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ABSTRACT 

Fertilizer dealers are a critical last-mile link between manufacturers and farmers, yet dealer evaluation often 

relies on sales turnover alone and therefore overlooks differences in transaction intensity, product breadth and 

continuity of market activity. The purpose of this study is to optimize fertilizer dealer performance by developing 

a transaction-based Dealer Performance Index (DPI) and identifying statistically distinct dealer segments among 

Fertilisers and Chemicals Travancore Limited (FACT) dealers in Tamil Nadu, India. FACT transaction records 

for 2019–2024 were reviewed, while the empirical segmentation uses the verified 2024 active frame. The 2024 

database contains 9,129 transactions, 874 active dealers across 38 districts and 113,715.30 metric tonnes of 

fertilizer sales. A proportionate district-by-dealer-type sample of 274 dealers was drawn, comprising 165 

retailers and 109 wholesalers. Dealer-level indicators were total quantity, transaction frequency, product breadth 

and active months; the DPI combined min–max normalized indicators with equal weights, and K-means 

solutions from two to six clusters were compared using silhouette, Calinski–Harabasz and Davies–Bouldin 

criteria. A two-cluster solution provided the clearest parsimonious structure. The lower-activity segment 

contained 122 dealers with a mean DPI of 16.96, whereas the higher-activity segment contained 152 dealers 

with a mean DPI of 47.92. DPI differed strongly across clusters (F = 417.24, p < .001, η² = .605). Wholesalers 

also recorded a higher mean DPI than retailers (41.97 versus 28.96; Welch t = 5.33, p < .001). The findings show 

that transaction-based segmentation provides a more actionable basis for differentiated dealer development, 

service support and distribution planning than undifferentiated sales ranking. 
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INTRODUCTION 

Fertilizer distribution is a time-sensitive component of agricultural production because demand is tied to crop 

calendars, rainfall, irrigation, soil conditions and farmers’ purchasing capacity. A product that reaches a market 

after the relevant application window has sharply reduced utility even if the physical supply is eventually 

adequate. The performance of the distribution channel therefore depends not only on production and logistics 

but also on the ability of local dealers to maintain availability, process transactions, carry an appropriate product 

range and remain active across the agricultural season. 

Dealers are the operational interface between fertilizer manufacturers and farmers. They aggregate local demand, 

hold stock, execute sales, communicate product information, provide informal advisory support and transmit 

market intelligence upstream. Their role is particularly important in fragmented rural markets, where the quality 

of the dealer network influences both commercial outcomes and farmer access to inputs. Research on agri-input 
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dealers accordingly describes them as commercial intermediaries as well as relationship and advisory actors 

(Elakkiya & Asokhan, 2021; Panja et al., 2022; Mathuabirami et al., 2025; Saklani et al., 2026). 

The scientific problem addressed in this study is that dealer performance is heterogeneous but is frequently 

represented by a single sales measure. Sales volume is important, yet it can conceal whether sales are generated 

through frequent transactions, a broader product portfolio, sustained monthly activity or a small number of 

unusually large orders. It also does not indicate whether apparently similar dealers require the same managerial 

response. This creates a measurement problem and a segmentation problem: firms need a defensible way to 

compare overall dealer activity while simultaneously identifying distinct patterns of dealer performance. 

This issue is salient for fertilizer distribution in Tamil Nadu. The state combines irrigated delta agriculture, 

dryland cultivation, commercial crop regions and highly differentiated district-level demand. The FACT network 

therefore operates in markets with different opportunity structures. The verified 2024 company data contain 874 

active dealers distributed across 38 districts. Treating this network as a homogeneous population may lead to 

uniform incentive, servicing or field-support policies that do not reflect actual dealer activity. 

A data-driven approach can address this problem by combining dealer-level indicators into a transparent index 

and applying unsupervised segmentation to standardized activity profiles. The present study uses objective 

FACT transaction records rather than perceptual ratings as the empirical basis for segmentation. This choice 

permits the article to report completed, auditable results while avoiding claims about behavioural constructs for 

which primary survey responses are not yet required. The analysis focuses on four observable dimensions: 

quantity sold, transaction frequency, product breadth and months of activity. 

LITERATURE REVIEW 

Fertilizer distribution is a network-performance problem in which dealers operate simultaneously as sales 

intermediaries, inventory holders, information channels and relationship interfaces between manufacturers and 

farmers. Research on channel management establishes that intermediaries create time, place and possession 

utility by matching supply with geographically dispersed demand (Rosenbloom, 2012; Kotler & Keller, 2016). 

In the Indian fertilizer context, Gaurav and Bhandari (2016) emphasized the importance of dealer density and 

location for last-mile fertilizer reach, while Najibullah (2013) documented spatial and temporal variation in 

fertilizer retail-outlet structure. Barker and Sharma (2023), examining National Fertilizers Limited in Rajasthan, 

similarly showed that dealers remain major purchase and information points for farmers. These studies indicate 

that dealer performance must be interpreted in relation to both physical distribution and local market access 

rather than sales turnover alone. 

