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Abstract 
This study aims to develop a comprehensive model of farmer loyalty by integrating bibliometric 

mapping and path analysis. A Systematic Literature Review (SLR) combined with bibliometric 

analysis using VOSviewer was conducted on 434 Scopus-indexed documents to identify key 

variables. The results revealed that farmer needs is a dominant variable with strong relevance in 

the research network. Based on these findings, a path analysis model was constructed to examine 

the relationships among farmer needs, farmer success, and farmer loyalty. The results indicate that 

farmer needs and farmer success have significant direct effects on farmer loyalty. Furthermore, 

farmer success partially mediates the relationship between farmer needs and farmer loyalty, 

indicating both direct and indirect influences. The model achieved a high coefficient of total 

determination (𝑅𝑚
2 =0.9340), reflecting the strong theoretical relationships among the selected 

constructs identified through bibliometric analysis rather than data-driven model optimization. This 

study contributes methodologically by integrating bibliometric mapping with statistical modeling 

and provides practical insights for improving farmer loyalty through the fulfillment of farmer needs 

and support for agricultural success. 

Keywords:   Bibliometric Mapping; Bootstrap Resampling; Path Analysis; Systematic 

Literature Review. 

 

 

1.  INTRODUCTION AND PRELIMINARIES  

Statistics is a scientific approach that plays a crucial role in analyzing data to generate accurate 

information and support data-driven decision-making [20]. Over time, statistical analysis methods 

have expanded beyond simple relationships between variables to accommodate more complex 

relationships. One method widely used to model causal relationships is path analysis, which is an 
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extension of regression analysis and is capable of representing simultaneous relationships through 

several structural equations [6]. Path analysis can identify direct and indirect effects between 

variables by involving exogenous variables, endogenous variables, and intervening variables [13]. 

In the agricultural sector, particularly in Indonesia, farmer loyalty has become an important 

issue following changes in government policies regarding subsidized fertilizer distribution. The 

implementation of Minister of Agriculture Regulation No. 10 of 2022 limits subsidized fertilizers to 

urea and NPK, influencing farmers' purchasing behavior and preferences for agricultural inputs. Such 

policy changes may indirectly affect farmers' loyalty toward fertilizer providers and agricultural 

support programs. Farmer loyalty reflects a long-term commitment to continue using, purchasing, 

and recommending specific products or services and is influenced by various factors related to 

perceived benefits, satisfaction, and farming outcomes [16]. 

The relationship between farmer success and farmer loyalty can be explained through Social 

Exchange Theory, which proposes that individuals tend to maintain relationships when the perceived 

benefits obtained from an exchange exceed the associated costs [4]. In the agricultural context, 

successful farming outcomes, including increased productivity, improved income, and better farm 

performance, generate positive evaluations of agricultural products, services, and institutional 

support. These positive experiences strengthen farmers' trust and commitment, thereby encouraging 

them to continue using the same products or services and maintain long-term relationships with 

agricultural stakeholders. This perspective is also consistent with the Expectation-Confirmation 

Theory, which explains that positive performance outcomes strengthen satisfaction and continuance 

intentions [3]. Therefore, farmer success is theoretically expected to be an important antecedent of 

farmer loyalty. 

Recent studies have demonstrated that farmer loyalty is influenced by multiple behavioral, 

relational, and managerial factors. Hien and Kim [14] found that relationship quality significantly 

affects farmer loyalty in agribusiness partnerships, emphasizing the importance of trust and long-

term collaboration between farmers and agribusiness companies. Similarly, Rutsaert et al. [19] 

reported that brand loyalty, product information, and price incentives significantly influence farmers’ 

decisions in purchasing agricultural inputs. These findings indicate that loyalty is not only 

determined by product performance but also by relational and informational aspects. Furthermore, 

Asriadi et al. [2] showed that socio-economic and managerial factors significantly influence farmer 

participation and agricultural development through a Structural Equation Modeling (SEM) 

framework. Their findings highlight the importance of understanding complex causal relationships 

among factors affecting agricultural performance. These empirical findings support the theoretical 

proposition that successful farming experiences create positive evaluations, strengthen farmers' 

commitment, and ultimately increase their long-term loyalty toward agricultural products, services, 

and institutional support [16][24]. 

