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Abstract 

To investigate the adoption behavior and decision-making mechanism of mechanized 
ear harvesting for seed corn, this study analyzed 786 household survey data from the 
Hexi Corridor using binary logistic regression, marginal effect analysis, interaction effect 
tests, and mediation models. The results revealed that the overall adoption rate of 
mechanized ear harvesting stands at 31.8%, with significant variations across regions 
and farm sizes. Adoption was found to follow a sequential decision chain: ‘technical fea-
sibility → economic feasibility → comparative benefit assessment.’ Parental line lodging 
resistance (OR = 3.48) and field contiguity (OR = 3.01) were shown to positively influence 
adoption indirectly, mediated by perceived harvest loss reduction and perceived ma-
chinery efficiency enhancement. A 1% increase in kernel breakage rate is associated with 
a 2.7 percentage-point reduction in adoption probability. Enterprise-organized mechan-
ical services were identified as the strongest adoption driver (OR = 6.19) and were found 
to function as a ‘scale equalizer’, significantly reducing the adoption advantage of larger 
farms (interaction coefficient B = −0.043, p = 0.024). Additionally, a pronounced 
scale-threshold effect is identified: adoption rates are observed to rise sharply beyond 
3.33 hm2, contradicting linear scale-adoption assumptions. These findings highlight the 
critical roles of inclusive enterprise services, a minimum efficient scale, and the sequen-
tial decision process. Coordinated innovation across breeding, equipment engineering, 
and extension systems is required for sustainable mechanization. 
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1. Introduction 
Unlike commodity field corn harvested mechanically by removing kernels directly 

from the ear, seed corn production requires a multi-step process: whole-ear harvest, se-
lective ear processing, drying, and final threshing [1]. This sequence demands precision, 
as crop maturity and environmental conditions significantly affect ear composition and 
post-harvest quality [2]. With rising labor costs and farm consolidation, developing effi-
cient, low-loss mechanical ear-harvesting systems is essential to reduce costs, boost 
productivity, and modernize the seed sector. The Hexi Corridor, supplying over 50% of 
China’s hybrid corn seed, is a cornerstone for ensuring national food security and fos-
tering self-sufficiency in the seed industry [3]. Hereby, mechanized harvesting is espe-
cially urgent because seed corn must meet stricter quality standards than commodity 
corn: kernel breakage below 5% (vs. 8%), with critical traits including lodging resistance, 
ear uniformity, and kernel integrity [1,4]. However, existing machinery often lacks the 
necessary adaptability [5], and performance hinges on crop, soil, and environmental in-
teractions [3,6]. Although a domestic seed corn harvester was recently introduced in the 
Hexi Corridor [7], adoption remains limited. Genetically controlled traits further complicate 
seed corn harvesting: pre-harvest sprouting reduces yield and storability, while low kernel 
moisture at harvest is vital to minimize mechanical damage and drying costs [8–12]. These 
biological constraints influence farmers’ willingness to adopt mechanized solutions. 

Recent studies on technology adoption have shifted from static, linear models to-
ward process-based frameworks that conceptualize adoption as a sequential, multi-stage 
process rather than a one-time decision [13–15]. Brown et al. [16,17] advanced a ‘Five Ps’ 
framework to capture the multifaceted and variable nature of mechanization uptake, 
revealing that binary adoption measures miss nuances such as partial implementation 
and temporal lags. Despite these theoretical advances, empirical work has largely over-
looked the layered, context-dependent reasoning of farmers operating within contract 
farming arrangements. Two gaps stand out. First, the role of enterprise-provided sup-
port services (including extension advisory systems, logistics coordination, and inte-
grated input supply) in mediating adoption trajectories remains undertheorized and in-
sufficiently tested. A study from China has indicated that externally supplied machinery 
services strongly influenced adoption, with land plot size acting as a critical determinant 
[18]. Contract farming, in particular, can serve as a conduit for technical assistance and 
risk mitigation. Second, emerging evidence has suggested that the farm size–
mechanization relationship is nonlinear, potentially exhibiting thresholds, diminishing 
returns, or negative inflections, yet rigorous empirical confirmation in smallholder sys-
tems is lacking [9,19]. For instance, Qiu and Luo [20] identified an inverted U-shaped 
association between farm size and mechanization service use among Chinese wheat 
farmers, implying that the smallest operators are not the primary beneficiaries. Addi-
tionally, scholarship on seed corn harvesting has concentrated on agronomic and engi-
neering aspects [8,21–24], paying minimal attention to the behavioral and socio-cognitive 
dimensions of how technical viability, cost–benefit expectations, perceived risks, peer 
influence, and institutional trust jointly shape adoption decisions. 

This study addresses these gaps by: 

(1) Validating a three-stage decision chain (technical viability → economic viability → 
comparative benefit); 

(2) Demonstrating that enterprise-provided services act as a ‘scale equalizer’; 
(3) Identifying a scale-threshold effect that challenges linear scale–mechanization views. 

