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Abstract. This study addresses the lack of empirical evidence about how social enterprises
develop technological capabilities in resource-constrained emerging markets. While
conventional management theory advocates balanced technological capabilities, we
investigate whether social enterprises in Peru exhibit distinct patterns due to dual-mission
constraints and resource limitations. We collected survey data from 215 social entrepreneurs
across Peru in late 2024. Using exploratory factor analysis, we identified underlying
dimensions of technological capabilities from eight survey items measuring technology
management competencies. We employed regression with interaction terms to examine
relationships among capability dimensions, organizational characteristics, and perceived
importance of technology management. Factor analysis revealed two distinct technological
capability dimensions: strategic-analytical (37.6% variance) and implementation-focused
(24.7% variance). Ordered logistic regression showed a significant negative interaction
between these capabilities (B = -0.86, p < 0.001), indicating specialization rather than
simultaneous development. Organizational age negatively predicted the importance of
technology management (B = -0.05, p < 0.05), with younger enterprises prioritizing
technology more than established ones. A cross-sectional design limits causal inference, and
convenience sampling may limit generalizability beyond Peru. Social enterprise leaders
should conduct capability assessments to identify natural strengths and focus technological
investments accordingly, rather than pursuing comprehensive development across all domains.
Support organizations should design differentiated interventions based on organizational age
and existing capability profiles. This research provides the first large-sample quantitative
evidence of technological capability specialization in social enterprises from an emerging
market, challenging fundamental assumptions about balanced capability development and
offering evidence-based guidelines for strategic technology management in resource-
constrained hybrid organizations.

Keywords: technology management, service innovation, technological capabilities, social
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1. Introduction

Social enterprises (SEs) are unique hybrid organizations that navigate a dual mission: achieving both
social impact and financial viability (Mair & Marti, 2006; Ratten, 2020). This dual objective poses a
distinct challenge, forcing these firms to make difficult resource-allocation decisions, particularly
regarding technology. While conventional management theory suggests organizations should strive for
a balanced set of technological capabilities, the reality for resource-constrained SEs in emerging
markets appears to be different. They operate in environments characterized by limited access to capital,
infrastructure, and skilled labor, which complicates the development of comprehensive technological
expertise (Sengupta et al., 2018).

This study investigates a specific strategic paradox observed in social enterprises: rather than
developing a full spectrum of technological capabilities, they tend to specialize in a narrow subset. We
explore whether SEs are compelled to choose between developing strategic-analytical capabilities (e.g.,
using data to identify new opportunities) and implementation-focused capabilities (e.g., efficiently
adopting new technologies). This research provides the first large-sample quantitative evidence of this
phenomenon in an emerging market context, using data from over 200 social entrepreneurs in Peru.

Drawing on the Resource-Based View (RBV), this specialization is not a failure of strategy but an
efficient, and perhaps necessary, response to resource constraints and the pressures of a dual mission.
Our empirical findings show how limited resources compel SEs to develop specific, valuable
technological capabilities that are difficult for competitors to imitate. This paper’s contribution lies in
providing robust empirical evidence that challenges the conventional "balanced capabilities" ideal and
offers a more nuanced understanding of technology management for hybrid organizations in resource-
scarce environments. Our work also complements recent studies on social entrepreneurial intentions
toward technology management (Hussain & Li, 2022) by providing quantitative evidence of the
outcomes of those intentions. (George et al., 2012).

2. Theoretical Framework

2.1. Technology Management in Social Enterprises

Technological capabilities, the skills, knowledge, and resources required to effectively adopt, utilize,
and innovate with technology, are increasingly recognized as vital for social enterprises (SEs) to
enhance innovation, scale their impact, and ensure sustainability (Guatemala & Martinez, 2023).
Operating in dynamic, often resource-scarce environments, SEs leverage technology to overcome
limitations and address social problems more effectively, enabling them to "do more with less" (Yanez-
Valdés et al., 2023; Chiodo et al., 2024; Garcia-Gonzalez & Ramirez-Montoya, 2023). This involves
adopting off-the-shelf solutions and developing internal capacity to manage, adapt, and integrate
technology into operations and service delivery.

Prior research suggests that building technological capabilities in SEs is influenced by both
individual and contextual factors. Individual entrepreneurial characteristics, such as proactiveness and
openness to innovation, along with supportive external ecosystems (e.g., networks, incubators, and
policy support), have been found to foster innovativeness (Del Giudice et al., 2019; Zahra et al., 2009;
Tran & Nhung, 2025). However, a significant gap remains in our understanding of the patterns of
capability development within SEs. It is unclear whether they tend to develop broad digital
competencies or specialize in technologies aligned with their mission. Furthermore, the precise process
by which SEs accumulate technological know-how, manage inherent trade-offs, and how their hybrid
social-commercial orientation shapes this evolution, especially in resource-constrained emerging
markets, is under-researched. Dutrénit et al. (2019) emphasize that technological capability
accumulation in Latin America requires understanding both techno-economic and socio-political
spheres, particularly relevant for social enterprises operating in these complex institutional
environments (Calderini et al., 2023; Chiodo et al., 2024).
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Recent developments in institutional theory offer essential insights into technology management
for social enterprises operating in emerging markets. Institutional voids, which refer to the lack of
market-supporting institutions such as regulatory frameworks, skilled labor markets, and financial
intermediaries, present unique challenges and opportunities for technology adoption (Mair et al., 2012;
Zahra et al., 2019). Das & Drine (2020) provide additional evidence for the importance of socio-
institutional factors in technology development within emerging economies. Their analysis of
technology gaps between African countries and advanced economies demonstrates that distance from
the technology frontier is significantly influenced by institutional quality, human capital development,
and openness to knowledge transfer. Furthermore, studies on technology adoption in Latin American
SMEs highlight that perceived risks and social trust are critical factors influencing investment decisions,
even when environmental benefits are clear (Lopez-Burga et al., 2024).

