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Abstract

Fertilizer reduction and improved fertilization management are important approaches to
achieving green and organic grape production and vineyard management. This study aims
to examine whether digital agricultural extension tools can facilitate fertilizer reduction
among grape growers, or whether their actual effects may be weakened by limited attention
and information overload. Using data from a randomized controlled trial (RCT) involv-
ing 475 grape growers in Liaoning Province, this study employs ordinary least squares
(OLS) models and propensity score matching (PSM) to test the effect of digital information
loading on growers’ fertilizer-reduction behavior. Specifically, this study constructs three
dimensions, including information loading breadth (comprehensiveness), loading depth
(accuracy), and loading length (completeness), and employs ordered logit models and
threshold regression models to explore their mechanism effects and threshold effects on
fertilizer reduction. The results indicate that (1) digital information loadingsignificantly
promotes fertilizer reduction behaviors among grape growers. (2) The breadth and depth of
information loading facilitate fertilizer reduction by enhancing growers’ perceived useful-
ness, whereas this mechanism is not significant for the length dimension. (3) Information
loading length has a threshold effect on fertilizer reduction behavior, which means there
is an optimal time interval for single video viewing; beyond that, the limited attention
triggered information overload that causes the fertilizer reduction behavior to disappear.
(4) There are also long-term effects of digital information loading. These findings provide
micro-level empirical evidence for promoting green and organic-oriented grape produc-
tion systems, and offer policy implications for countries pursuing sustainable agricultural
transition and fertilizer reduction.

Keywords: grape growers; randomized controlled trial; fertilizer input reduction; limited
attention; threshold effect
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perspective, excessive fertilizer use does not necessarily translate into higher yields due
to diminishing marginal returns. Instead, it often leads to input redundancy, increased
production costs, and lower input efficiency [5].

At the micro level of growers’ production decisions, fertilizer reduction is one of the
most direct behavioral manifestations of sustainable fertilizer management. However, in
reality, excessive fertilizer application is widespread in Chinese agricultural production,
and the average fertilizer input per mu (1 mu is approximately 667 square meters) for
crops is 2.72 times that of the United States [6]. This extensive production pattern con-
strains the sustainable development of agriculture. To address this challenge, the Plan
for Comprehensive Rural Revitalization (2024-2027) explicitly calls for the promotion of
green production technologies, the reduction in fertilizer application intensity in cash
crops, and the acceleration of organic and low-carbon agricultural development. Therefore,
exploring pathways through which grape growers can achieve fertilizer reduction not only
helps alleviate agricultural non-point source pollution and ecological degradation but also
contributes to the sustainable management of grape production.

Existing studies have extensively investigated fertilizer reduction. Growers’ fertilizer-
reduction behavior is influenced by individual characteristics, household characteristics,
production and management characteristics, and external environmental conditions. In-
dividual characteristics mainly involve risk perception and non-cognitive abilities [7,8].
Household characteristics primarily include social capital and land endowments [9,10].
Production and management characteristics mainly involve agricultural insurance and
outsourced services [11,12]. External environmental conditions are reflected in coopera-
tive participation, agricultural technical training, and related regulations [13-15]. Taken
together, these studies establish a framework linking traditional factors to growers’ fertilizer-
reduction behavior. In fact, in the production of cash crops such as grapes, fertilization
decisions tend to involve stronger technological dependence and greater managerial com-
plexity, while traditional agricultural extension approaches exhibit limitations in terms of
knowledge delivery efficiency, information targeting, and behavioral conversion. Further-
more, with the penetration effect of the Internet across the entire agricultural production
process and multiple domains of rural society [16], the pathways through which agricul-
tural technologies diffuse have undergone profound transformation, driving agriculture
toward a digitalized and modernized mode of development.

Against this background, digital and information-based agricultural technical services
have become an important approach to promote scientific fertilization and fertilizer reduc-
tion among growers. Relevant studies have shown that access to agricultural technical
information through platforms such as apps and WeChat official accounts helps improve
growers’ perceptions of economic and ecological benefits [17], reduces risk perception [18],
and thereby significantly decreases fertilizer use. As the frequency of digital agricultural
service use increases, the search, comprehension, and bargaining costs faced by growers in
acquiring technical information decline substantially. This process helps growers choose
greener fertilization pathways [19]. Some scholars have further classified digital agricul-
tural technical services into three categories: short-video platforms, content aggregation
platforms, and social communication platforms. They find that short-video services, due
to their concise mode of delivery, are more easily accepted by growers and more likely
to promote scientific fertilization [20]. More recent research, based on an RCT, divides
information interventions into environmental information, yield information, and cost in-
formation, and finds that yield and cost information are more effective in reducing growers’
subjective fertilization standards and expected fertilizer intensity [21].

