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Abstract. This study examines the extent to which enterprises differ across economic sectors in their adoption 
of artificial intelligence (AI) for strategic management, with a particular focus on AI integration, perceived 
strategic benefits, and adoption barriers. The aim is to assess whether the sectoral context represents a decisive 
factor in shaping AI-driven strategic practices or whether common patterns prevail across industries. The research 
is based on a quantitative design using primary survey data collected from enterprises operating in multiple 
sectors of the Czech economy, which were analyzed by using descriptive and inferential statistical methods. 
The findings indicate that enterprises across sectors exhibit largely comparable levels of AI integration and 
similar expectations regarding the strategic benefits of AI, including an improved decision-making quality, 
efficiency, and competitive positioning. However, statistically significant sectoral differences emerge in the 
perceived barriers to AI adoption, with IT- and service-sector firms reporting greater challenges related to data 
quality, system integration, and implementation complexity. These results contribute to the literature on AI 
adoption and strategic management by suggesting that AI integration is increasingly a cross-sectoral strategic 
phenomenon, while adoption barriers remain context-dependent. From a managerial and policy perspective, 
the findings imply that AI support initiatives should combine broad cross-sectoral measures with targeted 
interventions addressing sector-specific obstacles.
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1. Introduction

The rapid development of Artificial Intelligence (AI) is reshaping how organizations create 
value, make strategic decisions, and measure performance. Recent research emphasizes 
that AI does not generate impact through isolated tools alone. Instead, its value emerges 
through the development of AI capabilities that combine technological, human, and or-
ganizational resources. These capabilities enable firms to sense opportunities, learn, and 
continuously reconfigure their processes (Mikalef & Gupta, 2021). As such, AI capabilities 
function as dynamic capabilities that enhance strategic responsiveness and support the 
integration of data-driven insights into performance-management systems.

Rather than producing immediate financial outcomes, AI strengthens internal process-
es, analytical sophistication, and knowledge-based competencies, particularly through 
improvements in human resource management practices and decision-making routines 
(Mikalef et al., 2020; Li et al., 2023). This logic closely aligns with the Balanced Score-
card (BSC), which conceptualizes performance as a multidimensional outcome shaped by 
learning and growth, internal process excellence, customer value creation, and financial 
results, reflecting broader calls for non-financial and integrative performance measurement 
approaches (Nandi et al., 2023). Integration of AI into the BSC framework therefore has 
the potential to transform how organizations monitor strategic progress and respond to 
environmental change.

At the same time, research on AI adoption shows that successful implementation 
depends on more than technological readiness. Organizational structures, managerial 
support, data maturity, and environmental conditions play a critical role. Drawing on the 
Technology–Organization–Environment (TOE) framework, Badghish and Soomro (2024) 
demonstrate that technological sophistication, organizational characteristics, and indus-
try-specific pressures significantly shape AI adoption decisions. These contextual factors 
are particularly relevant for understanding potential sectoral differences in AI adoption, 
which are central to the research design of this study. Similar constraints are highlighted 
by the OECD (2021), which identifies skill shortages, weak data governance, and limited 
strategic readiness as key barriers to AI adoption among SMEs.

The strategic importance of AI adoption is further supported by evidence linking 
AI-enabled capabilities to multidimensional and sustainable performance outcomes. These 
outcomes include operational efficiency, innovation capacity, and long-term organiza-
tional resilience (Soomro et al., 2025). Such effects closely mirror the four perspectives 
of the Balanced Scorecard, reinforcing the view that AI should be examined not merely 
as a technological initiative but as a driver of strategic transformation. Research on the 
evolution of the BSC similarly emphasizes that digital transformation is accelerating the 
shift toward more data-driven and predictive performance-management systems (Tawse 
& Tabesh, 2023; Kumar et al., 2024; Pierce, 2022; Usman et al., 2023).

Despite growing international evidence, empirical knowledge remains limited on 
how AI capabilities and BSC principles interact within Central European economies, 
particularly in the Czech Republic. Existing studies suggest that Czech enterprises often 
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use AI tools in isolated functional areas but rarely integrate them into formal strategic 
frameworks (Motyčková, 2025). This gap is especially relevant given the structural 
characteristics of the Czech economy, which include a high share of SMEs, a strong 
manufacturing base, and persistent challenges in digital readiness. According to the 
Digital Economy and Society Index (DESI) 2023, the Czech Republic ranks 22nd among 
the EU member states and faces a shortage of ICT professionals as well as below-average 
digital intensity among SMEs (European Commission, 2023). The Digital Decade Report 
2024 similarly shows that while 69.1% of the population possesses basic digital skills, 
only 49.3% of SMEs reach basic digital intensity (European Commission, 2024). The 
IMD World Digital Competitiveness Ranking places the Czech Republic in the global 
middle tier, indicating solid infrastructure but limited future readiness (IMD World 
Competitiveness Center, 2024).

