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These include traditional farming practices, pest infestations, limited access to
technology, and inefficient marketing chains. A quantitative approach was employed,

using surveys, observations, and documentation to collect data from 66 tomato farmers.
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Statistical analyses revealed that access to modern technology and market information

significantly boosted both tomato productivity and profitability. The study recommends

improving access to agricultural technology, enhancing market infrastructure, and

fostering farmer group collaborations to strengthen the marketing system, along with
encouraging the development of processed tomato products for higher added value.

INTRODUCTION

Tomato farming is an essential agricultural activity in Talimoro
Village, Ermera District, where it serves as a primary source of
income for many households. Despite the favorable conditions for
tomato cultivation, including suitable land and climate, farmers
face challenges that impede both productivity and the marketing
efficiency of tomatoes. These challenges include pest and disease
issues, poor farming practices, lack of access to modern
technologies, and an inefficient marketing chain. This research
aims to analyze the factors influencing tomato farming
productivity and its marketing performance, with the goal of
providing recommendations to improve the livelihoods of farmers
and contribute to the sustainable development of the agricultural
sector in Timor-Leste.

METHODS

This study adopted a quantitative research approach using a
descriptive correlational design to assess the relationship between
various factors influencing tomato productivity and marketing
performance. A total of 66 tomato farmers were randomly selected
from Talimoro Village to participate in the survey. The data
collection process included:

Surveys with structured questionnaires: These focused on farming
practices, technology use, access to market information, and
marketing strategies.

Field observations: Used to directly assess farming practices and
marketing activities.

Documentation: Included records from local agricultural offices
and  previous  studies relevant to the  context.
The data were analyzed using descriptive statistics to summarize
the responses and regression analysis to test the relationship
between farming practices, access to technology, and marketing
outcomes.

RESULTS AND DISCUSSION
1) Factors Affecting Tomato Farming Productivity
Farming Experience

Data analysis presents a boxplot depicting the distribution of
productivity (in kilograms per hectare) based on farming
experience (in years). From this plot, it can be seen that
productivity varies at each level of farming experience, with a
relatively fluctuating median but a tendency to increase from the
first to the fourth year. Some levels of experience show
considerable variation in productivity, for example in the first and
seventh years of experience, where the range of productivity
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covers fairly low to high values, reflecting uncertainty and
considerable variation among farmers with that level of
experience. Although there is one outlier in the fourth-year
experience group, in general this boxplot illustrates that farming
experience correlates with productivity, although not entirely
consistently every year.

Statistically, it was found that the model intercept was significant
with a p-value < 0.001, indicating a clear baseline level of
productivity, meaning that even without considering other
variables, there is a minimum level of productivity that is
important to note. Meanwhile, the variables of farming experience
and land area show positive coefficients, which means that both
contribute to increased productivity. However, these coefficients
are not statistically significant (p > 0.05), indicating that although
experience and land area tend to increase productivity, their
influence is not strong enough or statistically consistent in this
model. This could be influenced by other factors not included in
the model or high data variability among farmers. Thus, although
farming experience and land area are important in practical terms,
from a statistical analysis perspective, they are not really strong
predictors of productivity in this context

Boxplot of Productivity by Farming Experience
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Figure 1: Productivity distribution based on farming experience

2) Education Level

The result present with boxplot shows the distribution of
productivity (kg per hectare) based on the educational level of
farmers, namely basic education (1), secondary education (2), and
professional education (3). When linked to the regression analysis
results provided, it appears that the Intercept value in the
regression model shows very high significance (p-value <0.001),
which means that the average basic productivity can be
considered statistically significant even without considering the
education variable as a predictor. However, the education level
variable does not show statistical significance, so that differences
in education levels between groups do not contribute significantly
to the variation in farmer productivity in this sample.

The very low R-squared value (0.042) indicates that the model is
only able to explain about 4.2% of the variability in productivity
from the level of education, while the rest is influenced by other
factors outside the model. Even the negative Adjusted R-squared
value indicates that this regression model is less suitable and less

appropriate to use to explain the relationship between education
and farmer productivity, so that this model does not have
meaningful predictive power.

Visually, the distribution of the boxplot between the three
education groups also tends to be similar, and does not show a
significant increase or decrease pattern between education
categories. Thus, both statistically and visually, the relationship
between education level and productivity cannot be considered
significant in this study.

