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Abstract

Excessive fertilization in grape production reduces profitability and harms the environment.
A five-year field experiment and household survey in Xiangyun County, Yunnan, evalu-
ated a whole-process optimized fertilization plan for Vitis vinifera ‘Red Globe’ (hereafter
abbreviated as Red Globe Grapes) and its spatial diffusion. The optimized plan reduced
N, P,0s, and KO inputs by 385.28, 298.65, and 154.02 kg ha~!, increased yield by 18.4%,
and raised net income by 41,574 RMB ha~!. After five years, partial factor productivity
of nitrogen (PFPN, an indicator of nutrient management performance used here to assess
adoption at the farmer level)—a proxy for technical readiness—was highest in the core
demonstration area and declined with distance. Spatial Durbin modeling showed that
spillover effects attenuated beyond roughly 30 km, with an optimal promotion radius near
10 km and an effective promotion radius of 17.5 km. Farmer education generated positive
indirect spillovers. Promotion intensity had a negative local effect but net positive spatial
feedback. In the development area, adoption remained unstable without sustained support.
Scaling optimized fertilization therefore requires differentiated extension strategies that
leverage social learning among neighboring farmers.

Keywords: Vitis vinifera ‘Red Globe’; optimized fertilization; reducing costs and increas-
ing income; partial factor productivity of nitrogen (PFPN); technical readiness; Spatial
Durbin Model

1. Introduction

Grapes are cultivated worldwide, and China ranks among the major producers, with
recent expansions in both area and technology [1]. Red Globe Grapes is one of the most
widely planted table grape cultivars in China [2]. In Yunnan Province, the subtropical
plateau monsoon climate enables off-season production, making it a key region for early-
and late-maturing grapes, where Red Globe Grapes is the dominant variety [3,4]. It is a late-
maturing, seeded cultivar with very large berries, thick skin, and firm flesh; these traits give

Agronomy 2026, 16, 1986

https://doi.org/10.3390/agronomy16191986


https://crossmark.crossref.org/dialog?doi=10.3390/agronomy16191986&domain=pdf&date_stamp=2026-10-08
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agronomy
https://www.mdpi.com
https://orcid.org/0009-0003-4840-8566
https://doi.org/10.3390/agronomy16191986

Agronomy 2026, 16, 1986

2 of 15

it good storage and transport tolerance. Because these quality traits depend on sustained
nutrient supply across a long growing season [5], the Red Globe Grapes cultivar is a suitable
system for evaluating optimized fertilization under farmer conditions. Despite expanding
cultivation, average yields remain roughly half of the attainable potential [6]. To close this
gap, farmers often apply excessive and unbalanced fertilizers [7]. This practice, however,
does not proportionally increase yield; instead, it accelerates soil acidification, secondary
salinization, and water eutrophication [8-10]. Thus, reconciling productivity, profitability,
and environmental sustainability is a pressing challenge for the region’s grape industry.

Optimized fertilization—tailoring nutrient supply to crop phenological demand—has
improved yields and reduced environmental footprints in various cropping systems [11-16].
For grapes, precision nutrient management can enhance berry quality and economic re-
turns [17-19]. Nevertheless, successful adoption by smallholders remains difficult [9,20,21].
Socioeconomic constraints, cognitive biases, and extension service effectiveness all influ-
ence uptake. Participatory approaches, such as farmer field schools, have been promoted to
raise awareness [22], but their success depends on local contexts and sustained engagement.

A key unresolved issue is the spatial dynamics of technology diffusion. The Technol-
ogy Readiness Level (TRL) framework assesses technical maturity [23], yet it often neglects
human and spatial factors that determine real-world adoption [24], leading to uneven
outcomes even at similar readiness levels [25]. This study uses partial factor productivity
of nitrogen (PFPN) as a farmer-level proxy for technical readiness, capturing both the
technology’s potential and its use under field conditions.

Spatial heterogeneity is fundamental to agricultural innovation diffusion. Tobler’s
First Law states that near things are more related than distant ones [26,27]. The Spatial
Durbin Model (SDM) can quantify direct effects and spatial spillovers of factors such as
education, acceptance and promotion intensity [28]. Understanding the distance decay
of these effects is critical for efficient extension design [27]. A persistent debate centers
on whether adoption is driven more by formal promotion or by social learning among
neighbors; evidence suggests both operate but with different spatial signatures.