This article builds on a previous publication based on the same survey dataset (Mo-
tyčková, 2025). The earlier study provided a descriptive overview of AI use and the 
application of BSC principles among Czech enterprises. The present article substantially 
extends this work by adopting a hypothesis-testing approach and by examining whether 
sectoral contexts lead to systematic differences in AI adoption and the use of strategic 
performance-management frameworks. The theoretical framing, analytical objectives, 
and statistical methods therefore differ fundamentally, positioning this study as a more 
explanatory phase of the research. Unlike the earlier study, which focused primarily on 
descriptive patterns of AI use and BSC awareness, the present research develops a the-
oretically grounded analytical model and applies hypothesis-driven statistical analysis 
to examine sectoral differences in AI adoption and strategic performance management.

Although existing literature points to complementarities between AI capabilities and 
BSC principles, no studies have so far examined how these dynamics vary across sectors 
in the Czech Republic. This represents a clear gap in current research and underscores 
the relevance of analyzing sectoral differences in AI adoption and strategic integration.

Accordingly, this study investigates how enterprises in the Czech Republic adopt ar-
tificial intelligence across sectors and to what extent they apply the Balanced Scorecard 
principles. The guiding research question is: How do enterprises in the Czech Republic 
differ across sectors in their adoption of Artificial Intelligence and in the application of 
Balanced Scorecard principles?

2. Literature Review

2.1 Artificial Intelligence Capability as a Foundation for Performance

Artificial Intelligence Capability (AIC) is defined as a multidimensional dynamic capa-
bility comprising technological infrastructure, human expertise, and organizational rou-
tines that enable firms to integrate and leverage AI effectively. This capability-based per-
spective is consistent with broader resource-based and institutional approaches, which 
emphasize that organizational performance depends on how technological resources are 
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embedded in capabilities and routines rather than on the technologies themselves, a view 
that is also reflected in recent conceptual work on performance measurement (Nandi et 
al., 2023). This framework shows that differences in AI use arise not from the technology 
itself, but from the resources and competencies that support it, particularly the ability to 
integrate AI into human resource processes and organizational routines (Li et al., 2023). 
Studies demonstrate that AI improves performance primarily indirectly – by strengthen-
ing internal processes, analytical sophistication, and decision quality (Mikalef & Gupta, 
2021). These mechanisms map directly onto the Balanced Scorecard (BSC): learning 
and growth capabilities influence internal process excellence, which in turn shapes cus-
tomer and financial outcomes. Because these capability components differ systemati-
cally between sectors, AIC provides the theoretical foundation for expecting sectoral 
variation in AI integration (leading to H1). This multidimensional view of performance 
is consistent with recent empirical evidence showing that AI adoption enhances organi-
zational outcomes through improvements in HR processes, employee engagement, and 
operational efficiency rather than through isolated financial effects (Li et al., 2023).

2.2 Organizational and Environmental Determinants: The TOE Perspective

Differences in AI adoption are further shaped by technological readiness, organization-
al capacity, and environmental pressures, as articulated by the Technology–Organiza-
tion–Environment (TOE) framework (Badghish & Soomro, 2024). Technological barri-
ers such as insufficient data quality or system compatibility, and organizational barriers 
such as skill shortages and limited managerial support, vary across industries. Evidence 
shows that IT and service firms face more acute human-capital constraints, while man-
ufacturing firms are more affected by data limitations and implementation complexity 
(Bag et al., 2022; Várallyai et al., 2024). These patterns provide a theoretically grounded 
explanation for sector-specific differences in perceived barriers (leading to H3).

2.3 AI for Prediction, Process Efficiency and Multidimensional Performance

Comparative studies show that AI-based models outperform traditional statistical meth-
ods in forecasting operational and environmental performance (Makridakis et al., 2023; 
Azadi et al., 2023). At the strategic level, Soomro et al. (2025) demonstrate that AI adop-
tion enhances economic, environmental, and social performance, confirming its multi-
dimensional nature and alignment with the BSC framework. Because different sectors 
adopt different types of AI tools (e.g., decision-support in services vs. automation in 
manufacturing), literature provides a strong basis for expecting sectoral variation in AI 
use cases (leading to H2).