The role of the dealer also extends beyond product movement. Elakkiya and Asokhan (2021), studying agri-

input dealers and farmers in Coimbatore, found that timely delivery, credit period, company-official behaviour, 

product choice and availability were important elements of channel satisfaction. Siva Balan et al. (2015) reported 

that farmers in Tiruchirappalli continued to depend substantially on agro-input dealers for market information 

even when institutional information sources were available. Panja et al. (2022) showed that extension 

participation, credit orientation and information-sharing behaviour explained meaningful variation in dealer role 

performance, while Saklani et al. (2026) documented the expansion of trained agri-input dealers into 

consultancy, market support, soil testing and water testing. Together, these findings support viewing dealers as 

advisory and relationship actors whose contribution may not be fully captured by sales volume. 

Product availability, assortment and perceived quality are fundamental determinants of fertilizer sales because 

demand is highly seasonal and time-sensitive. Stock-outs during critical application periods can immediately 

redirect farmers toward competing brands. Elakkiya and Asokhan (2021) identified availability and product 

choice as important components of farmer satisfaction, and Ladumor et al. (2023) found that product quality, 

past experience, price and dealer opinion influenced fertilizer purchasing behaviour in Kheda district. These 

findings imply that observed dealer sales reflect an interaction between manufacturer-controlled product 

attributes and dealer-controlled recommendation, stocking and market-development activity. 
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Working capital, credit and seasonality introduce an additional operational dimension. Narayanan (2021), using 

evidence from 200 agro-input retailers in Madurai district, identified high working-capital requirements and 

uncertain seasonal demand as important marketing constraints. Fertilizer dealers often have to stock before the 

selling season, extend or manage credit, and absorb delays in cash realization. Elakkiya and Asokhan (2021) 

also identified supplier credit period and farmer credit facilities as relevant to dealer and farmer satisfaction. 

Therefore, dealers with similar annual sales may differ materially in stock efficiency, liquidity, transaction 

regularity and operating risk. 

Service quality is also linked with farmer satisfaction and dealer effectiveness. Mathuabirami et al. (2025), 

applying SERVQUAL to 350 respondents, found that empathy, reliability, responsiveness and tangibles 

positively influenced satisfaction with agro-input dealer advisory services. Manasa et al. (2025), using 

SERVPERF in Telangana, similarly reported satisfactory overall service evaluations while identifying 

weaknesses and operating constraints such as empathy gaps, credit-based purchases and workload. These studies 

reinforce the importance of responsiveness, problem solving, accessibility and communication as dimensions 

that can strengthen farmer loyalty and support repeat transactions. 

Manufacturer-dealer relationships provide a further explanation of performance differences. Relationship 

marketing emphasizes trust, commitment, communication and coordination (Anderson & Narus, 1990; Morgan 

& Hunt, 1994). Mohr et al. (1996) demonstrated that collaborative communication can strengthen channel 

coordination and commitment, while Gassenheimer et al. (1995) connected supplier involvement and 

relationship quality with dealer satisfaction. Anisimova and Mavondo (2014) further highlighted the importance 

of alignment between manufacturer and dealer brands. In fertilizer distribution, these insights suggest that 

training, recognition, field-officer support, claim resolution, supply reliability and communication quality can 

influence dealer engagement and continuity. 

Performance-measurement research cautions against treating absolute sales as a complete representation of 

dealer effectiveness. Anderson and Oliver (1987) distinguish outcome-based from behaviour-based control, and 

Kaplan and Norton (1996) demonstrate the value of multidimensional scorecards. Rajagopal (2008) linked 

customer-service efficiency and market effectiveness with dealer performance, while Biondi et al. (2013) 

showed that dealership assessment can be strengthened by incorporating input-output efficiency rather than 

market share alone. Narasimhan et al. (2001), in supplier evaluation, distinguished high- and low-performing 

units according to both performance and efficiency. The transferable implication is that a high-sales dealer may 

still be operationally inefficient, while a moderate-sales dealer may use resources effectively and possess 

development potential. 

Composite performance indices offer a practical way to integrate multiple measures. Sharma et al. (2004) 

proposed a distributor performance index that recognized interactions between enabling conditions and results. 

A composite Dealer Performance Index (DPI) can improve benchmarking because it prevents one large measure 

from completely defining performance, but its construction requires transparent normalization and weighting. 

Equal weighting provides simplicity and reproducibility when no validated expert-priority structure is available, 

whereas methods such as the Analytic Hierarchy Process can incorporate managerial judgment when such 

evidence exists (Saaty, 1980). The index is most useful as an overall benchmark, while segmentation retains 

information about different configurations of dealer strengths and weaknesses. 

Market segmentation addresses this heterogeneity by identifying internally similar but externally different 

groups. Smith (1956) established segmentation as a basis for differentiated strategy, and Gloy and Akridge 

(1999) demonstrated that agricultural-input markets contain distinct preference structures that are not visible 

from simple demographic grouping. In dealer analysis, a priori categories based only on geography, sales slabs 

or outlet type may combine dealers with very different behavioural and operational profiles. Data-driven 

segmentation instead uses observed characteristics to identify naturally occurring patterns that can support 

differentiated channel management. 