It is worth noting that, in the era of digital intelligence, information is growing explo-
sively, which exacerbates the contradiction between the infinite supply of information and
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the limited capacity for attention. From the perspective of attention economics, the more
abundant information becomes, the scarcer the attention that individuals can allocate. What
is truly scarce is no longer information itself, but attention as a distributable resource [22].
When the volume of information, the frequency of updates, and the demands of information
processing exceed an individual’s cognitive processing capacity, it leads to phenomena such
as increased cognitive load, reduced decision-making quality, and information avoidance.
This condition is known as information overload [23,24]. For grape growers, more digital
agricultural technical information is not necessarily better. The key issue is whether it
can enter growers’ cognitive processing in an appropriate manner under the constraint
of limited attention and ultimately be translated into practice. Accordingly, identifying
the effective boundary conditions of digital agricultural technical information in grape
production is crucial for improving fertilization management efficiency and promoting the
green transformation of vineyards.

Compared with prior studies, this study makes three potential marginal contributions.
First, by implementing an RCT, this study effectively mitigates the endogeneity arising
from omitted variables in conventional research and improves the accuracy of causal identi-
fication. Second, the study develops a multidimensional framework of digital information
loading by distinguishing among breadth, depth, and length, and further examines how
these dimensions shape fertilizer reduction behavior through perceived usefulness. Third,
based on the theory of limited attention, this study focuses on the length dimension of
information loading and identifies its optimal duration, with the aim of providing practical
implications for the design of digital agricultural technical videos, the optimization of
grape fertilization knowledge dissemination, and the management of green input use
in vineyards.

2. Theoretical Analysis and Research Hypotheses
2.1. Direct Effect of Digital Information Loading on Fertilizer-Reduction Behavior

Akerlof (1970) [25] introduced the theory of information asymmetry, arguing that mar-
ket participants differ in the amount of information they possess. Information asymmetry in
growers’ fertilization practices is mainly reflected in three aspects: gaps in technical knowl-
edge, blind spots in environmental recognition, and imbalances in market information [26].
Therefore, fertilizer reduction depends on whether growers can access, understand, and
retain scientific fertilization information. On this basis, this study introduces the concept of
digital information loading It refers to the process through which technical information is
delivered in ways consistent with growers’” attention patterns and is then actually received,
browsed, and remembered by them in a digital media environment.

First, digital information loading is characterized by demand responsiveness, immedi-
ate accessibility, repeatable access, and cyclical completeness. Unlike traditional extension
channels such as classroom-based training and field demonstrations, which are constrained
by time and space, digital technology information enables growers to access key fertilization
techniques at any time, thereby improving the scientific basis of fertilization practices [27]
and promoting fertilizer reduction. Second, the delivery of digital information in video
format optimizes the allocation of growers’ cognitive resources through both visual and
auditory channels, thereby improving memory efficiency. Technical videos allow growers
with limited educational endowments to overcome textual barriers [28] and capture key
fertilization techniques through images and audio, thereby strengthening the scientific basis
of fertilization. Finally, video-based digital information loading transforms abstract tech-
niques into intuitive and contextualized dynamic demonstrations [29], enabling growers to
develop imitation-based learning and facilitating their transition from experience-driven
extensive fertilization to scientific fertilization.
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H1. Digital information loading can promote growers’ fertilizer-reduction behavior.

2.2. Mechanism Analysis of Perceived Usefulness in the Relationship Between Digital Information
Loading and Fertilizer-Reduction Behavior

The Stimulus-Organism-Response (SOR) framework emphasizes that external stimuli
influence individuals’ internal perceptions and thereby trigger behavioral responses [30].
As the carrier of digital information, fertilizer technology videos convey key knowledge on
scientific fertilization and sustainable input management to growers, thereby serving as an
external stimulus. Specifically, information loading breadth reflects the comprehensiveness
of growers’ technical acquisition, helping them understand fertilization requirements
across different grape growth stages and develop an overall cognition of fertilizer-related
technologies. Information loading depth measures the precision or degree of matching in
technical acquisition, helping growers address technical deficiencies and accurately grasp
key technical points. Information loading length reflects continuity of technical exposure,
helping growers strengthen knowledge retention and enhance confidence in technology
application. The synergy of these three dimensions enhances growers’ positive behavioral
attitude toward scientific fertilizer use, namely perceived usefulness [31]. When growers
exhibit a higher level of perceived usefulness, they are more likely to adopt scientific
fertilization technologies. In practice, this is reflected in growers” active adjustment of
fertilization methods in line with the standardized demonstrations shown in the videos,
thereby achieving fertilizer reduction.

H2. The breadth, depth, and length of digital information loading promote fertilizer-reduction
behavior among grape growers by enhancing perceived usefulness.

2.3. Threshold Effect of Information Loading Length on Fertilizer-Reduction Behavior

Simon (1996) [32] described attention as a scarce resource and pointed out that, under
conditions of information overload, attention becomes the main bottleneck in information
processing. The contradiction between excessive digital information and limited attention
resources has become increasingly evident [33], leading individuals to switch frequently
between focused attention and distraction [34]. This study further analyzes the thresholds
through which digital information loading affects fertilizer reduction from the three dimen-
sions of breadth, depth, and length. Among these dimensions, breadth mainly reflects the
comprehensiveness of technical content, whereas depth primarily captures the degree to
which such content matches specific production contexts. In this study, the RCT delivered
11 technical videos targeting key fertilization nodes across the entire grape production cycle.
These videos not only covered the major fertilization stages but were also embedded in a
customized APP for Beizhen City, thereby closely aligning with local production contexts.
Therefore, information loading breadth and information loading depth are more likely to
supplement and reinforce growers’ technical cognition [35], and their effects on fertilizer
reduction are more likely to involve continuous improvement rather than a significant
threshold effect [36].