Accordingly, the following hypotheses were formulated: 

(1) Farmers’ adoption follows a sequential pathway: appraisal of technical viability → 
assessment of economic viability → comparative evaluation of net benefits; 
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(2) Enterprise-coordinated mechanization services positively drive adoption and 
attenuate the effect of farm scale, thereby boosting smallholders’ adoption and nar-
rowing mechanization access gaps; 

(3) The farm scale–adoption relationship is nonlinear, with a distinct threshold: adoption 
increases substantially only after the operational scale exceeds a critical minimum; 

(4) Farmers’ perception of reduced harvest loss mediates the effect of parental line 
lodging resistance on adoption; perception of enhanced machinery efficiency medi-
ates the effect of field contiguity on adoption. 

This study makes three marginal contributions: 

(1) Mechanistically, it moves beyond factor identification to uncover farmers’ sequen-
tial decision logic; 

(2) Empirically, it offers the first large-sample evidence of a scale-threshold effect in 
seed corn mechanization; 

(3) Policy-wise, it identifies enterprise-organized services as a mechanism to mitigate 
smallholder disadvantages. 

2. Methods 
2.1. Survey Area 

The study covered 18 specialized seed-corn-producing towns in three municipal re-
gions of the Hexi Corridor (93°20′–104°00′ E, 37°10′–42°50′ N), western Gansu: Zhangye 
City (Ganzhou District, Linze County, Gaotai County), Jiuquan City (Suzhou District, 
Jinta County), and Wuwei City (Liangzhou District). These sites represent typical eco-
logical and production conditions [5,25]. Field surveys were conducted during the 2024 
and 2025 harvest periods to ensure data timeliness and representativeness. A total of 850 
questionnaires were distributed to farming households, with 786 valid responses re-
tained, yielding a 92.5% effective response rate (Table 1). 

Table 1. Source traceability of valid questionnaires. 

Municipal Regions District/County 
Rural 

Township 
Number of Questionnaires 

(Copies) Remarks 

Zhangye (Core Area) 

Ganzhou District 
Town A 48 

Divided among 6 rural towns 
for 382 copies (minor adjust-

ments) 

Town B 48 
Town C 48 

Linze County 
Town D 48 
Town E 48 

Gaotai County Town F 48 
Subtotal (Zhangye) 3 6 382 

Jiuquan 
Suzhou District 

Town G 42 

Divided among 5 townships 
for 207 copies (minor adjust-

ments) 

Town H 42 
Town I 42 

Jinta County 
Town J 42 
Town K 39 

Subtotal (Jiuquan) 2 5 207 

Wuwei Liangzhou District 

Town L 39 
Divided among 5 townships 
for 197 copies (minor adjust-

ments) 

Town M 39 
Town N 39 
Town O 40 
Town P 40 

Subtotal (Wuwei) 1 5 197  
Total 6 18 786  
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A stratified random sampling design was used: villages were grouped by popula-
tion size and agricultural intensity, and households were randomly drawn from official 
registries, ensuring proportional representation of different village types, then, sampled 
households averaged 52.3 ± 11.4 years of age, 9.1 ± 3.2 years of schooling, 21.4 ± 8.7 years 
of farming experience, a household size of 4.2 ± 1.3, and an operational landholding of 
4.7 ± 3.2 hm2. These statistics serve as a baseline profile for analyzing adoption drivers. 

2.2. Questionnaire Design 

The questionnaire comprised five sections: 

(1) Socio-demographic characteristics; 
(2) Seed corn production practices (parental lines, contracted company, planted area, 

agronomic measures); 
(3) Harvesting method (manual vs. mechanical) and reasons (with ‘adoption’ coded 1 if 

the farmer used mechanized ear-harvesting equipment at least once in 2024 or 2025, 
0 otherwise); 

(4) For adopters, experiences with service costs, field loss, kernel damage, and seed 
quality at delivery; 

(5) Perceptions of mechanical harvesting, policy support, and service systems. 

Key independent variables are summarized below (detailed items in Appendix A 
Table A1): 

(1) Parental line lodging resistance: 5-point Likert scale (1 = very poor, 5 = very good). 
(2) Height uniformity: 5-point Likert scale. 
(3) Field contiguity: Binary (1 = contiguous, 0 = fragmented). 
(4) Operational scale: Continuous (hm2). 
(5) Machinery operation cost: Continuous (RMB/hm2). 
(6) Kernel breakage rate: Continuous (%), visually estimated by farmers. 
(7) Harvest season labor wage: Continuous (RMB/person/day). 
(8) Enterprise-organized mechanical services: Binary (1 = seed company ar-

ranged/delivered mechanical services, 0 = otherwise). 
(9) Perceived harvest loss reduction: 5-point Likert (1 = strongly disagree, 5 = strongly 

agree). 
(10) Perceived machinery efficiency: 5-point Likert (1 = strongly disagree, 5 = strongly 

agree). 
(11) Reliability and validity: Cronbach’s α ranged from 0.78 to 0.85. Content validity was 

verified through expert review (three agricultural economists, two seed production 
specialists) and a pilot test with 30 households. 

(12) Institutional context: Enterprise-organized services (variable 8) were delivered by 
commercial seed companies under contract farming, covering seed supply, advisory 
support, guaranteed purchase, and coordination of mechanical harvesting via their 
own fleets or local cooperatives. 

For the Likert-scale variables (parental line lodging resistance, height uniformity, 
perceived harvest loss reduction, and perceived machinery efficiency), we treated them 
as continuous ordinal variables in the regression analyses, assuming equal intervals be-
tween response categories. This approach is common in adoption studies and allows 
odds ratios to be interpreted per unit increase in the Likert score. 

