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Abstract 

Rapid advances in artificial intelligence have transformed empirical approaches to political governance by enabling 

large-scale data processing and automated analysis. At the same time, traditional fieldwork remains central for 

capturing contextual, cultural, and institutional nuances that are often invisible in purely computational data. The 

objective is to evaluate the relative and complementary contributions of fieldwork and AI-based methods to the 

quality and reliability of empirical governance analysis in the contemporary AI era. The dataset consists of survey 

responses from 370 political governance professionals, including academics, policy analysts, and public 

administration practitioners. Data were collected using structured Likert-scale instruments. Fieldwork Engagement 

(FE) and AI-Based Method Usage (AIU) serve as independent variables. Contextual Understanding (CU) and Data 

Scale (DS) function as mediating variables. Quality of Governance Analysis (QGA) and Reliability of Findings (RF) 

represent outcome variables. Internal consistency was assessed using Cronbach’s Alpha. Multiple regression 

analysis was applied to examine direct relationships among variables. Partial Least Squares Structural Equation 

Modeling (PLS-SEM) was employed to evaluate the integrated model and mediating effects. FE demonstrated a 

substantial effect on CU (β = 0.58), which in turn significantly enhanced the QGA (β = 0.48). Similarly, AIU 

strongly influenced DS (β = 0.62), leading to improved RF (β = 0.51). AIU significantly improves DS, leading to 

higher RF. The integrated model demonstrates that fieldwork and AI methods contribute through distinct but 

complementary pathways. Empirical governance analysis benefits most from a hybrid approach in which contextual 

depth derived from fieldwork is combined with the scalability and consistency enabled by AI-based methods. 

 

Keywords: Fieldwork, Artificial Intelligence (AI), Political Governance, Empirical Methods, PLS-SEM, Contextual 

Understanding. 
 

1. Introduction 

The empirical literature of political governance has relied permanently on the fieldwork 

approaches of interviewing, surveys, ethnographic analysis, and deep case analysis in 

understanding the dynamics of the institutions, political processes, and the policy implications 

[1]. These approaches have been valued a lot based on their ability to get contextual, cultural, 

and situational complexities that guide governance processes within the real-life setting [2]. 

Fieldwork enables the researcher to attempt to make meaning using informal forms of practices, 

power formations, and localized meanings, which would be unusual in entirely quantitative 

sources of data due to direct contact with political organizations, administrators, and 

communities [3]. Especially, this contextual sensitivity is important to governance research, 

where the informal norms, institutional histories, and socio-political cultures play an important 

role in decision-making and policy implementation. Otherwise, even with these advantages, 

traditional fieldwork is inherently compromised by its high costs, time-consuming nature, limited 

geographical coverage, and scalability difficulties, especially when the phenomenon of interest is 

governed over more than one geographic area or in response to a changing political, economic, 
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or technological condition [4]. Recently, the fast development of Artificial Intelligence (AI), 

machine learning, and computational social science has brought into existence a new potent tool 

of empirical research of political governance [5]. The AI-based approaches allow working with 

huge and multifaceted data, robotizing text and discourse analysis of policies and social media, 

predictive modeling of political outcomes, and surveillance of indicators of controlling activities 

in real-time [6]. The capabilities provide unprecedented scalability, consistency, and analytical 

speed that enable the researcher and policy makers to explore the governance systems in broader 

temporal and spatial scopes than othersavailable to them [7]. Consequently, AI-based solutions 

are becoming a more effective alternative to traditional empirical methods, and as a matter of 

fact, they could replace them entirely, leading to a methodological change in the field of political 

science and research in public administration [8]. 

Although AI-based empirical methods are increasingly gaining popularity, they are not 

unlimited. Numerous AI-driven research works are based on secondary, digitally constructed, or 

administratively generated data that might not be sensitive to the local institutional organization, 

informal forms of governance practices, and cultural-political processes rooted in the subculture 

[9]. The algorithmic models, though strong in picking up the general trends on a large scale, are 

not always effective in capturing subtle contextual meanings, and in fact, they tend to reproduce 

the bias present in training data. Fundamentally, the result is that a governmental analysis 

grounded on AI techniques misses important explanatory variables that determine the efficacy of 

policies and political performance. The available literature addressing the importance of 

fieldwork is heavily qualitative in its approach to the fieldwork, as only a few studies evaluate 

how well it performs comparatively with AI-based systems, and how it can be complemented 

with computational systems [10, 11].This fact demonstrates that there is a serious gap in the 

literature of governance. A gap in the systematic empirical evidence that compares and 

complements the comparative and complementary roles of fieldwork engagement and AI-based 

methodological usage in defining the quality and reliability of governance analysis is still present 

[12]. Specifically, the roles of contextual understanding, which are mainly based on field-based 

interactions, and data scale, which is facilitated by AI-based analytics, have not been thoroughly 

investigated as the intervening variables between research approaches and governance findings 

[13]. In the absence of such empirical assessment, methodological arguments of the applicability 

of fieldwork in the era of AI are quite normative and speculative. 

1.1 Research Objective  

To fill the above gaps, the research evaluates the additional relevance of fieldwork in the AI 

epoch by conducting an empirical evaluation of the two radically different and complementary 

roles of fieldwork engagement and an AI-based approach to methodology use in studies of 

political governance. The research analyzes direct and mediated relationships that establish the 

quality and reliability of the study based on the survey data of governance professionals and 

Partial Least Squares Structural Equation Modeling (PLS-SEM). 

1.2 Key Contributions 

 The research presents a subtle description of how qualitative depth and quantitative 

scalability interact to increase the quality of the analysis and its reliability by including 

the contextual understanding and data scale as mediating variables. 