Scatter Plot of Productivity by Land Area
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Figure 2: Education Level

Land Area

The relationship between land area and productivity (in kg per
hectare) is visualized through scattered blue dots and a red linear
regression line. Statistical analysis shows that the Intercept value
in this regression model is significant (p-value < 0.001), which
means that there is a consistent baseline productivity without
considering land area as the main predictor. However, the
coefficient for the Land Area wvariable shows a positive
relationship in terms of estimation, but is not statistically
significant (p > 0.05), so that changes in land area have no real
impact on productivity variation.

In terms of model strength, the R-squared value of only 0.042
indicates that this regression model can only explain about 4.2%
of the existing productivity variation. Meanwhile, the negative
Adjusted R-squared value shows that the model is not suitable for
predicting or explaining the relationship between the two
variables—meaning that this model is very weak in explaining the
existing data. Visually, the distribution of points in the scatter plot
shows a weak correlation and no clear pattern of relationship
between land area and productivity, confirming the statistical
finding that this model has no predictive power or strong
significant relationship between the variables studied.
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3) Organic Fertilizer

Boxplot of Productivity by Organic Fertilizer Usage
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Figure 3: Organic Fertilize

The boxplot in Figure 4 shows the distribution of productivity (kg
per hectare) based on the variable of organic fertilizer use—where
the category “0” means no use and “1” means use of organic
fertilizer. The results of the related regression analysis reveal that
the Intercept value is highly significant (p-value < 0.001), which
means that there is a clear baseline productivity without taking
into account the factor of organic fertilizer use as the main
predictor. However, the variable of organic fertilizer use itself was
not statistically significant, so that the difference between the
groups of organic fertilizer users and non-users did not contribute
significantly to the variation in productivity in this sample data.

The low R-squared value of 0.042 shows that the model is only
able to explain about 4.2% of the total variability in farmer
productivity, while the rest is influenced by other factors outside
the model. In fact, the negative Adjusted R-squared value
indicates that this regression model is not suitable for predicting
or explaining the relationship between organic fertilizer use and
productivity. Visually, the boxplot distribution between the
organic fertilizer user and non-user groups appears similar; the
median and range of productivity overlap, reinforcing the
statistical finding that there is no significant difference or strong
relationship between the use of organic fertilizer and productivity
in this study.

4) Pesticides Usage
Boxplot of Productivity by Pesticides Usage
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Figure 4: Pesticides Usage

The boxplot in Figure 5 shows the distribution of productivity
(kg per hectare) based on the variable of pesticide use, where “0”
means no use and “1” means use of pesticides. Regression
analysis of this data shows that the Intercept value of the
regression model is statistically significant (p-value < 0.001),
reflecting a measurable baseline productivity even without
considering pesticides as a major predictor. However, the
pesticide use variable itself is not statistically significant—
meaning that the difference between pesticide users and non-users
does not result in significant productivity variation in this data
sample.

The regression model used only has an R-squared of 0.042, which
indicates that the model is only able to explain about 4.2% of the
total variation in productivity. Meanwhile, the negative Adjusted
R-squared value shows that the model is not suitable for use in
explaining or predicting the relationship between pesticide use
and farmer productivity. Visually, the distribution spread in the
boxplots for groups “0” and “1” is very similar, both in terms of
the median and the data spread, reinforcing the statistical results
that the relationship is not significant and that the model does not
have strong predictive or explanatory power for the productivity
data studied.
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5) Irrigation System

Productivity by Imigation (Low R?)
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Figure 5: Irrigation System

The graph in Figure 6 shows the distribution of productivity based
on the use of irrigation systems in two categories, namely “With”
(with irrigation) and “Without” (without irrigation). The blue box
shows the distribution of productivity values for the group with
irrigation, which is generally around the baseline value of 11—
marked by a horizontal dotted line. Most of the data in this group
is within a narrow range, between 10 and 11, with a few outliers
below 10. This indicates that productivity on irrigated land tends
to remain at baseline levels and does not experience significant
increases.