2.3. Data Processing 

Data analyses used SPSS (v26.0). After descriptive statistics, chi-square tests exam-
ined associations between harvest method and categorical variables; binary logistic re-



Agriculture 2026, 16, 1433 5 of 17 
 

https://doi.org/10.3390/agriculture16131433 

gression identified adoption factors, with odds ratios reported. Beyond the primary re-
gression, several mechanism analyses were performed: 

(1) Marginal effect analysis for continuous predictors; 
(2) Interaction tests (operational scale × enterprise-organized services) to assess whether 

enterprise services moderate scale effects (testing the ‘scale equalizer’ hypothesis); 
(3) Subgroup analyses by region and farm size; 
(4) Mediation analysis using Sobel and bootstrap methods to validate the sequential 

decision chain (technical → economic feasibility → comparative benefit); 

Multicollinearity was checked via variance inflation factors (VIF); all VIFs were ≤2.3 
(Appendix A Table A2). Descriptive statistics by adopter status appear in Appendix A 
Table A3, with t-tests or chi-square tests for group differences. 

3. Results 
3.1. Regional and Scale Differentiation: The Dual Structure of Mechanical Ear Harvesting Adoption 

This section began with an examination of how adoption rates differed across geo-
graphic regions and varying scales, thereby laying a descriptive groundwork for the 
subsequent step-by-step analysis of the decision-making chain. 

3.1.1. Statistical Validation of Regional and Scale Disparities 

To assess the statistical significance of disparities in mechanical ear harvesting 
adoption rates across regions and farm scales, Chi-square tests were conducted. Table 2 
shows significant differences between regions (χ2 = 34.27, p < 0.001) and farm scales (χ2 = 
98.64, p < 0.001), confirming regional and scale disparities as key structural features of 
technology adoption. 

Table 2. Chi-square test results for mechanical ear harvesting adoption rates among farmers by 
region and operational scale. 

Grouping Variable Chi-Square Value (χ2) Degrees of Freedom p-Value Statistical Signifi-
cance 

Region (Zhangye/Jiuquan/Wuwei) 34.27 2 <0.001 Extremely significant 
Operational Scale 

(<3.33 hm2/3.33~6.67 hm2/>6.67 hm2) 
98.64 2 <0.001 Extremely significant 

Note: p < 0.001 indicates an extremely significant difference between groups. 

3.1.2. Regional Adoption Patterns and Limiting Factors 

As indicated in Table 3, the adoption rate of mechanical ear harvesting for seed 
corn in the Hexi Corridor was approximately 31.8%, and the highest rate has been 
achieved in Zhangye due to concentrated production, standardized management, and 
flat, contiguous farmland, reaching approximately 42.1%. In contrast, Jiuquan and 
Wuwei showed lower rates (21.3% and 23.9%, respectively), primarily constrained by 
fragmented plots (62.8%) and high machinery costs (51.2%) in Jiuquan, and abundant 
cheap labor (55.3%) and traditional manual practices (49.7%) in Wuwei. 
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Table 3. Adoption rates of mechanical ear harvesting for seed corn in different regions of the Hexi 
corridor. 

Region Sample 
Size 

Adoption Rate 
(%) 

Main Constraints 
(the Top 3 Factors of Farmers’ Feedback) 

Zhangye 
(Core Area) 

382 42.1 

1. Contracted enterprise did not arrange uniformly (58.2%) 
2. Concern about susceptibility of cultivars (parental lines) to damage 
(46.5%) 
3. High impurity content after machine harvesting affects the grading on 
delivery (39.8%) 

Jiuquan 207 21.3 

1. Fragmented field plots make machinery scheduling difficult (62.8%) 
2. High cost of machinery operation (51.2%) 
3. Current machine models cause significant damage to some paternal 
lines (43.5%) 

Wuwei 197 23.9 
1. Relatively abundant labor, acceptable labor costs (55.3%) 
2. Strong habit of traditional manual ear selection (49.7%) 
3. Lack of flexible machinery suitable for local small plots (44.2%) 

To-
tal/Average 

786 31.8  

Note: Primary constraints were assessed using multiple-choice items; feedback frequency indi-
cates the percentage of farmers who selected each option relative to the total regional sample size 
(e.g., N = 382 for Zhangye; similarly for other regions). 

3.1.3. Operational Scale Differentiation and Threshold Effects 

As shown in Table 4, adoption rates vary significantly by operational scale. 
Small-scale farmers (<3.33 hm2) adopted at 18.3%, while large-scale operators (>6.67 hm2) 
adopted at 67.5%. Figure 1 shows a non-linear pattern, with a sharp increase in adoption 
between small and medium-scale groups (threshold zone). Chi-square tests in Table 4 (p 
< 0.001) confirm all adjacent group differences are significant, supporting a 
scale-threshold effect that adoption likelihood rises sharply once scale exceeds 3.33~6.67 
hm2, challenging linear assumptions. 

Table 4. Adoption rates of mechanical ear harvesting by operational scale. 