This study therefore evaluates a whole-process optimized fertilization plan for Red
Globe Grapes through a five-year field experiment and farmer survey across three regional
typologies (core, coverage, and development zones). This study assesses (i) agronomic
and economic performance; (ii) technical readiness (PFPN) achieved after five years of
promotion; and (iii) spatial spillover effects and attenuation boundaries using SDM. The
novelty of this work lies in linking field-level agronomic and economic outcomes with
county-scale spatial diffusion. It uses relative PFPN as an outcome-based farmer-level
indicator of nutrient management performance and applies SDM to separate direct and
spillover effects of farmer acceptance, education, and promotion intensity. This design
allows the study to examine whether field performance translates into spatial adoption and
where extension effects attenuate.

2. Materials and Methods
2.1. Study Site

The study was conducted in Xiangyun County, Dali Prefecture, Yunnan Province,
China (100°44'5" E, 25°41'6" N). The county covers 2425 km?, with eight towns and two
townships, and approximately 500,000 residents. The site lies at 1980 m elevation and has a
northern subtropical plateau monsoon climate, with a mean annual temperature of 14.7 °C
(8.1 °Cin January, 19.7 °C in July), mean annual rainfall of 810.8 mm, and annual sunshine
duration of 2030-2624 h.

The field experiment was established at Chaoyang, Sanjia Village, Midian Town, on
red soil with a gentle slope (~10°). Before the experiment, the topsoil (0-20 cm) had a pH of
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6.2, organic matter of 18.4 g kg1, total N of 1.2 g kg~!, available P of 28.6 mg kg !, and
available K of 156 mg kg ~!. Vines were planted in 2013 in an east-west orientation using a
single-fence trellis system. Row spacing was 1.5 m and within-row spacing was 0.5 m, with
two plants per cluster. The theoretical density was 13,333 plants/ha~! (8533 plants in the
0.64 ha plot). However, due to the local topography, the actual number of established vines
was 8000 on 0.64 ha. First fruiting occurred in 2015; average yield in the first two years was
28,050 kg ha~!, with a sugar content of 11.5%.

2.2. Sampling and Survey Design

Four towns with substantial Red Globe Grapes cultivation were selected: Yunnanyi
(YNY), Xiangcheng (XC), Hedian (HD), and Midian (MD). Within these, eight representative
villages were chosen to cover the range of vineyard area, farm size, and yield. Sanjia Village
(Midian Town) served as the demonstration site for the optimized fertilization technology.

The surrounding villages were classified into three zones based on distance from
the demonstration site and the frequency of extension contact: (i) core area—the demon-
stration village itself, receiving biweekly technical visits and formal training sessions;
(ii) coverage area—villages within 10-20 km, receiving monthly extension visits and
with access to demonstration plots; and (iii) development area—villages beyond 20 km,
receiving only annual mass-media information (leaflets, broadcasts) and occasional
farmer-to-farmer contact.

In 2016, face-to-face questionnaire surveys were conducted with 40 randomly selected
farmers across the eight villages, covering 27.36 ha of vineyards. The questionnaire captured
(a) farmer demographics (age, years of formal education); (b) vineyard management (area,
planting density, fertilization frequency, types and amounts of fertilizers, and application
method); and (c) economic data (grape selling price, pesticide costs, hired labor costs, and
other operating costs). Yield data were obtained from farmers’ harvest records for the
previous three years and verified against local purchasing station receipts. Net income was
calculated as total revenue (yield x price) minus total operating costs (fertilizers, pesticides,
machinery, and hired labor).

2.3. Fertilizer Experiment Design

A randomized complete block design was established with four replicates and three
treatments: (I) no fertilization (CK); (II) conventional farmer practice (conventional);
and (IIT) whole-process optimized fertilization (improved). Each plot measured 132 m?
(four rows x 45 plants per row, 180 plants total).

The conventional treatment followed the average fertilization rates and timings re-
ported by the 40 surveyed farmers in the pre-survey year (2015): total N 832.6 kg ha~!,
P,0s5 695.9 kg ha~!, and K,0 873.4 kg ha~!, applied as compound fertilizer (15-15-15) plus
urea and potassium sulphate, split over 15 topdressings.