This perspective is particularly relevant for understanding how social enterprises in Peru navigate
technological development, as they must overcome similar institutional constraints while building
internal capabilities to close technology gaps in their specific social domains. Social enterprises
frequently act as institutional entrepreneurs, creating innovative solutions to address institutional
deficiencies while building technological capabilities (Fu & Yan, 2024; Liedong et al., 2020). This dual
role demands advanced resource orchestration abilities that allow organizations to navigate institutional
constraints and leverage technology for social impact. Additionally, the legitimacy requirements set by
various stakeholder groups—including beneficiaries, donors, government agencies, and commercial
partners—add further complexity to technology investment decisions, as each group may hold different
expectations regarding technological sophistication and resource allocation priorities (Battilana et al.,
2022; Kroeger & Weber, 2018).

2.2. Resource-Based View and Specialization

Barney (1991) posits that a firm's sustained competitive advantage stems from its unique resources
and capabilities that are Valuable, Rare, Inimitable, and Non-substitutable (VRIN). In the SE context,
resources extend beyond tangible assets to include social and reputational capital (Avila et al., 2021).
Technological capabilities, such as proficiency in specific software for impact measurement or the
development of bespoke digital platforms, can be considered strategic resources. When these
capabilities are tightly aligned with the social mission and are difficult for others to replicate, they can
become a source of mission advantage or even a competitive edge against other organizations vying for
funding or talent. The observed tendency for SEs to specialize in some technological regions rather than
excelling across the board can be interpreted through an RBV lens as optimizing limited resources to
build distinctive, valuable capabilities (Barney, 1991).

2.3. Research Gaps

Building on the preceding review, it looks evident that while the importance of technology in SEs
is acknowledged, a comprehensive understanding of capability development, trade-offs, and contextual
influences, particularly in emerging markets, is still developing. Specifically, this study addresses the
following research gaps.

Regarding empirical evidence in Emerging Markets, there is a clear call for more quantitative
research on technology management in SEs, particularly in Latin America. While Dutrénit et al. (2019)
provide crucial insights into technological capability accumulation patterns across Latin American
countries, their focus on traditional firms leaves significant gaps in understanding how social enterprises
specifically navigate these processes (Guatemala & Martinez, 2023). Our study provides large-sample
empirical evidence from Peru, offering insights into a phenomenon characterized by unique challenges
and opportunities.

Prior research often examines determinants in isolation (Del Giudice et al., 2019; Chiodo et al.,
2024). This study analyzes the simultaneous influence of various organizational, resource, and
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contextual factors on technology management perceptions and capabilities to provide a more integrated
understanding. Although the concept of trade-offs due to the dual mission is discussed qualitatively
(Kotiranta et al., 2024; Chiodo et al., 2024), there is limited quantitative analysis of how these trade-
offs manifest in technology management decisions. Our study explicitly investigates the interactions
between different technological capability dimensions as reflections of these strategic choices. Research
in resource-rich settings links digital literacy and open innovation to service performance (Sun, 2024).
It remains unclear whether this applies to resource-constrained dual-mission organizations in emerging
markets—highlighting the need to study not only capabilities but also the strategic trade-offs in their
development.

The literature is unclear about whether SEs tend to specialize or generalize their technological
capabilities over time and how organizational lifecycle (age) influences this relationship. We explored
these patterns by analyzing data from a diverse sample. By addressing these gaps through a quantitative
study in the Peruvian context and employing the RBV lens, this study aims to advance scholarly
understanding and practical guidance for effective global technology management in social enterprises.

3. Methodology

Our study employs a quantitative, cross-sectional research design to investigate the determinants of
technology management capabilities and the trade-offs social enterprises perceive in Peru. Data were
collected through a survey administered to social entrepreneurs across various sectors in the country
towards the end of 2024. This approach allows for analyzing the relationships between independent
variables and the perceived importance of technology management within these organizations, offering
valuable insights from a previously under-researched context, particularly in Latin America.

3.1. Sample and Data Collection

The target population of this study was social enterprises operating in Peru. Due to challenges in
identifying and accessing a comprehensive sampling frame for social enterprises in Peru, a convenience
sampling approach was employed. Data were collected via a survey instrument distributed through
collaborations with existing associations and networks of social entrepreneurs, in which participants
self-identified as social enterprises and often aligned with characteristics similar to those of "B Corps"
in their dual focus on social/environmental impact and financial sustainability. While this method does
not allow for broad generalizability to the entire population of Peruvian social enterprises, it provided
access to a relevant group of practitioners deeply involved in this ecosystem. Over 200 complete
responses were obtained, forming the basis of the empirical analysis. Data collection took place in the
4Q of 2024.

