technologies. However, although a numerical difference is
observed in ChatGPT adoption between men (95 users) and women
(79 users), statistical analyses (x> (4) = 3.14, p = 0.53) allow stating
that for study participants, no associative tendencies are observed
between gender and preference for Al tools.

Figure 1. Distribution of AI use by gender in studied SMEs (n=344)

70
60
50
40
30
20
10
= [—1 —

ChatGPT (OpenAl) Google Lens Canva

HEMujeres EHombres HENo binarios

J. Technol. Manag. Innov. 2025. Volume 20, Issue 4

Analysis of the behavior of the three main AT tools allows identifying
relevant trends. The most used tool is ChatGPT (OpenAl), with 25%
market share, being used in 53.9% of cases. Second, Google Lens is
used with a 22.5% share and presence in 47.6% of observed SME
companies. Canva occupies third place with 40.6% adoption. Table
1 provides the complete breakdown of all AI tools identified in the
study.

Table 1. Identified Al Tools

AI Used N Percentage  Case Report
ChatGPT (OpenAlI) 178 25.5% 53.9%
Google Lens 157 22.5% 47.6%
Canva 134 19.2% 40.6%
Google Analytics 64 9.2% 19.4%
Others (Including Deepseek) 35 5.0% 10.6%
Facebook Prophet 20 2.9% 6.1%
Tidio 18 2.6% 5.5%
Odoo (community version) 17 2.4% 5.2%
Google Dialogflow 16 2.3% 4.8%
MonkeyLearn 16 2.3% 4.8%
Zapier 15 2.1% 4.5%
Copy.ia 11 1.6% 3.3%
SurveyMonkey 6 0.9% 1.8%
ClamAV 3 0.4% 0.9%
Pictory 3 0.4% 0.9%
Microsoft Design 2 0.3% 0.6%
Adobe Firefly 2 0.3% 0.6%

Data show that 52.9% of AI users belong to microenterprises. This
means that technologies that were exclusive to large corporations just
a few years ago are now being adopted by the most vulnerable sectors
of the business fabric represented in the sample. The studied compa-
nies report integrating an average of 2 Al tools into their operational
activities, with an average usage time of 1 to 2 hours daily.

Motivation toward Al use, observed from the TAM model in the
analysis cases, allows identifying that accessibility (59%) and useful-
ness (51%) are the prevalent factors for adopting these technologies
in the studied SMEs. Ease of use (38%) and adaptability (18%) follow
in importance. No user reported motivation by previous experience,
while 4% selected other reasons. The TAM level developed for full AI
adoption is estimated at 33% in the dataset.

This study observed not only motivation from the TAM model, but
from other motivation modellings by needs. Associative configura-
tions indicate that practical-type needs are prevalent at 14.4% for AI
use, with a deviation of 0.059 and a narrow variance level, indicating
that data are quite concentrated around the mean. This signals that
practical motivations related to time savings and information obtai-
ning (efficiency) are consistent among users in the studied sample.
Table 2 presents the detailed breakdown of these motivational factors

by type
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Table 2. Other motivational factors for use

Indicator N Mean Deviation  Variance

Practical motivations 340 0.144 0.059 0.004

Emotional motivations 340 0.006 0.024 0.001

Academic motivations 340 0.033 0.040 0.002

Learned Social motivations 340 0.018 0.034 0.001

Other motivations 340 0.000 0.000 0.000
Tests for Hypothesis H2

The normality test for data was performed with Kolmogorov-Smir-
nov, obtaining that significant deviations from normal distribution
exist for all variables (p < 0.001). The result justifies resorting to non-
parametric statistics for all inferential analyses.

Analysis of factors associated with technological dependence in the
observed population allows stating that first, in the analyzed sample,
the dependence level shows association with AI usage time (Spear-
man rho = 0.296, sig. = 0.00) and technological adoption level (Spear-
man rho = 0.176, sig. = 0.00).

Factors such as subject gender or age do not show statistically signi-
ficant association in the observed population. Company size with p=
0.13 is discarded as incident in dependence reported by people on
Al To further examine these demographic relationships, chi-square
analysis was performed to test associations between gender, age, and
company size variables. Table 3 presents the complete statistical re-
sults of this analysis.