2.4 AI-Driven Digital Transformation and Strategic Alignment

AI capability acts as a driver of digital transformation, enabling organizations to auto-
mate processes, redesign workflows, and achieve sustainable operational outcomes (Bag 
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et al., 2022). Digital transformation studies confirm that firms benefit unevenly from AI 
depending on the structure of their processes and sector-specific constraints. This asym-
metry supports the expectation that sectors differ not only in how they adopt AI, but also 
in the benefits they expect from AI-enabled performance systems (leading to H4).

2.5 Research Gap

Despite progress in AI adoption research, no study integrates AI capability, TOE de-
terminants, and the Balanced Scorecard into a unified framework, nor is it anywhere 
compared how these mechanisms differ across sectors. Evidence on sectoral differenc-
es remains fragmented and rarely includes Central European contexts, where structural 
digital constraints are well-documented (Motyčková, 2025). This gap directly motivates 
examination of sectoral differences in AI adoption and BSC-related practices in enter-
prises in the Czech Republic.

2.6 Hypotheses

Building on the reviewed literature, the present study examines whether enterprises in 
the Czech Republic across sectors differ in their adoption of Artificial Intelligence (AI) 
and in the application of Balanced Scorecard (BSC) principles. Prior research consist-
ently demonstrates that technological, human, and organizational conditions for AI adop-
tion vary substantially across industries (Mikalef & Gupta, 2021; Badghish & Soomro, 
2024), which provides a strong theoretical basis for expecting sector-level differences. 
At the same time, empirical evidence suggests that these differences may manifest in dis-
tinct aspects of AI usage – such as integration depth, use-case focus, perceived barriers, 
and expected strategic benefits (Bag et al., 2022; Soomro et al., 2025).

General Null Hypothesis (H0):
There are no differences between sectors in any aspect of AI adoption or the applica-

tion of Balanced Scorecard principles.
H1: Companies in the IT and technology sector report a higher level of AI integration 

into strategic management compared to manufacturing firms.
H2: Service-sector companies use AI primarily for administration and decision-sup-

port activities, while manufacturing firms focus more on process efficiency and quality 
control.

H3: The perceived barriers to AI adoption differ by sector: IT and service firms 
highlight a lack of qualified employees, whereas manufacturing firms emphasize imple-
mentation complexity and insufficient data.

H4: The expected benefits of linking AI with the Balanced Scorecard are strongest 
in manufacturing and service firms, particularly regarding faster decision-making and 
more accurate performance monitoring.
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3. Methodology

This section presents the methodological framework used to examine sectoral differenc-
es in the adoption of Artificial Intelligence (AI) and the application of Balanced Score-
card (BSC) principles among enterprises in the Czech Republic. It outlines the overall 
research design, characteristics of the sample, data collection procedures, measurement 
of key variables, and analytical techniques. The methodological approach follows estab-
lished empirical standards in studies on AI adoption and strategic performance manage-
ment (e.g., Mikalef & Gupta, 2021; Badghish & Soomro, 2024; Soomro et al., 2025). 
Each subsection provides a transparent description of the research process to ensure the 
validity, reliability, and replicability of findings.

3.1 Research Design

This research was designed as a quantitative cross-sectional study aimed at examining 
differences among sectors of enterprises in the Czech Republic in the adoption of Artifi-
cial Intelligence (AI) and the application of Balanced Scorecard (BSC) principles within 
strategic performance management. The choice of a quantitative approach stems from 
the objective to systematically compare the level, forms, and barriers of AI and BSC 
implementation across industries using measurable indicators and statistical hypothesis 
testing.

The methodological design follows previous empirical studies employing survey-based 
quantitative approaches to examine the relationship between artificial intelligence adop-
tion and organizational performance (Mikalef & Gupta, 2021; Badghish & Soomro, 2024; 
Soomro et al., 2025). Similarly to these studies, the present research applies a cross-sec-
tional questionnaire survey among enterprises with the objective to capture sectoral differ-
ences in AI integration and strategic performance management practices. All three studies 
confirm that survey-based quantitative methods – often analyzed through PLS-SEM or 
hybrid SEM–ANN models – represent a well-established methodological standard for in-
vestigating organizational and technological factors of AI adoption. 

The study builds on previous research by Motyckova (2025), which examined the 
overall awareness of the BSC concept and the degree of AI utilization in firms in the 
Czech Republic. The current phase extends the original model by introducing a com-
parative sectoral perspective and testing four specific hypotheses focused on differences 
between manufacturing, service, and technology-oriented enterprises.

Data were collected by using the CAWI (Computer-Assisted Web Interviewing) meth-
od, which enabled the inclusion of a wide range of respondents from various industries 
and company-size categories. This approach proved effective for gathering a large data-
set while ensuring a high degree of response standardization.