By contrast, the effect of information loading length on growers’ fertilizer-reduction
behavior is more likely to exhibit a non-linear threshold effect. Given the scarcity of
attentional resources among growers [37], it is difficult for them to maintain sustained
concentration during a single viewing of fertilizer technology videos, and attention may
easily drift or become fatigued. Growers may therefore experience a process in which
attention first increases, then becomes highly concentrated, and eventually weakens or
even disappears. As a result, technical information cannot be fully processed, internalized,
and translated into production decisions, so the effect of information loading length on
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fertilizer reduction may follow a pattern of being initially effective, then becoming stronger,
and then weakening or disappearing. In other words, there exists an optimal range of video
exposure length. Once this range is exceeded, information overload causes the behavioral
effect to disappear.

H3. The promotional effect of digital information loading length on growers’ fertilizer-reduction
behavior exhibits a threshold effect.

3. Experimental Design, Model Development, and Variable Selection

3.1. Experimental Design
3.1.1. Sample Selection and Intervention Assignment

The data used in this study come from a field survey conducted by the research team
in 2020 among grape growers in Beizhen City, Liaoning Province. Beizhen was selected as
the study area for three main reasons. First, it is one of China’s major table-grape producing
regions and has a solid industrial base. Second, as an economic crop, grape production
is often characterized by excessive fertilizer use, which puts pressure on soil and the
environment. Grape growers therefore constitute a representative population for studying
fertilizer-reduction behavior. Third, according to data from the Institute of New Rural
Development at Peking University, the digital infrastructure index of Beizhen in 2020 was
60.36 (Peking University Open Research Data Platform. County-Level Digital Rural Index
(Peking University Institute for New Rural Development), https://opendata.pku.edu.cn/
file.xhtml?fileld=12781 (accessed on 25 May 2026)), indicating that digital infrastructure
covered more than half of the area and thus provided a sound basis for research on digital
information loading. Taken together, Beizhen is a representative study area.

The research team used a random number generator to select six townships. All
selected townships are located within the geographical indication area of the agricultural
product and are also major grape-producing townships. During the survey, one-to-one
in-depth interviews with growers were conducted using online questionnaires to ensure
the authenticity and validity of the survey data. Figure 1 shows the study area and
sampling sites.
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Figure 1. Study area and sampling sites.

3.1.2. Intervention Items and Intervention Assignment

To evaluate the effect of digital information loading on fertilizer reduction among
grape growers, the research team conducted an RCT and developed a customized “Agri+”
APP for grape growers in Beizhen [38]. The technical videos were provided by leading
local grape growers. Maertens (2017) [39] showed that farmers continue to rely primarily
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on interpersonal communication for livelihood-related technical information and are more
inclined to learn from leading growers with stronger technical expertise and managerial
capacity. In Beizhen, some leading grape growers possess extensive practical experience
and systematic training, enabling them to effectively serve as transmitters of agricultural
knowledge. On this basis, in collaboration with the Beizhen Grape Association, the re-
search team selected four growers with strong local technical influence to record technical
videos covering the entire grape growth cycle. Given their familiarity with local climatic
conditions, soil characteristics, and input-use practices, they were well positioned to ensure
the authenticity and accuracy of the content. The presentations by the four leading growers
are all based on a unified technical framework and thematic structure, ensuring consistency
in content. In addition, the use of local dialect in the videos helped reduce communication
barriers, improve the relevance and comprehensibility of technical dissemination, and
better align the information with growers’ actual production needs.

Based on fertilizer application needs across the full production cycle of the local grape
industry, 11 fertilizer-technology videos were customized as the intervention items for
digital information loading. The video covers key stages, including grape flowering, fruit
enlargement, color development, and ripening and harvest, addressing technical points re-
lated to water and fertilizer management, timing and methods of fertilization, and fertilizer
reduction at each stage. The experiment adopted a randomized grouping method. Based
on the GPS location information of growers’ addresses and village information, the sample
was divided into 116 clusters using spatial grids of approximately 1 km x 1 km [40]. This
grouping strategy ensured a certain degree of spatial clustering among the sample grow-
ers, thereby reducing, to some extent, the possibility of frequent contact and information
diffusion across different groups.

The treatment group watched technical videos together with placebo videos, whereas
the control group watched only placebo videos. The placebo videos consisted solely of
scenic footage with narration and did not include any agricultural technical information.
Therefore, there was no impact on farmers’ technical knowledge or production practices.
When a new video was released in the app, the enumerator who had previously helped
the farmer install the app provided a one-to-one, targeted reminder on the same day. The
newly released videos for that day were displayed prominently on the main interface,
without requiring additional actions such as switching pages or selecting menus.