Table 4. Cross bivariate correlation
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Table 3. Gender and age relationship with company size

Value df Asymptotic significance (bilateral)

Pearson Chi-square  29.054* 12 0.004

Likelihood ratio 30.641 12 0.002
i;:(‘:’:; zz l:mear 8277 1 0.004
Phi test 0.292 0.004
Cramer’s V 0.169 0.004
N valid cases 340

Note: @ 12 cells (60.0%) have expected count less than 5. The minimum expected
count is 0.04.

Given the limitations of chi-square analysis (60% of cells with expec-
ted frequencies <5), Fisher’s exact test was employed, which showed
no significant association between gender and commercial activity
(p = 0.12). This finding is consistent with the observed democratiza-
tion patterns.

When examining the behavior of organizational factors versus indivi-
dual characteristics, data show that the recognized dependence level
presents association with company type (Spearman Rho = -0.344, sig
= 0.00) and with city of origin (Spearman Rho = -0.757, sig = 0.03),
suggesting that dependence recognition may be linked to specific or-
ganizational and cultural contextual factors of the region. However,
the quantity of reported dependencies does not present significant
association with the subject’s city in the analyzed data.

A cross-correlation analysis was performed to identify associations
between different variables of the studied phenomenon, from low
associations to statistically significant associations. The complete
correlation matrix is presented in Table 4, showing only statistically
significant relationships. Variables are numbered according to their
order of presentation in the methodology section.

N°  Variable N°2 N°3 N°5 N°6 N°7 N°8 N°9 N°11
1 Age 0.116* 0.108*
2 Biological Gender 0.136*
3 Commercial activity 0.136* -0.146** -0.276** -0.108* -0.210%*
4  Company type 0.19** -0.35%* 0.188**
5  AF_Total 0.146** 0.532** 0.399** -0.26%* 0.480**
6  OF_Total -0.28** 0.53** 0.38** 0.14* 0.42%*
7 Number of Als used -0.108* 0.4** 0.384** 0.173** 0.39**
8 Al usage time -0.27** 0.30** -0.21%*
9  Number of reported dependencies 0.139% 0.17%* 0.30%* 0.116*
10 Motivation level -0.16%* 0.39** 0.333** 0.33** 0.156** 0.924**
11 Total motivations -0.21%* 0.48** 0.422** 0.39*%* -0.21%%* 0.116*
12 Recognized Dependence level -0.28%% 0.99** 0.302** -0.22%*
13 TAM technological adoption level 0.12* 0.31** 0.230** 0.135* 0.176** 0.332*

Note: * = significance at 5%, ** = significance at 1%. The table presents only statistically significant correlations (p < 0.05). Empty cells indicate absence of significant

association between corresponding variables.
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Table 4 allows observing associations that evidence how dependence
can manifest and be self-recognized by technology users. In this stu-
dy, three types of dependencies are identified: functional dependence
in 78% of cases, which is generally beneficial by increasing people’s
operational capabilities; informational dependence in 45% of cases,
where there exists potential risk of losing analytical autonomy; and
emotional dependence, at a level of 12% of cases, suggesting the need
for specific preventive intervention.

The trend in achieved records suggests that organizational fac-
tors (exposure time, digital maturity) register greater association
with technological dependence contrary to their relationship with

Table 5. SEM model validation
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individual demographic characteristics, supporting the relational dy-
namics proposed in hypothesis H2.

Structural Equation Model

Following the minimum acceptance parameters established for a
SEM model, four alternative structural models that could better ex-
plain the relationships observed in the sample data were evaluated.
Results show that Model 3 presents superior fit compared to Model
1 (x*/gl = 1.71, RMSEA = 0.46) and Model 2 (x*/gl = 1.05, RMSEA =
0.13), evidenced through a x*/gl ratio closer to 1, a considerably lower
RMSEA, and notably higher CFI and TLI values. Table 5 presents the
fit indices and comparative results for each model.