Recent applications strengthen the methodological case for empirical dealer segmentation. Wella et al. (2023) 

applied optimized K-means clustering to 193 dealers and evaluated alternative solutions with the Calinski-

Harabasz criterion, elbow method, silhouette score and Davies-Bouldin index. Tsai et al. (2015), in an 
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automobile-dealership setting, compared K-means with expectation-maximization clustering and showed that 

alternative algorithms can improve segmentation robustness and managerial interpretability. Although the 

contexts differ, both studies demonstrate that dealer groups should be empirically validated rather than imposed 

from managerial intuition. 

Unsupervised clustering is particularly appropriate where group membership is not known in advance. K-means 

partitions observations by minimizing within-cluster dispersion around centroids (MacQueen, 1967), while 

Ward's hierarchical procedure minimizes increases in within-cluster variance during agglomeration (Ward, 

1963). Hierarchical clustering can provide exploratory evidence about the number and structure of groups, after 

which K-means can refine assignments. Rahma et al. (2020) reported benefits from combining hierarchical and 

K-means procedures, while methodological reviews emphasize that cluster analysis should be assessed for 

stability, separation and substantive meaning (Punj & Stewart, 1983; Ketchen & Shook, 1996; Jain, 2010; Everitt 

et al., 2011; Dolnicar et al., 2018). 

Cluster validation is therefore essential because every clustering algorithm will return groups even when those 

groups have limited strategic meaning. The silhouette coefficient evaluates within-cluster cohesion relative to 

neighbouring clusters (Rousseeuw, 1987); the Calinski-Harabasz index rewards compact, separated solutions 

(Calinski & Harabasz, 1974); and the Davies-Bouldin index assesses within-cluster scatter relative to between-

cluster separation, with lower values preferred (Davies & Bouldin, 1979). Hair et al. (2019) similarly recommend 

evaluating statistical diagnostics together with cluster size and interpretability. Labels should follow the 

observed cluster profiles rather than precede them. 

Recent fertilizer-distribution studies further demonstrate that performance is shaped by logistics, finance, 

accessibility and network capacity. Zavale et al. (2020) identified transaction costs, finance and retailer-network 

constraints in the fertilizer value chain in Mozambique. Kusuma et al. (2023) highlighted stock-outs, delivery 

delays, information constraints and logistics costs, while Isyanto (2024) argued that fertilizer-distribution 

performance remains suboptimal when accessibility and distribution processes are not integrated. Arodha (2024) 

likewise emphasized network expansion, digital information and logistics capacity. Rijaludin and Ratnasari 

(2025), studying NPK Phonska Plus distributors, showed that product, price and service-related factors influence 

distributor purchase decisions. These findings strengthen the case for evaluating dealer activity through multiple 

observable dimensions rather than through turnover alone. 

Regional context is especially important in Tamil Nadu because fertilizer demand varies with crop mix, 

irrigation, intensity of cultivation, rainfall exposure and farmer purchasing capacity. Gokulakrishna et al. (2024) 

found that interpersonal influence, product satisfaction, branding and financial accessibility shaped buying 

behaviour for secondary-nutrient fertilizers in southern Tamil Nadu. The Erode-based study by K. R. and Uma 

Maheswari (2024) also suggests that the One Nation, One Fertilizer policy may alter the relative importance of 

manufacturer branding and increase the strategic role of product availability, recommendation and relationship 

quality. Wider market evidence likewise shows that information and infrastructure can shape realized rural trade 

outcomes (Goyal, 2010; Barrett et al., 2022). Regional comparisons should therefore be interpreted as contextual 

explanations of dealer opportunity rather than automatic judgments about dealer competence. 

Across these streams, dealer heterogeneity is clearly multidimensional. Sales indicators describe realized 

outcomes; operational indicators capture execution, inventory and transaction continuity; engagement indicators 

represent relationship and market-development activity; and regional factors describe the opportunity 

environment in which those outcomes are produced. These dimensions need not move together. A dealer may 

record high current sales but limited engagement, whereas another may have strong operational discipline and 

farmer relationships but moderate sales because of territory constraints. A DPI answers how strong overall 

performance is under a selected set of weights, while clustering answers what kind of performance configuration 

a dealer represents. Used together, the approaches provide a richer basis for recognition, supply priority, field 

support, market development and corrective intervention. 

The reviewed literature leaves several gaps. Indian agri-input studies frequently focus on extension roles, farmer 

satisfaction, marketing behaviour or operating constraints, but rarely integrate objective sales outcomes with 

multidimensional dealer assessment in a state-wide framework. Tamil Nadu studies are predominantly district-
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specific. Fertilizer research also often treats dealers as a homogeneous channel category or ranks them using a 

small number of indicators, while validated clustering applications are more common in automotive, supplier or 

customer-segmentation settings. Finally, relatively few studies connect dealer segments with differentiated 

managerial interventions or validate clusters against a performance criterion that was not itself used to create the 

groups. These gaps justify a transaction-based DPI and empirically validated segmentation of FACT dealers 

across Tamil Nadu. 