The optimized treatment was designed based on the grape’s phenological nutrient
demand. Total rates were N 447.3 kg ha™!, P,Os5 397.2 kg ha—!, and K,0 719.4 kg ha™!,
applied using conventional compound fertilizers, supplemented with calcium ammonium
nitrate (27% N) and magnesium sulphate (16% MgO) to balance Ca and Mg supply. The
N:P,Os5:K50 ratio was 1:0.89:1.47.

Base fertilizer was applied once before budbreak to all treatments. Soil topdressing
was applied 17 times during the growing season: four applications from budbreak to
pre-bloom, six from fruit set to pre-veraison, and seven from veraison to pre-harvest. In
addition, one foliar spray of boron and zinc was applied at bloom. Thus, the improved
treatment received 18 growing-season applications in total (17 soil topdressings + 1 foliar
spray), plus the pre-budbreak base fertilizer (Appendix A, Tables Al and A2). All soil
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fertilizers were broadcast in a 50 cm band along the row and incorporated lightly into
the soil.

2.4. Promotion Strategy

The optimized technology was promoted continuously from 2016 to 2020 using on-
farm demonstrations, one-on-one farmer consultations, group training sessions, instruc-
tional videos, online live streams, and printed technical bulletins (Appendix A, Figure Al).
In the core area, six formal training sessions were held per year, and individual follow-up
visits were conducted every two weeks during the growing season. In the coverage area,
four village-level meetings were held per year, and one demonstration plot was maintained
per village. In the development area, printed materials were distributed once per year, and
one group meeting was conducted per year. The promotion intensity was quantified as the
total number of direct extension contacts (training sessions, farm visits, or group meetings
attended) per farmer, per year.

2.5. Technical Readiness Assessment

The partial factor productivity of nitrogen (PFPN) was used as a farmer-level indicator

of technical readiness: G eld(kg/ha)
__ Grape yield(kg/ha
PFPN = Total N applied(kg/ha)

The average PFPN of farmers in the core area was set as the benchmark (100%), and

1)

relative PFPN for the coverage and development areas was calculated as

. . . PFPNz o
technical readiness = Relative PFPN = PEPNeore < 100% (2)

where z denotes the coverage or development zone. Higher relative PFPN indicates closer
alignment with optimized nutrient management.

2.6. Spatial Durbin Model Specification
To quantify spatial spillover effects, a Spatial Durbin Model (SDM) was estimated:

y=pWy+ X+ WX0 +¢ (©)]

where y is the observed outcome (PFPN); X is a matrix of explanatory variables (years
of formal education, technology acceptance score, and promotion intensity); W is a row-
standardized inverse-distance spatial weight matrix based on Euclidean distances between
village centroids; p is the spatial autoregressive coefficient; 3 and 0 are coefficients for
direct and spatial-lag effects, respectively; and e~N (0, o2 I).

The SDM was estimated at the farmer level using 60 farmers’ observations. The eight
villages were used only to define the spatial reference structure: W was constructed from
distances between village centroids, and each farmer was assigned the centroid coordinates
of their own village. Therefore, it is possible that farmers in the same village share the same
spatial weights. The effective spatial variation is thus at the village level (eight locations),
while the estimation unit remains the individual farmer (n = 60).

The partial-derivative impact matrix for each explanatory variable:

(I — pW) — 1(IB + WO)(I — pW) — 1(IB + WO) (4)

Direct effects are the average diagonal elements of this matrix. Indirect effects are the
average off-diagonal elements. Total effects are the sum of direct and indirect effects.
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2.7. Statistical Analysis

The field experiment data were analyzed using one-way analysis of variance (ANOVA),
with treatment means compared by Fisher’s least significant difference test at o« = 0.05.
Simple linear regression (ordinary least squares) was used to examine the relationships
between total nutrient input and grape yield, and between total nutrient input and the
previous year’s grape price. Total nutrient input was the predictor; yield or price was the
response. R? and p-values were obtained from these regressions. Cost-benefit analysis
compared total revenue, operating costs, and net income across treatments. Principal com-
ponent analysis (PCA) was conducted on three farmer-level variables (farmer acceptance,
promotion intensity, education level). The components with eigenvalues > 1 were retained,
which explained 86.2% of total variance. All statistical analyses were performed in Origin
Pro 2026, R version 4.5.1 and IBM SPSS Statistics 21. Statistical significance was set at
p < 0.05 for all tests unless otherwise stated.