Model X2 gl x/gl P-value CFI>9 TLI>9 RMSEA AIC Particularity
1 24 14 1.71 0.046 0.995 0.931 0.46 68 Discards reported dependence level
2 13.7 13 1.05 0.388 0.997 0.994 0.13 59.99 Discards age and city
3 22.7 22 1.03 0.418 0.998 0.996 0.018 68.7 Includes measurement errors
4 20.43 21 1.02 0.494 1 1 0.01 68.4 Saturated model

Model 3 is considered as the most parsimonious alternative for para-
meter estimation in the analyzed data, since it integrates considera-
tion of measurement errors to optimize result precision. Its fit to the
data is appropriate, supported by a x*/gl ratio of 1.03 and a p-value
of 0.418, suggesting absence of significant differences between the
proposed structure and observed data in the studied sample. The fit
indices CFI (0.998) and TLI (0.996) amply exceed the 0.9 threshold,
consolidating an appropriate fit. The RMSEA (0.01) confirms the ade-
quacy of the model’s relational descriptive adequacy for the analyzed
data. see figure 2.

Figure 2 Descriptive model of observed relationships

1
‘ Reported dependency count

Total motivations

Commercial activity
Biological sex

Results from the model suggest that Al adoption in the observed
group constitutes a multidimensional process where technological
democratization patterns operate independently of gender, while
dependence shows greater association with organizational factors.
These findings provide empirical support for the working hypotheses
posed within the context of the analyzed SMEs.

It is important to recognize that, given the non-probabilistic sam-
pling design, this SEM model describes the structural relationships
observed in the studied population. Replication of these structural
tendencies in other SME populations requires additional empirical
validation with probabilistic samples.

Conclusion

This study provides empirical evidence of equitable technological ac-
cessibility through artificial intelligence adoption in the studied SMEs,
constituting social innovation patterns that transcend the theoretical
limitations of the traditional Technology Acceptance Model.

Technological Democratization as Social Innovation

Findings demonstrate that 36.4% of analyzed SMEs use at least one
AT tool, with an almost perfectly balanced distribution by gender
(women 47.3%, men 48.8%, p=0.53). This result contrasts markedly
with decades of literature on gender digital divides (Garcia & Iglesias,
2022; Reyes, 2024) and suggests that the recent proliferation of ac-
cessible tools like ChatGPT, Google Lens, and Canva may be altering
historical paradigms of technological exclusion in the analyzed cases.

The high penetration observed in microenterprises (52.9% of Al
users) represents the most significant finding from the social inno-
vation perspective in this study, since technologies previously ex-
clusive to large corporations are being adopted by the most vulne-
rable sectors of the observed business fabric. Accessibility (59%) and
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perceived usefulness (51%) emerge as key democratizing factors,
overcoming economic and technical barriers traditionally exclusio-
nary in the analyzed context.

The results of this study demonstrate that AI democratization in Co-
lombian SMEs is not explained solely by access to digital tools, but
rather by their strategic incorporation into productive and adminis-
trative processes. This finding aligns with recent research evidencing
how digitalization in the region advances when technologies integrate
into companies’ operational logic. Martinez Guerra and Romo Melo
(2024) report that in Colombia, digital transformation of MiPymes
strengthens when technological adoption targets concrete business
needs. Complementarily, Portocarrero-Sierra et al. (2025) show that
digitalization depends on internal capabilities that enable technolo-
gy use beyond basic access. At the regional level, Manzo-Martinez et
al. (2025) confirm that effective technological adoption occurs when
articulated use exists with management, innovation, and companies’
core processes.

Within this context, the present study’s results fit into a broader trend
where Al democratization implies not only availability, but the capa-
city to convert these tools into organizational value.

Organizational Management of Technological Dependence
Observed AI dependence patterns suggest behaving as a potentially
manageable organizational phenomenon, significantly associated
with exposure time (p=0.296, p<0.01) and digital maturity (p=0.176,
p<0.01), but not with individual demographic characteristics. This
finding supports resource dependence theory (Pfeffer & Salancik,
1978) adapted to the contemporary technological context and contrasts
with stereotypes about differential vulnerability by gender or age.

Three prevalent types of dependence were identified in the study
group: functional (78% of cases), informational (45%), and emotional
(12%), with the first being generally beneficial by increasing operatio-
nal capabilities, while the latter two might require specific preventive
intervention. The absence of significant association between depen-
dence and demographic variables (p>0.05) in the analyzed data su-
ggests that universal technological management policies may be more
effective than segmented approaches.