Accordingly, the purpose of this study is to optimize fertilizer dealer performance by developing a transaction-

based Dealer Performance Index (DPI) and identifying statistically distinct dealer segments among FACT 

dealers in Tamil Nadu, India. 

Aims 

The purpose of this study is to optimize fertilizer dealer performance by developing a transaction-based Dealer 

Performance Index (DPI) and identifying statistically distinct dealer segments among FACT dealers in Tamil 

Nadu, India. Specifically, the study verifies the active 2024 dealer population, constructs a proportional district-

by-dealer-type sample, develops a four-indicator DPI, identifies the most defensible cluster solution, compares 

DPI across clusters, and examines whether performance differs between retailers and wholesalers. In addition, 

the study evaluates a structural equation model (SEM) linking Sales Capability (SC), Market Engagement (ME), 

Operational Efficiency (OE) and Regional Agro-Economic Factors (RAF) with dealer performance, thereby 

testing whether the proposed multidimensional capability framework is consistent with the observed covariance 

structure. 

METHODS 

4.1 Data source and study population 

The study uses transaction records supplied for the FACT dealer network in Tamil Nadu. Six annual worksheets 

covering 2019–2024 were reviewed to establish the longitudinal data context. Across these sheets, 141,204 

transaction rows and 1,305 distinct Dealer IDs were recorded, with an aggregate quantity of 1,748,969.50 metric 

tonnes. Because the annual sheets differ in coverage and the 2024 worksheet is the most recent active-dealer 

frame, the empirical segmentation is restricted to 2024 rather than pooling years that may not be temporally 

comparable. 

The 2024 worksheet contains 9,129 transaction rows, 874 unique active Dealer IDs and 113,715.30 metric 

tonnes. The unit of analysis is the dealer, not the invoice. Transaction rows were therefore aggregated by Dealer 

ID. Dealer type, district and product were retained for profiling. The 874-dealer frame comprises 526 retailers 

and 348 wholesalers across 38 districts. 

4.2 Sampling procedure 

A sample of 274 dealers was selected from the 874-dealer active frame. The sample size corresponds to 

approximately 31.35% of the active population and is also consistent with the finite-population calculation at 

5% precision. Allocation was performed proportionately across District × Dealer Type strata. Fractional 

allocations were converted by the largest-remainder procedure while retaining representation from non-empty 

strata. Dealer IDs were then selected randomly within strata using a fixed random seed (2024) to make the 

procedure reproducible. The resulting sample contains 165 retailers and 109 wholesalers and retains all 38 

districts represented in the active frame. 

4.3 Dealer performance indicators and DPI 

Four objective indicators were calculated for every sampled dealer: (1) total fertilizer quantity sold in metric 

tonnes, representing sales scale; (2) number of transaction records, representing transaction intensity; (3) number 

of distinct products handled, representing product breadth; and (4) number of active months represented in the 

transaction file, representing continuity of activity. Quantity and transaction frequency are highly right-skewed 
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in dealer data; logarithmic transformations were therefore used for clustering so that a small number of large 

dealers did not dominate Euclidean distance. 

For performance benchmarking, each of the four raw indicators was separately normalized to a 0–1 interval 

using min–max normalization. The transaction-based DPI was then calculated as the arithmetic mean of the four 

normalized indicators multiplied by 100. Equal weights were used because no validated expert-weighting 

exercise was available for the 2024 transaction-only model. This choice makes the index transparent and 

reproducible and avoids introducing unsupported subjective weights. The DPI was excluded from cluster 

formation and used as an external performance criterion, thereby avoiding circular validation. 

Exact DPI formulation. For dealer i and indicator j, the normalized score is z_ij = (x_ij - min(x_j)) / (max(x_j) - 

min(x_j)), for j = 1, …, 4. The composite index is DPI_i = 100 × (1/4) × Σ(j=1 to 4) z_ij = 25 × Σ(j=1 to 4) z_ij. 

Accordingly, no trimmed mean or differential weighting is applied: total quantity, transaction frequency, product 

breadth and active months each contribute 25% to the composite score after normalization. 

4.4 Market segmentation framework and cluster analysis 

Market segmentation was operationalized as data-driven dealer segmentation. Dealers were grouped according 

to four observable activity dimensions: fertilizer quantity sold, transaction frequency, product breadth and active 

months. Quantity and transaction frequency were log-transformed to reduce the influence of extreme values, 

after which all four inputs were standardized to zero mean and unit variance. Ward’s hierarchical clustering was 

first used to examine the structure of the dealer sample and to provide starting guidance on the number of 

segments. K-means solutions were then estimated and compared using the silhouette coefficient, Calinski-

Harabasz index and Davies-Bouldin index. The final solution was selected on the basis of statistical separation, 

stability and managerial interpretability. Importantly, DPI was not used to create the clusters; it was retained as 

an external performance criterion so that differences in performance could be tested without circularly defining 

segments by the outcome used to validate them. 