 Multiple regression analysis and PLS-SEM provide a strong methodological model that 

allows concomitant analysis of direct, indirect, and mediated relationships in the study of 

governance. 
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 The results provide quantitative evidence on the support of hybrid empirical methods to 

resolve some of the long-standing methodological issues on the usefulness of fieldwork 

in the AI-driven research field. 

 The research provides useful information to the policy formulators and other researchers 

in that it shows the way tointegrated methodological approaches thatcan enhance the 

quality and consistency of political governance analysis. 

 

2. Literature Review 

Numerous research emphasize that important fieldwork is to understand the intricacies of 

governance systems. This analysis addressed to investigate [14] the moderating influence of 

political considerations in the link between internal success determinants and renewable energy 

project success in Pakistan. A systematic questionnaire was used to collect data from 238 project 

professionals. Partial Least Squares-Structural Equation Modeling (PLS-SEM) was used. The 

findings demonstrate that communication and organizational variables greatly increased project 

performance, but political considerations diminished these associations, confirming their 

negative moderating influence.  The purpose of the research is to evaluate [15] how well e-

government involvement improves Indonesian government-citizen relations. A 15-item e-

government impression survey was administered to 101 persons. Rasch modeling was used, with 

reliability (Cronbach's Alpha = 0.94), person-to-measure correlation (0.99), and Infit/outfit mean 

square all falling within acceptable levels, indicating the instrument's validity and usefulness for 

evaluating factors impacting e-government involvement. This analysis is based on empirical 

survey data obtained in two waves from public employees [16]. It is grounded in management 

theory and focuses on how structural features like centralized and regulation affect digital red 

tape and, consequently, the longevity of digitization in governments. The approach is 

quantitative, relying on robust ordinary least squares (OLS) regressions and group comparisons 

across hierarchical levels. 

This analysis [17] investigates the factors that influence AI acceptability and implementation in 

the government sector, relating personnel attitudes to organizational, technological, and 

environmental aspects. Data were gathered from 179 workers in four Palestinian ministries. 

According to the PLS-SEM research, most Technology Organization Environment (TOE) factors 

have a substantial effect on Technology Acceptance Model (TAM) components (Perceived 

Usefulness and Ease of Use), with the exception of legal framework and organizational 

preparedness. The analysis is hampered by its sample size, geographic span, and lack of 

longitudinal or qualitative insights. This research looks at how [18] 22 nations and the European 

Union (EU) control AI and handle public responsibility using legislative mechanisms. Using 

comparative qualitative research, it defines governance modes self-regulation, market-based, 

entrepreneurial, and regulatory and concludes that public responsibility is independent of policy 

mix. The analysis lacked quantitative modeling and implementation data. This research 

investigates how [19] data science and AI influence the third wave of digital AI age governance. 

Four major themes are identified through conceptual and thematic analysis: data decompression, 

machine task extension, functional division, and administrative holism. The research lacks 

empirical testing, quantitative analysis, and assessment of the true impact of these technologies 

on governance results. The analysis [20] investigates how data governance models might 

promote justice in AI by stressing power redistribution, inclusion, accountability, and global 

responsibility. It uses a literature analysis to assess the success of practical models such as data 
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trusts, cooperatives, and data commons against four data justice criteria. The analysis lacks 

empirical confirmation, quantitative testing, and an assessment of real-world impact. 

The research analyzes [21] public administrators' abilities to apply AI in local government. Data 

were gathered through a survey of 38 managers in the State of Mexico, which assessed digital 

management, planning, and data governance abilities using the civil servant competence 

framework. According to the analysis, digital management and execution have the most 

significant effect on AI impressions. The analysis assessment lacks a bigger sample size, 

comparative analysis, and longitudinal evaluation. The analysis [22] investigates how AI shapes 

power in education governance via automated governance assembly. Data were gathered through 

observation and analysis of EduTech Australia trade fair interactions, attendees, and AI-powered 

products. The paper concludes that AI legitimizes new policy areas and power systems. It lacks 

quantitative analysis, statistical testing, generalizability, and assessment of long-term educational 

outcomes. The investigation [23] looks into how public enterprises apply AI governance, with an 

emphasis on ethical standards. Data were gathered from 28 organizations on five continents 

using surveys, interviews, and document analysis. Qualitative Comparative Analysis (QCA) was 

performed in both crisp-set and fuzzy modes. The results suggest that teaching decision-makers 

and developers increases AI governance, but a lack of training diminishes efficacy. It lacks 

longitudinal examination and comprehensive quantitative validation. The research examines [24] 

the factors of e-governance adoption in Pakistan by combining the Technology Acceptance 

Model and the Diffusion of Innovation Theory. Data were gathered from 300 government 

personnel through questionnaires. Structural equation modeling was used to investigate the 

impacts of performance benefits, effort expectancies, social influence, and resource availability, 

with gender and experience acting as modifiers. The findings indicate major adoption reasons, 

however the assessment lacks longitudinal tracking and qualitative insights. The research [25] 

examines the impact of public administration openness on public confidence in Indonesia. 50 

respondents completed a standardized Likert-scale questionnaire. Regression study in SPSS 26 

revealed a strong positive connection (R² = 0.452), indicating transparency explains 45.2% of 

trust variation. The analysis is lacking in a bigger sample, longitudinal analysis, and qualitative 

insights. The investigation [26] investigates how AI adoption in digital government promotes 

change through stakeholder trust and involvement. The survey responses from 412 Pakistani 

stakeholders were evaluated using structural equation modeling. The findings suggest that AI 

services improve trust and involvement, with trust acting as the strongest mediator. The analysis 

lacked longitudinal data and cross-country validation. 