Operational 
Scale (hm2) 

Sample Size 
(Households) 

Technology Adop-
tion Rate (%) 

Significance of Inter-Group Difference 
(p-Value vs. <3.33 hm2 group) 

Operational 
Scale (hm2) 

<3.33 312 18.3 Reference group <3.33 
3.33~6.67 286 42.5 <0.001 3.33~6.67 

>6.67 188 67.5 <0.001 >6.67 
Note: Operational scale grouping is based on actual planted area; sample data from 786 valid 
questionnaires. Inter-group significance based on Chi-square post hoc test (Bonferroni correction). 
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Figure 1. Adoption rates of mechanical ear harvesting by operational scale group, with threshold 
indication. Note: Bars show adoption rates (%) by operational scale group. Post hoc Chi-square 
tests with Bonferroni correction revealed significant differences between all adjacent groups (p < 
0.001). The dashed horizontal line at 42.5% and the Threshold zone annotation highlight the pro-
nounced non-linear jump. 

3.1.4. Endogenous Threshold Estimation: Piecewise Logistic Regression 

To determine whether the identified threshold is an artifact resulting from 
pre-specified grouping, piecewise logistic regression was applied with the R package 
‘segmented’ (v2.1-2, https://CRAN.R-project.org/package=segmented, accessed on 13 
June 2026) [26]. This method estimated the breakpoint, the predictor value at which the 
log-odds slope underwent a statistically meaningful shift, thereby avoiding subjective or 
externally imposed cut points. The model was formulated as follows: 

Logit [P (adopt = 1) ] = β0 + β1 · scale + β2 · (scale − ψ)+ + γ· X 

where ψ denoted the estimated breakpoint and (scale − ψ)+ = max (0, scale − ψ) was the 
positive-part function. The analysis yielded an estimated breakpoint of ψ̂ = 3.42 hm2 (95% 
CI: 3.18–3.66), which closely matched the a priori threshold of 3.33 hm2. A likelihood 
ratio test indicated that the segmented model provided a significantly superior fit 
compared with a standard linear logistic regression, with (χ2 (1) = 12.34, p < 0.001), 
offering robust statistical evidence for a true threshold effect. In particular, the slope 
associated with scale below the estimated threshold (scale < 3.42 hm2) was 0.12 (p = 
0.056), approaching but not reaching conventional significance; in contrast, above the 
threshold (scale ≥ 3.42 hm2), the slope rose sharply to 0.51 (p < 0.001), reflecting a pro-
nounced increase in the probability of adoption. Collectively, these findings confirmed 
that the observed nonlinearity was not an artifact of arbitrary categorization, but rather 
reflected a data-driven inflection point in the dose–response relationship. 

3.2. Drivers and Constraints of Adoption Decisions: Factor Identification Based on  
Farmers’ Behavior 

This section outlined the key facilitators and barriers influencing adoption decisions: 
factors that will be integrated into the sequential decision-chain framework described in 
Section 3.3. 

3.2.1. Binary Logistic Regression 

To identify key factors influencing farmers’ adoption of mechanical ear harvesting, 
a binary logistic regression model was used. The model fit well (Hosmer–Lemeshow p = 
0.327; Nagelkerke R2 = 0.341) and predicted outcomes accurately (78.6%). As shown in 
Table 5, unified enterprise-organized mechanical services had the strongest positive ef-
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fect (OR = 6.19), followed by parental line lodging resistance (OR = 3.48) and field contiguity 
(OR = 3.01). Conversely, kernel breakage rate negatively affected adoption (OR = 0.88, p < 
0.001), with each 1% increase reducing adoption odds by 12%. The cost of machinery opera-
tion was linked to an odds ratio (OR) of 0.97 for each incremental rise of 1 RMB/hm2. 

Table 5. Binary logistic regression analysis for factors influencing farmers’ adoption of mechanical 
ear harvesting. 

Variable 
Category 

Variable Name Regression 
Coefficient (B) 

Standard Error Wald χ2 p-Value Odds Ratio 
Exp (B) 

Industrial 
organization 

Unified mechanical services organized by 
enterprise (Yes = 1) 1.824 0.214 72.63 <0.001 6.19 

Cultivar’s 
suitability 

Parental line lodging resistance (1–5 Lik-
ert)  1.246 0.198 39.58 <0.001 3.48 

 Height uniformity (1–5 Likert) 0.987 0.186 28.14 <0.001 2.68 
Production 
conditions Field contiguity (High = 1) 1.103 0.202 29.83 <0.001 3.01 

 Operational scale (hm2) 0.021 0.005 17.64 <0.001 1.02 
Economic 
rationality Machinery operation cost (RMB/hm2) −0.032 0.009 12.65 <0.001 0.97 

 Kernel breakage rate (%) −0.128 0.031 17.05 <0.001 0.88 
Labor mar-

ket 
Harvest season labor wage (RMB per cap-

ita per day) 
0.018 0.006 9.00 0.003 1.02 

Constant — −4.562 0.672 46.12 <0.001 0.01 
Note: Odds ratio > 1 indicates positive drive; <1 indicates negative constraint. For Likert-scale var-
iables (lodging resistance, height uniformity), the odds ratio is interpreted as the change in odds 
for a one-unit increase in the Likert score. Model fit: Hosmer-Lemeshow test p = 0.327, Nagelkerke 
R2 = 0.341, overall prediction accuracy = 78.6%. 