Differences in DPI across the selected clusters were tested using one-way analysis of variance (ANOVA), 

supplemented by the Kruskal–Walli’s test as a distribution-robust check. Effect size was reported using eta 

squared (η²). Retailer–wholesaler differences in DPI were evaluated using Welch’s independent-samples t-test 

because the two groups need not have equal variances. Statistical significance was assessed at p < .05. The 

analysis was executed in Python using scikit-learn for standardization and K-means clustering and SciPy for 

inferential tests. A fixed random seed was retained for replicability. 

4.5 Structural equation modelling (SEM) 

SEM was incorporated as a complementary latent-variable analysis to evaluate the proposed capability–

performance framework using the 274-dealer analytical sample. The measurement model comprised six 

correlated latent constructs: Sales Capability (SC), Market Engagement (ME), Operational Efficiency (OE), 

Regional Agro-Economic Factors (RAF), Perceived Dealer Performance Index (P_DPI), and Dealer 

Performance (DP). Each construct was measured by six Likert-type indicators, producing 36 observed indicators. 

The CFA and structural path analysis were specified in a JASP/lavaan-compatible framework using maximum-

likelihood covariance fitting, with the 1–5 Likert indicators treated as approximately continuous for model-

testing purposes. 

The measurement stage used confirmatory factor analysis (CFA) to evaluate standardized factor loadings, 

Cronbach’s alpha, composite reliability (CR), average variance extracted (AVE), and global fit. Model adequacy 

was assessed using chi-square, Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), Root Mean Square 

Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR). The structural model 

specified SC, ME, OE, and RAF as predictors of P_DPI, followed by SC, ME, OE, and P_DPI as predictors of 

DP. A preliminary direct RAF → DP path was non-significant (p = .139) and was omitted from the trimmed 

structural model. Standardized path coefficients (β), significance levels, indirect effects, and explained variance 

(R²) were reported. 
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Because the 274 multi-item responses used for the present CFA/SEM run are synthetic test data generated to 

validate the planned JASP workflow, the CFA and SEM estimates are reported as preliminary model-testing 

evidence and must not be interpreted as findings from observed dealer questionnaire responses. The transaction-

based DPI and market-segmentation results remain based on the verified 2024 FACT transaction data. 

RESULTS 

5.1 Verification of the 2024 dealer frame and sample 

The verified 2024 transaction database contained 9,129 records from 874 unique dealers across 38 districts, 

representing 113,715.30 metric tonnes. Retailers accounted for 526 dealers (60.18%) and wholesalers for 348 

dealers (39.82%). The analytical sample of 274 dealers represented 31.35% of the active frame. Its retailer share 

was 60.22%, only 0.04 percentage points above the population share, while its wholesaler share was 39.78%, 

only 0.04 percentage points below the population share.  

All 38 districts were retained. Thus, the stratified sample closely reproduced the dealer-type composition and 

geographic coverage of the verified active frame rather than disproportionately representing one dealer category 

or a limited set of locations. 

Measure 2024 active frame Analytical sample 

Dealers 874 274 

Retailers 526 (60.18%) 165 (60.22%) 

Wholesalers 348 (39.82%) 109 (39.78%) 

Districts represented 38 38 

Transaction rows 9,129 Dealer-level aggregation 

Quantity 113,715.30 MT Used through sampled dealer totals 

5.2 Selection of the cluster solution 

The two-cluster solution produced the highest silhouette coefficient (0.3851) and the highest Calinski–Harabasz 

index (240.86) among the tested two- through six-cluster solutions. Importantly, the six-cluster solution was 

nearly tied on silhouette (0.3847), only 0.0004 lower than the two-cluster value, and it achieved a slightly lower 

Davies–Bouldin index (0.9580 versus 0.9819).  

The near-tie therefore does not indicate overwhelming statistical dominance of the two-cluster solution. 

However, moving from two to six clusters reduced the Calinski–Harabasz index by 33.16 points (240.86 to 

207.70) and reduced the smallest group from 122 dealers to only 27. On balance, the two-cluster solution was 

retained because it combined the best silhouette and Calinski–Harabasz values with substantially larger, more 

actionable groups and greater managerial parsimony. The six-cluster alternative is therefore treated as a plausible 

finer partition rather than evidence that six segments are preferable for the present managerial objective. 

Clusters Silhouette Calinski–Harabasz Davies–Bouldin Smallest group 

2 0.3851 240.86 0.9819 122 

3 0.3455 232.95 0.9965 64 

4 0.3496 223.42 1.0879 53 
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5 0.3633 214.98 0.9738 28 

6 0.3847 207.70 0.9580 27 

 

5.3 Dealer segment profiles 

Cluster 1, termed the lower-activity dealer segment, contained 122 dealers (44.53% of the sample). Its mean DPI 

was 16.96 (SD = 12.26). Dealers in this segment averaged 25.14 MT, 3.05 transactions, 1.68 products and 1.62 

active months. The segment was predominantly retail: 92 retailers and 30 wholesalers. These dealers were active 

in the network but showed relatively low scale, narrow product participation and limited temporal continuity in 

the available 2024 records. 

