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Abstract: The agricultural sector of Indonesia is dependent on the availability of high-
quality rice seeds for its functionality. The effective management of these seeds is therefore
of paramount importance to ensure the continuity of productivity and the security of food
supplies. However, the aspirations of farmers, who are the primary actors, are often ineffec-
tive and only available in an unstructured narrative form. This complicates the process of
strategic decision-making. The objective of this study is to enhance rice seed productivity
by developing a strategy that employs an integrative informatics approach, integrating text
mining, SWOT analysis, and the QSPM method. The data was collected via 100 open-ended
interviews with farmers and processed through text cleansing, modified TF-IDF weighting,
and token classification into SWOT factors. The classification results were then employed
to construct IFAS and EFAS matrices, which were used to determine strategic positioning.
The utilization of the QSPM matrix facilitated the identification of priority strategies. The
analysis indicated that the seed aspect falls into quadrant IV, suggesting a predominance
of weaknesses and threats, necessitating a defensive (WT) strategy. The primary strategy
identified was the provision of superior seeds that are resistant to extreme weather; this
strategy achieved the highest score in the QSPM analysis. The strategy’s feasibility level,
as validated by three experts, exceeded 83%, thus categorizing it as “highly feasible.” The
present study concludes that integrating text mining techniques with SWOT-QSPM trans-
forms opinion data into an objective, adaptable, and applicable decision-making strategy
based on local data.
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1 Introduction

Indonesia, as an agricultural nation, is highly dependent on its agricultural sector to sustain
its economy and ensure food security. This sector contributes substantially to the Gross Do-
mestic Product (GDP), with rice as the essential product supporting national food require-
ments [1]. The significant dependence of the population on rice makes the improvement of
rice productivity a strategic concern, with seed quality a crucial determinant [2]. However,
many farmers continue to use uncertified seeds due to limited availability and higher costs,
leading to lower yields [3].

Optimizing rice seed production requires context-specific solutions tailored to farm-
ers’ actual needs. The participation of farmers in planning is essential;, however, it often
proves ineffective due to inadequate institutions, hierarchical communication, and farm-
ers’ challenges in systematically expressing their concerns [4,5]. In Padaherang District,
Pangandaran Regency, West Java, strategy design continues to depend on farmers’ em-
pirical knowledge, conveyed through unstructured narratives. This local knowledge is
abundant in insights. However, these insights are diverse and difficult to assess manually.
Consequently, a reliable data analysis technique is essential for deriving these insights, and
one such approach is data mining,.

Data mining is a multidisciplinary computational methodology that integrates statisti-
cal techniques, artificial intelligence, and database management to extract variables [6, 7],
identify patterns [8,9], address missing values [10], and function as a recommendation sys-
tem [11] from extensive datasets. This methodology has been extensively utilized across di-
verse domains, including consumer behavior analysis [12], financial trend forecasting [13],
educational assessment [14-17], metabolic engineering [18,19], as well as sentiment analy-
sis and document categorization [20]. In agricultural informatics, data mining utilizing ma-
chine learning methods is progressively being employed. A Multisensor Machine-Learning
Approach (MMLA) has been presented for crop categorization, with the Random Forest
algorithm demonstrating superiority in improving prediction accuracy [21]. A Named En-
tity Recognition (NER) technique based on a Conditional Random Field (CRF) has been
developed to build an automated agricultural knowledge base [22]. Additionally, text min-
ing and cluster analysis have been applied to numerous smart farming papers to identify
prevailing research trends using TF-IDF and K-means clustering [23].

Text mining is a distinct subset of data mining that concentrates on the analysis of nar-
rative data, utilizing the TF-IDF (Term Frequency-Inverse Document Frequency) method
as a principal approach for pinpointing predominant phrases that encapsulate core themes
within a text corpus [24]. The application of TF-IDF in this work facilitates the conversion
of qualitative interview data from farmers, which was previously challenging to examine
manually, into a structured, weighted format. TF-IDF functions by evaluating term fre-
quency (TF) and its scarcity across documents (IDF), indicating that if a term is present in all
documents, its TF-IDF value is rendered zero [25]. This arises because TF-IDF is a function
intended for classification [26-28]. Meanwhile, TF-IDF is inappropriate for unstructured
narratives from farmer interviews. This is because, instead of performing a classification
process, the case attempts to gather as much information as possible from them. Neverthe-
less, TE-IDF’s ability to transform qualitative data into quantitative data can indirectly be
utilized.