3. Results
3.1. Farmer Fertilization Practices and Yield Relationships

Total nutrient input across the 40 surveyed farmers ranged from 819 to 3673 kg ha~!
(CV =39.4%). Grape yield ranged from 30,000 to 60,000 kg ha~! (mean = 41,914 kg ha™1).
Yield was not significantly associated with total nutrient input in simple linear regression
(R? = 0.0058, p > 0.05). In contrast, total nutrient input was positively associated with the
previous year’s grape price (R? = 0.7702, p < 0.01; Figure 1).

Price in the Previous Year
Yield

500 1,000 1,500 2,000 2,500 3,000 3,500 4,000
Nutrient Input (kg/ha)

Figure 1. Simple linear regression (ordinary least squares) of grape yield and previous-year grape
price on total nutrient input (n = 40). The relationship between yield and nutrient input is represented
by red data points and a red trend line. The relationship between price and nutrient input is
represented by blue data points and a blue trend line.
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3.2. Agronomic and Economic Performance of Optimized Fertilization

Relative to the conventional treatment, the optimized treatment increased single-grain
weight by 14.55% (to 14.55 g) and panicle weight by 8.41% (to 1.65 kg), with lower within-
treatment variation (Figure 2a). Longitudinal and transverse diameters were 4.25% and
5.18% larger than in the conventional treatment, respectively. The optimized treatment pro-
duced a higher sugar—acid ratio (16.73 vs. conventional), with sugar content 0.59 percentage
points higher and organic acid content 0.03 percentage points lower. Optimized fertilization
also produced more fruiting branches per plant (four on average) than the conventional
treatment (Figure 2a).

( a) Optimization
Single grain weight (g) Standard
14.55] cK

Fruiting branches 1.65 Panicle weight (kg)

12.97;‘

154
41 § /
38 10386 e
\ \ 1}3;1/
2 SaNA
316 32.82
7 28 86 ) /
o T .
Organic acids (%) 0 85 075 0 72 ; 24 9 Longitudinal diameter (mm)
11 35\
11 46 Y6 01
/12.05 273\
Sugar degree (%) Transverse diameter (mm)

Improved treatment

Yield (kg/ha) conventional treatment

(b)

Average price(yuan/kg)

193,584 \/

Cost input (yuan/ha) Production value (Yuan/ha)

Figure 2. The plant growth traits of Red Globe Grapes in different fertilizer treatments. (a) Seven
physiological indicators. (b) Five economic indicators.

Total nutrient input in the optimized treatment was lower by N 385.28 kg ha~!, P,Os
298.65 kg ha!, and K,0O 154.02 kg ha !, amounting to 837.95 kg ha ! less total fertilizer
and a cost reduction of ¥5490 ha~—! (Table 1). Yield under the optimized treatment averaged
35,520 kg ha~1, an 18.40% increase over the conventional treatment. Selling price was also
higher (¥5.45 vs. ¥5.25 kg~ 1), reflecting improved quality. Output value rose by 22.91%
(¥193,584 vs. ¥157,500 ha~!). Pesticide and labor costs did not differ between treatments
(¥15,000 ha—! each), so the net income gain from optimized fertilization was ¥41,574 ha~!
(Figure 2b).
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Table 1. Different fertilizer treatments of nutrient inputs and fertilizer costs.
Nutrient Input Fertilizer Cost
:P,05:K
Treatment N P,0s K0 (Yuan/ha) N:P205:K20
Improved treatment 447.30 397.20 719.40 34,200 1:0.89:1.47
conventional treatment 832.58 695.85 873.42 39,690 1:0.84:1.05
Fertilizer saving —385.28 —298.65 —154.02 —5490 /

3.3. Technical Readiness and Its Determinants

From 2016 to 2020, yield in the core area increased from approximately 35,400 to
52,500 kg ha=! (+48%); in the coverage area, it increased from 30,400 to 48,400 kg ha~!
(+59%). Both areas showed a slight decline in 2020. In the development area, yield rose
sharply in 2016-2017 (+31%), dropped in 2018, and recovered slowly thereafter, indicating
greater interannual variability (Figure 3a).