The questionnaire combined validated concepts of strategic performance manage-
ment with current trends in AI adoption. It consisted of twelve main questions divided 
into three thematic blocks:
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•	 Knowledge and application of the Balanced Scorecard (BSC)
•	 Implementation of AI in performance management
•	 Barriers and expected benefits of integrating AI and BSC

The measured variables included both scale items (1–10) for assessing the level of AI 
integration and its perceived benefits, as well as dichotomous and multiple-choice items 
capturing specific forms of AI use and barriers to implementation. 

Given the ordinal and categorical nature of the data, non-parametric methods were 
selected for hypothesis testing so that to ensure valid comparison between sectors.

3.2 Research Sample

The research sample consisted of 300 enterprises in the Czech Republic representing a wide 
range of industries and company sizes. The data were collected between October 2024 and 
January 2025 through a Computer-Assisted Web Interviewing (CAWI) survey distributed 
to business representatives across the Czech Republic. The sample included firms from the 
manufacturing, services, and IT/technology sectors as the primary focus of comparison, 
along with additional representation from industries such as healthcare, energy, logistics, 
construction, and finance. The sectoral structure of the research sample is presented in Table 1.

Table 1. Sectoral structure of the research sample

Sector Number of responses Percentage
Manufacturing 73 18%
Services 83 21%
IT / Technology 75 19%
Healthcare 15 4%
Energy 12 3%
Financial services 36 9%
Logistics 24 6%
Construction 29 7%
Agriculture 3 1%
Retail / Wholesale 52 13%
Total 402 100%

Source: Authors’ own research
Note: The respondents were allowed to indicate more than one sector of activity; therefore, the total number 
of sectoral responses (402) exceeds the number of surveyed firms (N = 300).

When designing the survey, the optimal sample size was assessed in relation to the 
population of actively operating companies in the Czech Republic. Theoretical calculations 
for a 95% confidence level and maximum variability suggested a minimum of 384 respond-
ents. However, considering the challenge of reaching enterprises and the comprehensive 
nature of the questionnaire, 300 valid responses were obtained. Although this number is 
slightly below the statistical optimum, it is considered sufficient for exploratory purposes, 
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given the heterogeneity of the sample and the study’s focus on sectoral differentiation 
rather than representativeness. 

The sampling strategy was based on voluntary participation and availability, reflecting 
a non-probability convenience approach. Despite this limitation, the sample structure 
captured substantial diversity across the company size categories – from micro-enterprises 
(1–10 employees) to large firms (over 250 employees) – as well as across sectors with 
varying technological maturity. This diversity provides a solid foundation for comparing 
patterns of AI adoption and the application of performance management tools across 
industries. 

All responses were collected anonymously and processed in accordance with data 
protection regulations. Participation in the survey was voluntary, and the respondents 
were informed about the purpose of the study and the confidentiality of their answers. 

3.3 Data Collection Procedure

The data were collected by using the Computer-Assisted Web Interviewing (CAWI) meth-
od between October 2024 and January 2025. The online questionnaire was distributed to 
business representatives across the Czech Republic through professional and institutional 
networks, business associations, and direct e-mail invitations. This approach was selected 
for its efficiency in reaching a broad spectrum of enterprises across various regions and 
sectors while ensuring standardized data collection. 

The respondents were informed in advance about the purpose of the study, the voluntary 
nature of participation, and data confidentiality. Participation required that the respond-
ents would hold a management or decision-making position within their organizations to 
ensure that their answers would reflect informed strategic perspectives. Each company 
could submit only one response to avoid duplication. 

The survey was created and administered in an online environment, and all responses 
were automatically recorded in a structured database for subsequent analysis. Prior to its 
distribution, the questionnaire was reviewed for clarity, logical structure, and alignment 
with the research objectives. The instrument was examined by two academic experts in 
the field of strategic management and digital transformation and pilot-tested with several 
managers from Czech enterprises with the objective to ensure the comprehensibility and 
relevance of the questions. Based on their feedback, minor wording adjustments were 
made to improve clarity and reduce potential ambiguity. 

After the completion of data collection, all responses were screened for completeness 
and consistency. Incomplete or invalid entries were excluded from the dataset, resulting 
in 300 fully usable responses. These data provided a solid empirical foundation for the 
statistical testing of the study’s hypotheses.

3.4 Measurement and Variables

The questionnaire was designed to capture the degree and forms of Artificial Intelligence 
(AI) adoption in enterprises in the Czech Republic, the application of Balanced Score-
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card (BSC) principles, and the barriers and perceived benefits of integrating these two 
approaches within strategic performance management. The instrument consisted of twelve 
main questions structured into three thematic sections:

(1) knowledge and application of the BSC,
(2) implementation of AI in performance management, and
(3) challenges and expected benefits of AI–BSC integration.