In parallel, strategic planning frameworks such as SWOT (Strengths, Weaknesses, Op-
portunities, Threats) analysis and the Quantitative Strategic Planning Matrix (QSPM) have
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been widely adopted to formulate and prioritize development strategies [29]. SWOT facil-
itates the identification of internal and external factors affecting a system, while QSPM
enables quantitative comparison of strategic alternatives [30, 31]. However, traditional
SWOT-QSPM applications often rely heavily on expert judgment, which introduces sub-
jectivity and limits transparency [22]. Moreover, the weighting of factors is frequently de-
tached from empirical field data, reducing the representativeness of the resulting strate-
gies [32].

To address these methodological gaps, this study proposes an integrative approach
that combines modified TF-IDF-based text mining with the SWOT-QSPM framework for
strategic planning in rice seed productivity. The proposed approach transforms unstruc-
tured farmer narratives into quantitative weights that directly inform IFAS and EFAS ma-
trices, thereby reducing subjectivity and strengthening empirical grounding. A modified
TF-IDF formulation is proposed to capture dominant field issues. This perspective con-
trasts with many previous studies that rely predominantly on expert assessments or sec-
ondary datasets. By grounding analysis in farmers’ narratives, the proposed framework
supports participatory, evidence-based decision-making aligned with on-the-ground con-
ditions. Therefore, the contributions of this research are delineated as follows:

1. Proposing a modified TF-IDF weighting scheme that preserves the importance of fre-
quently occurring terms in narrative agricultural data.

2. Integrating text mining with SWOT-QSPM to convert qualitative interview data into
quantitative strategic priorities.

3. Providing a participatory and data-driven framework for strategic planning in rice
seed productivity that reduces subjectivity and enhances transparency.

The remainder of this paper is structured as follows. Section 2 describes the research
methodology, including data collection, preprocessing, modified TF-IDF formulation, and
integration with SWOT-QSPM. Section 3 presents the results and analysis. Section 4 dis-
cusses the findings in relation to previous studies and practical implications. Finally, Sec-
tion 5 concludes the paper and outlines directions for future research.

2 Research Method

21 Population and Sample

The subjects in this study were key agricultural stakeholders in Padaherang Subdistrict,
including landowners, farm workers, members of farmer groups and representatives of
the agricultural office. The subjects were selected because of their direct participation in
rice cultivation activities, which gave them relevant knowledge and experience on issues
of rice seed productivity.

The Slovin formula is a widely employed technique in the field of text mining research,
which is utilized to determine the sample size of a specific population in an efficient and
representative manner [33,34]. In this study, an error tolerance of 10% was employed, a
margin generally considered reasonable for exploration social studies that utilize a narra-
tive approach [35]. This tolerance level was selected to facilitate the exploration of diverse
perceptions and experiences of farmers while ensuring the efficient utilization of research
resources. The Slovin formula is expressed in Equation 1.

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

RICE SEED PRODUCTIVITY USING INTEGRATION OF MODIFIED TF-IDF AND SWOT-QSPM 97

B N
14 N.e?

In the formula, n refers to the size of the sample. Meanwhile, N denotes the population
size. Furthermore, e indicates the tolerance error utilized. This study employed a 10%
tolerance error, resulting in a minimum sample size of 100 farmers from a total population
of 12,432 farmers in Padaherang Subdistrict. The selection of a 10% margin of error is
justified by the exploratory nature of the study, which aims to capture a broad range of
farmers’ narratives and perceptions rather than to estimate population parameters. Such an
error level is commonly applied in early-stage or social exploration research to balance data
diversity and resource constraints. It has been used in similar rice agriculture studies [36].

n

1)

2.2 The modified TF-IDF

Term Frequency-Inverse Document Frequency (TF-IDF) is a statistical method in text min-
ing used to measure the importance of a term in a document relative to an entire cor-
pus [37,38]. This method operates by calculating two main components: TF and IDF. The
TF (Term Frequency) value indicates how often a term appears in a single document, nor-
malized by document length to avoid bias. Meanwhile, IDF (Inverse Document Frequency)
measures the rarity of a term across the corpus, where terms appearing in many documents
are considered less informative [39,40]. Mathematically, the TF-IDF formula is presented
in Equation 2.