Alongside the development of structural modeling approaches, bibliometric analysis has 

emerged as a valuable method for identifying research trends, dominant themes, and knowledge 

structures within a scientific field. Bibliometric mapping supported by software such as VOSviewer 

enables researchers to quantitatively analyze scientific publications and objectively identify 

influential variables and research clusters [27]. Donthu et al. [7] further emphasized that bibliometric 

analysis provides a systematic approach for exploring intellectual structures and emerging research 

directions. Recent studies by Alamsyah et al. [1] and Xu et al. [25] demonstrated that bibliometric 

mapping is effective for identifying dominant themes and future research opportunities in agricultural 

innovation and sustainable agriculture. These studies confirm the usefulness of bibliometric 

techniques in extracting relevant variables from large bodies of scientific literature. 

Despite the increasing number of studies on farmer behavior and agricultural performance, 

several important limitations remain. First, previous studies generally investigate individual 

determinants of farmer loyalty, such as relationship quality [11], purchasing behavior [15], or socio-
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economic and managerial factors [2], without simultaneously examining the structural relationships 

among farmer needs, farmer success, and farmer loyalty within a unified causal framework. 

Consequently, the mechanisms through which these variables interact remain insufficiently 

explained. Second, the selection of variables in conventional path analysis is commonly based on 

theoretical assumptions or findings from a limited number of previous studies. While this approach 

is widely accepted, it may overlook emerging concepts that have recently gained attention in the 

scientific literature. Third, although bibliometric analysis has been widely applied to identify 

research trends, thematic clusters, and influential topics [1][7][25][27], most studies use it only as a 

descriptive mapping technique. The identified themes are rarely transformed into empirically testable 

constructs or validated through statistical causal modeling. As a result, the potential of bibliometric 

analysis to support objective model development remains underutilized. 

To address these limitations, this study integrates bibliometric mapping using VOSviewer with 

path analysis to develop a more objective and theoretically grounded model of farmer loyalty. Unlike 

conventional path analysis, where research constructs are determined primarily through literature 

review and researcher judgment, the proposed framework first identifies influential and emerging 

concepts using bibliometric evidence derived from keyword co-occurrence networks and thematic 

clusters. These concepts are subsequently synthesized through a systematic literature review before 

being incorporated into the structural model. This integrated approach offers several methodological 

advantages. First, it reduces subjectivity in construct selection by incorporating quantitative 

bibliometric evidence. Second, it enables the inclusion of emerging concepts that may not yet be 

widely represented in conventional structural models, thereby strengthening the novelty of the 

proposed framework. Third, it extends the role of bibliometric analysis beyond descriptive 

knowledge mapping by statistically validating the direct and indirect relationships among the 

identified constructs through path analysis. 

Accordingly, this study contributes methodologically by demonstrating how bibliometric 

analysis and path analysis can be integrated into a single evidence-based framework for model 

development. This integration not only improves the transparency and objectivity of construct 

selection but also provides a more comprehensive understanding of the causal mechanisms 

underlying farmer loyalty. Practically, the proposed model provides useful insights for agricultural 

companies and policymakers in designing strategies that strengthen farmer loyalty and promote 

sustainable agricultural development. 

 

2. MAIN RESULTS 

2.1   Data Collection  

This study integrates bibliometric analysis using VOSviewer with statistical modeling to 

analyze farmer loyalty. In line with the research objectives, the methodology consisted of two 

sequential stages: bibliometric analysis and empirical statistical modeling. 

The first stage employed a Systematic Literature Review (SLR) using the Scopus database to 

identify scientific publications related to farmer loyalty and its associated determinants. The literature 

search was restricted to recent publications and screened based on predefined inclusion and exclusion 

criteria, including publication year, subject area, document type, language, and relevance to the 

research topic. The selected publications were subsequently analyzed using VOSviewer to identify 

research themes and determine the research constructs used in the proposed path analysis model. The 

detailed search strategy, screening procedure, and bibliometric results are presented in Section 3.1. 