All items were based on the literature on AI adoption and digital performance man-
agement (e.g., Mikalef & Gupta, 2021; Bag et al., 2022; Badghish & Soomro, 2024) and 
adapted to the Czech business context. The questions combined ordinal scales, multi-
ple-choice items, and dichotomous indicators to reflect both the extent and qualitative 
aspects of AI use.

The independent variable in the analysis was the sector of the enterprise, categorized 
as manufacturing, services, and IT/technology. This classification enabled the testing of 
sectoral differences in AI adoption patterns. Additional control variables included the 
company size (measured by the number of employees) and the industry type.

The dependent variables corresponded to the four formulated hypotheses:
•	 For H1, the dependent variable represented the overall level of AI integration into 

strategic management (Question 8: ten-point scale, where 1 = no integration and 10 = 
AI fully integrated).

•	 	For H2, categorical indicators captured the primary areas of AI application – admin-
istration and decision-support versus process efficiency and quality control.

•	 	For H3, binary indices identified sector-specific barriers to AI adoption: Skills index = 
1 if “lack of qualified employees”; Data/Complexity index = 1 if “lack of data” or 
“implementation complexity”.

•	 	For H4, ordinal indicators reflected expected benefits of linking AI with the BSC – 
faster decision-making and more accurate performance monitoring.
The scale items used a ten-point Likert-type format (‘1’ = very low, ‘10’ = very high) 

to measure perceptions of integration, difficulty, and benefits. Categorical variables were 
coded numerically for statistical processing. Before conducting analysis, all data were 
checked for completeness and logical consistency.

Content validity was ensured by aligning the questionnaire items with established 
constructs in AI adoption and performance management research. The structure and word-
ing of the questions were reviewed to minimize ambiguity and to maintain conceptual 
correspondence between theoretical constructs and their empirical measurement.

3.5 Data Analysis

While the overall sample includes firms from several additional sectors (e.g., healthcare, 
energy, logistics, construction, and finance), the hypothesis testing focuses on manufac-
turing, services, and IT/technology sectors as the primary analytical groups. Firms from 
other sectors were included in the dataset to capture the broader diversity of the Czech 
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business environment and were considered in descriptive statistics but were not used as 
primary comparison groups in the hypothesis testing due to their smaller representation.

The collected data were analyzed by using quantitative statistical methods to test 
the four hypotheses concerning sectoral differences in AI adoption and the application 
of the Balanced Scorecard (BSC) principles among enterprises in the Czech Republic. 
The analytical procedure combined descriptive statistics with non-parametric inferential 
tests, reflecting both the exploratory character of the study and the nature of the dataset.

Descriptive statistics were first used to summarize the structure of the sample and to 
identify general trends in the AI use, BSC application, and perceived barriers or benefits 
across sectors. Due to the fact that most variables were ordinal or categorical, and tests of 
normality (Shapiro–Wilk) indicated deviations from a normal distribution, non-parametric 
statistical techniques were applied for hypothesis testing.

Specifically, the Wilcoxon rank-sum test was employed to compare differences in the 
level of AI integration and the perceived benefits of AI-enhanced performance management 
between sectors. Fisher’s exact test was used to evaluate variations in the primary types of 
AI applications across industries, while the Chi-squared test with Yates’ correction exam-
ined associations between the sector type and the most frequently reported barriers to AI 
adoption. These non-parametric methods were selected for their robustness and suitability 
for data that do not meet parametric assumptions or involve groups of unequal sizes.

All statistical analyses were conducted by using standard statistical software. The 
significance level was set at α = 0.05, and effect sizes such as Cramer’s V and odds ratios 
were reported wherever relevant to complement statistical significance. Summary tables 
and descriptive statistics were used to present key findings and highlight sectoral patterns 
in AI adoption and performance management practices.

Overall, this methodological approach ensures that the subsequent analysis can relia-
bly capture and compare how enterprises in the Czech Republic across different sectors 
integrate Artificial Intelligence into their strategic performance management systems.

4. Results

This section presents the outcomes of the statistical analyses conducted to evaluate 
the four hypotheses formulated in the study. As described in the Methodology section, 
non-parametric tests were applied due to the distributional characteristics of the data and 
the measurement scales used. The results are organised according to the four hypotheses, 
each addressing a specific aspect of sectoral differences in AI adoption and the applica-
tion of the Balanced Scorecard principles. In the following subsections, the findings are 
presented together with the corresponding visualizations to illustrate the distribution of 
values and the observed sectoral patterns.