TF-IDF(t,d) = TF(t, d) x IDF(¢)

—Exlo E @)
_'er & Nt

Here, TF-IDF(t, d) represents the TF-IDF score for term ¢ in document d. Meanwhile, n,
and ng denote the frequency of term ¢ and the total number of terms in document d, re-
spectively. Additionally, N and N; refer to the total number of documents and the number
of documents containing term ¢, respectively.

In this study, TE-IDF was modified to address a limitation of the standard TF-IDF. In
the standard method, when a term appears in nearly all documents, its IDF is close to zero,
indicating it is unimportant. As a result, the essential issues raised by all farmers will be
deemed unimportant when assessed using the TF-IDF score, given its formula. This oc-
curs because TF-IDF was designed for document classification tasks [26-28]. Therefore,
the modification was necessary because terms consistently mentioned by all respondents
indicated critical issues requiring attention. The proposed modified TF-IDF formula is pre-
sented in Equation 3.

1
o + IDF(t)

—_— X e —
td a + log (J]\\,’f)

Here, Modified TF-IDF(t, d) represents the modified TF-IDF score for term ¢ in document
d, while o € R is a weighting parameter. In this study, o = 0.1, ensuring the modified

Modified TF-IDF(t, d) = TF(t, d) x
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TF-IDF scores fall within the interval [0,1]. The formula was developed based on the prior
smoothing approach [41,42]. Through this approach, the modified TF-IDF can identify the
words respondents most frequently mention as essential.

Figure 1 compares the weight distributions of terms under standard TF-IDF and the
modified TF-IDF across 100 respondents. The figure shows that standard TF-IDF assigns
near-zero weights to terms mentioned by all respondents, whereas the modified TF-IDF as-
signs them maximum weights. Despite the inverse trend, the rate of weight change relative
to V; remains similar between both methods (the rate of term based on N; around 0.05),
indicating that the modification preserves the original weighting dynamics of TF-IDF, al-
though reversing the trend direction.

The weight of term
o
The weight of term

AOi

L L L L L L L L L L L L L L L L L I I I I I
0 10 20 30 40 50 60 70 8 90 100 0 10 20 30 40 50 60 70 8 90 100

The N; value The N; value
(a) TF-IDF (b) Modified TF-IDF

Figure 1: Comparison of TF-IDF and Modified TF-IDF weights across 100 respondents.

2.3 The SWOT-QSPM Method

The SWOT (Strengths, Weaknesses, Opportunities, Threats) analysis is a strategic tool used
to identify and evaluate internal and external factors of an observed phenomenon [30]. This
approach aims to formulate effective strategies by leveraging strengths and opportunities
while mitigating weaknesses and anticipating potential threats [43,44]. However, tradi-
tional SWOT analysis is descriptive and qualitative, necessitating supplementary methods
for more measurable decision-making. To address this limitation, the Quantitative Strate-
gic Planning Matrix (QSPM) was developed as a quantitative framework that complements
SWOT results. QSPM enables researchers or decision-makers to evaluate alternative strate-
gies based on Total Attractiveness Scores (TAS) [31], thereby facilitating objective strategy
formulation.

In this study, modified TF-IDF is integrated with SWOT-QSPM to overcome the subjec-
tivity inherent in weighting internal and external factors [22]. Term weights derived from
interview data replace conventional respondent-based weighting procedures, ensuring ob-
jectivity. The technical integration of modified TF-IDF into SWOT-QSPM follows these
steps:

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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1. Calculating weights for internal/external factors using normalized modified TF-IDF
values using Equation 4.

_ TE-IDE(t, d)
= S TF-IDE(k, d)’

w(t)

where t, k € the same factor 4)

Where w(t) represents the weight of term ¢, meanwhile, k£ denotes terms within the
same SWOT factor with ¢, namely internal (Strengths and Weaknesses) or external
(Opportunities and Threats) factors.

2. Prioritizing strategies by pairing SWOT categories. The SO (Strengths-Opportunities)
strategy is obtained from the sum of strengths and opportunities weights. Mean-
while, the WO (Weaknesses-Opportunities) strategy is determined by the total value
of the Weaknesses and Opportunities weights. Furthermore, the ST (Strengths-
Threats) and WT (Weaknesses-Threats) strategies are from the total value of the
strengths and threats weights and the weaknesses and threats weights, respectively.
Here, the highest-weighted pair determines the priority strategy.