The research explored [27] elements that influence views regarding AI adoption and governance. 

3,524 citizens and 425 technology workers responded to the survey. Cultural values, risk 

aversion, and perceived rewards were all examined using structural equation models. 

Individualism, egalitarianism, risk aversion, and techno-skepticism all impact opinions about AI, 

with professionals being more supportive of its deployment. The research lacked longitudinal 

and cross-cultural analysis. The research [28] factors influencing citizen adoption of AI-enabled 

government services in Ghana. Data were collected from 245 tertiary student-workers using 

snowball sampling. Fuzzy-set Qualitative Comparative Analysis (FsQCA) identified adoption 

configurations, complemented by PLS-SEM for confirmation. Results reveal two groups: AI 

enthusiasts with positive readiness and AI sceptics with distrust yet partial adoption. The analysis 

lacks broader population sampling and longitudinal validation. Using an expanded Unified 

Theory of Acceptance and Use of Technology 2 (UTAUT2) framework, the study examines [29] 
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factors influencing Jordanian citizens' acceptance of e-government chatbot services. Two time 

points were used to gather longitudinal info from 319 persons. Hypotheses were investigated 

using Structural Equation Modeling (SEM). The findings indicate that while anxiety had a 

negative impact on intentions, perspective, performance anticipation, trust, and other 

characteristics had favorable effects on adoption. The analysis includes qualitative insights and 

cross-national comparisons.  

Research Methodology 

The framework of the methodology is based on a quantitative, cross-sectional approach to the 

analysis, merging survey data and sophisticated statistical modeling to investigate the interaction 

between conventional fieldwork and AI-based methods in the analysis of political governance. 

Based on the answers of 370 practitioners of governance, the methodology takes real-life 

governance practices at a single point in time. Critical inclusion and exclusion criteria guarantee 

the rigor of the analysis, whereas validated measurement scales conceptualize the essential 

constructs, including contextual understanding, data scale, analytical quality, and reliability. 

Multiple regressions, in combination with PLS-SEM, permit the direct and mediated 

relationships to be tested in a broad conceptual framework. Figure 1 illustrates the methodology 

flow. 

 
Figure 1: Methodology Flow 

3.1 Research Design  

In the research on the relationship between fieldwork engagement and the AI-based technique 

during political governance, a quantitative and cross-sectional research design was employed. 
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The data collection method of a survey-based data collection served to assist in gathering the 

data in a systematic manner, both in the perceptions and actual life experiences of the 

governance professionals. Assessing the link among separate, mediating, the outcomes at a 

single point in time is made possible by the cross-sectional character, which describes the present 

methodological practices. The design proves helpful in the research purpose of determining the 

importance of traditional and AI-based approaches to the quality and reliability of analytics of 

research on governance. 

3.2 Population and Sample 

The target population comprised political governance professionals, including academics, policy 

analysts, and practitioners in public administration, all of whom are actively engaged in 

governance research or practice. The survey was initially distributed to 450 potential 

respondents, and complete responses were received from 370 participants, which formed the 

final dataset for analysis. These participants were selected using purposive sampling, ensuring 

that they possessed relevant experience and knowledge in governance analysis, making them 

suitable and reliable for the study. The sample also represents diverse institutional backgrounds, 

capturing a range of perspectives and attitudes toward both fieldwork and AI-based 

methodological practices. 

3.3 Selection Criteria 

Participants were chosen based on their background in political governance research or practice, 

as well as their competence with empirical methodologies such as fieldwork, AI-based 

approaches, or both. Of the 450 invited experts, 370 completed legitimate surveys, which 

comprised the final dataset. Selection guaranteed appropriate competence and different 

perspectives from academic, policy, and administrative backgrounds. Only individuals who gave 

informed consent and completed the survey questions were included in the study. 

3.3.1 Inclusion Criteria 

 Actively engaged in political governance study or practice, such as academics, policy 

analysts, or state administration experts. 

 Direct experience with empirical governance analysis, through either fieldwork, AI-based 

methodologies, or both. 

 Have at least one year of professional experience in roles linked to governance. 

 Actively involved in policy research, governance, or administrative decision-making at 

the institutional, regional, or national levels. 

 Willing to grant informed consent and fill out the structured questionnaire voluntarily. 

 Have a rudimentary understanding of AI-based technologies or data-driven governance 

approaches. 

 The final analysis only included questionnaires that were fully completed. 

3.3.2 Exclusion Criteria 

Participants were excluded if they met one of the following conditions: 

 Not involved in political or administrative affairs. 

 Insufficient experience with empirical research, whether through fieldwork or AI-based 

analysis. 

 Students, interns, or trainees without prior professional governance experience. 

 I submitted incomplete questionnaires. 

 Insufficient underlying knowledge of AI applications in governance analysis. 

 Responses include duplicate entries, irregular patterns, or low-quality data. 



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT      
ISSN:1581-5374 E-ISSN:1855-363X      
VOL. 24, NO. 2(2026)  
 

174 

 They refused to offer informed consent or demographic information for analysis. 