4.1 H1: Differences in the Level of AI Integration into Strategic Management

The analysis of H1 showed that the level of AI integration into strategic management 
does not significantly differ between IT/technology firms and manufacturing enterprises 
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(Wilcoxon W = 2564.5, p = 0.1117). The boxplot in Figure 1 illustrates that both sectors 
exhibit median integration levels around six points, with very similar interquartile ranges 
and overall distribution shapes. These visual patterns, together with the non-significant 
test result, indicate that neither sector reports higher or lower levels of AI integration. 
This suggests that, at the current stage of development, companies in the Czech Republic 
across these sectors adopt AI tools for strategic purposes to a comparable extent. The find-
ing also implies that the sector affiliation alone does not substantially shape how deeply 
AI becomes embedded in strategic management systems. Overall, the result highlights a 
consistent pattern across industries, supported by both descriptive and inferential evidence.

 
Figure 1. Boxplot of AI integration levels by sector (H1)
Source: Authors’ own research

Table 2. Median and interquartile ranges for AI integration by sector

Variable Manufacturing Median (IQR) IT/Technology Median (IQR)
AI integration into strategic 
management 6 (3–8) 6 (5–8)

Source: Authors’ own research
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4.2 H2: Sectoral Differences in the Primary Use of AI

The analysis of H2 examined whether the primary application of AI differs between the 
services and manufacturing sectors, focusing on decision support versus process effi-
ciency (Fisher’s exact test, p = 0.1719). Table 3 shows that, in both sectors, the majority 
of firms report using AI mainly for decision support, with 46 cases in the services sector 
and 21 cases in manufacturing. In contrast, process-efficiency applications appear far less 
frequently; they were reported by only 2 service firms and 4 manufacturing firms. These 
frequencies indicate a similar pattern of AI use across the two sectors, with decision sup-
port being the dominant purpose in both. The non-significant test result suggests that the 
sector affiliation does not substantially influence the primary type of AI application at this 
stage. Overall, the data reveal a consistent distribution of AI usage patterns, supported by 
both descriptive counts and inferential analysis.

Table 3. Contingency table visualization of AI usage by sector (H2)

AI Application Services Sector n (%) Manufacturing Sector n (%) Total
Decision Support 46 (95.8%) 21 (84.0%) 67
Process Efficiency 2 (4.2%) 4 (16.0%) 6
Total 48 25 73

Source: Authors’ own research

4.3 H3: Sectoral Differences in Perceived Barriers to AI adoption

The analysis of H3 assessed whether the distribution of perceived barriers to AI adop-
tion differs between sectors, comparing data- and implementation-related issues with 
skills-related obstacles (χ² = 4.8194, p = 0.0281, Cramer’s V = 0.136). Table 4 shows 
that IT/technology and service-sector firms most frequently reported data and implemen-
tation barriers (71 cases), whereas manufacturing firms more often highlighted a lack of 
qualified employees (37 cases). In contrast, data- and implementation-related challenges 
were reported less frequently in manufacturing (18 cases), and skills-related barriers were 
slightly less common in IT/technology and services (67 cases). These patterns reveal a 
sector-specific distribution of obstacles, while indicating that different industries struggle 
with different aspects of AI adoption. The significant test result confirms that this variation 
is not random, and that it actually reflects a meaningful difference between sectors. Over-
all, the findings show that sector affiliation shapes which type of barrier firms perceive as 
most critical when adopting AI.

Table 4. Distribution of perceived barriers by sector (H3)

Barrier IT/Tech & Services 
n (%)

Manufacturing 
n (%) Total

Data / Implementation Complexity 71 (51.4%) 18 (32.7%) 89
Lack of Skilled Employees (Skills Index) 67 (48.6%) 37 (67.3%) 104
Total 138 55 193

Source: Authors’ own research
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4.4 H4: Differences in Expected Benefits of Integrating AI and BSC

The analysis of H4 examined whether the expected benefits of integrating AI with the 
Balanced Scorecard differ between sectors, by using a Wilcoxon rank-sum test (W = 10998, 
p = 0.6382). Figure 2 shows that both sectors exhibit very similar median scores on the 0–3 
scale, with nearly identical interquartile ranges and the overall distribution shapes. These 
visual patterns indicate that firms across sectors share comparable expectations regarding 
the potential advantages of combining AI with performance management frameworks. 
The non-significant test result reinforces this observation, suggesting that sector affiliation 
does not play a substantial role in shaping perceived benefits. This implies that expec-
tations about AI–BSC integration may be influenced more by firm-level factors than by 
sector characteristics. Overall, the data reveal consistent expectations across industries, 
supported by both descriptive evidence and inferential analysis.

