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Abstract

Acrtificial intelligence (Al) can support personalization, campaign automation, customer
analytics, and content generation, but evidence from resource-constrained markets remains
limited. Drawing on the technology-organization-environment framework and the resource-
based view, this study examines associations between four Al marketing capabilities—Al-
enabled personalization, marketing automation, Al-driven analytics, and generative Al—and
digital marketing performance among Somali businesses. It also tests whether organizational
Al readiness moderates the relationship between an overall Al-capability measure and
performance. A cross-sectional survey produced 327 usable responses from marketing
managers, business owners, and marketing specialists. Multi-item measures were assessed for
reliability and convergent and discriminant validity. Hierarchical moderated regression showed
that the main-effects model explained 40.3% of the variance in digital marketing performance.
Automation had the largest standardized association with performance (f = .257, p < .001),
followed by personalization ( = .200, p < .001), generative Al (B = .177, p = .001), and
analytics (B = .149, p =.001). The capability-by-readiness interaction was also significant (b =
.283, p < .001), increasing explained variance by 2.7 percentage points. These cross-sectional
findings show associations rather than causal effects. The study provides an initial empirical
benchmark for Al-enabled marketing in Somalia. The results suggest that firms may gain
greater marketing value when Al-tool adoption is accompanied by technical skills, digital
infrastructure, management commitment, and appropriate governance.

Keywords: Atrtificial intelligence, Digital marketing, Marketing automation, Generative Al,
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1. Introduction

Artificial intelligence is increasingly used to personalize customer experiences, automate
campaign execution, analyze customer data, and generate marketing content. These capabilities
may reduce execution cost, improve targeting, and accelerate the movement from analysis to
action (Davenport et al., 2020; Huang & Rust, 2021). Whether they improve performance
depends on how firms integrate the technology with strategy, data, skills, and governance.
Most empirical evidence on Al marketing comes from advanced economies with mature digital
infrastructure, abundant technical expertise, and deeper capital markets (Grewal et al., 2020;
Verhoef et al., 2021). Less is known about the performance implications of Al in frontier and
developing markets, where firms may combine rapid digital adoption with resource and
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infrastructure constraints. This limits the external validity of current theory and reduces the
practical relevance of existing evidence for local managers.

Somalia provides a relevant setting because widespread mobile connectivity and mobile
money coexist with infrastructure, skills, regulatory, and financing constraints. Firms in
telecommunications, trade, financial services, and other sectors increasingly use digital tools,
creating an opportunity to examine whether established Al capability-performance
relationships also appear in this context.

The study addresses three questions: whether personalization, automation, analytics,
and generative Al are associated with digital marketing performance; which capability has the
strongest association; and whether organizational readiness conditions the relationship between
overall Al capability and performance. The study extends capability-based Al marketing
research to Somalia, but its cross-sectional design does not establish causal effects.

2. Literature Review and Theoretical Framework

The study integrates two complementary theoretical lenses. The technology-organisation-
environment (TOE) framework holds that a firm's adoption and assimilation of technology is
shaped jointly by technological factors, organisational characteristics, and the external
environment (Tornatzky & Fleischer, 1990; Oliveira & Martins, 2011). TOE is well suited to
explaining why otherwise similar firms diverge in the returns they realise from the same
technology. The resource-based view (RBV) complements this by treating capabilities as the
proximate source of performance: technologies become valuable only when embedded in firm-
specific capabilities that are difficult to imitate (Barney, 1991; Teece et al., 1997). Applied to
Al, these lenses jointly imply that Al tools do not improve performance directly; they do so
when converted into marketing capabilities and supported by adequate organisational
readiness.

Within marketing, Al has been conceptualised as a set of capabilities rather than a single
technology (Huang & Rust, 2021; Mikalef & Gupta, 2021). This study focuses on four that are
salient for firms in emerging markets. Al-enabled personalisation refers to the use of intelligent
systems to tailor offers and communication to individual customers (Kumar et al., 2019).
Marketing automation captures the delegation of repetitive marketing tasks to intelligent
systems, including chatbots and automated campaign management (Davenport et al., 2020).
Al-driven analytics denotes the use of machine learning to extract decision-relevant insight
from customer data (Wamba et al., 2017; Mikalef et al., 2020). Generative Al tools,
exemplified by ChatGPT, represent the newest capability, enabling the rapid creation of
marketing content (Dwivedi et al., 2023; Paschen et al., 2019). Each capability is theorised to
enhance digital marketing performance, understood here as a composite of customer
engagement, campaign effectiveness, and cost efficiency (Trainor et al., 2014).