The questionnaire employed a five-point Likert scale ranging from 1 (strongly disagree) to 5 

(strongly agree) to measure respondents' perceptions of the research constructs. 
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The proposed model consisted of three latent variables, namely SLR Result (𝑋1), Farmer 

Success (𝑌1), and Farmer Loyalty (𝑌2). The study population comprised farmers in West Nusa 

Tenggara Province who used subsidized fertilizer distributed by one of the Indonesian State-Owned 

Enterprise (SOE) fertilizer companies, particularly SP-36 fertilizer users. 

A total of 100 respondents were selected using purposive sampling. Respondents were 

required to be active farmers, users of subsidized SP-36 fertilizer, and willing to participate in the 

survey. The sample size was determined based on the recommendation of Hair et al. (2019), which 

suggests a minimum of five to ten observations for each measurement indicator in path analysis and 

structural equation modeling. Since the questionnaire consisted of 11 indicators, the recommended 

minimum sample ranged from 55 to 110 respondents. Therefore, the sample of 100 respondents was 

considered sufficient to estimate the proposed path model and produce stable parameter estimates. 

 

2.2    Reseacrh Variables  

This study uses variables of SLR Result (𝑋1), Farmer Success (𝑌1), and Farmer Loyalty (𝑌2). 
The research model can be seen in Figure 1. 

 

Figure 1. Research Model 

The variables SLR Result (𝑋1), Farmer Success (𝑌1), and Farmer Loyalty (𝑌2) were measured 

using Likert-scale indicators, resulting in ordinal data. The responses were transformed using the 

Summated Rating Scale (SRS) to obtain composite scores with interval-scale properties. SRS was 

selected because it provides a straightforward and consistent transformation of ordinal responses 

while preserving the cumulative contribution of all indicators within each construct [23]. Previous 

studies have shown that scaling methods, including SRS, improve measurement accuracy and 

influence the reliability, construct validity, and parameter estimation in subsequent multivariate 

analyses compared with the original ordinal scores [9]. The transformed interval scores were then 

used as the observed variables in the subsequent statistical analysis. The indicators of the analyzed 

variables are presented in Table 2.1.  
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Table 2.1. Operational Definition 

Variable Operational Definition Indicator  

Farmer 

Needs 

(𝑋1) 

Farmer Needs refer to the extent to which 

agricultural products and services fulfill farmers' 

expectations and farming requirements. This 

construct was identified through the Systematic 

Literature Review (SLR) and bibliometric 

analysis as an important antecedent of farmer 

loyalty. 

Tangibles (X1.1) 

Perceived (X1.2) 

Performance (X1.3) 

Convenience of Use (𝑋1.4) 

Farmer 

Success 

(𝑌1) 

Farmer Success represents farmers' perceptions of 

the achievement of desirable farming outcomes 

resulting from the use of agricultural products and 

services. 

Farm Business Efficiency (𝑌1.1) 

Selling Price (𝑌1.2) 

Income (𝑌1.3) 

Productivity (𝑌1.4) 

Farmer 

Loyalty 

(𝑌2) 

Farmer Loyalty refers to farmers' commitment to 

continue using, repurchasing, and recommending 

agricultural products or services over time. 

Repurchase (𝑌2.1) 

Retention  (𝑌2.2) 

Recommend Product (𝑌2.3) 

 

2.3     Bibliometrix Analysis 

Bibliometric analysis is a widely recognized and rigorous quantitative approach for exploring 

and analyzing large volumes of scientific data [5]. It provides a systematic method for evaluating an 

article’s contribution to the advancement of knowledge and is frequently employed to assess research 

trends and performance within a specific field. In addition, bibliometric studies offer valuable 

insights into both the scientific impact and the social relevance of a particular discipline or research 

domain. This approach is also useful for identifying patterns in scientific publications, including 

authorship, collaboration networks, and thematic evolution [6]. 