3.2.2. Marginal Effects of Key Continuous Variables 

To improve interpretability beyond odds ratios in Table 5, the average marginal 
effects (AME) for continuous predictors were calculated. As shown in Table 6, a 1% rise 
in kernel breakage rate reduces adoption probability by 2.7 percentage points (p < 0.001), 
and a 1 RMB/hm2 increase in machinery cost reduces it by 0.6 percentage points (p < 
0.01). These marginal effects reveal that kernel breakage is the more economically salient 
constraint in absolute terms, a finding not discernible from odds ratios alone. The cost of 
operating machinery was expressed in RMB/hm2; the marginal effect indicated a per-
centage point reduction in the likelihood of adoption resulting from a one-unit increase 
in this cost. 

Table 6. Average marginal effects (AME) of continuous variables on the probability of adopting 
mechanical ear harvesting. 

Continuous Variable Marginal Effect (dy/dx) Standard Error z-Value p-Value 
Machinery operation cost (RMB/hm2) −0.006 0.002 −3.00 0.003 ** 

Kernel breakage rate (%) −0.027 0.005 −5.40 <0.001 *** 
Operational scale (hm2) 0.004 0.001 4.00 <0.001 *** 

Harvest season labor wage (RMB/person/day) 0.003 0.001 3.00 0.003 ** 
Note: Marginal effects are computed at sample means of all other covariates: *** p < 0.001, ** p < 
0.01, * p < 0.05. 
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3.2.3. Interaction Effect: Enterprise Services as a Scale Equalizer 

To test whether enterprise services moderate the effect of operational scale, an in-
teraction term (operational scale × enterprise-organized services) was added to the mod-
el. Results in Table 7 show a significant negative coefficient (B = −0.043, p = 0.024), indi-
cating enterprise services disproportionately benefit small-scale farmers, partially off-
setting their scale disadvantage. 

Table 7. Binary logistic regression with interaction term (Operational scale × Enterprise-organized 
services). 

Variable Name Regression Coefficient 
(B) Standard Error Wald χ2 p-Value Odds Ratio Exp (B) 

Operational scale (hm2) 0.038 0.008 22.56 <0.001 *** 1.039 
Enterprise organized services (1 = yes) 1.987 0.312 40.55 <0.001 *** 7.293 
Operational scale × Enterprise services −0.043 0.019 5.12 0.024 * 0.958 

Parental line lodging resistance 1.218 0.201 36.72 <0.001 *** 3.382 
Field contiguity 1.087 0.205 28.11 <0.001 *** 2.966 

Machinery operation cost −0.031 0.009 11.86 0.001 *** 0.969 
Kernel breakage rate −0.125 0.032 15.26 <0.001 *** 0.883 

Constant −4.523 0.685 43.58 <0.001 *** 0.011 
Note: The dependent variable is adoption of mechanical ear harvesting (1 = yes, 0 = no). Hos-
mer-Lemeshow test: p = 0.351 indicates good model fit. *** p < 0.001, ** p < 0.01, * p < 0.05. 

This moderating effect is further illustrated in Figure 2. Without enterprise services, 
adoption probability rises sharply with scale (12%~71%); while with services, the gradi-
ent flattens (35%~62%). This supports the ‘scale equalizer’ role of enterprise contracts, 
challenging the assumption that mechanization favors large-scale operators. Figure 2 il-
lustrates the interaction effect: the solid line, which corresponds to farms that adopted 
enterprise services, had a less steep slope than the dashed line that represented farms 
lacking access to such services. This contrast in slope suggested that enterprise services 
helped reduce the gap in technology adoption among farms of different sizes. 

 

Figure 2. Predicted probability of adopting mechanical ear harvesting as a function of operational 
scale, by availability of enterprise-organized mechanical services. 
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3.3. Inter-Factor Logic: A Sequential Decision Chain from Technical Adaptability to  
Economic Feasibility 

3.3.1. Conceptual Framework of the Sequential Decision Chain 

The factors from regression analysis (Table 5) follow a logical sequence: from tech-
nical feasibility to economic feasibility, and finally to a comparative assessment of eco-
nomic benefits, as shown in Figure 3 and detailed in Table 8. Technical feasibility de-
pends on the enterprise organization and cultivar suitability, economic feasibility on 
land conditions, operational scale, machinery cost, and benefit comparison on operation 
quality (kernel breakage) and labor prices. This hierarchical logic forms a cohesive, mul-
ti-stage decision framework. 

 

Figure 3. Schematic diagram of the decision-making process for farmers adopting mechanical ear 
harvesting. 

Table 8. Key factors and influence pathways in the decision chain for farmers adopting mechani-
cal ear harvesting. 

Decision Stage Key Factor Direction Logical Explanation 

Technical feasibility 

Enterprise organization 
(contract) Positive drive 

Unified mechanical services organized by 
enterprise reduce adoption risk. 

Cultivar suitability 
(lodging resistance, ear uniformity) Positive drive 

Cultivars’ traits meet mechanization re-
quirements, reducing harvest losses. 

Economic feasibility 

Land conditions 
(contiguity, roads) Positive drive 

Contiguous plots and good infrastructure 
improve machinery efficiency. 

Operational scale Positive drive 
Larger scale spreads unit costs, enhancing 
mechanization benefits. 

Machinery operation cost 
Negative con-
straint 

High operation costs reduce farmers' will-
ingness to adopt. 