 

 

3.4 Data Collection Instrument 

The structured questionnaire was used to collect data that assessed the perceptions of fieldwork 

and AI-based methodological practices in the analysis of political governance. To be consistent 

and to analyze the data in a quantitative manner, all the items were measured on a five-point 

Likert scale, where strong disagreement was placed as an extreme, and strong agreement was 

placed as an extreme. Based on existing governance and methodological research, Fieldwork 

Engagement (FE), AI-Based Method Usage (AIU), Contextual Understanding (CU), Data Scale 

(DS), Quality of Governance Analysis (QGA), and Reliability of Findings (RF) measurement 

items were the wording of which was tailored to the requirements of the AI-era research. The 

instrument was pre-tested by a small group of governance specialists to assess its clarity, 

relevance, and content validity. Following data collection, 370 full and valid replies were 

gathered, which comprised the final dataset employed in the research.  

3.5 Variables Measurement and Hypotheses Development  

The hypotheses proposed are described as a theoretical association between FE, AIU, CU, DS, 

QGA, and RF presented within a single empirical design. H1 and H2 are that FE and AIU act on 

different methodological directions by promoting CU and DS, respectively. H3 and H4 build on 

this reasoning by associating CU and DS with the central analytical results, highlighting their 

effects on fortifying QGA and RF. Then, H5 and H6 are used to test the direct effects of FE and 

AIU in the determination of QGA and RF without considering the mediating effects. The cross-

effects of CU and DS on both outcome variables are also tested in H7 and H8, as it was known 

that there could be cross-methodological spillovers. Summary of research hypotheses and 

proposed relationships among study variables are shown in Table1.  

Table 1: Summary of research hypotheses and proposed relationships among study 

variables 

Hypotheses 

ID 

Hypotheses Statement 

H1 Fieldwork Engagement (FE) positively influences Contextual Understanding 

(CU). 

H2 AI-Based Method Usage (AIU) positively influences Data Scale (DS). 

H3 Contextual Understanding (CU) positively affects Quality of Governance 

Analysis (QGA). 

H4 Data Scale (DS) positively affects Reliability of Findings (RF). 

H5 Fieldwork Engagement (FE) positively affects Quality of Governance Analysis 

(QGA) directly. 

H6 AI-Based Method Usage (AIU) positively affects the Reliability of Findings 

(RF) directly. 

H7 Contextual Understanding (CU) positively influences Reliability of Findings 

(RF). 

H8 Data Scale (DS) positively influences Quality of Governance Analysis (QGA). 

H9 Contextual Understanding (CU) mediates the relationship between FE and 

QGA. 

H10 Data Scale (DS) mediates the relationship between AIU and RF. 
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3.6 Conceptual framework 

The conceptual framework depicted in Figure 2 combines classical fieldwork-based and AI-

assisted empirical methods to elucidate the variation in the results of the governance analysis. 

The framework hypothesizes that FE is the main source of better analytical results because FE 

makes CU stronger, which in turn leads to better QGA, because of better interpretation of the 

institutional, cultural, and contextual processes. Simultaneously, it is assumed that AIU enhances 

analytical results through the enhancement of DS, which inevitably enhances the consistency, 

comparability, and strength of empirical results manifested in RF. Instead of viewing FE and 

AIU as rival methodologies, the framework understands them as complementary inputs that 

work using different but interconnected pathways. The presence of CU and DS as mediating 

variables allows a finer view of the impacts of methodological decisions on other governance 

outcomes beyond the direct impact.  

 
Figure 2: Conceptual Framework 

3.7 Measurement Instrument Overview 

The reflective measurement items to operationalize FE, AIU, CU, DS, QGA, and RF in the 

proposed framework are provided in Table 2. Four indicators are used to measure each construct 

to capture the methodological participation and the perceived analytical performance. The items 

of the FE and AIU measure the level of empirical engagement and use of data-driven methods, 

respectively, whereas CU and DS are the two key mediating processes between methods and 

results. QGA items are assessed using analytical rigor, coherence, and strength of interpretation, 

and RF items tomeasure consistency, replicability, and credibility of results. The Likert scale is 

uniform with a five-point scale, providing consistency in measurement and allowing comparative 

statistical analysis between constructs.  

 

Table 2: The measurement items of the proposed variables 

Fieldwork Engagement (FE) 

FE1 I actively engage in on-ground fieldwork to collect governance-related 
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data. 

FE2 Fieldwork helps me gain firsthand insights into political and 

administrative contexts. 

FE3 Direct interaction with stakeholders enhances the depth of my 

governance analysis. 

FE4 I consider field-based data essential for understanding real-world 

governance issues. 

AI-Based Method Usage (AIU) 

AIU1 I use AI-driven tools to analyze large-scale governance data. 

AIU2 AI-based methods improve efficiency in governance research and 

analysis. 

AIU3 I rely on data analytics or machine learning techniques for governance 

insights. 

AIU4 AI tools support evidence-based decision-making in governance studies. 

Contextual Understanding (CU) 

CU1 My research approach enables a strong understanding of local 

governance contexts. 

CU2 Context-specific knowledge improves the interpretation of governance 

data. 

CU3 Understanding social and institutional settings strengthens governance 

analysis. 

CU3 Contextual awareness helps explain variations in governance outcomes. 

Data Scale (DS) 

DS1 My research involves analysing large and diverse governance datasets. 

DS2 Access to large-scale data improves the robustness of governance 

findings. 

DS3 U Scalable data sources enhance comparative governance analysis. 

DS4 Data volume and coverage contribute to comprehensive governance 

evaluation. 

Quality of Governance Analysis (QGA) 

QGA1 My analytical approach produces high-quality governance insights. 

QGA2 The methods I use allow accurate evaluation of governance 

performance. 

QGA3 Governance findings derived from my analysis are conceptually sound. 

QGA4 The overall quality of governance analysis is strengthened by my 

methodology. 

Reliability of Findings (RF) 

RF1  The findings from my governance research are consistent and 

dependable. 