 

2.4     Summated Rating Scale (SRS) 

The Summated Rating Scale (SRS) is a scaling method commonly used to transform responses 

collected through Likert-scale instruments into composite scores with interval-scale properties. This 

transformation is appropriate when ordinal responses are analyzed using statistical methods that 

assume interval-scale measurements. In this study, SRS was employed because the variables SLR 

Result (𝑋1) , Farmer Success (𝑌1) , and Farmer Loyalty  (𝑌2) were measured using Likert-scale 

indicators. Transforming these ordinal responses into interval-scale scores provides more 

representative measurements while preserving the cumulative contribution of all indicators within 

each construct [22]. Furthermore, previous studies have demonstrated that SRS improves 

measurement accuracy and produces composite scores suitable for subsequent statistical analyses 

[9]. 

The SRS transformation was carried out in four steps. First, the cumulative proportion for each 

response category was calculated based on the observed frequency distribution [22]. Second, the 

midpoint of each cumulative proportion was determined. Third, each midpoint was transformed into 

its corresponding standard normal (Z) value using the inverse cumulative distribution function. 

Finally, a constant was added to all Z-values to eliminate negative values and generate positive 

interval-scale scores. The transformed interval scores obtained from this procedure were 

subsequently used in the statistical analysis. 
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2.5  Path Analysis 

Path analysis is an extension of multiple regression analysis developed to overcome its 

limitations in handling complex data structures, particularly those involving multiple dependent 

(response) variables. The concept was first introduced by Sewall Wright in 1934 [11]. as a 

methodological framework to analyze both direct and indirect relationships among variables. In this 

approach, variables are explicitly classified based on their roles, allowing researchers to distinguish 

between causal (explanatory) and outcome (response) variables. In addition to estimating the direct 

effects of exogenous variables on endogenous variables, path analysis also enables the assessment of 

indirect effects mediated through intervening variables [13]. Therefore, this method provides a more 

comprehensive understanding of causal mechanisms compared to conventional regression 

approaches and is often used to examine the causal relationships between extrinsic and intrinsic 

factors [15]. 

Structurally, path analysis consists of a system of multiple equations represented in a causal 

model framework. Each structural equation typically includes at least one exogenous variable, one 

intervening (mediating) variable, and one or more endogenous variables. Exogenous variables are 

those that influence other variables within the model but are not influenced by any variables in the 

system. Intervening variables play a dual role, as they both affect and are affected by other variables, 

serving as key components that distinguish path analysis from traditional regression models, which 

do not explicitly incorporate such mediating structures [22]. Meanwhile, endogenous variables are 

variables whose values are determined entirely by other variables within the model. The relationships 

specified in path analysis are assumed to be linear and additive [21]. Therefore, when these 

assumptions are satisfied, parametric path analysis can be appropriately applied [12]. Based on 

Figure 1, the model is written in Equation (2.1) and Equation (2.2). 

𝑌1𝑖 = 𝛽01 + 𝛽𝑋1𝑌1
𝑋1𝑖 + 𝜀𝑌1𝑖

 (2.1) 

𝑌2𝑖 = 𝛽02 + 𝛽𝑋1𝑌1
𝑋1𝑖 + 𝛽𝑌1𝑌2

𝑌1𝑖 + 𝜀𝑌2𝑖
 (2.2) 

Equation (2.1) and equation (2.2) that have been standardized can be seen in equation (2.3) 

and equation (2.4). 

𝑍𝑌1𝑖 = 𝛽𝑋1𝑌1
𝑍𝑋1𝑖

+ 𝜀𝑌1𝑖
 (2.3) 

𝑍𝑌2𝑖 = 𝛽𝑋1𝑌1
𝑍𝑋1𝑖

+ 𝛽𝑌1𝑌2
𝑍𝑌1𝑖

+ 𝜀𝑌2𝑖
 (2.4) 

where:  

𝑌𝑗𝑖  : jth endogenous variable of i-th observation 

𝑋𝑝𝑖 : pth exogenous variable of i-th observation 

i : number of observations; 1, 2, …, n 

j : number of exogenous variables; 1, 2, …, p 

l : of endogenous variables; 1, 2, …, q 

𝛽1, 𝛽2 : path coefficient 

jiy  : the residuals on the jth endogenous variable of the i-th observation 

Equations (2.3) and (2.4) are written in matrix form as follows. 