3.2. Measures

The study features a dependent variable measuring the perceived importance of technology
management, along with several independent variables, including organizational characteristics and
technological capability dimensions. All variables, except for firmographic data, were collected using
items from a survey instrument originally developed for a doctoral thesis investigating different
competencies in social enterprises.

The dependent variable, Perceived Importance of Technology Management (IMP), was assessed
using a single-item, five-point ordinal scale. Participants were asked, “What level of importance do you
assign to each skill for your business's survival?” with responses from 1 (low importance) to 5
(indispensable). The independent variables are detailed in Annex 1. Responses to these eight questions
contributed to the factor analysis that identified the core constructs reflecting technological capabilities.
Factor loadings determined how each question related to the identified factors, namely Strategic,
Analytical, and Implementation.
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Although single-item measures have inherent limitations compared to multi-item scales, research
indicates they are suitable for concrete, clear-cut constructs where respondents can easily make
evaluative judgments (Wanous et al., 1997; Gardner et al., 1998). Our measure focuses on a specific
evaluation of the importance of technology management rather than a complex underlying factor,
rendering the single-item approach appropriate for this study.

3.3. Data Analysis

The empirical analysis proceeded in multiple stages using RStudio. Initially, an exploratory Factor
Analysis was conducted to uncover the core dimensions of technological capabilities captured by eight
survey items. The data’s appropriateness for factor analysis was confirmed through the Kaiser-Meyer-
Olkin (KMO) measure of sampling adequacy (overall KMO = 0.88, individual KMOs > 0.80) and
Bartlett's Test of Sphericity (y*=1097.218, df =28, p <0.001), both indicating suitability. The Principal
Axis Factoring (PAF) method was used to extract latent factors from the observed correlations,
consistent with the theoretical view of technological capabilities as unobserved constructs.

Robustness of Factor Structure: To confirm the statistical validity of our decision to retain factors,
we conducted parallel analysis (Horn, 1965). This method compares eigenvalues from the actual dataset
with those from randomly generated data. The results supported a two-factor solution, providing strong
empirical evidence for retaining the second factor, even though its eigenvalue (0.81) is slightly below
the typical cutoff of 1.0. This analysis substantiates our theoretical distinction between strategic-
analytical and implementation-focused capabilities, beyond mere interpretability.

To determine the number of factors to retain, we used a combined approach: Kaiser's criterion
(eigenvalues > 1) suggested one primary factor (eigenvalue = 4.99). In contrast, the second factor
(eigenvalue = 0.81) was borderline but included due to other criteria. The scree plot showed a clear
bend after the second factor. The two-factor solution explained 62.3% of the total variance (Factor 1:
37.6%, Factor 2: 24.7%), which was suitable for an exploratory study. Notably, the two-factor solution
provided a conceptually consistent structure that aligned with the theoretical distinctions in
technological capabilities. After extraction, we applied a Varimax rotation to improve separation and
clarify the two orthogonal factors: "Strategic-Analytical Capability" (mainly loading on items related
to foresight, uncertainty management, data analytics, and strategic planning) and "Technological
Implementation and Adaptation" (loading more strongly on items related to ease of technology adoption
and update frequency). Factor scores for these two factors were then computed as independent variables.

We used an Ordinal Logistic Regression (OLR) model with the polr package in R to examine
relationships among variables, including Lifetime, Workforce, and capability scores, and the ordinal
dependent variable (Perceived Importance of Technology Management). An interaction between the
capability scores was included to explore trade-offs. The proportional odds assumption was assessed
with the Brant test (p=0.30), which indicated no significant violation; however, the Lifetime variable
was marginal (p=0.07), prompting sensitivity analyses that confirmed robustness. Model fit was
assessed via residual deviation and AIC, with the interaction improving fit. Average Marginal Effects
helped interpret variable impacts. Additional robustness checks, including partial proportional odds and
binary logistic regression, supported the findings. Missing data were handled by removing incomplete
responses.

We conducted comprehensive diagnostic testing of our regression models. Variance Inflation
Factors (VIFs) were used to assess multicollinearity; all values were below 2.5, indicating no
problematic multicollinearity among predictors. Cross-loading analysis showed that although
Tech_solutions and Tech_readiness had moderate loadings on both factors, their primary loadings
aligned with our theoretical framework, and sensitivity analysis verified the stability of the factor
structure.
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4. Results

4.1. Descriptive Analysis

Correlation analysis uncovered interesting patterns among the variables studied. The correlation
between the eight technological variables ranged from moderate to strong, with  values between 0.40
and 0.73. This indicates that, although related, these variables represent different aspects of
technological capabilities in social enterprises. The strongest correlations were found between
Tech readiness and Sales tech (r = 0.73), Data Analytics and Tech solutions (r = 0.73), and
Tech readiness and uncertainty (r = 0.72).