RF2 My research results can be replicated using similar methods and data. 

RF3 The conclusions drawn from governance analysis are methodologically 

reliable. 

RF4 I am confident in the credibility of the governance findings produced. 
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3.9Data Analyses 

The proposed research model was tested using statistical findings through the assistance of IBM 

SPSS (Version 26.0) and SmartPLS (Version 4.0). The first application of the descriptive 

statistics was to generalize the features of the respondents and provide a clue to the distribution 

of the major variables. Mathematically, the mean and standard deviation are expressed as below, 

Equations (1 and 2): 

𝑋̀ =
1

𝑛
∑ 𝑋𝑖
𝑛
𝑖=1  (1) 

𝑆𝐷 = √
1

𝑛−1
∑ (

𝑛

𝑖=1
𝑋𝑖 − 𝑋̀)2 (2) 

In which 𝑋𝑖  is the individual response and n means the sample size. Subsequently, the 

relationship between the independent variables and outcome variables was determined through 

several successive multiple regression analyses. This allows the effects of a number of indicators 

on a single dependent to be simultaneously estimated by taking into consideration the influence 

of other variables in the model. 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 +⋯+ 𝛽𝑘𝑋𝑘 + 𝜀(3) 

Where,𝑌is the dependent variable (e.g., QGA or RF), 𝛽0is the intercept, 𝛽1…𝛽𝑘are regression 

coefficients for predictors (e.g., FE, AIU, CU, DS), and 𝜀is the error term.The role of regression 

coefficients (𝑡-values and 𝑝-values), the Adjusted 𝑅2, and F-change values in this study shows 

the strength and the ability of the proposed associations to explain the dependent variable. 

Subsequently, the combined model was analyzed by means of PLS-SEM and tested the 

hypothesis of mediation effects. The model of why the PLS-SEM approach has been adopted is 

that it applies to complex models as well as moderate sample sizes.  

4 Results 

Concentrated on the investigation of empirical methods of government analysis, the research 

section describes how the involvement in fieldwork and the AI-based techniques can mutually 

contribute to the quality and reliability of the analytical process. It focuses on the impact of the 

contextual understanding and the scale of data as important processes connecting the methods to 

outcomes. The section creates a systematic background of testing theoretical relations through 

quantitative evidence. 

A summary of the demographic information of the 370 respondents who responded to the study 

is presented in Table 3 and is a balanced and methodologically informed sample. The sample 

consisted of 56.8% male and 43.2% female participants, indicating a balanced gender 

distribution. The majority of respondents were between the ages of 30-39 (32.4%) and 40-49 

(29.7%), indicating a largely mid-career demographic. Participants came from a variety of 

backgrounds, including academics (37.8%), public administration practitioners (32.4%), and 

policy analysts (29.7%). In terms of experience, the majority had either 5-10 years (35.1%) or 

11-20 years (32.4%) of professional involvement. The educational qualifications were relatively 

good, with 48.6% holding a master's degree and 29.7% holding a doctorate. In terms of 

methodological orientation, 40.5% predominantly employed qualitative fieldwork 

methodologies, 32.4% depended on quantitative or AI-driven methods, and 27% used a 

combination of both. 

Table 3: Demographic Characteristics of Respondents (n = 370) 

Demographic 

Variable 
Category Frequency (n) Percentage (%) 

Gender Male 210 56.8 
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 Female 160 43.2 

Age (years) 20–29 60 16.2 

 30–39 120 32.4 

 40–49 110 29.7 

 50–59 60 16.2 

 60+ 20 5.5 

Profession Academic 140 37.8 

 Policy Analyst 110 29.7 

 
Public Administration 

Practitioner 
120 32.4 

Years of Experience <5 years 50 13.5 

 5–10 years 130 35.1 

 11–20 years 120 32.4 

 >20 years 70 18.9 

Education Level Bachelor’s Degree 80 21.6 

 Master’s Degree 180 48.6 

 Doctoral Degree 110 29.7 

Primary 

Methodological 

Orientation 

Qualitative (Fieldwork) 150 40.5 

 Quantitative (AI/Data-Driven) 120 32.4 

 Mixed Methods 100 27 

 

Table 4 presents the descriptive statistics of the key study variables, i.e., FE, AIU, CU, DS, 

QGA, and RF, which provide the general overview of the respondents in terms of their overall 

perceptions. The average scores reflect the positively rated evaluation of all the constructs, with 

the average scores of 3.74-3.95 on a scale of five. The highest mean (M = 3.95, SD = 0.57) was 

registered by QGA, which is interpreted to mean that the analytical results obtained are the most 

trusted, whereas AIU shows the weakest mean (M = 3.74, SD = 0.68), which can be interpreted 

as the fact that the engagement with AI-driven approaches is the most favorable but less so. 

Moderately, the mean values of FE, CU, DS, and RF ranged from highly, with relatively low 

standard deviations indicating the consistency of responses. Minimum scores ranged from 2.00 

(AIU) to 2.40 (QGA), and maximum scores were consistently 5.00 across variables.  

Table 4: Descriptive Statistics of Study Variables (Analysis -Based Results, n = 370) 

Variable n Mean SD Minimum Maximum 

FE 370 3.87 0.62 2.10 5.00 

AIU 370 3.74 0.68 2.00 5.00 

CU 370 3.92 0.59 2.30 5.00 

DS 370 3.81 0.64 2.20 5.00 

QGA 370 3.95 0.57 2.40 5.00 

RF 370 3.89 0.60 2.30 5.00  

The results of the measurement model are summarized in Table 5 and evaluate the reliability of 

the items, internal consistency, and convergent validity of the constructs of the study. The factor 

loadings are always high, with ranges of 0.80 to 0.88, which meansthat all the items observed 

have been sufficiently able to represent their respective latent variables. The α values of 
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Cronbach are between 0.85 and 0.89, and this indicates that the constructs show high internal 

consistency. The CR has values between 0.89 and 0.92 and is above the recommended values, 

which proves the strength of measurement scales. The value of AVE ranges between 0.68 and 

0.74, indicating that every construct accounts for a large percentage of variance in its measures.  