Cluster 2, termed the higher-activity dealer segment, contained 152 dealers (55.47%). Its mean DPI was 47.92 

(SD = 12.64). Dealers averaged 238.44 MT, 17.58 transactions, 2.52 products and 2.85 active months. This 

segment included 73 retailers and 79 wholesalers. Compared with Cluster 1, the segment combined higher sales 

scale with more frequent transactions, greater product breadth and more sustained activity. The median quantity 

of 91.50 MT, well below the mean, nevertheless shows substantial right-skew even within the higher-activity 

segment. 

Direct numerical comparison shows the magnitude of separation between the two segments. The higher-activity 

segment's mean DPI exceeds the lower-activity segment by 30.96 points (47.92 versus 16.96), equivalent to 

about 2.83 times the lower-segment mean. Mean fertilizer quantity is about 9.48 times higher (238.44 versus 

25.14 MT), transaction frequency is about 5.76 times higher (17.58 versus 3.05), product breadth is 1.50 times 

higher (2.52 versus 1.68), and active months are about 1.76 times higher (2.85 versus 1.62). These differences 

show that the retained segmentation reflects a broad activity-intensity contrast across all four dimensions, not 

merely a small difference in the composite DPI. 

Market-segmentation interpretation. The two clusters represent distinct channel segments rather than simple 

high/low sales ranks because separation occurs simultaneously across sales scale, transaction frequency, product 

breadth and continuity of activity. The lower-activity segment represents dealers with limited current throughput 

and narrower operating intensity. It should be treated as a development segment in which the managerial priority 

is to diagnose whether low activity reflects territory potential, limited product range, irregular ordering, weak 

market reach or insufficient engagement. The higher-activity segment represents dealers with greater throughput 

and more sustained channel participation. It is therefore a strategic relationship segment for retention, joint 

demand planning, priority service and market-development initiatives. Segment membership should not be 

interpreted as a permanent dealer label; dealers can migrate between segments as their activity profile changes. 

Indicator Lower-activity segment Higher-activity segment 

Dealers 122 152 

Mean DPI 16.96 47.92 

DPI SD 12.26 12.64 

Mean quantity (MT) 25.14 238.44 

Median quantity (MT) 18.00 91.50 

Mean transactions 3.05 17.58 

Mean product breadth 1.68 2.52 
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Mean active months 1.62 2.85 

Retailers / wholesalers 92 / 30 73 / 79 

5.4 Differences in dealer performance 

The external DPI differed strongly between the two segments. The observed mean difference was 30.96 DPI 

points (47.92 - 16.96). One-way ANOVA yielded F = 417.24 with p < .001, and η² = .605, indicating that 

approximately 60.5% of the variance in DPI was associated with cluster membership. Using the reported group 

sizes and standard deviations, the 95% confidence interval for the mean DPI difference is approximately 27.98 

to 33.94 points, which is well above zero. The non-parametric Kruskal–Wallis test led to the same conclusion 

(H = 195.94, p < .001). The segment distinction therefore represents a large, statistically robust and practically 

meaningful difference in overall transaction-based performance rather than a minor numerical separation. 

Dealer type also showed a significant performance difference. Wholesalers recorded a mean DPI of 41.97, 

compared with 28.96 for retailers. Welch’s t-test was significant (|t| = 5.33, p < .001). This result should not be 

interpreted as evidence that wholesaling is intrinsically superior; wholesalers typically operate with a different 

scale and transaction role. It does, however, show that dealer type is materially associated with the transaction-

based performance profile and should be considered when designing targets and support policies. 

5.5 SEM model fit and structural analysis 

The JASP-style CFA supported the proposed six-factor measurement structure in the 274-dealer synthetic test 

dataset. Global measurement-model fit was excellent: χ²(579) = 572.69, p = .566, CFI = 1.000, TLI = 1.003, 

RMSEA = .000, and SRMR = .045. Standardized factor loadings ranged from .569 to .718. Internal consistency 

was satisfactory across all constructs, with Cronbach’s alpha ranging from .790 to .833 and composite reliability 

from .791 to .834. AVE ranged from .387 to .455; therefore, although reliability was satisfactory, convergent 

validity should be reassessed with the final observed dealer survey data. 

The trimmed structural path model also showed satisfactory fit: χ²(1) = 2.23, p = .135, CFI = .995, TLI = .924, 

RMSEA = .067, and SRMR = .018. SC, ME, OE, and RAF jointly explained 24.5% of the variance in P_DPI. 

Market Engagement showed the strongest standardized association with P_DPI (β = .263), followed by 

Operational Efficiency (β = .197), Sales Capability (β = .184), and Regional Agro-Economic Factors (β = .154); 

all four paths were statistically significant. The final outcome model explained 35.9% of the variance in Dealer 

Performance. SC had the largest direct effect on DP (β = .321, p < .001), followed by OE (β = .232, p < .001), 

P_DPI (β = .169, p = .0025), and ME (β = .132, p = .0147). 

5.5.1 Confirmatory factor analysis (CFA) 

The CFA treated SC, ME, OE, RAF, P_DPI, and DP as six correlated latent factors, each represented by six 

indicators. The model-fit evidence and reliability statistics are summarized below. 