(b)

P 1 e e — e ———— - pee—— 2]
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= e
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b — § 25% -
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’ @
C & Coverage Area ] 100% F Development Area
[ IDevelopment Area 80 75%
2 50% 4%
/\/ 25% -
> [ 0% . L n L .
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©
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Farmer Acceptance
Cost Input * L o6 3F Coverage Area P
Yield * L o4 Development Area
Loz 2+ Loadings
Farmer Acceptance * * a2
ro o~ L
Planting Area * 02 ?— 1
- a Educational Level of Farmers
Educational Level of Farmers * * 0.4 ~ 0
(o]
Unit Price * * Fo6 O
A 1k
. . - -0.8 Promotion Intensity
Promotion Intensity * * * L
-1
R A S 2
& R R
& & & &Q" R
(S ¥ & O & 3
g < & &
& ‘}QQ \v‘z (e(\\ 1 I 1
p<=0,0 1 ¢ ¢ < -4 ] 0 2 4
P
o@
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Figure 3. Technical readiness and analysis of the principal components of several key factors. (a) Yield
trends in core, coverage, and development areas from 2016 to 2020. (b) Technical readiness (relative
PFPN) over time. (c) Correlation matrix of eight agronomic and socio-economic indicators. The
matrix displays pairwise Pearson correlation coefficients. Asterisks (*) indicate statistical significance
at the p < 0.01 level (two-tailed). Variables include partial factor productivity of nitrogen (PFPN),
cost input, grain yield, farmer acceptance, planting area, educational level of farmers, unit price, and
promotion intensity. (d) Principal component analysis (PCA) biplot of farmer characteristics across
three regional typologies. The score plot displays individual samples grouped into core, coverage,
and development areas. Loading vectors represent the contribution of three explanatory variables:
educational level, promotion intensity, and farmer acceptance. The direction and length of arrows
indicate variable correlations and their influence on sample differentiation.
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Spatial Distance vs Effect Significance (Z-value)

Z-value
L =3
>

Relative PFPN (core = 100%) in 2016 was 56.6% in the coverage area and 46.1% in
the development area. By 2020, coverage area PFPN reached approximately 60%, whereas
development area PFPN had declined to 39.6% (Figure 3b).

PFPN correlated positively with yield and with farmer acceptance; cost input also
correlated positively with acceptance (both p < 0.01; Figure 3c). Principal component
analysis extracted two components with a cumulative variance of 86.2% (PC1: 53.1%, PC2:
33.1%). PC1 was primarily associated with yield, PFPN, and education level; PC2 was
associated with promotion intensity and farmer acceptance. The score plot separated the
three zones along PC1, with the core area in the positive quadrant, the development area in
the negative quadrant, and the coverage area in between; PC2 further differentiated the
relationship between promotion and acceptance (Figure 3d).

3.4. Spatial Spillover Effects and Attenuation Boundary

The SDM showed significant spatial dependence (Rho = 0.5428, p = 0.012; Table A3,
Appendix A). Effect decomposition (Figure 4c) showed that farmer acceptance had a
positive direct effect (1146.82) and a non-significant indirect spillover (7.73), despite a
significant spatial lag term (p = 0.012). Education level had a non-significant negative direct
effect (—73.19) but a large positive indirect spillover (2664.51), consistent with a highly
significant spatial lag coefficient (p < 0.001). Promotion intensity had a significantly negative
spatial lag term (p = 0.042), suggesting local crowding-out among neighbors; nevertheless,
the net indirect effect, amplified by the spatial multiplier (Rho), was positive (3591.33).

(b) N

A

~
(]
~—'

6,000 -

5,000

4,000

Effect Value
= e B
[—3 [—3 =4
> S >
[—} =] =]

=]

10 15 20 25 30

Distance (km)

Direct
1200 Indirect
Total
1,146.8230 1,154.54907 LS
I e 4,779.82685 ;
i 2,591.33618
2,118.49067
1,146.8239 1,157.54907 0 375 715 15 kilometer
L ST T
508.2586  435.07171 o
egend
7251