3.1.3. Experimental Process and Data Recovery

The baseline survey was completed in January 2020 and yielded 1026 valid observa-
tions. The endline survey was completed in January 2021 and yielded 687 valid observa-
tions, corresponding to an attrition rate of 33.04%, mainly due to refusal to be revisited,
changes in contact information, and withdrawal from grape production. After the interven-
tion began, the APP backend automatically recorded each grower’s video entry time and
viewing duration. Viewings shorter than 10 s were excluded from the statistics.

According to backend records and the statistical analysis of the endline survey data,
239 of the 433 growers in the treatment group watched the fertilizer-technology videos,
while the control group comprised 254 growers. The completion rate of the fertilizer-
technology videos reached 94%, indicating strong interest in the content and relatively effi-
cient and comprehensive information transmission. The main reasons why some treatment-
group growers did not watch the technical videos were that they changed phones and
did not reinstall the APP, or had no time to watch during the busy farming season. After
excluding treatment-group growers who did not watch the fertilizer-technology videos,
493 valid observations remained across the two groups. After further removing question-
naires with missing key information or inconsistent response, the final sample consisted
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Fertlz; = Ag + A Depth; x 1(q; < v1) + AxDepth; x I( y1< q; < 2) + AzDepth; x I( y2< q; < 73) + AsDepth; x I( g;

of 475 valid questionnaires, including 232 in the treatment group and 243 in the control
group, corresponding to an effective questionnaire rate of 96.35%.

3.2. Model Specification

This study focuses on the effect of digital information loading on fertilizer reduction
and specifies the baseline regression model as follows:

Fertlz; = oy + aq Load; + ap Control; + ¢; (1)

where Fertlz; denotes fertilizer input of grower i, Load; is the core explanatory variable,
Control; represents control variables, ¢; is the random error term, and «; is the parameter to
be estimated.

To examine the mechanism through which different dimensions of information loading
affect growers’ fertilizer-reduction behavior via perceived usefulness, this study follows
Jiang (2022) [41] and adopts a two-step approach to test the mediating mechanism. Since
perceived usefulness is an ordered multi-categorical variable, an OLogit model is employed,
as specified below

PercUse; = Bo + B1Breadth; + ByDepth; + BzLength; + B4Control; + u; (2)

where PercUse; represents perceived usefulness of grower i, Breadth; denotes the breadth
of information loading, Depth; denotes the depth of information loading, Length; denotes
the length of information loading; Control; represents control variables; ; denotes the
parameters to be estimated; and y; is the random error term.

The threshold regression model proposed by Hansen [42] is a classic approach for
analyzing threshold effects and is suitable for continuous dependent variables. Its core
purpose is to identify the points at which the effect of an explanatory variable changes
significantly as the threshold variable crosses different values. Taking information loading
length as the threshold variable, the model is specified as follows

®)

> 93 )+AsControl;+0;

where g, denotes the threshold variable, namely information loading length; I(-) is an
indicator function that takes the value of 1 when the condition in parentheses holds and 0
otherwise; 7; represents the threshold value to be estimated. Equation (3) allows for triple-
threshold specifications, and the actual number of thresholds is determined empirically; A;
are parameters to be estimated and o; is the random error term, respectively.

3.3. Variable Selection
3.3.1. Dependent Variable

The dependent variable is growers’ fertilizer-reduction behavior, for which fertilizer
input is used as a proxy. Because there are so many types of chemical fertilizers, and their
formulations, sizes, and active ingredient concentrations vary, it is difficult to accurately
estimate input quantities in weight terms. In addition, growers within the same town
generally use similar fertilizer types, with only small differences in unit prices and almost
no internal differences in usage structure. Lastly, growers generally remember the cost
of inputs better than the specific amount they applied. It is therefore feasible to measure
fertilizer input using expenditure per mu.

3.3.2. Core Explanatory Variables

The first component of digital information loading is “whether digital information
loading”, that is, whether the grower watched the fertilizer-technology videos in the APP
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developed by the research team. A value of 1is assigned if the grower watched the fertilizer-
technology videos, and 0 if the grower watched only placebo videos. The second component
captures the breadth, depth, and length of information loading. Breadth is measured by the
number of distinct fertilizer-technology videos watched by the grower. Depth is measured
by the maximum number of times growers have watched different fertilizer application
technique videos. Reality shows that growers usually do not repeatedly watch all videos,
but may repeatedly watch one specific video, indicating that the technique presented in
that video is a key learning focus. Repeated viewings of one key video may therefore exert
a stronger behavioral effect than the average number of repeated viewings across multiple
videos. Length is measured by the average viewing duration, calculated as total viewing
seconds divided by total viewings.

3.3.3. Mediating Variable

Perceived usefulness is the mediating variable in this study. It is measured by the
survey item: “Is watching the APP videos helpful for your grape production?” with
response options coded as 1 = not helpful, 2 = partially helpful, and 3 = helpful. A higher
value indicates that the grower perceives the technical content delivered through the video
APP to be more helpful for grape production. It should be noted that this question was
asked only of growers in the treatment group. Since the control group watched only scenic
videos, the item does not apply to them.