By contrast, the correlations with the dependent variable (/MP) were generally weak, with all below
0.3, and the highest was Tec_Adoption (r = 0.26). Notably, Lifetime (firm age) showed a weak negative
correlation with IMP (r = -0.18), suggesting that older firms may value technology management less.
Conversely, Workforce (firm size) showed a near-zero correlation with /MP (r = 0.03), implying that
organizational size does not significantly impact perceptions of technology importance. Among the
structural variables, Lifetime and Workforce displayed a weak positive correlation (» = 0.24). Both also
showed weak or negative correlations with technological variables, suggesting that the structural
features of social enterprises may relate differently to their technological capabilities.

4.2. Factor Analysis

We performed an exploratory factor analysis to identify the underlying dimensions of technological
capabilities. Preliminary tests verified that the data were suitable for this method: the overall Kaiser-
Meyer-Olkin (KMO) index was 0.88, deemed meritorious, with individual KMO values above 0.80 for
all variables. Bartlett’s test of sphericity was highly significant (y* = 1097.218, df = 28, p < 0.001),
rejecting the null hypothesis of an identity matrix and confirming sufficient intercorrelations among the
variables. The eigenvalue analysis revealed a dominant value for the first factor (4.99), whereas the
second factor (0.81) was close to the conventional threshold of 1.0. Using Principal Axis Factoring
(PAF) with Varimax rotation, the two-factor solution explained 62.3% of the total variance, distributed
as follows:

Factor 1 (“Strategic-Analytical Capability”) explained 37.6% of the variance, with high loadings
(>0.7) for Sales tech (0.757), Foresight (0.735), and Data Analytics (0.718), and moderate loadings
for Tech_readiness (0.688), Uncertainty (0.628), and Tech solutions (0.592). Factor 2 (“Technological
Implementation and Adaptation”) accounted for 24.7% of the variance, with higher loadings on
Tec_Adoption (0.664) and Tech update (0.635), and moderate loadings on Tech solutions (0.535) and
Tech _readiness (0.524).

This bifactorial structure was conceptually coherent, distinguishing between capabilities oriented
toward strategic analysis and those focused on practical strategy implementation. Notably,
Tech_solutions and Tech_readiness loaded significantly on both factors, suggesting that these aspects
may be relevant to both dimensions of technological capabilities. We also conducted parallel analysis
(Horn, 1965) comparing eigenvalues from real and random data. The analysis supported a two-factor
solution, justifying retaining the second factor (eigenvalue = 0.81), even though it's below 1.0. This
confirms our distinction between strategic-analytical and implementation capabilities.

Combining multiple retention criteria (Kaiser's criterion, scree plot inflection, parallel analysis, and
theoretical interpretability) offers strong support for the two-factor structure. The 62.3% variance
explained, while moderate, is acceptable for exploratory factor analysis in social science research,
especially when studying complex organizational constructs (Hair et al., 2019). Although the second
factor's eigenvalue (0.81) is below 1.0, relying only on Kaiser's criterion is increasingly viewed as too
conservative (Glorfeld, 1995). The agreement among parallel analysis, scree plot, and theoretical
interpretability provides multiple sources of evidence backing our factor structure.
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4.3. Regression Model

We estimated an OLR model to examine how the dimensions of technological capabilities and
structural variables influence the perceived importance of technology management. The OLR is suitable
for analyzing ordinal dependent variables like IMP, as it models the log-odds of being in a higher
importance category without assuming equal distances between response levels (Brant, 1990).
Therefore, the model is as follows:

IMP; = b * Lifetime + by * Workforce + bs * Strategic_Analytical + bs * Tech_Implementation + e;

Table 1. Coefficients

Value Std. Error t value
Lifetime -0.0441 0.0216 -2.041
Workforce 0.1127 0.1258 0.896
Strategic Analytical 0.3147 0.1682 1.871
Tech Implementation 0.2174 0.1735 1.253
Residual Deviance: 567.074
AIC: 538.074

Results show that firm age (/ifetime) has a significant negative effect (B = -0.044, ¢ = -2.041, p <
0.05), indicating that each additional year reduces the likelihood of being in a higher IMP category by
about 4.3% (OR =0.957, 95% CI1 [0.914, 0.996]). The Strategic Analytical factor showed a marginally
significant positive effect (B = 0.315, ¢ = 1.871, p < 0.10), suggesting a 37% increase in the odds of
being in a higher category for each unit increase in this factor (OR = 1.370, 95% CI [0.990, 1.916]).

In contrast, neither firm size (workforce, B = 0.113, ¢t = 0.896, p > 0.10) nor the
Tech Implementation factor (p = 0.217, t = 1.253, p > 0.10) showed significant effects, although both
coefficients were positive. The Brant test (omnibus test p = 0.30) did not indicate substantial violations
of the proportional odds assumption for the overall model. However, Lifetime showed a marginal effect
(p = 0.07), suggesting that its impact might vary slightly across the dependent variable categories.