CFA fit 

index 

Obtained 

value 

Chi-square 572.69 

df 579 

p-value .566 

CFI 1.000 

TLI 1.003 

Construct Cronbach α CR AVE 

SC .791 .791 .387 

ME .833 .834 .455 

OE .813 .813 .421 

RAF .810 .810 .417 

P_DPI .790 .791 .387 
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RMSEA .000 

SRMR .045 

 

DP .799 .799 .399 

 

 

Figure 2. CFA standardized measurement model for the six dealer-performance constructs ( N = 274). 

5.5.2 SEM path analysis 

The structural model tested the capability-to-performance sequence through P_DPI. The direct RAF → DP path 

was removed from the trimmed model after the preliminary full specification showed that it was not statistically 

significant. The retained standardized paths are reported below. 

Structural path Std. β p Decision 

SC → P_DPI .184 .0017 Supported 

ME → P_DPI .263 < .001 Supported 

OE → P_DPI .197 .0005 Supported 

RAF → P_DPI .154 .0041 Supported 
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SC → DP .321 < .001 Supported 

ME → DP .132 .0147 Supported 

OE → DP .232 < .001 Supported 

P_DPI → DP .169 .0025 Supported 

Indirect path Std. indirect effect p 

SC → P_DPI → DP .031 .0278 

ME → P_DPI → DP .044 .0105 

OE → P_DPI → DP .033 .0206 

RAF → P_DPI → DP .026 .0355 

 

Figure 3. Trimmed SEM path model with standardized coefficients (synthetic test data, N = 274). 

The indirect-effect analysis indicates statistically significant mediated effects through P_DPI for SC, ME, OE, 

and RAF. These results demonstrate that the proposed analytical structure can be estimated coherently in JASP 

and provide a testable bridge between multidimensional dealer capabilities and dealer performance. However, 

because these questionnaire responses are synthetic, the coefficients should be treated as workflow-validation 

results rather than substantive empirical estimates. 

5.6 Market segmentation implications 

The empirical segmentation converts dealer-level transaction heterogeneity into an actionable market-

management framework. For the lower-activity segment, FACT can emphasize diagnostic support, product-

breadth expansion, order-frequency improvement, local farmer outreach and targeted dealer development. For 

the higher-activity segment, management can emphasize retention, service reliability, collaborative forecasting, 

priority opportunity allocation and co-developed market programmes. The segmentation can also be overlaid 

with dealer type and geography so that a high-activity wholesaler and a high-activity retailer are not assumed to 

require identical interventions. Periodic re-estimation of the clusters would allow FACT to track dealer migration 
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and evaluate whether development initiatives move dealers toward stronger and more sustained market 

participation. 

DISCUSSION 

The most important empirical result is that the current 2024 data support two broad performance configurations 

rather than the four labels assumed in earlier drafts. This matters methodologically because data-driven 

segmentation should permit the observed structure to determine the number of groups. Forcing four clusters 

simply to preserve labels such as Elite, Growth, Opportunistic and Struggling would convert an exploratory 

method into a confirmatory classification without sufficient evidence. The two-cluster result is therefore more 

consistent with the principles of cluster validation emphasized by Punj and Stewart (1983), Ketchen and Shook 

(1996), Jain (2010) and Dolnicar et al. (2018). 

The cluster-validation metrics also require a qualified interpretation. The silhouette values for the two- and six-

cluster solutions differ by only 0.0004, while the six-cluster solution has a modest advantage on the Davies–

Bouldin index. This near-tie is an empirical finding rather than a detail to be ignored. It indicates that the 

transaction data can support a finer partition, but the additional clusters come at the cost of much smaller groups 

and weaker Calinski–Harabasz separation. Consequently, the managerial value of the retained two-cluster model 

arises primarily from parsimony and actionable group size, not from a claim that every validation statistic 

uniquely favours two clusters. Future replication should test whether the finer structure persists across years and 

independent dealer networks. 

The segments are substantively interpretable. The higher-activity segment does not merely sell more fertilizer; 

it also records more transactions, handles a broader range of products and remains active across more months. 

This supports the multidimensional performance logic advanced by outcome-and-behaviour control research 

(Anderson & Oliver, 1987) and by multidimensional dealership-performance studies (Rajagopal, 2008; Biondi 

et al., 2013). Although the indicators here are all transaction-derived rather than behavioural survey measures, 

their joint pattern reveals more about channel participation than turnover alone. 

The large between-cluster DPI effect confirms that the segmentation is managerially meaningful. An η² of .605 

is not a marginal distinction. It indicates that the two groups occupy substantially different positions on the 

combined performance benchmark. Because the DPI was not used to form the clusters, this difference functions 

as external validation rather than a mathematical inevitability. This separation responds directly to a common 

weakness in segmentation studies where the same variables are used both to create and to validate groups. 

The retailer–wholesaler difference is also operationally important. Wholesalers are more heavily represented in 

the higher-activity cluster and show a higher average DPI. This is consistent with their distribution role, broader 

turnover and potentially larger geographic reach. The result suggests that target setting should not apply a single 

threshold to both dealer types. Relative benchmarking within dealer type may be more equitable for incentives, 

while absolute network measures remain useful for logistics planning and account prioritization. 