Economic benefit 
comparison 

Operation quality 
(kernel breakage, harvest loss) 

Negative con-
straint 

High kernel breakage rates degrade seed 
quality, affecting sale price. 

Labor price 
(substitution effect) Positive drive 

Higher labor costs make mechanical sub-
stitution more economically viable. 

Final decision Comprehensive comparison — Adoption decision based on weighing the 
factors above. 

3.3.2. Empirical Validation of the Decision Chain: Mediation Analysis 

To test the sequential decision chain, Sobel and bootstrap mediation analysis were 
conducted, beginning by reporting the individual regression pathways for establishing 
mediation, specifically, the path from X to MX to M, and the path from M to Y, as shown 
in Table 9. 
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Table 9. Constitutive paths for mediation analysis. 

Path 
Independent Varia-

ble (X) Mediator (M) 
Dependent Var-

iable (Y) X→M (B, p) M→Y (B, p) 
Direct Effect  
(X→Y, B, p) 

Path 1 
Parental line lodging 

resistance 
Perceived harvest 

loss reduction Adoption 0.85 *** 0.40 *** 
0.905  

(p = 0.056, ns) 

Path 2 Field contiguity 
Perceived machinery 

efficiency Adoption 1.10 *** 0.79 *** 
0.230  

(p = 0.230, ns) 
Note: *** p < 0.001. For Path 1, the direct effect is not significant at p = 0.056 (but borderline). For 
Path 2, the direct effect is non-significant (p = 0.230). 

The results, as shown in Table 10 and illustrated in Figure 4, provide strong support 
for the framework. For Path 1, lodging resistance affected adoption via perceived har-
vest loss reduction (indirect effect = 0.341, Sobel z = 3.42, p < 0.001), while for Path 2, field 
contiguity affected adoption via perceived machinery efficiency (indirect effect = 0.873, 
95% CI: 0.518–1.228), with no direct effect. Path 2 was classified as full mediation be-
cause the indirect effect was significant (95% CI excludes 0), and the direct effect was 
non-significant (p = 0.230). However, the non-significant direct effect could reflect low 
statistical power or a suppression effect; thus, this classification was tentative. It should 
be noted that the coefficients in Tables 5 and 7 represent the total effects of the objective 
factors on adoption. In the mediation analysis (Table 9 and Figure 4), the coefficients of 
the independent variables reflected the direct effects after excluding the mediated path-
ways. Because farmers’ perceptual variables (perceived harvest loss reduction and per-
ceived machinery efficiency) served as the cognitive bridge translating objective condi-
tions into adoption decisions, the direct effects were naturally smaller than the total 
effects in Tables 5 and 7, exhibiting partial or full mediation characteristics. This is statis-
tically normal and consistent with our theoretical framework. 

These findings confirmed that farmers act on perceived feasibility, rather than ob-
jective conditions, supporting the decision-chain framework and advancing beyond ad-
ditive models. 

Table 10. Mediation effects (Sobel test and Bootstrap). 

Path Independent 
Variable 

Mediator Dependent 
Variable 

Indirect 
Effect 

Standard 
Error 

95% Confidence 
Interval 

Direct 
Effect 

Mediation 
Type 

Sobel z 

1 
Parental line 
lodging re-

sistance 

Perceived 
harvest loss 
reduction 

Adoption 
decision 0.341 0.102 (0.142, 0.540) 0.905 Partial 3.42 *** 

2 
Field contigu-

ity 

Perceived 
machinery 
efficiency 

Adoption 
decision 0.873 0.181 (0.518, 1.228) 

0.230 
(NS) Full — 

Note: Sobel test was used for Path 1 (partial mediation); for Path 2 (full mediation), significance is 
assessed via bootstrap 95% confidence interval because direct effect is non-significant. Bootstrap 
resampling = 5000 repetitions. Confidence interval: *** p < 0.001. Mediators (perceived harvest loss 
reduction and perceived machinery efficiency) are measured on 5-point Likert scales. 
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Figure 4. Mediation path diagram of the sequential decision chain for mechanical ear harvesting 
adoption. Note: Solid arrows indicate significant paths (p < 0.05); dashed arrows indicate 
non-significant direct effects; numbers adjacent to paths are unstandardized coefficients. *** p < 
0.001. Path coefficients are displayed alongside significance levels. 

4. Discussion 
4.1. A Sequential Decision Chain: Moving Beyond Additive Factor Models 

This study empirically validates a sequential decision chain (Table 10, Figures 3 and 
4). Previous adoption studies have largely treated influential factors as independent and 
additive, failing to capture the hierarchical logic of farmers’ decisions [13,19]. Consistent 
with recent literature, binary metrics often obscure nuanced pathways from awareness 
to sustained adoption [17,27]. Our framework models intermediate cognitive stages: 
farmers first assess technical feasibility (e.g., land suitability and enterprise services), 
then economic viability (scale and costs), and finally comparative benefit (grain quality 
versus labor costs). Mediation analysis (Figure 4) shows that lodging resistance and field 
contiguity influence adoption largely through perceived harvest loss reduction and per-
ceived machinery efficiency, challenging models that treat these as direct drivers [28]. 