4.4. Model with Interaction and Visualization
To better understand the potential nonlinear effects and trade-offs among the various dimensions of
technological capabilities, we incorporated an interaction term into the model.
IMP; = by * Lifetime + by * Workforce + bs * Strategic_Analytical * Tech Implementation + e;
Table 2. Coefficients

Value Std. Error t value
Lifetime -0.0506 0.0242 -2.090
Workforce 0.1301 0.1259 1.034
Strategic Analytical 0.2501 0.1611 1.552
Tech Implementation -0.0625 0.1896 -0.330
Strategic Analytical:Tech Implementation -0.8634 0.2062 -4.187

Residual Deviance: 549.0042
AIC: 567.0042
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This model found a key result: the interaction between Strategic Analytical and
Tech Implementation was negative and significant (B = -0.863, ¢ = -4.187, p < 0.001). This strong
adverse effect indicates a substitution relationship, suggesting that social enterprises specialize in one
capability rather than in both. Lifetime retained its significant adverse effect (f =-0.051, t=-2.090, p <
0.05), confirming that older firms prioritize less on technology management. The main impact of
Strategic_Analytical, Tech Implementation, and Workforce was not statistically significant in this
model.

Our model fit improved, with the AIC dropping from 583.07 to 567.00 and the residual deviance
from 567.07 to 549.00, indicating a more accurate fit. The contour plot (Figure 1) shows this interaction:
highest perceived importance (yellow, 4.5-5.0) occurs when one capability is strong and the other
moderate. Green areas (4.0—4.5) indicate of moderate significance, with diagonal patterns, supporting
the substitution effect: social enterprises can achieve high perceived importance by focusing on one
capability rather than both.

Level of
importance

B o029
B 2550
Il co.35
B ¢s40

(4.0, 4.5]
(4.5, 5.0]

plementation

Tech_im

1 0

Strategic Analytical

Fig. 1: Contour plot

The average marginal effects (AME) estimated from the interaction model indicated that the
Strategic_Analytical dimension exerted the most substantial influence (AME =-0.0054), with marginal
statistical significance (p = 0.094). In contrast, the remaining predictors demonstrated weaker and
statistically nonsignificant effects. These results further underscore the importance of the interaction
term, consolidating its role as the model’s primary explanatory mechanism.

5. Discussion

The study provides empirical evidence of the technological capability development patterns of social
enterprises operating in emerging markets. The key finding, a significant negative interaction between
strategic-analytical and technological implementation capabilities, reveals a specialization phenomenon
that challenges the conventional wisdom that organizations should develop a balanced set of
technological capabilities.

5.1. Key Findings and Implications

The empirical results reveal a significant negative interaction (f = -0.86, p < 0.001) between
strategic-analytical and implementation-focused technological capabilities. This indicates that social
enterprises in our Peruvian sample tend to develop one type of capability at the expense of the other,
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supporting a specialization pattern rather than balanced development. Results align with the Resource-
Based View (Barney, 1991), which suggests that limited resources lead organizations to focus on
building distinctive capabilities rather than spreading across multiple areas. Our finding of
technological specialization aligns with evidence from other sectors in the region, where resource-
constrained firms make targeted, risk-aware technology choices rather than broad investments (Lopez-
Burga et al., 2024).

This pattern reflects adaptive strategies under dual-mission pressures and institutional constraints
common in emerging markets (Mair et al., 2012). Social enterprises with strategic-analytical
capabilities may attract venture capital or foundations that value measurement and planning (Cavallo et
al., 2019), while those focusing on implementation may appeal to angel or impact investors who
emphasize operational and community outcomes. This alignment reinforces specialization and
sustainable competitiveness.

Older social enterprises (p = -0.05, p < 0.05) tend to de-emphasize technology management,
likely due to inertia and routine-based hindrances to renewal (Barbero et al., 2024). This relates to 'core
rigidities' (Leonard-Barton, 1992; Battilana & Lee, 2014), where once-advantageous capabilities hinder
adaptation. Younger enterprises are more open to digital innovation, with fewer legacy issues and more
digitally native teams (Ahmed & Brennan, 2019).

These patterns are especially evident in emerging markets like Peru, where institutional voids
and resource limits challenge technology development (Das & Drine, 2020; Dutrénit et al., 2019). Social
enterprises navigate these hurdles while building capabilities to bridge technology gaps in their social
domains, often acting as institutional entrepreneurs creating innovative solutions (Fu & Yan, 2024;
Liedong et al., 2020).

5.2. Practical Implications

We suggest social enterprise leaders: (1) Conduct initial assessments to identify if the organization’s
strengths lie in strategic-analytical or implementation-oriented technological capabilities. (2) Develop
a technology plan aligned with these strengths and social mission demands. (3) Implement specialized
training for prioritized technological areas, avoiding broad approaches. (4) Establish metrics to monitor
technological progress and social impact. (5) Form strategic partnerships with entities that have
complementary technological strengths. (6) For mature enterprises, institutionalize regular review and
updates of technological strategy to prevent neglect. (7) Align financing strategies with technological
focus; venture capital or institutional funding for strategic-analytical capabilities, diverse community-
based funding for implementation, guided by Cavallo et al. (2019).

These recommendations take into account the unique conditions in emerging markets, supported by
empirical evidence on technological specialization. The trade-off pattern influences social enterprise
support, especially in resource-limited settings, where focusing on a specific capability may outperform
broad development efforts. Support should help organizations identify optimal specialization based on
mission, resources, and competition, aligning with research (Sirmon et al., 2019; Wales et al., 2021).
Smaller, younger social enterprises often have advantages in technology adoption, while mature
organizations may require targeted strategies and leadership development to overcome barriers and
update capabilities.