 
Figure 2. Boxplot of expected AI–BSC benefits by sector (H4)

Source: Authors’ own research
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5. Discussion 

5.1 Interpretation of Key Findings

This study contributes to this discussion by offering new insights into how enterprises in 
the Czech Republic incorporate AI into strategic management processes, and how these 
patterns relate to perceived barriers and anticipated benefits. Taken together, the findings 
invite a reconsideration of the assumption that sectoral dynamics necessarily shape all 
aspects of AI adoption; instead, they point toward a more nuanced picture in which some 
dimensions remain shared across sectors, while others diverge.

Across the four hypotheses tested in this study, only one statistically significant as-
sociation has been identified. While the analyses for H1, H2, and H4 showed no signif-
icant sectoral differences in AI integration, primary AI application, or expected benefits 
of AI–BSC integration, the chi-square test for H3 revealed a significant relationship 
between sector type and perceived barriers to AI adoption. Notably, the direction of the 
observed relationship in H3 differed from the original assumption, as IT/technology and 
service-sector firms reported data- and implementation-related barriers more frequently 
than manufacturing firms.Table 5 summarizes these results by showing that sector-based 
variation emerges exclusively in the area of perceived barriers, while the remaining di-
mensions exhibit largely uniform patterns across sectors.

Taken together, these findings suggest that the sector affiliation influences only spe-
cific aspects of AI adoption in enterprises in the Czech Republic, rather than shaping all 
elements of AI integration and strategic use. In this sense, the results challenge overly 
deterministic views of sectoral effects and point, instead, to a partially shared trajectory 
of AI adoption across industries.

Table 5. Overview of p-values for all hypotheses

Hypothesis Statistical Test p-value Decision
H1 Wilcoxon rank-sum test 0.1117 Not supported
H2 Fisher’s exact test 0.1719 Not supported
H3 Chi-square test 0.0281 Supported
H4 Wilcoxon rank-sum test 0.6382 Not supported

Source: Authors’ own research

5.2 Theoretical Implications

From a theoretical perspective, this study contributes to the literature on AI adoption 
and strategic management by refining current assumptions about the role of the sectoral 
context. Prior research often emphasizes sector-specific technological conditions and 
competitive pressures as key drivers of differential AI adoption. The present findings 
indicate that, at least in the context of Czech enterprises, such sectoral distinctions do 
not uniformly translate into differences in AI integration, application focus, or expected 
strategic benefits.
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Instead, the results suggest that barriers to AI adoption represent the primary dimen-
sion in which sectoral differences materialize. This supports a more differentiated view 
of AI adoption, in which shared strategic aspirations and integration patterns coexist 
with sector-specific constraints. In particular, the finding that IT and service firms report 
more data- and implementation-related barriers than manufacturing firms challenges con-
ventional expectations and highlights the importance of organizational complexity, data 
governance demands, and implementation scope as theoretical lenses for understanding 
AI adoption dynamics.

By demonstrating that sectoral effects are selective rather than pervasive, this study 
extends existing AI adoption frameworks and suggests that future research should distin-
guish more clearly between dimensions of adoption (e.g., integration, use, expectations, 
and barriers) rather than treating the sectoral context as a uniform explanatory factor.

These findings are broadly consistent with previous studies emphasizing the role of or-
ganizational capabilities and contextual factors in shaping AI adoption rather than sectoral 
affiliation alone (Mikalef & Gupta, 2021; Soomro et al., 2025). In particular, the identified 
sector-specific barriers correspond with the Technology–Organization–Environment (TOE) 
framework, which highlights how technological readiness, organizational resources, and 
environmental pressures influence the adoption of new digital technologies (Badghish & 
Soomro, 2024). At the same time, the relatively similar levels of AI integration across 
sectors suggest that AI may increasingly function as a general-purpose strategic capability 
rather than a sector-specific technological tool.

From the perspective of the Balanced Scorecard framework, the observed benefits of 
AI adoption can be interpreted across several performance dimensions. Improvements in 
the decision-making speed and monitoring accuracy primarily relate to the internal pro-
cess perspective, while enhanced analytical capabilities may also contribute to learning 
and growth through improved knowledge utilization. Indirectly, these improvements may 
support financial performance and customer value creation, although these effects were 
not directly measured in this study.

5.3 Managerial and Policy Implications

From a managerial and policy perspective, the findings imply that strategies to support AI 
adoption should not rely solely on sector-based categorizations. Since enterprises across 
sectors report similar levels of AI integration and comparable expectations regarding 
strategic benefits, managers may benefit from cross-sectoral learning and the diffusion 
of best practices in AI-supported strategic management.