Table 5: Measurement Model: Item Loadings, Reliability, and Convergent Validity (n 

=370) 

Construct Item Factor Loading α CR AVE 

FE FE1 0.82 0.88 0.91 0.72 

 FE2 0.87    

 FE3 0.85    

 FE4 0.84    

AIU AIU1 0.81 0.86 0.90 0.69 

 AIU2 0.85    

 AIU3 0.84    

 AIU4 0.82    

CU CU1 0.83 0.87 0.91 0.71 

 CU2 0.86    

 CU3 0.84    

 CU4 0.85    

DS DS1 0.80 0.85 0.89 0.68 

 DS2 0.83    

 DS3 0.85    

 DS4 0.81    

QGA QGA1 0.84 0.89 0.92 0.74 

 QGA2 0.88    

 QGA3 0.86    

 QGA4 0.85    

RF RF1 0.82 0.88 0.91 0.72 

 RF2 0.86    

 RF3 0.85    

 RF4 0.84    

 

The Figure 3 purpose illustrates the bivariate relationships among the key constructs examined in 

this analysis on empirical approaches to political governance in the AI era. The impact of 

fieldwork in improving contextual depth and analytical quality is confirmed by the high positive 
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correlation between Fieldwork Engagement (FE) and Contextual Understanding (CU) (r = 0.60) 

and Quality of Governance Analysis (QGA) (r = 0.56). Strong correlations between AI-Based 

Method Usage (AIU) and Data Scale (DS) (r = 0.64) and Reliability of Findings (RF) (r = 0.59) 

demonstrate how AI approaches contribute to consistency and scalability. While Data Scale (DS) 

shows the largest link with RF (r = 0.68), Contextual Understanding (CU) is closely associated 

with QGA (r = 0.65) and RF (r = 0.53). There is no multicollinearity because all correlations are 

favorable and stay below 0.80.  

\  

Figure 3: Pearson Correlation Matrix of Study Variables (n =370) 
The results of the multiple regression of the predictive effects of the study variables have been 

reported in Table 6. FE exhibits a great and significant effect on CU (β= 0.58) and a direct 

positive effect on QGA (β = 0.34), which implies the relevance of field-based inputs in the 

governance analysis. Also, AIU becomes a strong predictor of DS (β = 0.62) and RF (β= 0.39), 

which shows that AI-based approaches are effective in managing large datasets and enhancing 

the consistency of the results. The mediating variables also have significant effects, and CU (β = 

0.48) and DS (β=0.29) improve QGA, and DS (β= 0.51) and CU (β= 0.32) improve RF. The 

models have moderate to good explanatory power, as seen by the values of Adjusted R2 of 

between 0.34 and 0.51. The strong relationships have been verified by high and significant t-

values of all the paths. Altogether, the regression findings support the model suggested, 

indicating the complementary roles of FE and AIU by CU and DS to QGA and RF. 

Table 6: Multiple Regression Analysis of Study Variables (n =370) 

DV IV B (Unstandardized) SE Beta (β) t p Adjusted R² F-change 

CU FE 0.48 0.07 0.58 6.86 <0.001 0.34 47.05** 

DS AIU 0.52 0.06 0.62 8.34 <0.001 0.38 69.56** 

QGA FE 0.31 0.08 0.34 3.88 <0.001 0.46 28.91** 

 CU 0.42 0.07 0.48 6.00 <0.001   

 DS 0.26 0.07 0.29 3.71 <0.001   

RF AIU 0.35 0.08 0.39 4.38 <0.001 0.51 36.47** 

 DS 0.44 0.06 0.51 7.33 <0.001   
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 CU 0.28 0.07 0.32 4.00 <0.001   

 

Table 7 contains the summaries of the HTMT outcomes that were used to assess the discriminant 

validity of the study constructs. The values of all HTMT are below the recommended amount of 

0.90, with a range of 0.40-0.69, which is a good separation of constructs. The least strong 

correlation can be found between FE and DS (0.40), indicating a very small conceptual overlap 

between the two dimensions. Conversely, the largest value of the HTMT lies between CU and 

QGA (0.69), which is good but at the same time acceptable given the theoretical relationship 

between the two. The relationships between AIU and RF are also not beyond the acceptable 

limits, which proves the fact that AI-related constructs are empirically different. Generally, these 

results areused to establish that there is sufficient discriminant validity and that FE, AIU, CU, 

DS, QGA, and RF measure conceptually and statistically different areas of the framework. 

Table 7: HTMT Discriminant Validity of Study Constructs (n = 370) 

Construct FE AIU CU DS QGA RF 

FE 1.00 0.48 0.64 0.40 0.57 0.45 

AIU 0.48 1.00 0.42 0.68 0.50 0.59 

CU 0.64 0.42 1.00 0.48 0.69 0.54 

DS 0.40 0.68 0.48 1.00 0.53 0.65 

QGA 0.57 0.50 0.69 0.53 1.00 0.58 

RF 0.45 0.59 0.54 0.65 0.58 1.00 

Note: HTMT < 0.90 indicates adequate discriminant validity. 