The findings align with fertilizer-distribution research emphasizing logistics, stock availability, network reach 

and service capacity (Zavale et al., 2020; Kusuma et al., 2023; Isyanto, 2024; Arodha, 2024). They also 

complement Rijaludin and Ratnasari’s (2025) evidence that distributor behaviour is shaped by product, price 

and support conditions. A low-activity dealer may reflect weak capability, but it may also reflect territory size, 

crop pattern, working-capital constraints or a limited product opportunity. For that reason, the labels used here 

are deliberately descriptive rather than punitive. 

For management, the two segments imply differentiated action. Higher-activity dealers are candidates for 

retention, service prioritization, joint market development and closer demand-planning integration. Their high 

transaction intensity makes stock-outs or service disruption disproportionately costly. Lower-activity dealers 

require diagnosis before intervention. Some may need product-range development, local promotion, farmer-

contact support, order-planning assistance or rationalized targets; others may simply operate in smaller territories 

where absolute sales expectations should be calibrated accordingly. 
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The preliminary CFA and SEM evidence complements the transaction-based segmentation by demonstrating 

that the proposed six-construct capability framework can be estimated with satisfactory global fit in the 274-

dealer test dataset. The measurement model showed excellent fit, while the trimmed path model indicated 

significant links from sales capability, market engagement, operational efficiency and regional agro-economic 

factors to P_DPI, and significant direct effects of SC, ME, OE and P_DPI on dealer performance. This analytical 

layer extends the transaction-based segmentation by providing a framework for examining why dealers may 

differ in performance, although the path magnitudes require confirmation with observed questionnaire responses. 

The study has limitations. First, the empirical segmentation is based on one company's Tamil Nadu dealer 

network and the verified 2024 active frame; its numerical thresholds and cluster proportions should therefore 

not be generalized automatically to other fertilizer firms, states or time periods. Second, the 2024 worksheet may 

represent the period contained in the available corporate file rather than a complete calendar-year flow, so the 

analysis should not be used for inter-year growth comparisons without matched-period verification. Third, the 

DPI uses equal weights. This improves transparency and reproducibility but does not establish that all four 

indicators have identical economic value. The exact formula has therefore been stated explicitly, and future work 

should compare equal weighting with validated expert- or data-driven weighting schemes. Fourth, the final 

segmentation relies on K-means after Ward's hierarchical exploration; alternative clustering algorithms, 

bootstrap or repeated-resampling stability checks, and out-of-period validation were not estimated in the present 

study. Fifth, transaction data do not directly measure dealer capability, farmer relationships, credit discipline or 

service quality. Generalizability would be strengthened by replication using at least one additional year or 

independent dealer network and by comparing the retained structure across alternative segmentation methods. 

A subsequent observed dealer survey can then test why dealers occupy particular performance configurations. 

CONCLUSION 

The purpose of this study was to optimize fertilizer dealer performance by developing a transaction-based Dealer 

Performance Index (DPI) and identifying statistically distinct dealer segments among FACT dealers in Tamil 

Nadu, India. Using the verified 2024 active frame of 874 dealers and a proportionate sample of 274 dealers, the 

study combined quantity, transaction frequency, product breadth and active months into a transparent 0–100 DPI 

and evaluated alternative K-means solutions. The evidence supported two broad segments. The lower-activity 

segment included 122 dealers with a mean DPI of 16.96, while the higher-activity segment included 152 dealers 

with a mean DPI of 47.92. The difference was statistically strong (F = 417.24, p < .001) and large in practical 

magnitude (η² = .605). Wholesalers also showed higher average transaction-based performance than retailers. 

The study therefore concludes that dealer management should move from uniform sales ranking toward 

differentiated, evidence-based account strategies. High-activity dealers warrant retention, service reliability and 

collaborative growth initiatives, whereas lower-activity dealers require diagnosis of territory, product breadth, 

transaction continuity and support needs before corrective action is chosen. Future research should integrate the 

transaction-based segments with survey measures of sales capability, market engagement, operational efficiency, 

service quality and regional agro-economic conditions, and should test the stability of the segmentation with 

subsequent years of data. 

From a market-segmentation perspective, the principal contribution is the conversion of transaction 

heterogeneity into two statistically defensible and managerially actionable dealer groups. This enables 

differentiated channel strategy while avoiding unsupported four-segment labels. The near-tie in silhouette 

performance between the two- and six-cluster solutions also shows that the two-cluster model should be 

interpreted as the most parsimonious managerial solution for the present sample rather than the only statistically 

plausible partition. Future research should replicate the analysis with subsequent years, an independent fertilizer-

dealer network and alternative clustering procedures, while reporting resampling-based stability and uncertainty. 

The complementary CFA/SEM analysis remains a workflow-validation exercise based on synthetic test 

responses; its coefficients and fit statistics must not be treated as substantive empirical evidence until the model 

is re-estimated using observed dealer questionnaire data. 
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