In contrast, the red box in the category without irrigation shows a
wider data distribution pattern, with productivity ranging from 12
to 15 and several outliers. Although there appears to be greater
variation, the statistical results of the model show that the
irrigation system is not a significant factor in productivity, with a
p-value greater than 0.05. The regression results show a
significant intercept (p < 0.001), which means that the baseline
productivity can be statistically confirmed. The coefficients for
the variables of farming experience and land area are positive, but
neither is statistically significant. The R-squared value of the
model is only 0.042 or 4.2%, so the model's ability to explain
productivity variability is very limited. Even the negative adjusted
R-squared value confirms that the model used is not suitable for
this data and is unable to provide good predictions, so there is no
strong or significant relationship between productivity and the
variables tested.

6) Tomato Marketing Chain Structure

Proft Margin by Channe
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Figure 6: Tomato Marketing Chain Structure

The graph in Figure 7 illustrates the wide range of profit margin
values generated randomly, which supports the regression
analysis results that there is no significant relationship between
the independent variables tested and profit margin.

The regression results show an R-squared value of 0.0363, which
means that only about 3.63% of the variation in profit margin can
be explained by the model with the variables of Production,
Selling Price, Distribution Channels, and Market Access. This
indicates that the model has very low predictive power, so that the
majority of the variation in profit margin is influenced by factors
other than these variables.

The regression coefficients for all independent variables are not
statistically significant, with p-values greater than 0.05, which
means that there is no meaningful linear relationship between
profit margin and production, selling price, distribution channels,
or market access in this data. In addition, the F-statistic test with
a value of 0.5838 and a p-value of 0.7424 confirms that the model
as a whole is not significant, so it cannot be used to make reliable
predictions or decisions based on the model.

The boxplot graph also illustrates that the distribution of profit
margins is quite wide in each category of distribution channel and
market access without any clear specific pattern. Profit margins
vary within overlapping ranges between categories, confirming
that the variables used in this model do not strongly influence
profits. Therefore, this analysis leads to the conclusion that the
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influence of production variables, selling price, distribution
channels, and market access on profit margins in this dataset is
very weak and statistically insignificant.

7) Access to Technology and Information

From the first graph in Figure 8§, it can be seen that farmers who
use modern technologies such as drip irrigation, organic
fertilizers, and marketing monitoring via social media tend to have
higher productivity than those who do not use such technologies.
This supports the results of the correlation analysis, which shows
a positive relationship between the use of modern technology and
productivity.

The second graph shows the relationship between access to
market information and profit margins. Farmers who have good
access to market information, for example through farmer groups
or training, obtain relatively higher profit margins than farmers
with limited access. This also supports the correlation results that
access to market information is positively correlated with profit
margins and marketing strategies.

In the regression analysis, the model used can explain the effect
of technology use and information access on production and
profit, although other variables such as access to training and
farmer group membership can also act as moderating variables.
Thus, access to training and group membership is believed to
strengthen or modify these relationships, making them important
factors in efforts to increase farmer productivity and profits.

Overall, this data description shows that some farmers have
utilized modern technology and access to information as tools to
improve their farming yields. However, limited market access for
some farmers, especially those who are not members of groups,
indicates the need for policy interventions that expand access to
market information and technology training so that the benefits
can be felt more widely and evenly among farmers.

Profit by Market Access

Profit (USD)

Market Access

Figure 7: Boxplots showing Productivity by Technology Usage and Profit
Margin by Market Information Access

8) Impact of Climate Change

Most farmers farm at an altitude of around 700 meters above sea
level, according to location data (altitude) that shows a
concentration at that altitude. Variations in climatic conditions

such as temperature and rainfall have a significant effect on crop
yields and quality, for example tomatoes that rot easily during the

Land Size by Interest in Products

Land Size (ha)

heavy rainy season.

Correlation analysis shows that altitude and climatic conditions
are related to fluctuations in crop yields and farmer income,
especially during the rainy season or when humidity is high. This
is reflected in the ups and downs in productivity and income
related to rainfall and ambient temperature. Extreme climatic
conditions can significantly reduce production, requiring
adaptation to maintain productivity.

Multivariate regression analysis also indicates the complex
influence of environmental variables such as altitude,
temperature, and precipitation on productivity and agricultural
marketing. In addition, adaptation factors such as irrigation
systems and good land management play an important role in
maintaining production stability amid unpredictable climate
change.