Methodological Limitations and Scope of Findings

It is fundamental to recognize that this study presents important limi-
tations derived from the adopted non-probabilistic sampling design.
Results are specifically circumscribed to the 945 SMEs analyzed in
eight Colombian cities and do not allow statistical generalization to
the entire country’s SME population.

Additionally, some statistical analyses presented technical limitations
that restrict interpretations. Particularly, the association analysis bet-
ween gender and commercial activity could not be reliably establis-
hed due to violations in the assumptions of applied tests, undersco-
ring the need for future studies with more robust sampling designs.
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Validation of the Extended Theoretical Model

The validated structural equation model (Xz/gl:1.03, CFI=0.998,
RMSEA=0.01) suggests that AI adoption in the observed population
constitutes a multidimensional process where technological demo-
cratization patterns operate independently of gender, while depen-
dence shows greater association with organizational factors. This mo-
del surpasses the limitations of classic TAM by incorporating social
innovation variables and specific SME contexts.

The prevalence of practical motivations (mean=0.144) over emotio-
nal, academic, or learned social ones in the analyzed data indicates
that adoption is based on immediate utility rather than aspirational
factors, supporting a genuine equitable access process centered on
real operational value.

Implications for Public Policy and Business Practice

Observed patterns suggest that technological training policies should
be oriented toward tools with immediate operational applicability,
especially in microenterprises where the correlation between ope-
rational functions and adoption is stronger (p=0.384) according to
study participants. Responsible dependence management can be im-
plemented through task rotation and periodic evaluations, leveraging
the identified association with usage time to prevent work anxiety
effects (Murtiningsih et al., 2024).

For the business sector, evidence from this study suggests that futu-
re research should explore accessible tools applied in commerce and
services sectors where Al penetration shows greater potential for de-
veloping competitive advantages.

Future Research Directions

Non-probabilistic convenience sampling, although appropriate for
this exploratory phase, requires complementation with probabilistic
studies to validate identified behaviors. Over-representation of cer-
tain cities (Yumbo 37%, Bogotd 14%) facilitates urban analyses but re-
quires replication in rural contexts to complete the national panorama.

Future research should explore the role of learned social needs in
AT adoption, incorporate variables such as user academic level, and
replicate the study in other Latin American countries to identify
regional cultural patterns. The scarce representation of non-binary
persons (3.9%) demands intentionally diversified samples to explore
intersections between gender identity and technological adoption.

Technical limitations found in some statistical analyses underscore
the importance of designing collection instruments that allow more
robust analyses, especially for categorical variables with multiple levels.

Theoretical and Practical Contribution

This study contributes initial empirical evidence that enriches un-
derstanding of technological adoption in SMEs as a social innovation
process, surpassing traditional conceptual frameworks focused solely
on technical or economic factors. The digital divide reduction dynamics
identified through accessible tools offer a reference framework for
other emerging technologies and similar socioeconomic contexts.
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The developed methodology, combining confirmatory factor analysis
with structural equation models, provides a reference framework for
future studies on technological social innovation in emerging econo-
mies. The validated instruments (Fleiss Kappa 0.92, test-retest p=0.9)
constitute transferable tools for comparative research, although they
require adaptation to specific contexts.

Final Reflection

Data from this study suggest that accessible artificial intelligence is crea-
ting equitable access conditions in the analyzed SMEs, establishing the
foundation for democratizing previously exclusive capabilities and poten-
tially reducing competitive inequalities without generating new gender
gaps within them. However, this process requires responsible manage-
ment to maximize benefits and minimize problematic dependence risks.

The observed associative configurations indicate that technological
social innovation is a complex and gradual phenomenon, where ad-
vances in certain dimensions may precede transformations in others.
This preliminary evidence can inform public policies that leverage the
democratizing potential of emerging technologies, although it requires
validation in broader populations before generalized implementation.

The future of SMEs in emerging economies in the Al era will depend
on their capacity to maintain equilibrium between inclusive techno-
logical adoption and responsible organizational management, con-
verting digital democratization processes into sustainable competiti-
ve advantages that are socially beneficial.
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