Organisational Al readiness, comprising technical expertise and digital infrastructure,
is positioned as a moderator. Consistent with TOE, the marginal value of a capability should
depend on the organisational conditions surrounding it: a firm rich in Al capability but poor in
readiness will struggle to convert that capability into results (Ransbotham et al., 2017; Mikalef
& Gupta, 2021). Readiness is therefore modelled not as a driver of performance in its own right
but as a condition that strengthens the capability-performance relationship (Figure 1).

2.1 Hypothesis Development

Personalisation increases the relevance of marketing stimuli, which is consistently associated
with stronger engagement and conversion (Kumar et al., 2019). Automation lowers execution
cost and accelerates response, improving both efficiency and reach (Davenport et al., 2020).
Analytics improves targeting and resource allocation, raising campaign effectiveness (Wamba
et al., 2017). Generative Al expands content capacity and consistency at low marginal cost, a
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particularly valuable property where creative resources are scarce (Dwivedi et al., 2023). These
arguments yield the first four hypotheses:

H1. Al-enabled personalisation is positively associated with digital marketing performance.
H2. Al marketing automation is positively associated with digital marketing performance.
H3. Al-driven analytics is positively associated with digital marketing performance.

H4. Generative Al tools are positively associated with digital marketing performance.

H5. Organisational Al readiness positively moderates the relationship between Al marketing
capabilities and digital marketing performance, such that the relationship is stronger when
readiness is higher.

Al Marketing Capabilities

Organizational

Al Readiness

Al-Enabled
Personalization

Al Marketing
Automation

Al-Driven
Analytics

Digital Marketing
Performance

Generative Al
Tools (ChatGPT)

Figure 1. Conceptual research model.

3. Data and Method

The study used a quantitative cross-sectional survey of Somali businesses engaged in digital
marketing. Marketing managers, business owners, and marketing specialists served as key
informants. Questionnaires were administered through in-person and online channels, and 327
usable responses remained after screening.

All constructs used multi-item five-point Likert scales ranging from 1 (strongly
disagree) to 5 (strongly agree). Personalization, automation, analytics, generative Al use, and
readiness were measured with four items each, while digital marketing performance used six
items covering engagement, effectiveness, and cost efficiency. Firm size, firm age, and years
of Al experience were control variables. Reliability, convergent validity, discriminant validity,
common-method bias, and multicollinearity were assessed before hierarchical moderated
regression. Predictors were mean-centered (Aiken & West, 1991). Table 1 summarizes the
constructs, item sources, and sample items.
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3.1 Measurement and Item Sources
Table 1. Constructs, measurement sources, and sample items.

“Our firm uses Al tools to
tailor marketing messages
to individual customers.”

Al-Enabled 4 Kumar et al. (2019); Chaffey &
Personalisation Ellis-Chadwick (2019)

“We use Al to automate
Al Marketing Huang & Rust (2021); routine marketing tasks
Automation Davenport et al. (2020) (e.g., scheduling, posting,
replies).”

“We use Al to analyse

Mikalef & Gupta (2021); customer data  and
Wamba et al. (2017) uncover marketing
insights.”

Al-Driven Analytics 4

“We use generative Al

Dwivedi et al. (2023); Paschen tools such as ChatGPT to
etal. (2019) create marketing
content.”

“Our staff have the
Tornatzky & Fleischer (1990); technical skills needed to

Generative Al Tools 4

Organisational Al

Readiness Oliveira & Martins (2011) use Al marketing tools
effectively.”
“Al adoption has
Digital Marketing 5 Trainor et al. (2014); Wamba et increased customer
Performance al. (2017) engagement with  our
brand.”

4. Empirical Results

4.1 Sample Profile

Table 2 summarizes respondent role, firm size, gender, and education. Marketing managers
and business owners formed the largest respondent groups, and micro, small, and medium
enterprises comprised most of the sample. Figure 2 presents the sectoral distribution. The
sample profile describes the respondents and should not be assumed to represent all Somali
businesses without a probability-based sampling frame.