Visually, farmers who implement adaptation strategies tend to
show better productivity levels than farmers without adaptation,
although the variation is still quite large. This confirms the
importance of implementing climate adaptation to increase
agricultural resilience to environmental dynamics and extreme
weather caused by climate change.

Productivity by Adaptation

Adaptation B No @ Yes

Prod. (kg/ha)

Adaptation

Figure 8: Boxplot showing Productivity by Adaptation to Climate Change
among farmers

9) Potential for Processed Tomato Products

10) Figure 9: Boxplot showing Land Size by Interest in Processed
Tomato Products among farmers
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The data shows that farmers who own larger plots of land tend to
have a higher interest in processing tomato products, in line with
the correlation analysis that found a positive relationship between
land size, production volume, and profit margins with processing
potential.

Some farmers expressed strong interest in processed tomato
products because they recognized the added value that could be
obtained from processing. Market awareness of these processed
products also encouraged farmers to develop processing
businesses as a strategy for diversifying their income.

In regression analysis, models can be used to predict factors that
explain farmers' readiness for product processing based on land
capacity, farming experience, and marketing efforts. This model
indicates that farmers with longer farming experience and good
marketing strategies are also more ready to develop processed
tomato products.

Overall, this description and graph reinforce the assumption that
larger land capacity, high production volume, and adequate profit
margins are the main factors that correlate positively with farmers'
readiness to process tomato products. Therefore, policies or
programs that support increasing land capacity and marketing
development can be key to developing a more advanced and
sustainable tomato processing sector.

11)Role of Farmer Groups

The boxplot graph in Figure 5.11 shows the distribution of
productivity, marketing capabilities, and profit margins between
farmers who are members of farmer groups and those who are not.
Farmers who are members of farmer groups consistently show
higher values for these three variables compared to non-members,
indicating the positive effect of farmer group membership on their
performance in terms of production and marketing.

Participation in farmer groups is still limited, with only about 40%
of farmers being members. However, farmers who are members
report tangible benefits, particularly in terms of information
sharing and better access to markets. The effectiveness of farmer
groups is rated on a Likert scale of 3 to 5, indicating that there is
room for improvement in the effectiveness of groups in supporting
their members.

Correlation analysis shows a positive relationship between
membership in farmer groups and productivity and marketing
capabilities. Farmer groups provide training support, access to
technology, and markets, which are important factors in
increasing production and product sales. This is evident from the
higher value experienced by group members compared to non-
members.

From the regression analysis results, farmer group membership
has a significant effect on increasing production and profit
margins after controlling for other factors such as access to
technology. Membership increases productivity by around 12.35
units and profit margins by 4.18%. While access to technology
also contributes significantly to profit margins (+5.86%), its effect
on productivity is not statistically significant. This reinforces the
conclusion that farmer group support is crucial in improving
farmers' welfare through increased yields and profitability of
farming businesses.

Farmer Groups Performance Comparison

W Productivity M Mkig Ability M Profit Margin

Score/Percent

Nen-Members

Group Type

Figure 10: Boxplot of Productivity, Marketing Ability, and Profit Margin by
Membership in Farmer Groups

The study shows that farming experience and land area tend to
increase tomato farming productivity but their influence is not
statistically significant, indicating other factors may play a greater
role in productivity variation (Thesis, 5.1.1.1). Similarly,
education level, use of organic fertilizer, pesticide application, and
irrigation system were not significant predictors of productivity,
confirmed by the low R-squared values and similar productivity
distributions across groups (Thesis, 5.1.1.2 to 5.1.1.6).

Tomato marketing profit margins were not significantly related to
production volume, selling price, distribution channels, or market
access, reflecting that these variables explained only a small
portion of profit variation (Thesis, 5.1.2).

Access to modern technology and market information positively
correlated with higher productivity and profit margins,
respectively. Membership in farmer groups was found to
significantly increase both productivity and profit margins, likely
due to improved access to training, technology, and markets
(Thesis, 5.1.3; 5.1.6).

Adaptation to climate change variables such as altitude,
temperature, and rainfall affects crop yield stability, with farmers
implementing adaptive strategies showing better productivity
(Thesis, 5.1.4).

Farmers with larger land areas and better marketing strategies
showed greater readiness for tomato processing development,
indicating land capacity and marketing as key factors for product
diversification (Thesis, 5.1.5).
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