5.3. Limitations and Future Research

Our study has limitations, like cross-sectional data, so future research should use longitudinal
designs to study how technological capabilities evolve. Though our sample of over 200 Peruvian social
enterprises offers insights, caution is needed when generalizing to other contexts. Comparative studies
in emerging countries could reveal how institutional and cultural factors impact technological
development. Future research might explore regional innovation networks and public R&D investment
patterns, as noted by Min et al. (2020), and how proximity to the technology frontier affects strategies
in emerging markets, as defined by Das & Drine (2020). It’s also important to understand how
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specialization patterns form and what might weaken or reverse them. Examining how technological
capabilities influence organizational outcomes like financial performance and social impact would be
valuable.

Further, longitudinal studies could reveal if social enterprises sustain their specialization or develop
new capabilities as they grow. Comparing emerging markets can clarify how institutional and cultural
factors moderate trade-offs. Developing measurement tools for technological capabilities in hybrid
organizations is crucial, as existing scales may not capture the dual-mission constraints. Additionally,
investigating how financing and funding sources, as in Cavallo et al. (2019), affect technological
patterns during growth phases is promising.

Our cross-sectional design limits causal inferences. While the negative interaction between
capabilities (B = -0.86) shows an association, it doesn’t clarify whether this results from strategic
choices, organizational traits, environmental constraints, or measurement issues. Longitudinal research
is needed to understand the causal mechanisms behind these patterns.

6. Conclusions

This study provides new evidence of how social enterprises in emerging markets develop
technological capabilities, based on data from over 200 Peruvian organizations. It finds that resource-
limited social enterprises tend to focus on either strategic-analytical or implementation capabilities,
rather than both, to adapt to resource constraints. Older enterprises place less importance on technology
management, highlighting differences across organizational stages.

The research combines insights from the Resource-Based View, Dynamic Capabilities, and
Knowledge-Based View to offer a nuanced understanding of technology development in hybrid
organizations. Practically, social enterprises should focus their technological efforts on their strengths
rather than pursuing broad development, as this is more resource-efficient.

Tailored support for organizations at different ages and capabilities is essential, and future research
is needed on how these patterns evolve and impact performance across sectors. Overall, the study
advances strategic technology management in social enterprises by making theoretical and practical
contributions.

References

Ahmed, F. U., & Brennan, L. (2019). The impact of founder’s human capital on firms’ extent of early
internationalisation: Evidence from a least-developed country. Asia Pacific Journal of Management, 36,
615-659.

Alvarez, S. A., Young, S. L., & Woolley, J. L. (2022). Stakeholder pressure and SME environmental
strategy in  emerging economies. Journal of Business Ethics, 178(3), 1-18.
https://doi.org/10.1007/s10551-022-05058-5

Apostolopoulos, N., Al-Dajani, H., Holt, D., Jones, P., & Newbery, R. (2021). Entrepreneurship and
the sustainable development goals: Characteristics, themes, and research opportunities. Journal of
Business Venturing Insights, 16, €00239. https://doi.org/10.1016/j.jbvi.2021.e00239

Arena, M., Bengo, 1., Calderini, M., & Chiodo, V. (2018). Unlocking finance for social tech start-ups:
Is there a new opportunity space? Technological Forecasting and Social Change, 172, 154-165

Austin, J. E., & Seitanidi, M. M. (2012). Collaborative value creation: A review of partnering between
nonprofits and businesses. Nonprofit and Voluntary Sector Quarterly, 41(6), 929-968.
https://doi.org/10.1177/0899764012454685

Autio, E., Nambisan, S., Thomas, L. D., & Wright, M. (2018). Digital affordances, spatial affordances,
and the genesis of entrepreneurial ecosystems. Strategic Entrepreneurship Journal, 12(1), 72-95.

31



Bejarano et al., Journal of Logistics, Informatics and Service Science, Vol. 12 (2025), No 11, pp 22-35

Avila, L., Ferreira, L. M., & Amorim, M. (2021). What is different about social enterprises’ operational
practices and capabilities? Operations Management Research, 14(3), 318-336

Barbero, J. L., Martinez, R., & Méndez, A. (2024). Organizational aging and innovation adoption:
Evidence from social enterprises. Technological Forecasting & Social Change, 198, 122934,
https://doi.org/10.1016/j.techfore.2023.122934

Barney, J. (1991). Firm resources and sustained competitive advantage. Journal of management, 17(1),
99-120.

Battilana, J., & Lee, M. (2014). Advancing research on hybrid organizing—Insights from the study of
social enterprises. Academy of Management Annals, 8(1), 397-441.

Battilana, J., Obloj, T., Pache, A. C., & Sengul, M. (2022). Beyond shareholder value maximization:
Accounting for financial/social trade-offs in dual-purpose companies. Academy of Management
Review, 47(2), 237-258. https://doi.org/10.5465/amr.2019.0386

Battisti, M., & Deakins, D. (2017). The relationship between dynamic capabilities, the firm’s resource
base and performance in a post-disaster environment. /nternational Small Business Journal, 35(1), 78-
98.

Bocken, N. M., Short, S. W, Rana, P., & Evans, S. (2014). A literature and practice review to develop
sustainable business model archetypes. Journal of cleaner production, 65, 42-56.