3.3.4. Control Variables

Drawing on previous studies [10,14,17], control variables are selected from three
dimensions, including individual characteristics of growers, household operation charac-
teristics, and other characteristics. Individual characteristics include gender, age, education
level, health status, growing experience, and nonfarm employment. Household operation
characteristics include the number of agricultural laborers, growing area, land quality,
grape yield, grape variety, and grape attribute. Other characteristics include internet use
and offline technical training. Definitions and descriptive statistics for all variables are
reported in Table 1.

Table 1. Variable definitions and descriptive statistics.

Type Name Definition and Coding Mean Std. Dev.
Dependent variable Fertilizer input Fertilizer expenditure per mu (yuan/mu) 711.577 445.812
Digital information Watched fertilizer-technology videos = 1; 0.488 0.500
loading watched only placebo videos = 0 ' ’

Number of distinct fertilizer-technology

Core explanatory Loading breadth videos watched 2.337 3.089

variable . Maximum number of repeated viewings of
Loading depth fertilizer-technology videos 2097 2839

Average viewing duration = total seconds
Loading length watched/total number of viewings 74.998 85.115

(seconds/view)

Are the APP videos helpful for your grape

Mediating variable Perceived usefulness production? Not helpful = 1; Partly helpful = 2; 2431 0.735
Helpful =3
Gender Male = 1; Female =0 0.707 0.455
Age Years 49.232 8.684
. Primary school or below = 1; Junior high = 2;
Control variable Education level Senior high = 3; College or above =4 1.893 0.558
Unhealthy = 1; Fair = 2; Relatively healthy = 3;

Health status Healthy = 4; Very healthy = 5 4.084 1.017
Growing experience Years engaged in grape cultivation 22.587 8.224
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Table 1. Cont.
Type Name Definition and Coding Mean Std. Dev.
Nonfarm Engaged in non-farm work: Yes =1; No =0 0.192 0.394
employment
Labor force Number o f h.o useh.old members 3.352 1.159
participating in agricultural labor
Growing area Actual grape growing area (mu) 10.658 6.013
Rating of fertility and suitability of the main
Control variable Land quality plot for grape cultivation: Poor = 1; 1.768 0.761
Average =2; Good =3
Grape yield Grape output per mu (jin/mu) 4117.088  992.762
Grape variety Main variety: Jufeng/Liaofeng = 1; Other=0  0.754 0.431
Grape attribute Seedless fruit = 1; Natural fruit =0 0.916 0.278
Internet use Average daily internet use (hours) 3.617 2.589
. . Whether participated in other offline
Offline .te.chrucal agricultural technical training: 0.665 0.472
training

Participated = 1; Not participated = 0

Note: Mu is a traditional Chinese unit of land area. 1 mu is approximately equal to 666.67 square meters, or
0.0667 hectares. Jin is a traditional Chinese unit of weight. 1 Jin equals 0.5 kg. The yuan is the unit of China’s
official currency, Renminbi. One U.S. dollar is worth approximately 7 Chinese yuan.

Table 1 shows that the average grape yield of the sampled farmers exceeded 4000 jin
per mu, equivalent to more than 3 kg per square meter. Given the actual conditions of local
grape production, this yield level indicates that most of the vineyards in the sample are
in their full-bearing stage. The average age of the sampled farmers was approximately
49 years, reflecting the broader context of rural labor aging and youth labor outmigration
in China [43,44]. The average grape growing area was approximately 11 mu, equivalent
to about 7333.33 square meters, indicating the small-scale, family-based nature of grape
production [45]. Given the high cost and limited availability of hired labor in the local area,
farmers’ operational scale is generally constrained by household labor endowments and is
therefore difficult to expand substantially.

4. Empirical Results
4.1. Baseline Regression Results

To verify the homogeneity of the control and treatment groups before the intervention,
a t-test is first conducted on fertilizer input before the intervention. The analysis software
used in this study is Stata 18.0, developed by StataCorp LLC (College Station, TX, USA). As
shown in Table 2, the difference in means between the two groups is 25.814 and the p-value
is 0.624, indicating that there was no significant difference in pre-intervention fertilizer
input between growers in the control and treatment groups.

Table 2. T-test results for fertilizer input before the intervention in the control and treatment groups.

Variable

Unit

Control Group Treatment .
) Mean 1 Group (N) Mean 2 Mean Diff

Fertilizer input

yuan/mu 243 986.688 232 960.874 25.814 (p = 0.624)

7

Table 3 reports the OLS results for the effect of digital information loading on growers
fertilizer-reduction behavior. In Model (2), after controlling for other variables, digital infor-
mation loading still exerts a significantly negative effect on growers’ fertilizer input at the 1%
level. Specifically, compared with growers in the control group, those in the treatment group
reduced fertilizer expenditure per mu by 114.386 yuan (equals to 0.0245 US dollars per
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square meter), which is equivalent to an approximately 16.1% reduction in fertilizer input
(114.386/711.577 ~ 0.161). This indicates that fertilizer-technology videos enabled growers
to obtain more scientific fertilization information, effectively reduced information asymme-
try, and promoted growers’ fertilizer-reduction behavior. Hypothesis 1 is confirmed.