Core area 15km Effect Binchuan County

-73.18689

Farmer Acceptance | _Educational Level of Farmers | Promotion Intensity

Sampling point 30km Effect Dayao County

Skm Effect Xiangyun County Yao'an County

Figure 4. Spatial heterogeneity of the whole-process optimized fertilization. (a) Distance-decay curve
of Z-values indicating significance attenuation. The Z-value represents the degree of standardization
of residual differences within different distance intervals and can be used to measure the significance
of spatial heterogeneity or spatial response intensity. (b) Radiation range map showing the core
area, sampling points, and 5 km /15 km effect buffers across four counties. (c) Effect values of three
explanatory variables (farmer acceptance, educational level, and promotion intensity).
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The distance-decay analysis (Figure 4a) showed that spillover effects were strongest
within 10 km, peaked between 10 and 17.5 km (Z ~ 1.5), and declined sharply thereafter,
becoming non-significant beyond 30 km (Z < —1.5). Therefore, the attenuation boundary
is at approximately 30 km and an optimal promotion radius is near 10 km. The radiation
range map (Figure 4b) confirmed high-high clusters around the core area and low—low
clusters in more distant zones.

Average yield growth rates across towns were HD 12.01%, XC 12.05%, MD 10.61%,
and YNY 5.58%, suggesting that the optimized fertilization effect was smallest in YNY and
its surrounding areas.

4. Discussion

Farmers’ fertilization decisions in this survey responded to the previous year’s grape
price (R? = 0.7702) rather than to the attainable yield (R? = 0.0058). This disconnect between
economic signhals and agronomic needs is consistent with observations in other Chinese
grape regions [29,30] and elsewhere [31]. The long production cycle of grapes creates a
decision lag: farmers use past prices as a proxy for future returns [6]. While farmers may
be aware of the negative effects of over-fertilization, social and economic factors perpetuate
the practice [32]. Technical training alone is therefore unlikely to change behavior without
complementary economic incentives.

The optimized plan reduced total nutrient input by 837.95 kg ha~! and increased yield
by 18.4% and net income by ¥41,574 ha~!. This aligns with “cost reduction and efficiency
improvement” reported in other cropping systems [33], suggesting that phenology-based
nutrient management is a transferable principle. The efficiency gain may arise from two
mechanisms: reduced soil nutrient fixation and loss, which improve fertilizer recovery [34],
and an improved root-zone water-nutrient environment that promotes uptake [35]. Thus,
the optimized plan reconciles farmer economic objectives with agronomic sustainability,
but only when correctly implemented.

Adoption, measured as relative PFPN (relative PFPN is an outcome-based metric used
to distinguish between the implementation of the optimization plan and other factors that
affect production or nitrogen input; therefore, it should be regarded as a performance proxy
indicator), declined with distance from the core demonstration area. Coverage and core
zones showed sustained yield gains over five years (+59% and +48%, respectively), whereas
the development area exhibited unstable adoption and a drop in PFPN from 46.1% to 39.6%
of the core benchmark. This spatial pattern conforms to the “distance decay” of technology
diffusion [36,37]. The SDM estimates (Rho = 0.5428, p = 0.012) confirm significant spatial
dependence. Spillover effects decayed beyond approximately 30 km, with an optimal
promotion radius near 10 km.

Education level had a negative local direct effect but a large positive indirect spillover
(2664.51), indicating that human capital externalities flow predominantly to neighboring
areas rather than benefiting the adopter’s own locality. This supports the “neighborhood
effect” and observational learning mechanisms [38]. Promotion intensity showed local
crowding-out (negative spatial lag, p = 0.042) but a net positive indirect effect (3591.33) after
the spatial multiplier was applied, suggesting that competition among adjacent farmers
is offset by cross-regional feedback. These divergent spatial effects imply that uniform
extension strategies may be inefficient; region-specific approaches that leverage social
networks are more likely to succeed [39].

Acceptance of the optimized technology correlated positively with adoption. Con-
sistent with the Technology Acceptance Model [40], perceived usefulness—reinforced by
visible yield gains in demonstration plots—appears to drive uptake. Effective scaling
therefore requires a multi-stakeholder framework [41]. Demonstration networks within
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the 15 km radius can build trust and facilitate transition from passive reception to active
adoption [42]. Family farms and cooperatives may act as bridging actors [43]. Integrating
government, university, enterprise, and farmer resources into a continuous service model—
from training to market access—could further raise adoption rates [43,44]. However, the
observed decline in adoption in development areas without ongoing support indicates
that initial exposure is insufficient; sustained technical follow-up is necessary to prevent
regression. Future work should test whether targeted support within the 15 km radius,
combined with local educational investments, yields higher societal returns than uniform
county-wide promotion.