Table 2. Sample profile (n = 327).

Respondent role Marketing Manager 106 32.4
Business Owner/CEO 97 29.7
Marketing Officer/Specialist 89 27.2
Other 35 10.7
Firm size Micro (<10) 101 30.9
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Small (10-49) 34.9
Medium (50-249) 85 26.0
Large (250+) 27 8.3
Gender Male 192 58.7
Female 135 41.3
Education Bachelor 166 50.8
Master 88 26.9
Diploma 58 17.7
PhD 15 4.6

Distribution of respondent firms by sector (n = 327)

Retail & Trade 96 (29.4%)

Other Services 60 (18.3%)

Hospitality & Food 57 (17.4%)
Telecommunications 50 (15.3%)
Financial Services 38 (11.6%)

Education 26 (8.0%)

0 20 40 60 80 100
Number of firms

Figure 2. Distribution of respondent firms by sector.

4.2 Reliability and Validity

All constructs exceeded conventional thresholds for Cronbach’s alpha and composite
reliability, and average variance extracted was above .50, supporting internal consistency and
convergent validity (Fornell & Larcker, 1981; Hair et al., 2019; Nunnally & Bernstein, 1994).
Table 3 and Figure 3 report the measurement statistics. Construct means were moderately
above the scale midpoint, indicating generally favorable but not uniform responses.

Table 3. Descriptive statistics, reliability, and convergent validity. a = Cronbach's alpha; CR
= composite reliability; AVE = average variance extracted.

[ W o O N L

Al-Enabled 3.54 0.72 0766 0851 0588
Personalisation

Al Marketing 4 3.39 0.70 0.769 0.853 0.591
Automation

Al-Driven Analytics 4 3.37 0.71 0790 0864 0614
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T e S N N Y

Generative Al Tools 3.56 0.69 0.782 0.860 0.605
Organisational Al 4 3.30 0.71 0762 0849 0584
Readiness
DI RIS 6 3.45 0.66 0834 0879 0547
Performance
5. Mean construct scores with 95% confidence intervals
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Figure 3. Mean construct scores with 95% confidence intervals.

4.3 Correlations and Discriminant Validity

Construct correlations were positive, statistically significant, and moderate. Under the Fornell-
Larcker criterion, the square root of each construct’s AVE exceeded its correlations with other
constructs, supporting discriminant validity. Harman’s single-factor test (Podsakoff et al.,
2003) attributed 28.60% of variance to one factor, and variance inflation factors ranged from
1.26 to 1.37. These diagnostics reduce but do not eliminate concerns about common-method
bias and multicollinearity.

Table 4. Correlation matrix. Diagonal (bold) shows the square root of AVE; off-diagonal
entries are construct correlations, all significant at p < .01.

2 3 4 5 o |

1. Al-Enabled

Personalisation 0.77

2. Al Marketing 037 0.77

Automation

3. AI-[_)rlven 0.28 0.37 0.78

Analytics

4. Generative Al 0.30 0.39 0.36 0.78

Tools

5. Organisational Al 034 0.35 0.41 0.34 0.76

Readiness
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& DIENEN MRLEHITY | g 0.49 0.40 0.42 0.37 0.74
Performance

4.4 Hypothesis Testing

Table 5 and Figure 4 report the hierarchical moderated regression. Control variables explained
4.8% of performance variance in Model 1. Adding the Al-related predictors increased R? to
403 (AR? = .355, p <.001). Personalization (f = .200, p < .001), automation (f = .257, p <
.001), analytics (f = .149, p = .001), and generative Al (B =.177, p = .001) were positively
associated with digital marketing performance, supporting H1-H4. These coefficients
represent conditional associations, not causal effects.

Adding the capability-by-readiness interaction increased R? from .403 to .430 (AR? =
.027, p < .001). The interaction was positive and statistically significant (b = .283, p < .001),
supporting H5. Simple slopes (Figure 5) indicate a stronger capability-performance association
at higher readiness. Table 6 summarizes the hypothesis tests. Readiness did not have a
statistically significant direct coefficient in the reported model (f =.095, p =.121).

Table 5. Hierarchical moderated regression predicting digital marketing performance.
Unstandardised coefficients reported for Model 3; standardised betas from the main-effects
model. *p < .05, **p < .01, ***p < .001.