Brant, R. (1990). Assessing proportionality in the proportional odds model for ordinal logistic
regression. Biometrics, 1171-1178.

Brem, A., & Radziwon, A. (2017). Efficient Triple Helix collaboration fostering local niche innovation
projects—A case from Denmark. Technological Forecasting and Social Change, 123, 130-141.

Cetindamar, D., Phaal, R., & Probert, D. (2009). Understanding technology management as a dynamic
capability: A framework for technology management activities. Technovation, 29(4), 237-246.

Calderini, M., Chiodo, V., Gerli, F. y Pasi, G. (2023). La centralidad del emprendimiento social-
tecnologico en una agenda de crecimiento inclusivo. En Social Economy Science (pp. 284-308). Oxford
University Press. DOI: https://doi.org/10.1093/0s0/9780192868343.003.0012

Cavallo, A., Ghezzi, A., Dell'Era, C., & Pellizzoni, E. (2019). Fostering digital entrepreneurship from
startup to scaleup: The role of venture capital funds and angel groups. Technological Forecasting and
Social Change, 145, 24-35.

Chiodo, V., Gerli, F. and Giuliano, A. (2024), "Disentangling tech-enabled system change in social
enterprises: an empirical exploration of Ashoka fellows", Journal of Entrepreneurship in Emerging
Economies, Vol. 17 No. 7, pp. 156-186. https://doi.org/10.1108/JEEE-07-2023-0303

Das, G. G., & Drine, 1. (2020). Distance from the technology frontier: How could Africa catch-up via
socio-institutional factors and human capital?. Technological Forecasting and Social Change, 150,
119755.

Del Giudice, M., Garcia-Perez, A., Scuotto, V., & Orlando, B. (2019). Are social enterprises
technological innovative? A quantitative analysis on social entrepreneurs in emerging countries.
Technological Forecasting and Social Change, 148, 119704

DiMaggio, P. J., & Powell, W. W. (1983). The iron cage revisited: Institutional isomorphism and

collective rationality in organizational fields. American Sociological Review, 48(2), 147-160.
https://doi.org/10.2307/2095101

32



Bejarano et al., Journal of Logistics, Informatics and Service Science, Vol. 12 (2025), No 11, pp 22-35

Dutrénit, G., Natera, J. M., Anyul, M. P., & Vera-Cruz, A. O. (2019). Development profiles and
accumulation of technological capabilities in Latin America. Technological Forecasting and Social
Change, 145, 396-412.

Ellstrom, D., Holtstrom, J., Berg, E., & Josefsson, C. (2021). Dynamic capabilities for digital
transformation. Journal of Strategy and Management, 15(2), 272-286.

Fu, J. S., & Yan, S. (2024). How Do New Forms of Organizations Manage Institutional Voids? Social
Enterprises’ Quest for Sociopolitical Legitimacy. Business & Society, 00076503241274029.

Garcia-Gonzalez, A., & Ramirez-Montoya, M. S. (2023). Social entrepreneurship competency in higher
education: An analysis using mixed methods. Journal of Social Entrepreneurship, 14(1), 91-109.

George, G., McGahan, A. M., & Prabhu, J. (2012). Innovation for inclusive growth: Towards a
theoretical framework and a research agenda. Journal of Management Studies, 49(4), 661-683.

Glorfeld, L. W. (1995). An improvement on Horn's parallel analysis methodology for selecting the
correct number of factors to retain. Educational and psychological measurement, 55(3), 377-393.

Guatemala, A., & Martinez, G. (2023). Capacidades tecnologicas en empresas sociales emergentes:
una ruta de impacto social. Region Cientifica, 2(2), 2023111

Horn, J. L. (1965). A rationale and test for the number of factors in factor analysis. Psychometrika, 30(2),
179-185.

Hussain, N., & Li, B. (2022). Empirical study to understand the social entrepreneurial intention towards
technology management in social entrepreneurial ventures. International Journal of Asian Business and
Information Management (IJABIM), 13(1), 1-19.

Kotiranta, A., Puumalainen, K., Sjogren, H., & Dana, L.-P. (2024). Digitalization as a growth driver
for social enterprises. Technological Forecasting and Social Change, 209, 123837

Krlev, G., Pasi, G., Wruk, D., & Bernardo, L. (2022). New digital tools for social innovation:
Understanding capabilities and adoption barriers. Nonprofit and Voluntary Sector Quarterly, 51(3),
521-545.

Kroeger, A., & Weber, C. (2018). How institutional change happens: The case of a digital social venture
platform. Strategic Entrepreneurship Journal, 12(4), 579-605. https://doi.org/10.1002/sej.1293

Liedong, T. A., Peprah, A. A., Amartey, A. O., & Rajwani, T. (2020). Institutional voids and firms'
resource commitment in emerging markets: A review and future research agenda. Journal of
International Management, 26(3), 100756.

Liu, G., Eng, T. Y., & Takeda, S. (2015). An investigation of marketing capabilities and social
enterprise performance in the UK and Japan. Entrepreneurship theory and practice, 39(2), 267-298.