Table 3. Baseline regression results for the effect of digital information loading on growers’
fertilizer input.

. Model (1) Model (2)
Variable
Coef. Std. Err. Coef. Std. Err.
Digital information loading —132.052 *** 40.512 —114.386 *** 40.120
Gender —17.084 43.374
Age —2.330 2.750
Education —22.896 35.848
Health status 7.599 20.099
Growing experience —2.824 2.697
Nonfarm employment —84.354 * 50.206
Labor force —0.285 17.520
Growing area —22.880 *** 3.559
Land quality —10.263 26.203
Grape yield 0.007 0.020
Grape variety 39.730 47.144
Grape attribute 64.090 70.642
Internet use 1.022 7.734
Offline technical training —7.331 41.882
Constant 776.074 *** 28.313 1131.281 *** 238.222
N 475 475
R? 0.022 0.132

Note: ***, and * denote significance at the 1% and 10% levels, respectively

Among the control variables, growing area has a significantly positive effect on fer-
tilizer reduction, whereas nonfarm employment exerts a significantly negative effect. A
plausible explanation is that, as land operation scale expands, the per-unit-output costs of
technical learning and fertilizer application decline, and this scale-economy effect signifi-
cantly strengthens growers’ incentives to adopt fertilizer reduction. In addition, growers
engaged in nonfarm employment may be more likely to address labor shortages and tech-
nical constraints through outsourced services, and the precision and scale advantages of
such services are conducive to reducing fertilizer use.

4.2. Robustness Tests

To examine the reliability of the baseline regression results, this study sequentially
applies propensity score matching (PSM), alternative clustered standard errors, two-sided
Winsorization, and quantile regression. First, PSM is used to rebalance the treatment and
control groups. Table 4 reports the estimation results from four matching methods, with all
four methods showing significantly negative ATT values. Overall, the PSM results indicate
that, after improving between-group comparability through matching, digital information
loading still exhibits a stable negative effect on fertilizer input, suggesting that the main
conclusion does not depend on any particular matching method and is therefore robust.

Second, considering that growers within the same village may be correlated, standard
errors are clustered at the village level to control for the potential influence of within-
group correlation on the estimates. Third, to mitigate the influence of extreme values, the
dependent variable is subjected to 1% two-sided Winsorization. Finally, quantile regression
is conducted at the 25th, 50th, and 75th quantiles to uncover information that cannot be
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revealed by the OLS model. The results, reported in Table 5, again confirm the conclusions
of this study.

Table 4. Average treatment effects estimated by PSM.

Matching Method Treatment Group Control Group ATT t-Value
Before matching 644.022 776.074 —132.052 *** —3.26
Nearest-neighbor matching (n = 1) 644.022 795.017 —150.995 ** —2.22
Nearest-neighbor matching (n = 4) 644.022 761.991 —117.969 ** —2.27
Radius matching 644.022 775.394 —131.372 *** —-3.21
Kernel matching 644.022 742.482 —98.460 ** —2.01
Note: *** and ** denote significance at the 1% and 5% levels, respectively.
Table 5. Robustness test results.
Variable Model (1) Model (2) Model (3)
Alternative Clustered Winsorization q25 q50 q75
Digital information —114.386 ** —99.336 ** —39.559 —112.342 ** —129.345 **
loading (43.020) (40.004) (33.526) (47.809) (57.136)
Control variables Controlled Controlled Controlled Controlled Controlled
Constant 1131.281 *** 1232.581 *** 773.206 *** 1237.837 *** 1411.210 ***
onsta (250.940) (237.532) (199.068) (283.879) (339.260)
N 475 475 475 475 475
R?/Pseudo R? 0.132 0.147 0.042 0.068 0.094

Note: *** and ** denote significance at the 1% and 5% levels, respectively. Standard errors are reported
in parentheses.

4.3. Mechanism Analysis

In the mechanism analysis, digital information loading is categorized into breadth,
depth, and length. Focusing on experimental group growers as research subjects, we
primarily examine the mechanism role of perceived usefulness. According to Model (4)
in Table 6, information loading breadth has a significantly positive effect on growers’
perceived usefulness at the 5% level. This suggests that, by increasing the number of videos
watched, growers can acquire more fertilization knowledge covering the full grape growth
cycle. Such systematic knowledge accumulation enables them to better understand the
alignment between fertilizer application and the grape growth cycle, thereby allowing
them to assess the practical value of the technologies shown in the videos more accurately
and enhancing perceived usefulness. Growers with higher perceived usefulness are then
more likely to successfully apply the video content in grape production management,
ultimately promoting fertilizer reduction. Information loading depth also significantly
improves perceived usefulness at the 5% level, indicating that repeated learning of key
videos of interest helps growers fill technical knowledge gaps, more accurately grasp the
key points of fertilizer reduction, and thereby enhance perceived usefulness and eventually
promote fertilizer-reduction behavior.