[
 
 
 
 
 
 
 
 
𝑍𝑦11

𝑍𝑦12

⋮
𝑍𝑦1𝑛

𝑍𝑦21

𝑍𝑦22

⋮
𝑍𝑦2𝑛]

 
 
 
 
 
 
 
 

=  

[
 
 
 
 
 
 
𝑍𝑥11

𝑍𝑥12

⋮
𝑍𝑥1𝑛

0
⋮
0

0
0
⋮
0

𝑍𝑥11

⋮
𝑍𝑥1𝑛

0
0
⋮
0

𝑍𝑦11

⋮
𝑍𝑦1𝑛]

 
 
 
 
 
 

[

𝛽𝑥1𝑦1

𝛽𝑦1𝑦2

𝛽𝑥1𝑦2

] +

[
 
 
 
 
 
 
 
𝜀𝑦11

𝜀𝑦12

⋮
𝜀𝑦1𝑛

𝜀𝑦21

𝜀𝑦22

⋮
𝜀𝑦2𝑛]
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[
 
 
 
 
 
 
 
 
𝑍𝑦11

𝑍𝑦12

⋮
𝑍𝑦1𝑛

𝑍𝑦21

𝑍𝑦22

⋮
𝑍𝑦2𝑛]

 
 
 
 
 
 
 
 

= [
𝑍𝑋 0̰𝑛𝑥2

0̰𝑛𝑥1 𝑍𝑋𝑌
] [

𝛽𝑥1𝑦1

𝛽𝑦1𝑦2

𝛽𝑥1𝑦2

] +

[
 
 
 
 
 
 
 
𝜀𝑦11

𝜀𝑦12

⋮
𝜀𝑦1𝑛

𝜀𝑦21

𝜀𝑦22

⋮
𝜀𝑦2𝑛]

 
 
 
 
 
 
 

 

 

2.6     Model Validity 

The coefficient of determination is a fundamental measure used to assess the extent to which 

variability in the data can be explained by a specified model [5]. Model validity can be evaluated 

through several approaches, one of which is the coefficient of total determination. This coefficient is 

employed to quantify the overall proportion of variance in the observed data that is accounted for by 

the structural model [18]. Thus, the total explanatory power of the model can be represented by the 

coefficient of total determination, which is calculated using the following formulation. 
2 2 2 2

1 21m e e epR P P P   (2.5) 

Calculation of the effect of the residual (error) can be done using the following formula. 

21ei iP R   (2.6) 

where: 

eiP  : the effect of error on each equation 

2

iR  : coefficient of determination in each equation 

2

mR  : total determination coefficient 

𝑖 : 1,2,3,… , 𝑝  
The coefficient of total determination ranges from 0% to 100%, indicating the proportion of 

variance explained by the model. A value approaching 100% suggests that the model has strong 

explanatory power and is considered to have a good fit to the data. 

 

3.  RESULTS AND DISCUSSION  

3.1        Bibliometrix Analysis Using VosViewer 

This section presents the research findings obtained through bibliometric analysis and 

statistical modeling to support the development of a conceptual framework for modeling farmer 

loyalty. The analysis was conducted sequentially, beginning with a Systematic Literature Review 

(SLR), followed by bibliometric mapping using VOSviewer, and concluding with the identification 

of research constructs for path analysis. 

The literature selection process is illustrated in Figure 1. An initial search of the Scopus 

database identified 44,981 publications related to farmer loyalty and its associated determinants. 

After applying the predefined screening criteria, including publication year, subject area, document 

type, language, and relevance to the research objectives, a total of 434 publications were retained for 

bibliometric analysis. 
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Figure 3.1. Literature screening process 

Bibliographic information, including article titles, abstracts, author keywords, publication 

years, citation data, authors, affiliations, and source titles, was extracted from the selected 

publications and imported into VOSviewer. A keyword co-occurrence analysis was then performed 

to explore the conceptual structure of the literature and identify relationships among research topics 

associated with farmer loyalty. 