These findings suggest that uniform county-wide promotion is unlikely to be efficient.
Testing targeted support within the 10 km radius, against uniform promotion, would
require an experiment designed with more spatial units. Future work should also measure
adoption directly, rather than relying on PFPN as a proxy.

5. Conclusions

The optimized plan reduced N, P,Os, and K,O inputs by 385.28, 298.65, and
154.02 kg ha~!, respectively; increased yield by 18.4%; and raised net income by
41,574 RMB ha~! relative to conventional practices. After five years of promotion, technical
readiness (PFPN) was highest in the core demonstration area and declined with distance;
the development area did not sustain the initial adoption gains. The spatial attenuation
boundary was approximately 30 km, with an optimal promotion radius near 10 km. Farmer
education had strong positive spatial spillovers, whereas promotion intensity showed local
competitive crowding-out that was more than offset by positive cross-regional feedback.
Scaling optimized fertilization in county-level grape systems therefore requires spatially
differentiated extension that strengthens social learning in neighboring areas and reduces
reliance on uniform promotional intensity.

Author Contributions: C.X.: Writing—original draft, Methodology, Investigation, Formal analysis,
Data curation. R.M.: Writing—review and editing, Funding acquisition, Conceptualization. H.W.:
Writing—original draft, Methodology, Investigation, Formal analysis. C.B.: Methodology, Investiga-
tion, Data curation. T.L.: Methodology, Investigation, Data curation. Z.C.: Methodology, Investigation,
Conceptualization. Y.W.: Writing—review and editing, Supervision. Z.X.: Writing—review and
editing, Writing—original draft, Supervision, Investigation, Funding acquisition, Conceptualization.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the International Joint Laboratory Project for Resource
Utilization of Agricultural Solid Waste in Yunnan Province (202503AP140009), the National Key
Research and Development Program of China (2022YFD1901500/2022YFD1901504), the Major Science
and Technology Special Project of Yunnan Province (202302AE090012, 202302AE090009), the National
Natural Science Foundation of China (32160744), and the Top Young Talents of Yunnan High-level
Talent Training and Support Program (YNWR-QNBJ-2019-249). The APC was funded by Zhi Xu.

Data Availability Statement: The data used in this study are available from the corresponding author
upon reasonable request.

Acknowledgments: The authors have reviewed and edited the output and take full responsibility for
the content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

https://doi.org/10.3390/agronomy16191986


https://doi.org/10.3390/agronomy16191986

Agronomy 2026, 16, 1986

11 of 15

Abbreviations

The following abbreviations are used in this manuscript:

Red Globe Grapes  Vitis vinifera ‘Red Globe’

TRL Technology Readiness Level

PFPN Partial factor productivity of nitrogen
SDM The Spatial Durbin Model

ANOVA One-way analysis of variance

PCA Principal component analysis

YNY Yunnanyi Town

XC Xiangcheng Town

HD Hedian Town

MD Midian Town

Appendix A

Table A1. The design of the farmer conventional fertilization scheme. Based on the previous year’s

fertilizer application survey results, the fertilizer application plan is designed, and the fertilizer

amount in each application period is the total amount of fertilizer in this period.

Fertilization Period Fertilizer Application (kg/ha) Number of Applications
Ammonium dihydrogen phosphate (12-61-0) 150 kg, Rooting

Pre-budbreak powder 75 kg, Boron fertilizer 7.5 kg, Zinc fertilizer 4.5 kg !
Ammonium dihydrogen phosphate (12-61-0)255 kg, Rooting 4

From budbreak to pre-bloom

powder 75 kg, 20-20-20 + TE450 kg, Ureal35 kg, Boron fertilizer
15 kg + Zinc fertilizer9 kg (supplemented twice)

(at 10-day intervals)

From bloom onset to end of bloom Boron fertilizer 40g, Zinc fertilizer 0.6 kg (Foliar spray) 1
Ammonium dihydrogen phosphate (12-61-0) 30 kg, 20-20-20 +
TE975 kg, Urea 420 kg, Boron fertilizer 7.5 kg + Zinc fertilizerd.5kg 6