N N S YT

Firm size 0.080** 0.030 0.008
Firm age 0.011 0.006 — 0.087
Al experience (years) 0.024 0.017 — 0.154
ﬁ_:;;nabled personalisation 0.197*** 0.043 0.200 <001
?r:z) marketing - automation ;5 e 0.047 0.257 <001
Al-driven analytics (H3) 0.150** 0.045 0.149 0.001
Generative Al tools (H4) 0.152** 0.047 0.177 0.001
Organisational Al readiness  0.071 0.046 0.095 0.121
,(Al_lls)capability % readiness 0.283%** 0.072 B <001
Model R? Model 1 = 0.048; Model 2 = 0.403; Model 3 =0.430
AR? Model 2 vs 1 = 0.355***; Model 3 vs 2 = 0.027***
Model F Model 3 F = 26.60, p <.001
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Predictors of digital marketing performance

ﬂ=0.20 Aok
Personalization (H1) - @
p=0.26 ***
Automation (H2) - f @
B=0.15 **
Analytics (H3) - ; @ i
B=0.18 **
Generative Al (H4) - 1 @
p=0.10 ns
Al Readiness - @
*p<.05 *p<.01 **p<.001

—-0.05 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Standardized regression coefficient (B)

Figure 4. Standardised coefficients for the predictors of digital marketing performance.

Moderating effect of organizational Al readiness

— — Low Al readiness (—1 SD)

== High Al readiness (+1 SD
3.7 - g ( )

3.6 1

3.5 1

Digital marketing performance

2.6 2.8 3.0 3.2 3.4 3.6 3.8 4.0 4.2
Al marketing capability

Figure 5. Simple slopes illustrating the moderating effect of organisational Al readiness.

Table 6. Summary of hypothesis tests.

H1: Personalisation — performance B =0.200%** Supported

H2: Automation — performance B =0.257*** Supported

H3: Analytics — performance B=0.149%* Supported

H4: Generative Al — performance B=0.177%* Supported

HS: Readiness moderates capability — performance b = 0.283*** Supported
5. Discussion

The four Al marketing capabilities were positively associated with perceived digital marketing
performance in the sample. Automation had the largest standardized coefficient, followed by
personalization, generative Al, and analytics. This pattern is consistent with the view that Al
creates value when firms embed tools in repeatable marketing processes. The cross-sectional,
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self-reported design does not show that Al caused better performance or establish that the
coefficients apply to the broader population of Somali firms.

Generative Al was positively associated with performance despite its relatively recent
diffusion, which may reflect the accessibility of content-generation tools. Analytics had the
smallest of the four significant coefficients, potentially because advanced analytical use
demands stronger data quality and technical expertise. This explanation is plausible but was
not directly tested.

The positive interaction suggests that the relationship between Al capability and
performance was stronger when organizational readiness was higher. This result is consistent
with TOE and RBV arguments that technology value depends on complementary skills and
infrastructure. The effect size was modest (AR? = .027), so readiness should be treated as one
enabling condition rather than the sole explanation of performance differences.

6. Conclusion

Among the sampled Somali businesses, personalization, automation, analytics, and generative
Al were positively associated with perceived digital marketing performance. Automation and
personalization had the largest standardized coefficients, and organizational readiness
strengthened the association between overall Al capability and performance. The findings
suggest that Al-tool use should be paired with skills, infrastructure, data governance, and
management support. They should not be interpreted as proof that Al caused performance
improvement.

Managers with limited resources may prioritize automation and personalization while
building data quality, staff capability, security, and governance. Analytics investment should
be matched with technical expertise and reliable data. Policymakers and universities can
support firms through digital infrastructure, practical Al and data training, and responsible-use
guidance. These recommendations follow from the observed associations and should be tested
through longitudinal or experimental evaluation.

The cross-sectional design prevents causal inference, and self-reported single-
informant measures may inflate associations. Harman’s test is a limited diagnostic and cannot
rule out common-method bias. The unspecified sampling frame, recruitment method, response
rate, and data-collection period constrain representativeness and reproducibility. The
construction of the overall Al-capability interaction also requires fuller reporting. Future
studies should use probability-based or stratified sampling, multiple informants, objective
performance indicators, longitudinal or experimental designs, and preregistered measurement
and modeling procedures.
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