The bibliometric network generated by VOSviewer is presented in Figure 3.2. The 

visualization groups related keywords into thematic clusters based on their co-occurrence 

relationships, illustrating the conceptual structure of previous studies on farmer loyalty. 

 

 

Figure 3.2. Visualization of SLR Results 
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The bibliometric analysis was employed as an exploratory approach to identify concepts that 

frequently appeared together in the scientific literature. Rather than directly selecting variables from 

the visualization, the identified thematic clusters were further examined through a Systematic 

Literature Review to evaluate the conceptual relevance, theoretical definitions, and empirical 

evidence supporting each concept. Consequently, the transformation from bibliometric findings to 

research constructs was based on the integration of bibliometric mapping and systematic literature 

synthesis, thereby reducing subjectivity in variable selection and providing a stronger theoretical 

foundation for the proposed model. 

The keyword co-occurrence analysis generated several thematic clusters representing 

different research domains related to farmer behavior and agricultural development. Each cluster 

reflects groups of concepts that frequently co-occur in the literature and illustrates the conceptual 

relationships among research topics. 

Although several publications use the term customer need to describe users or purchasers of 

agricultural products and services, this study adopts the term Farmer Needs because the unit of 

analysis specifically focuses on farmers. In this context, Farmer Needs refers to farmers' needs for 

agricultural inputs, agricultural services, and institutional support that influence farming decisions 

and long-term behavioral commitment. Therefore, the terminology was adapted to reflect the 

characteristics of the research population while maintaining the same underlying theoretical concept 

identified in the reviewed literature. 

The thematic clusters identified in Figure 3.2 were subsequently examined through the SLR 

to determine concepts that consistently appeared in the literature and were theoretically relevant to 

the proposed research model. Based on this synthesis, Farmer Needs was identified as the most 

appropriate exogenous construct because previous studies consistently recognize it as an antecedent 

influencing farmers' behavioral responses. Furthermore, the reviewed literature indicates that the 

fulfillment of farmers' needs contributes to Farmer Success, which subsequently strengthens Farmer 

Loyalty. Accordingly, Farmer Needs was selected as the exogenous variable, Farmer Success as the 

mediating variable, and Farmer Loyalty as the endogenous variable in the proposed path analysis 

model. 

This procedure demonstrates that bibliometric analysis was not used as the sole basis for 

variable selection. Instead, it functioned as an objective knowledge-mapping tool to identify potential 

concepts, while the final research constructs were established through a comprehensive synthesis of 

the selected literature. This integrated approach ensures that the proposed path analysis model is 

supported by both bibliometric evidence and theoretical justification. 

 

3.2  Path Analysis 

3.2.1  Parameter Estimation 

In this study, the variables included in the structural model were treated as observed composite 

scores rather than latent variables. The original Likert-scale responses were first transformed into 

interval-scale composite scores using the Summated Rating Scale (SRS). Consequently, the 

structural relationships among variables were analyzed using path analysis estimated by the Ordinary 

Least Squares (OLS) method. This approach is appropriate because path analysis operates on 

observed variables and aims to estimate direct and indirect effects among constructs represented by 

composite scores [22]. The estimation results are presented in Table 3.1. 

 

Table 3.1. Path Analysis Coefficient 

Parameter Path Coefficient 

𝛽𝑥1𝑦1
 0,766 
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Parameter Path Coefficient 

𝛽𝑥1𝑦2
 0,141 

𝛽𝑦1𝑦2
 0,459 

 

Table 2 indicates the presence of direct effects among the variables. Based on the estimated 

path coefficients, the structural equations of the path analysis model can be formulated as follows. 

𝑍𝑌1𝑖 = 0,766𝑍𝑋1𝑖
+ 𝜀𝑌1𝑖

 

𝑍𝑌2𝑖 = 0,141𝑍𝑋1𝑖
+ 0,459𝑍𝑌1𝑖

+ 𝜀𝑌2𝑖
 

 

3.2.2  Assumption Testing 

The following are the results of assumption testing on path analysis which consists of linearity 

and normality assumption tests. 