From fruit set to pre-veraison

(supplemented once), Calcium ammonium nitrate 60 kg +
Magnesium sulfate 30 kg (supplemented once)

(at 10-day intervals)

From veraison to pre—harvest

20-20-20 + TE 450 kg, 10-8-42 + TE 150 kg, Ammonium dihydrogen
phosphate 225 kg, Potassium sulfate 225 kg, Potassium nitrate
450 kg, Urea 60 kg

7
(at 7-day intervals)

Table A2. The design of improved fertilization. Based on grape nutrient requirements and distribution

patterns, the farmer’s conventional fertilizer, supplemented with ammonium nitrate and magnesium

sulfate fertilizer for optimized combination, was selected, and the optimized fertilization plan was

designed. The fertilizer application in each fertilization period details the total amount of fertilizer

used in this period.

Fertilization Period

Fertilizer Application (kg/ha)

Number of Applications

From budbreak to pre-bloom

16-16-16 + TE 300 kg, Potassium dihydrogen phosphate 90 kg,
20-20-20 + TE 120 kg

calcium ammonium nitrate 120 kg + magnesium sulfate 60 kg
(supplemented twice)

Boron fertilizer 7.5 kg + Zinc fertilizer 4.5 kg (supplemented once)

4
(at 10-day intervals)

From bloom onset to end of bloom Boron fertilizer 0.6 kg, Zinc fertilizer 0.6 kg (Foliar spray) 1
20-20-20 + TE 525 kg, 10-8-42 + TE 450 kg, Potassium dihydrogen
phosphate 120 kg 6

From fruit set to pre-veraison

calcium ammonium nitrate 60 kg + magnesium sulfate 30 kg
(supplemented once)
Boron fertilizer7.5 kg + Zinc fertilizer 4.5 kg (supplemented once)

(at 10-day intervals
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Table A2. Cont.
Fertilization Period Fertilizer Application (kg/ha) Number of Applications
20-20-20 + TE 150 kg, 10-8-42 + TE 600 kg, Potassium dihydrogen
phosphate 90 kg
From veraison to pre-harvest calcium ammonium nitrate 120 kg + magnesium sulfate 60 kg .
. (at 7-day intervals)
(supplemented twice)
Boron fertilizer 7.5 kg + Zinc fertilizer 4.5 kg (supplemented once)
Fertilization Period Fertilizer Application (kg/ha) Number of Applications
Table A3. The Spatial Durbin Model estimation results.
Coefficient Standard Sienifican
Estimate Error z P ignificance
Intercept —80,325.871 31,110.101 —2.582 0.0098 **
Farmer Acceptance 1616.339 825.224 1.959 0.0502 *
Educational Level of Farmers 190.993 789.125 0.242 0.8088
Promotion Intensity —66.869 648.660 —0.103 0.9179
lag. Farmer Acceptance 11,509.588 4584.343 2511 0.0121 **
lag. Educational Level of Farmers 23,858.800 7104.212 3.358 0.0008 ek
lag. Promotion Intensity —6415.881 3161.069 —2.030 0.0424 *
Spatial lag coefficient Rho 0.5428 0.21833 2.486 0.0129 b
Notes: *p < 0.1, * p < 0.05, *** p < 0.01.
Table A4. Farmers’ Tracking Survey Form.
Farmer Information Village Duration Yield Frame
Name Type
Variety Area Income Density Total Nutrient
Period Date Pesticide and Fertilizer Usage Statistics Remarks N P,0s5 K

Figure Al is a collection of photographs (a—c) taken by the authors during the 2016—

2020 promotion period. The panels show (a) an on-farm demonstration plot; (b) a one-on-

one farmer consultation; and (c) a group training session.

Table A5. Decomposition results of variable space effect. The direct effect, indirect effect and total

effect of the main variables are shown.

Variable Quantity Direct Effect Indigo Effect Gross Effect
Farmer Acceptance 1146.823895 7.725178 1154.549074
Educational Level of 508.258599 ~73.186892 435.071707
Farmers

Promotion Intensity 2591.33618 2188.490668 4779.826847
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Figure Al. Promotional activities for the whole-process optimized fertilization plan in Xiangyun
County, 2016-2020. (a) On-farm demonstration; (b) one-on-one consultation; (c¢) group training.
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