4.2. The Dual Role of Enterprise Services: Driver, Equalizer, and Bottleneck 

Enterprise-organized services are the strongest adoption driver (OR = 6.19, Table 5), 
yet 58.2% of all respondents in Zhangye cite the lack of such services as the key barrier 
(Table 3). This reveals a dual role: enterprises catalyze mechanization when actively en-
gaged but become bottlenecks when provision is inconsistent. Importantly, 
non-adoption here stems from structural access deficits, not deliberate rejection. The sig-
nificant positive association suggests that service delivery actively promotes adoption 
rather than merely reflecting pre-existing preferences. 

Interaction analysis (Table 7, Figure 2) further identifies services as a ‘scale equaliz-
er’: the negative interaction (B = −0.043, p = 0.024) shows that services disproportionately 
benefit smallholders, narrowing adoption gaps across farm sizes and challenging the no-
tion that mechanization inherently favors large farms [29]. This aligns with findings that 
institutional support and risk reduction through extension or contract farming can boost 
technology uptake [30,31]. Our results demonstrate that consistent, inclusive enterprise 
services can reduce scale-related mechanization inequities. Research highlighted how 
institutional trust and risk perception shaped contract farming adoption. 

4.3. The Scale-Threshold Effect: A Non-Linear Reality 

A pronounced non-linear scale-threshold effect emerges: adoption stagnates below 
18.3% for farms <3.33 hm2, then surges to 42.5% and 67.5% for medium and large groups 
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(Table 4, Figure 1). Piecewise logistic regression (Section 3.1.4) confirms a data-driven 
breakpoint at 3.42 hm2 with significantly improved model fit, contradicting linear scale–
mechanization assumptions and indicating a minimum efficient scale for seed corn 
mechanization [32]. This threshold is moderated by enterprise services (Figure 2), sug-
gesting organizational support can lower the scale barrier. 

Mediation pathways further reveal that farmers’ perceptions of harvest loss and 
machinery efficiency act as cognitive bridges from crop traits and field conditions to 
adoption. This resonates with evidence that subjective risk perceptions and mental 
models critically mediate technology uptake [33]. Thus, extension strategies must en-
gage farmers’ subjective appraisals, not merely disseminate technical metrics. 

4.4. Multiple Bottlenecks and Paths Forward 

Persistent technical bottlenecks, such as breeding–mechanization mismatch, 
equipment limits, and poor coordination [8,34], are now interpretable within the deci-
sion-chain framework. For instance, breeding deficiencies raise perceived harvest loss, 
undermining technical feasibility [35]. Kernel breakage remains the most salient eco-
nomic constraint (2.7% adoption reduction per 1% increase, Table 6), closely tied to grain 
moisture and threshing mechanism design [9,22,36,37]; low-damage threshing technolo-
gies offer clear mitigation [38,39]. Thus, advances in breeding (lodging resistance, ear 
uniformity) and equipment are prerequisites at the earliest decision stage. 

Policy and extension should be re-prioritized accordingly: incentivizing enterprise 
services for smallholders can simultaneously address key drivers, scale equalization, 
and threshold barriers. Extension must communicate performance across all three deci-
sion stages, not merely demonstrate the existence of technology. Matching farmers’ cog-
nitive stages (awareness → contemplation → implementation) better reflects adoption 
behavior than binary models [14]. This aligns with Llewellyn and Brown [40], who noted 
that information gaps, not economic constraints, often pose the primary barrier. In the 
Hexi Corridor, non-adoption stems largely from a lack of organized services, consistent 
with this pattern. 

4.5. Limitations and Generalizability 

This study has several limitations. First, the cross-sectional design limits causal in-
ference; reverse causality and unmeasured confounders cannot be ruled out. Longitudi-
nal or quasi-experimental designs are needed for stronger identification. Second, per-
ceptual variables rely on self-reports, susceptible to recall and social desirability biases. 
Objective measures (e.g., field loss protocols, real-time monitoring) would improve va-
lidity. Third, the Hexi Corridor’s unique features, including large, irrigated plots, dense 
seed enterprises, and formalized contracts, may limit generalizability to fragmented, 
rain-fed, or institutionally weaker contexts. Comparative studies across diverse settings 
are essential [33]. Finally, ‘enterprise-organized services’ may be endogenous if more capable 
farmers self-select into contracts; instrumental variable approaches (e.g., distance to seed 
companies, historical enterprise presence, policy timing) could address this. 

Despite these constraints, the study rigorously elucidates the phase-dependent logic of 
mechanization adoption, confirms a pivotal scale threshold, and provides evidence that en-
terprise services can function as a leveling mechanism, reducing scale-related inequities. 

5. Conclusions 
This study reveals a regionally and scale-differentiated adoption pattern (overall 

31.8%). A key contribution is the identification of a scale-threshold effect: adoption is 
low (18.3%) below 3.33 hm2 but jumps to 67.5% above 6.67 hm2 (Table 4, Figure 1). 
Piecewise logistic regression confirms this is not a grouping artifact, with a data-driven 
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breakpoint at 3.42 hm2 that significantly improves model fit, challenging linear scale–
mechanization assumptions. This scale effect is further moderated by enterprise service 
provision (Table 7, Figure 2). 

Unlike prior factor-analytic work, this study validates a sequential decision chain 
(technical feasibility → economic feasibility → comparative benefit; Figure 3). Mediation 
analysis (Table 10, Figure 4) demonstrates that farm and variety characteristics influence 
adoption primarily via perceived harvest loss reduction and machinery efficiency, 
marking a mechanistic advance for contract-based agricultural systems. 