1. he linearity assumption is evaluated using the Ramsey RESET test and the results can be seen 

in Table 3.2. 

 

Table 3.2. Linearity Assumption Test Results 

Variable p-value Relationship 

X1  Y1 0,114 Linier 

X1  Y2 0,840 Linier 

Y1  Y2 0,421 Linier 

  

Based on Table 3, the relationship between the exogenous and endogenous variables yields a p-value 

greater than α (0.05), leading to the acceptance of H₀. This result indicates that the relationship among 

the variables can be considered linear. 

 The assumption of additivity is evaluated by examining the specified model structure, as 

represented in the following equation. 

𝑍𝑌1𝑖 = 𝛽𝑋1𝑌1
𝑍𝑋1𝑖

+ 𝜀𝑌1𝑖
  

𝑍𝑌2𝑖 = 𝛽𝑋1𝑌2
𝑍𝑋1𝑖

+ 𝛽𝑌1𝑌2
𝑍𝑌1𝑖

+ 𝜀𝑌2𝑖
 

Based on the specified model, it is clear that an incremental form is used, and there are no 

interaction effects among the variables; therefore, the model satisfies the additive assumption. 

2. Assumption of Normality of Residuals 

The normality assumption of the residuals is assessed using the Jarque–Bera test, and the 

corresponding results are presented in Table 3.3. 

Table 3.3. Results of Sisaan Normality Assumption Test 

Endogenous Variable p-value Conclusion 

Farmer Success (𝑌1) < 0,001 Not Normal 

Farmer Loyalty (𝑌2) < 0,001 Not Normal 

Based on Table 3.3, it can be concluded that all endogenous variables violate the normality 

assumption, indicating that the residuals are not normally distributed. This violation may affect the 

validity of statistical inference when using conventional parametric methods. Therefore, a non-

parametric bootstrap procedure was employed to estimate the sampling distribution of the path 

coefficients. The bootstrap analysis was performed in R by repeatedly drawing 500 bootstrap samples 

with replacement from the original dataset. For each bootstrap sample, the path coefficients were re-

estimated to obtain bootstrap standard errors, confidence intervals, and p-values. Statistical 



121 

JURNAL MATEMATIKA, STATISTIKA, DAN KOMPUTASI 
Viky Iqbal Azizul Alim, Candra Rezzining Wulat Sariro Weni Utomo, Arifin, Firdha 

Mahrifatul Zana 
 

 

significance was evaluated at the 5% significance level (p < 0.05). Since this resampling procedure 

does not rely on the normality assumption, it provides more reliable statistical inference and improves 

the robustness of the estimated path coefficients.   

 

3.2.3  Direct Effect Test  

1. Direct Effect Test 

Hypothesis testing is done with a bootstrap approach to determine the significance of the 

model formed.  The results of hypothesis testing can be seen in Table 3.4.  

 

Table 3.4. Hypothesis Testing of Direct Influence 

Variable OLS Path Coefficient 
Bootsrap Path 

Coefficient 

Standard 

Error 
p-value 

X1  Y1 0,766 0,763 0,002 <0,001* 

X1  Y2 0,141 0,141 0,01 <0,001* 

Y1  Y2 0,459 0,462 0,008 <0,001* 

 

Based on Table 3.4, the bootstrap estimates are highly consistent with the corresponding OLS 

estimates, as indicated by the minimal differences between the path coefficients. The bootstrap 

standard errors are relatively small, suggesting low sampling variability and stable parameter 

estimates across the 500 resamples. Furthermore, all path coefficients remain statistically significant 

at the 5% significance level (p < 0.001), indicating that the observed relationships are robust to 

repeated resampling. The close agreement between the OLS and bootstrap estimates indicates that 

the estimated path coefficients are stable and are not substantially influenced by sampling variation. 

Therefore, the bootstrap procedure provides reliable statistical inference despite the violation of the 

normality assumption identified in the residual analysis. 