By contrast, the effect of information loading length on perceived usefulness is not
statistically significant. A possible explanation is that information loading length reflects
the duration of sustained attention during viewing. Because growers can maintain concen-
trated attention only for a limited period, longer viewing durations may induce fatigue
and distraction, thereby weakening the transmission effect of the video content and pre-
venting a significant improvement in perceived usefulness. Hypothesis 2 is therefore
partially supported.
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Table 6. Mechanism test results for perceived usefulness.
Variabl Perceived Usefulness
arable Model (1) Model (2) Model (3) Model (4)
. 0.221 *** 0.159 **
Loading breadth (0.052) (0.058)
. 0.305 *** 0.204 **
Loading depth (0.076) (0.079)
. —0.001 0.001
Loading length (0.003) (0.003)
Control variables Controlled Controlled Controlled Controlled
N 232 232 232 232
Pseudo R? 0.081 0.082 0.038 0.105
Note: *** and ** denote significance at the 1% and 5% levels, respectively. Standard errors are reported
in parentheses.
4.4. Threshold Effect Test
Given that the mediating effect of perceived usefulness in the relationship between
information loading length and growers’ fertilizer-reduction behavior is not significant, this
study further explores whether a nonlinear relationship exists between information loading
length and fertilizer reduction, that is, whether information overload is present. A thresh-
old model is employed, and 1000 bootstrap replications are used to test sequentially for
single, double, and triple thresholds, yielding F-statistics and p-values. As shown in Table 7,
information loading length passes the single, double, and triple-threshold tests at the 1%
significance level, indicating a significant threshold effect in growers’ fertilizer-reduction
behavior. The corresponding estimated threshold values are 200 s, 132 s, and 161 s, respec-
tively. Figure 2 presents the likelihood-ratio function for the triple-threshold estimation.
Table 7. Threshold effect test results.
Threshold Number of Estimated F-Statisti Val 95% Confidence
Variable Thresholds Threshold atistic p-vatue Interval
Loading length ~ Single threshold 200 239.202 *** <0.000 [200.000, 240.333]
Loading length ~ Double threshold 132 89.311 *** <0.000 [127.000, 147.500]
Loading length  Triple threshold 161 27.723 *** <0.000 [150.357, 177.333]

Likelihood ratio

0

50 100 150 200 250

()

Note: *** denote significance at the 1% level.

(®)

Likelihood ratio
Likelihood ratio

100

Threshold parameter (loading length)

150

200

250 300 100 150 200 250 300 100 150 200 250 300

Threshold parameter (loading length) Threshold parameter (loading length)

Figure 2. Estimated threshold values and likelihood-ratio function curves: (a) The first threshold
is 200 s; (b) The second threshold is 132 s; (c) The third threshold is 161 s. The curve in the figure
represents the likelihood ratio statistic (LR), and the horizontal dashed line represents the threshold
value for the LR test.

Further examine the extent to which information loading length influences fertilizer
reduction among growers across different threshold ranges. As shown in Model (1) of
Table 8, when information loading length is less than 132 s, the coefficient on fertilizer
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input is —4.486 and is significant at the 10% level. This means that, compared with control-
group growers, each additional second of video viewing by treatment-group growers is
associated with a reduction of 4.486 yuan in fertilizer expenditure per mu. Model (2) shows
that, when information loading length is greater than or equal to 132 s but less than 161 s,
the coefficient increases to —8.411 and remains significant at the 10% level. This implies
a reduction of 8.411 yuan in fertilizer expenditure per mu for each additional second
watched. However, when information loading length is greater than or equal to 161 s, as
shown in Models (3) and (4), the effect is no longer significant. These findings suggest
that the effective interval of information loading length for promoting fertilizer reduction
is 0-161 s. Within this range, growers can absorb and apply the technical information in
the videos more effectively, thereby improving sustainable fertilizer input management
in grape production. However, growers’ attention capacity is limited. Once the average
viewing duration exceeds a certain interval, information overload emerges, lowering the
efficiency with which growers absorb and apply information and ultimately causing the
effect of information loading length on fertilizer reduction to disappear. Hypothesis 3 is
thus supported.

Table 8. Threshold regression results for the effect of information loading length on growers’
fertilizer input.

Variable Model (1) Model (2) Model (3) Model (4)
q<132 132 < q < 161 161 < q < 200 q > 200
. —4.486 *
Loading length (2.482)
. —8.411~*
Loading length (4.942)
. —0.405
Loading length (4.717)
. 1.244
Loading length (2.345)
Control variables Controlled Controlled Controlled Controlled
Constant 1836.965 ** 1921.254 ** 1666.237 * 1876.533
(763.598) (929.510) (975.769) (1671.702)
N 70 84 51 27
R? 0.269 0.287 0.457 0.523

Note: **, and * denote significance at the 5%, and 10% levels, respectively. Standard errors are reported
in parentheses.

4.5. Long-Term Effect Test

Given the substantial one-time investment required for a customized digital agricul-
tural technology promotion platform, this section further examines the long-term effect of
digital information loading by focusing on changes in fertilizer use in 2022, two years after
the treatment and control groups received the digital information loading intervention. The
research team conducted individual telephone follow-ups in 2022 with grape growers who
had participated in the 2020 baseline survey. By matching individual records, we obtained
445 data points related to fertilizer application and other factors. After removing outliers,
434 valid observations remained.