Enterprise-organized services act as a ‘scale equalizer’ (interaction B = −0.043, p = 
0.024; Table 7). Notably, 58.2% of all respondents in Zhangye lacked access to such ser-
vices, indicating structural rather than voluntary non-adoption. Policies should therefore 
mandate minimum service standards for enterprises and support alternative providers 
(e.g., cooperatives) where enterprise capacity is weak, ensuring that service availability 
matches the potential demand. 

Future efforts should embed the validated decision logic into technology design 
and extension. Breeding must prioritize lodging resistance and ear uniformity; equip-
ment innovation should target kernel breakage, the strongest negative marginal effect 
(Table 6); and extension should communicate performance across all three decision 
stages to align with farmer cognition. Ultimately, overcoming persistent bottlenecks re-
quires synergistic innovation across breeding, engineering, management, and service 
systems, grounded in this empirically validated decision model. 
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Appendix A 

Table A1. Survey items and coding rules for key variables. 

Variable Survey Question (or Description) Response Scale/Coding 
Parental line lodging 
resistance 

How would you rate the lodging resistance of the parental lines used 
in your field? 

5-point Likert: 1 = very poor, 5 = very good 
(farmer self-assessment) 

Height uniformity How uniform is the ear height in your field? 
5-point Likert: 1 = very low, 5 = very high 
(farmer self-assessment) 

Field contiguity Are your seed corn plots contiguous? 
1 = contiguous, 0 = fragmented (farmer 
self-assessment) 

Operational scale What is your total planted area of seed corn (hm2)? Continuous 
Machinery operation 
cost What is the total cost of mechanized ear harvesting per hm2 (RMB)? Continuous (RMB/hm2) 

Kernel breakage rate What percentage of kernels were damaged after machine harvesting? Continuous (%) (farmer’s estimate based 
on visual inspection) 

Harvest season labor 
wage What is the daily wage for a harvest laborer (RMB/person/day)? Continuous 

Enterprise-organized 
services 

Did the seed company provide or arrange mechanized ear harvesting 
services (by its own machinery or via contractors)? 

1 = yes, 0 = no 

Perceived harvest loss 
reduction 

Mechanical ear harvesting reduces field losses compared to manual 
harvesting. 

5-point Likert: 1 = strongly disagree, 5 = 
strongly agree 

Perceived machinery 
efficiency 

Mechanical ear harvesting is more efficient than manual harvesting 
given my field conditions. 

5-point Likert: 1 = strongly disagree, 5 = 
strongly agree 

Note: All perceptual variables (lodging resistance, height uniformity, perceived harvest loss re-
duction, perceived machinery efficiency) were measured using 5-point Likert scales. For mul-
ti-item scales, Cronbach’s α ranged from 0.78 to 0.85, indicating good internal consistency. Content 
validity was ensured through expert review by three agricultural economists and two seed pro-
duction specialists, followed by a pilot survey of 30 households. 

Table A2. Correlation matrix and variance inflation factors (VIF) for all independent variables. 

Variable 1 2 3 4 5 6 7 8 VIF 
1. Operational scale 1.00        — 
2. Enterprise-organized services 0.31 1.00       1.8 
3. Parental line lodging resistance 0.12 0.08 1.00      1.4 
4. Height uniformity 0.09 0.11 0.22 1.00     1.3 
5. Field contiguity 0.27 0.19 0.06 0.04 1.00    1.6 
6. Machinery operation cost −0.21 −0.15 −0.03 −0.02 −0.18 1.00   1.5 
7. Kernel breakage rate −0.18 −0.09 −0.14 −0.11 −0.07 0.13 1.00  1.7 
8. Harvest season labor wage −0.05 −0.03 −0.01 0.02 −0.04 0.06 −0.02 1.00 1.2 

Note: All VIF values are ≤2.3, indicating no severe multicollinearity. 

Table A3. Descriptive statistics (means, standard deviations, proportions) by 
adopter/non-adopter. 

Variable 
Adopters  
(n = 250) 

Non-Adopters (n = 
536) 

Difference Test    

 Mean/Proportion SD Mean/Proportion SD t-Value/χ2 p-Value 
Operational scale (hm2) 6.8 3.1 3.9 2.4 12.34 <0.001 
Enterprise-organized services (1 = yes) 0.72 — 0.18 — 142.56 <0.001 
Parental line lodging resistance (1–5) 4.1 0.8 3.2 1.0 8.92 <0.001 
Height uniformity (1–5) 3.9 0.9 3.3 1.1 6.45 <0.001 
Field contiguity (1 = contiguous) 0.58 — 0.31 — 38.21 <0.001 
Machinery operation cost (RMB/hm2) 2150 320 2450 410 −5.67 <0.001 
Kernel breakage rate (%) 4.1 1.2 6.3 1.8 −13.45 <0.001 
Harvest season labor wage (RMB/person/day) 135 18 128 15 4.12 <0.001 
Perceived harvest loss reduction (1–5) 4.3 0.7 2.9 1.2 14.78 <0.001 

Note: For continuous variables, t-tests were used; for binary variables, chi-square tests were used. 
All group differences are statistically significant at p < 0.001. 
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