At the same time, the observed sectoral variation in perceived barriers highlights the 
need for targeted interventions. For IT and service-sector firms, addressing challenges 
related to data quality, system integration, and implementation complexity appears par-
ticularly relevant. Policymakers and support institutions may therefore consider comple-
menting broad AI promotion initiatives with more focused measures aimed at improving 
data infrastructures, implementation capabilities, and organizational readiness, especially 
in knowledge-intensive sectors.
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Overall, the results suggest that effective AI adoption policies should combine hori-
zontal measures that address common strategic needs across sectors with selective support 
mechanisms that respond to sector-specific barriers, thereby fostering a more balanced 
and inclusive progression of AI use in enterprises.

5.4 Limitations

This study has several limitations that should be considered when interpreting the findings. 
The analysis is based on cross-sectional survey data, which restricts the ability to draw 
causal inferences regarding the relationships between AI adoption, strategic expectations, 
and perceived barriers. In addition, the study relies on self-reported measures that may be 
affected by perceptual bias or differences in the respondents’ understanding of AI-related 
concepts. The empirical focus on enterprises operating in the Czech Republic may limit 
the generalizability of the results to other institutional and national contexts. Furthermore, 
the sectoral classification employed captures broad industry categories and may not fully 
reflect intra-sectoral heterogeneity among firms. Finally, the study emphasizes perceived 
levels of AI integration and strategic expectations rather than objective performance out-
comes, which is consistent with conceptual research highlighting the relevance of indirect 
and non-financial performance indicators in emerging digital contexts (Nandi et al., 2023).

5.5 Directions for Future Research

Future research could build on the findings of this study in several ways. First, longitudinal 
research designs would be valuable for examining how AI adoption and its strategic im-
plications evolve over time and for assessing potential causal relationships. Second, future 
studies could extend the analysis beyond the Czech Republic to include cross-country 
or comparative settings, thereby accounting for differences in institutional, regulatory, 
and technological environments. Third, more fine-grained sectoral or firm-level analyses 
could help uncover intra-sectoral differences related to the organizational size, digital ma-
turity, and business models. In addition, combining survey data with objective indicators 
of organizational and strategic performance would strengthen the empirical assessment 
of AI-related outcomes. Finally, qualitative or mixed-method approaches could provide 
deeper insights into managerial decision-making processes and the organizational mecha-
nisms underlying AI-supported strategic management. Future research could also explore 
alternative grouping approaches, such as clustering firms according to their level of digital 
maturity or AI capability rather than relying solely on traditional sectoral classifications.

6. Conclusions and Policy Recommendations

This study examined whether enterprises in the Czech Republic differ across sectors in their 
adoption of Artificial Intelligence (AI) and in the application of the Balanced Scorecard 
(BSC) principles. Based on a cross-sectional survey of 300 enterprises and non-parametric 
statistical analyses, the findings indicate that sectoral differences in AI adoption are more 
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limited than anticipated. In particular, enterprises across manufacturing, services, and IT/
technology sectors display a high degree of convergence in the level of AI integration 
into strategic management as well as in their strategic expectations regarding AI-enabled 
performance management.

While enterprises in the Czech Republic show a high degree of convergence in AI 
integration and strategic expectations across sectors, sector-specific differences persist 
in the barriers to AI adoption. The analysis reveals that IT and service-sector enterprises 
more frequently report data-related and implementation-related constraints, whereas 
manufacturing enterprises primarily emphasize shortages of qualified employees. This 
pattern suggests that the sector affiliation shapes the nature of obstacles encountered 
during AI adoption rather than the strategic depth or intended use of AI within perfor-
mance-management systems.

Overall, the results highlight that AI is emerging as a cross-sector strategic resource 
rather than an industry-specific tool in the Czech Republic. The relative uniformity in 
AI integration and expected benefits implies that many enterprises are currently at com-
parable stages of AI-enabled transformation, regardless of the sector. At the same time, 
the persistence of sector-specific barriers underscores the importance of organizational 
capabilities, data readiness, and human capital in shaping AI adoption outcomes. These 
findings contribute to the literature by demonstrating that sectoral variation in AI adoption 
manifests primarily through contextual constraints rather than through fundamentally 
different strategic approaches.

From a policy perspective, the results suggest that support measures for AI adoption 
should be differentiated according to the dominant barriers faced by enterprises in differ-
ent sectors. Initiatives aimed at improving data governance, system interoperability, and 
implementation support may be particularly relevant for IT and service-sector enterpris-
es, whereas manufacturing enterprises would benefit more from targeted investments in 
AI-related skills development and workforce training. At the same time, the convergence 
observed in strategic AI integration across sectors indicates that unified national guide-
lines for embedding AI into strategic performance-management frameworks, such as the 
Balanced Scorecard, could be effective in supporting AI-driven transformation among 
enterprises in the Czech Republic.
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