As shown in Table 9, with other control variables unchanged, digital information
loading has a significant and persistent negative effect on growers’ fertilizer inputs at
the 5% level. Specifically, compared with growers in the control group, growers in the
treatment group reduced fertilizer expenditure per mu by 104.366 yuan in 2022. This
confirms that digital information loading not only generates immediate effects but also
exerts a lasting influence on growers’ fertilizer-reduction behavior. This long-term impact
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stems from the sustained internalization of knowledge and accumulation of technical skills,
through which the learning outcomes are ultimately transformed into stable patterns of
production behavior.

Table 9. Long-term effect of digital information loading on growers’ fertilizer-reduction behavior.

. Model (1)
Variable Coef. Std. Err.
Digital information loading —104.366 ** 49.640
Control variables Controlled Controlled
Constant 1092.775 *** 298.699
Sample size 434
R? 0.047

Note: *** and ** denote significance at the 1% and 5% levels, respectively.

5. Conclusions and Policy Implications
5.1. Conclusions

Using data from 475 grape growers in Liaoning Province and drawing on an RCT,
this study employs OLS, OLogit, and threshold regression models to empirically examine
the effect of digital information loading on growers’ fertilizer-reduction behavior and its
underlying mechanisms. The main conclusions are as follows. First, digital information
loading significantly promotes growers’ fertilizer-reduction behavior. Compared with
growers in the control group, growers in the treatment group reduced fertilizer expenditure
per mu by 114.386 yuan (equals to 0.0245 US dollars per square meter). Second, the breadth
and depth of information loading promote fertilizer reduction through perceived usefulness,
whereas this mechanism is not significant for information loading length. Third, the effect
of information loading length on growers’ fertilizer-reduction behavior exhibits a threshold
effect. When average viewing duration falls between 132 and 161 s, the fertilizer-reduction
effect is most pronounced, whereas excessive duration may lead to the disappearance of
the effect because of growers’ loss of attention. Fourth, digital information loading has a
long-term effect. Growers who watched the technical videos not only reduced fertilizer
use in the current period, but also maintained this behavioral change two years after the
intervention. This indicates that digital information loading exerts a persistent influence by
strengthening technical cognition and establishing behavioral inertia.

5.2. Policy Implications

Based on the above findings, four policy implications can be drawn. First, the digital
infrastructure of agriculture should be strengthened by developing regionally customized
agricultural technology platforms for grape growers. Resources from government, research
institutions, agricultural enterprises, and leading growers should be integrated to build
digital agricultural technology service platforms adapted to local conditions. This would
allow agricultural knowledge to be delivered to growers in an intuitive and vivid man-
ner, thereby ensuring the accessibility, comprehensiveness, and precision of technology
dissemination. Second, a full-cycle technical video matrix should be developed to improve
the precision of demand matching. A matrix of fertilizer management videos covering
the entire grape growth cycle should be developed to help growers establish a systematic
understanding of fertilizer application. By addressing growers” production constraints
and technical shortcomings, these videos can enhance perceived usefulness and facilitate
the transition toward green production practices. Third, optimize the design of technical
video duration to improve the efficiency of knowledge dissemination. Full consideration
should be given to farmers’ attention patterns, and video length should be scientifically
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controlled. Complex technical videos should be split into multiple shorter videos to avoid
weakening the absorption of fertilization knowledge due to information overload. Fourth,
the institutional system for digital agricultural technology should be improved to pro-
vide a solid foundation for long-term service guarantees. Positive incentives should be
provided to growers who participate in digital agricultural technology services for two
consecutive years and achieve fertilizer reduction. At the same time, platform mainte-
nance, together with technological iteration and upgrading, should be incorporated into
a routine mechanism to ensure the sustainability of technical support and the stability of
service quality.

5.3. Limitations and Future Directions

Although this study identifies the effect of digital information loading based on a
randomized intervention design, several limitations remain. First, a certain degree of
sample attrition occurred between the baseline and endline surveys. Approximately 33.04%
of the baseline sample was not successfully recovered in the endline survey. Although most
baseline characteristics did not differ significantly between the retained and non-retained
samples, and no systematic difference was observed in the core dependent variable between
the two groups, the potential influence of sample selection cannot be completely ruled
out. Therefore, caution is needed when extending and generalizing the conclusions of
this study.

Second, insufficient compliance was observed within the treatment group. Some
growers assigned to the treatment group did not actually watch the fertilizer technical
videos. To more clearly identify the mechanism through which digital information loading
operates, the empirical analysis retained only growers who completed the intervention.
This treatment helps estimate the intervention effect more accurately. However, the inter-
pretation of intervention results should be limited to groups that have had sufficient time
to receive the digital information. Future research could further improve the robustness
and applicability of the findings by increasing the sample tracking rate and optimizing the
intervention implementation process.
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Abbreviations

The following abbreviations are used in this manuscript:

RCT Randomized controlled trial

OLS Ordinary Least Squares

Ologit  Ordered Logit

PSM Propensity Score Matching

USDA  United States Department of Agriculture
GPS Global Positioning System

APP Application

ATT Average Treatment Effect on the Treated
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