Lopez-Burga, G., Quispe-Vergara, A., & Nunez, N. A. (2024). Determinants of SMEs’ Willingness to
Pay for Electric Vehicle Logistics. Journal of Logistics, Informatics and Service Science, 11(4), 220-
235. https://doi.org/10.33168/JLISS.2024.0413

Mair, J., & Marti, 1. (2006). Social entreprencurship research: A source of explanation, prediction, and
delight. Journal of world business, 41(1), 36-44.

Mair, J., Marti, 1., & Ventresca, M. J. (2012). Building inclusive markets in rural Bangladesh: How

intermediaries work institutional voids. Academy of Management Journal, 55(4), 819-850.
https://doi.org/10.5465/amj.2010.0627

33



Bejarano et al., Journal of Logistics, Informatics and Service Science, Vol. 12 (2025), No 11, pp 22-35

Min, S., Kim, J., & Sawng, Y. W. (2020). The effect of innovation network size and public R&D
investment on regional innovation efficiency. Technological Forecasting and Social Change, 155,
119998.

Ratten, V. (2020). Coronavirus (covid-19) and entrepreneurship: changing life and work
landscape. Journal of Small Business & Entrepreneurship, 32(5), 503-516.

Sarasvathy, S. D. (2001). Causation and effectuation: Toward a theoretical shift from economic
inevitability to entrepreneurial contingency. Academy of Management Review, 26(2), 243-263.
https://doi.org/10.5465/amr.2001.4378020

Seanor, P., Scarlata, M., & Mehmood, A. (2022). Digital social innovation and social entrepreneurship:
A systematic review. Social Enterprise Journal, 18(4), 652-679. https://doi.org/10.1108/SEJ-07-2021-
0055

Sengupta, S., Sahay, A., & Croce, F. (2018). Conceptualizing social entrepreneurship in the context of
emerging economies: An integrative review of past research from BRIICS. International
Entrepreneurship and Management Journal, 14, 771-803.

Sirmon, D. G., Hitt, M. A,, Ireland, R. D., & Gilbert, B. A. (2019). Resource orchestration to create
competitive advantage: Breadth, depth, and life cycle effects. Journal of Management, 37(5), 1390-
1412. https://doi.org/10.1177/0149206310385695

Sun, Y. (2024). A Study on the Impact of Digital Competence, Teamwork on Service Innovation
Performance: Moderating Effect Based on Open Innovation. Journal of Logistics, Informatics and
Service Science, 11 (3), pp. 354 —371. DOI: 10.33168/JLISS.2024.0323

Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic management. Strategic
management journal, 18(7), 509-533.

Teece, D. J. (2016). Dynamic capabilities and entrepreneurial management in large organizations:
Toward a theory of the (entrepreneurial) firm. European economic review, 86, 202-216.

The World Economic Forum (June 15, 2017). Three reasons why social enterprises fail and what we
can learn from them. https://es.weforum.org/stories/2017/06/tres-razones-por-las-que-las-empresas-
sociales-fracasan-y-que-podemos-aprender-de-cllas/

Tran A.V. & Nhung N.T.T. (2025) Entrepreneurial Orientations and Digital Transformation
Commitment in Hospitality Industry: The Pivotal Role of Technology Readiness. Journal of Logistics,
Informatics and Service Science, 12 (5), pp. 236 — 248, DOI: 10.33168/JLISS.2025.0513

Wales, W. J., Kraus, S., Filser, M., Stockmann, C., & Covin, J. G. (2021). The status quo of research
on entrepreneurial orientation: Conversational landmarks and theoretical scaffolding. Journal of
Business Research, 128, 564-577. https://doi.org/10.1016/j.jbusres.2020.10.046

Wang, K., Sun, K., Li, Y., & Xie, Q. (2025). Can digital technology break the financing dilemma of
innovative SMEs? Based on the perspective of enterprise innovation. Technological Forecasting and
Social Change, 214, 124030.

Wry, T., & Zhao, E. Y. (2018). Taking trade-offs seriously: Examining the contextually contingent
relationship between social outreach intensity and financial sustainability in global
microfinance. Organization Science, 29(3), 507-528.

Wu, Z., Fan, X., Zhu, B., Xia, J., Zhang, L., & Wang, P. (2022). Do government subsidies improve

innovation investment for new energy firms: a quasi-natural experiment of China's listed
companies. Technological Forecasting and Social Change, 175, 121418.

34



Bejarano et al., Journal of Logistics, Informatics and Service Science, Vol. 12 (2025), No 11, pp 22-35

Yanez-Valdés, C., Guerrero, M., Barros-Celume, S., & Ibaniez, M. J. (2023). Winds of change due to
global lockdowns: Refreshing digital social entrepreneurship research paradigm. Technological
Forecasting and Social Change, 190, 122454

Zahra, S. A., Gedajlovic, E., Neubaum, D. O., & Shulman, J. M. (2009). A typology of social

entrepreneurs: Motives, search processes and ethical challenges. Journal of business venturing, 24(5),
519-532.

Zahra, S. A., Wright, M., & Abdelgawad, S. G. (2019). Contextualization and the advancement of
entrepreneurship  research.  International =~ Small  Business Journal, 32(5), 479-500.
https://doi.org/10.1177/0266242613519807

35