Figure 4 presents the PLS-SEM measurement model, which demonstrates the correlation 

between latent constructs and their observed indicators. The blue circles are the constructs, and 

the yellow boxes are the measurement items conceptually attachedto one another, with the 

standardized factor loadings. The loading of all items is in a range of 0.80-0.88, which points to a 

high level of indicator reliability in FE, AIU, CU, DS, QGA, and RF. The high level of loadings 

has been consistent, which in turn proves that both sets of items clearly capture the constructs 

they are meant to capture. The distinguishable nature of constructs having different indicator 

groups promotes convergent validity. 
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Figure 4: Structure of PLS-SEM  

The estimated structural relationshipsused to test the hypothesis regarding the constructs are 

reported in Table 8. All path coefficients have positive values and are significantly different at p 

= 0.001. The coefficients range from 0.28 to 0.62, indicating significant impact sizes throughout 

the framework. The greatest direct influence is noticed on AIU to DS (β= 0.62), which means 

that AIU is very crucial in promoting DS, whereas the lowest but significant effect is on DS to 

QGA (β= 0.29). FE demonstrates a significant indirect effect on QGA through CU (β=0.28) and 

a significant direct effect (β =0.34), which establishes a partial mediation. Likewise, RF is 

directly and indirectly impacted by AIU (β = 0.39 and 0.32) with a complementary direction of 

influence by DS. Also, the t-values support the strength of such relationships, which are 3.71 to 

8.34. All in all, the acceptable model fit (SRMR = 0.071) and large predictive relevance (Q² = 

0.42) indicate that the proposed structural model helps explain the outcomes of governance. This 

supports the appropriateness of PLS-SEM in the explanation of the model involving FE and AIU 

influencing CU, DS, QGA, and RF under the framework of integrated governance analysis. 

Table 8: PLS-SEM Structural Model: Path Coefficients (n = 370) 

Path β (Standardized) SE t-value p-value Result 

FE → CU (H1) 0.58 0.07 6.86  

 

 

 

<0.001 

 

 

 

 

 

Supported 

AIU → DS (H2) 0.62 0.06 8.34 

CU → QGA (H3) 0.48 0.07 6.00 

DS → RF (H4) 0.51 0.06 7.33 

FE → QGA (direct, H5) 0.34 0.08 3.88 

AIU → RF (direct, H6) 0.39 0.08 4.38 

CU → RF (H7) 0.32 0.07 4.00 

DS → QGA (H8) 0.29 0.07 3.71 

FE → QGA (indirect via CU, H9) 0.28 0.05 5.60 

AIU → RF (indirect via DS, H10) 0.32 0.05 6.40 

Note:  Model fit: Standardized Root Mean Square Residual (SRMR) = 0.071 (acceptable, < 

0.08). Predictive relevance (Q²) = 0.42 (moderate to strong predictive power) 

 

The analysis of Harman's Single-Factor Test, which was used to investigate common method 

bias in the suggested political governance research model that combines fieldwork and AI-based 

empirical methodologies, are shown in Table 9. The absence of a dominating common factor is 

shown by the first factor (FE → CU), which has an initial eigenvalue of 3.28 and explains 

27.33% of the total variance, staying considerably below the 50% criterion. With a total variance 

of 63.17%, the second factor (AIU → DS) accounts for 20.42% of the variance, followed by CU 

→ QGA at 15.42%. The explanatory power of subsequent factors, such as DS → RF (9.33%) 

and FE → QGA (7.92%), is gradually declining. Together, the remaining direct and indirect 

routes account for the entire variance, with each contributing only a small amount. The findings 

reinforce methodological rigor and confirm that observed connections reflect true governance 

dynamics rather than common measurement bias by showing discrete empirical dimensions 

among constructs. 

 

Table 9: Harman’s Single-Factor Test for Assessing Common Method Bias across 

Hypothesized Paths (n = 370) 

Hypothesis (Path) Initial % of Variance Cumulative % 
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Eigenvalue Explained 

FE → CU (H1) 3.28 27.33 27.33 

AIU → DS (H2) 2.45 20.42 47.75 

CU → QGA (H3) 1.85 15.42 63.17 

DS → RF (H4) 1.12 9.33 72.5 

FE → QGA (direct, H5) 0.95 7.92 80.42 

AIU → RF (direct, H6) 0.8 6.67 87.09 

CU → RF (H7) 0.58 4.83 91.92 

DS → QGA (H8) 0.44 3.67 95.59 

FE → QGA (indirect via CU, 

H9) 
0.31 2.58 98.17 

AIU → RF (indirect via DS, 

H10) 
0.22 1.83 100 

 

Note: Harman’s single-factor test shows the first factor explains 27.33% variance, below 50%, 

indicating common method bias is not a significant concern. 

5 Discussion  

5.1 Review of Previous Studies and Their Methodological Limitations 

There has been much discussion about the relevance of fieldwork in politically delicate and 

complex research contexts, mainly emphasizing its qualitative advantages while also recognizing 

its drawbacks. In addition to capturing institutional and cultural subtleties and enabling 

flexibility in unstable situations, fieldwork offers comprehensive contextual understanding. 

However, situational accessibility, the researcher's agency, and local power dynamics all play a 

major role in its efficacy. For example, [15] highlights the necessity for reflexive techniques and 

adaptive researcher positionalities by highlighting how political instability and upheaval can 

interfere with standard fieldwork practices. Reliance on introspective field notes and firsthand 

reports restricts systematic empirical reasoning and hinders large-scale or comparative analysis, 

even though this flexibility preserves qualitative research. 