2. Indirect Influence Test 

The indirect effect test is a hypothesis test that aims to determine whether a mediating variable 

has a significant effect on the model. The results of testing indirect effects using the Sobel Test can 

be seen in Table 3.5.  

Table 3.5. Hypothesis Testing of Indirect Influence Variable P-value Conclusion 

Variable Indirect Effect P-value Conclusion 

X1 → Y2 - <0,001* 
Partially Mediated 

X1 → Y1 → Y2 0,352 0,004* 

 

Based on the results presented in Table 3.5, the indirect effect testing using the Sobel Test 

indicates that the relationships among variables are statistically significant. Specifically, the indirect 

effect of X1 on Y2 shows a p-value of < 0.001, indicating a significant effect and suggesting that the 

relationship is partially mediated. Furthermore, the indirect path from X1 through Y1  to Y2also 

demonstrates a significant effect, with a p-value of 0.004. The indirect effect (0.352) is considerably 

larger than the direct effect (0.141), indicating that most of the influence of X1 on Y2 is transmitted 

through Y1. Although the direct effect remains statistically significant, confirming partial mediation, 

the results suggest that Y1 serves as the primary mechanism linking X1 to Y2. These findings confirm 

that the mediating variable (Y1) plays a significant role in transmitting the effect of X1 on Y2 within 

the proposed model. 

 



122 

JURNAL MATEMATIKA, STATISTIKA, DAN KOMPUTASI 
Viky Iqbal Azizul Alim, Candra Rezzining Wulat Sariro Weni Utomo, Arifin, Firdha 

Mahrifatul Zana 
 

 

3.2.4  Research Result Model 

Based on the path significance testing using the bootstrap approach, all variables exhibit 

statistically significant effects, so that the research model formed is as in Figure 3. 

 
Figure 3.2. Path Diagram of Research Results   

3.2.5  Model Validity 

The results of the calculation of the coefficient of determination for each equation are 

presented in Table 3.6 below.  

Table 3.6. Coefficient of Determination (𝑹𝒊
𝟐) 

Endogenous Variable 
Coefficient of Determination  

(𝑅𝑖
2) 

Coefficient of Total Determination 

(𝑅𝑚
2 ) 

Farmer Success (𝑌1) 0,7317 
0,9340 

Farmer Loyalty (𝑌2) 0,7541 

 

Based on the coefficient of determination for each structural equation presented in Table 7, 

the coefficient of total determination (R2) of 0.9340, indicating that the proposed model is capable of 

explaining 93.40% of the total variance in the observed data. This result demonstrates that the path 

analysis model possesses a high level of explanatory power. The remaining 6.60% of the variance is 

attributable to factors not incorporated within the model, which may include omitted variables, 

measurement errors, or other unobserved influences. 

 

CONCLUSION 

The conclusions drawn based on the results of the analysis that has been carried out from 

this research are as follows. 

1. The results of the bibliometric analysis using VOSviewer on 434 Scopus-indexed documents 

identified farmer needs as a key determinant variable with strong relevance and connectivity 

in the research network, forming the basis for the proposed model.  

2. The path analysis results show that farmer needs and farmer success have a significant direct 

effect on farmer loyalty, and farmer success partially mediates the relationship between 

farmer needs and farmer loyalty, indicating both direct and indirect effects.  
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3. The proposed model demonstrates a very high level of explanatory power, as indicated by the 

coefficient of total determination (R2) of 0.9732, meaning that the model is highly effective in 

explaining variations in farmer loyalty. 

However, this study has several limitations. The proposed model includes only farmer needs 

and farmer success as the primary determinants of farmer loyalty. Other factors, such as institutional 

support, market access, government policies, farming experience, socioeconomic characteristics, and 

environmental conditions, were not incorporated and may also influence farmer loyalty. In addition, 

the analysis was conducted using cross-sectional survey data, which limits the ability to capture 

changes in farmer behavior over time. Future research is recommended to incorporate additional 

explanatory variables and employ longitudinal data or alternative analytical approaches to obtain a 

more comprehensive understanding of the factors influencing farmer loyalty across different 

agricultural contexts. 
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