In a similar vein, [29] discusses how researcher identification influences ethnographic fieldwork, 

especially in gendered political ecology research situations. Particularly when research assistants 

are involved, identity-based dynamics have an impact on data quality, ethical considerations, and 

the analytical depth of analysis. The study is qualitative and customized, which limits its 

applicability to larger governance contexts and prevents quantification of identity-related 

influences on the statistical reliability or expansion of results, even though it provides insightful 

conceptual information on positionality and ethics. 

By analyzing the sexual politics of fieldwork via feminist perspectives, [30] expands on this 

conversation by emphasizing how gendered power dynamics, unofficial institutional norms, and 

embodied research settings impact researcher safety, data access, and ethical decision-making. 

According to the study, fieldwork techniques are often shaped by implicit social expectations and 

power disparities, which frequently lead to methodological compromises. It lacks an integrative 

analytical framework that strikes a compromise between the depth of contextual understanding 

and scalability, replication, or generalization to larger groups, yet providing crucial narrative 

insights. Overall, these studies show that although fieldwork has limits in terms of scalability, 

dependability, and generalizability, it is crucial for contextual understanding. Its limitations 

highlight the need for hybrid approaches that enhance the rigor and application of empirical 
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governance research by combining the depth of fieldwork with data-driven, repeatable 

techniques. 

5.2 Addressing to Existing Methodological Gaps in Current Research 

Such constraints are directly alleviated in the present study since fieldwork interaction and AI are 

experimentally combined into a unified quantitative paradigm, which is based on the 

methodological applicability. The study evaluates the impact of fieldwork-based and AI-based 

approaches on governance research, which utilizes a validated construct and a strong statistical 

test, unlike the previous study, which relies on a qualitative evaluation research methodology. 

Through operationalizing the contextual knowledge and data size as mediating variables, the 

study helps to realize the role of fieldwork on the analytical richness and data unpreparedness 

numerically, as well as AI-based data approaches, as functionally improved scalability and 

consistency. The alternative application of the multiple regression analysis with the PLS-SEM 

allows testing both direct and mediated relationships rigorously, eliminating the problem of 

limited generalizability, the absence of empirical validation, and the fragmentation of methods 

used in the previous literature. This combined methodology offers tangible empirical data on the 

complementary and not the competitive role of fieldwork and AI in studying governance. 

5.3 Practical Implications of the Research 

The results of the research have a number of significant practical implications for the researcher, 

policy-makers, and institutions that study the analysis of political governance.  

 First, the findings propose that the use of either traditional fieldwork or AI-based 

approaches in isolation can give biased or incomplete governance information. In-field 

research might be limited in scale and replicability, but fieldwork, in spite of its 

contextual depth, can fail to capture crucial local and institutional details, and AI-based 

methods areefficient and scalable, but need local and institutional impartiality. Hence, 

governance scholars are advised to embrace mixed methodological approaches that are 

consciously based on a mixture between offline, on-the-ground work and the use of 

computational analytics. 

 Second, politically, policymakers and practitioners in the field of public administration 

can find the study to be relevant as it highlights the importance of merging qualitative 

understanding on the basis of the interaction between stakeholders and macro-level data 

analytics to design, conduct, and assess governmental interventions. This integration is 

capable of enhancing the quality and reliability of the evidence applied in decision-

making.  

 Third, schools and research centers should concentrate on interdisciplinary education, 

which will allow scholars to have field research experience, as well as these 

competencies in AI-driven data analysis. It will help to generate a cohort of researchers to 

work in the governance discipline effectively in complex empirical environments in the 

AI era.  

 Finally, funding bodies and research evaluators should be supportive and appreciative of 

using hybrid research designs since they present more comprehensive and stronger 

governance information as compared to one-method research. 

5.4 Summary of Key Insights 

Overall, the present research demonstrates that fieldwork is still a critical component of research 

on political governance, although it is not a research methodology, but a necessary complement 

to AI-based empirical research. The findings show that the fieldwork engagement adds 
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significantly to the contextual understanding, which, in its turn, results in the quality of 

governance analysis; the AI-based processes, on the contrary, facilitate the extent and reliability 

of outcomes. The prerogative of the various related pathways will empirically take the study out 

of the normative debates and present tangible evidence in favor of the hybrid empirical 

frameworks. Finally, the study confirms that collective capitalization of contextual depth and 

analytical scalability would be the most useful way of offering a sound and adequately stable 

channel for developing the cause of political governance research in the modern AI age. 

6 Conclusion 

Empirical studies of the politics of governance are moving towards more and more interaction 

between the traditional field-based research and the sophisticated artificial intelligence-based 

approaches. Although fieldwork is crucial in contextual, institutional, and cultural sensitivity, 

AI-based techniques allow processing vast amounts of data and delivering consistency in 

analysis that is hardly possible with the use of manual methods. It is then pivotal that we 

understand the interaction of these two paradigms in the current digital age to develop the area of 

governance research. The findings of the empirical investigation depict high and statistically 

significant relationships within the suggested framework. FE shows a significant influence on 

CU (β = 0.58), which in turn had a significant improvement in QGA (β = 0.48). Likewise, AIU 

has a strong impact on DS (β = 0.62), resulting in better RF (β = 0.51). The structural model has 

a moderate level of fit (SRMR = 0.071) and high predictive relevance (Q² = 0.42), which proves 

the strength of the integrated method. The main weakness is that the data is cross-sectional and 

perception-based and, therefore, might limit the interpretation of causation. The next generation 

of research would use longitudinal designs, include objective governance data, and consider AI 

domain-specific tools to continue to get better hybrid empirical structures to analyze governance. 
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