3. Recommending strategies by screening the information of the categories from the
highest-weighted pair.

4. Validating strategies using the QSPM method. Priority strategies were identified
based on the Sum of Total Attractive Scores (STAS) values for each strategy. The
STAS calculation formula in QSPM is presented in Equation 5.

STAS; =) " w(t) x ASy; (5)

Vit

Where STAS; represents the STAS value for strategy j. Meanwhile, w(t) denotes
the weight of strategic internal and external factors derived from term ¢. Further-
more, AS;; indicates the Attractive Score obtained from expert assessment of the rec-
ommended strategy in relation to internal and external strategic factors within each
SWOT category

2.4 Research Flow

The research methodology of this study comprises seven systematic stages. The initial
stage involves problem identification and literature review, where research questions re-
lated to rice seed productivity are formulated according to SWOT categories (Strengths,
Weaknesses, Opportunities, Threats) referring to [45]. The second stage focuses on data
collection based on the sample used. Here, the data collection was obtained through in-
terviews, yielding unstructured textual data. Subsequently, the third stage implements
standard text mining preprocessing techniques including case folding, tokenizing, filtering,
stemming, and handling missing values [46,47]. The fourth stage calculates term weights
using the modified TF-IDF method described in subsection 2.2. Then, the fifth stage de-
velops strategic recommendations through SWOT analysis. The sixth stage employs the
quantitative strategic planning matrix (QSPM) method to prioritize the formulated strate-
gies. The final step involves a comprehensive interpretation of the analytical results. The
complete research workflow is presented in Figure 2, illustrating the sequential integration
of these methodological components.
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3 Results

3.1 The dataset used

The dataset for this study was collected through interviews with 100 farmers distributed in
the Padaherang Subdistrict area, focusing specifically on the productivity of rice seeds. The
semi-structured interviews employed pre-designed guiding questions based on the SWOT
analysis framework, allowing for flexible exploration of farmers’ narrative responses while
maintaining alignment with research objectives. As presented in Table 1, the interview
questions were systematically organized according to SWOT categories (Strengths, Weak-
nesses, Opportunities, Threats) following the framework utilized by [45].

Table 1: The study questions

No Question

Category

1 Menurut Anda, bagaimana kelebihan penggunaan benih yang selama ini digu-

nakan untuk meningkatkan hasil produksi?

2 Kendala seperti apa yang sering Anda temukan ketika memilih benih padi
yang dapat mengurangi/melemahkan kualitas produksi?

3 Menurut Anda, hal-hal apa saja yang mendukung penggunaan benih padi
memberikan hasil yang baik hingga saat ini dan memberikan prospek di masa
mendatang?

4  Menurut Anda, masalah seperti apa yang dapat mengancam kualitas benih

padi?

Strength
Weaknesses

Opportunity

Threat

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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Furthermore, the obtained dataset comprises 400 narrative responses from four SWOT
categories. Subsequently, the dataset was analyzed to retrieve insights about rice seed pro-
ductivity challenges and opportunities. The qualitative nature of these responses required
specialized text mining approaches to uncover meaningful patterns and strategic informa-
tion about the phenomena observed.

3.2 Term weighting using modified TF-IDF

Furthermore, dataset preprocessing is subsequently performed through several method-
ological steps. The first step, text cleaning and case folding, was performed to standardize
the text format and remove irrelevant elements such as numbers, symbols, double spaces,
and single characters. Next, tokenizing was applied—splitting the text into tokens using
the word_tokenize function from the NLIK library to enable word-level analysis. The re-
sulting tokens were then filtered through stop word removal using the Sastrawi library to
eliminate common words that hold little analytical value. The process continued with stem-
ming, which converts derivative words into their root forms to ensure semantic consistency
and comparability. Then, the last step was the identification and handling of missing values
to maintain analysis quality. Several datasets were found to be empty or resulted in a ‘nan’
term. This occurred due to respondents’ inability to provide narrative information in re-
sponse to the posed questions. To address this issue, an imputation process was carried out
to ensure the dataset remained complete and could be analyzed optimally. The imputation
technique applied in this study is mode-based imputation, which involves filling missing
values using the most frequently occurring terms within each category. All of these steps
were performed sequentially to ensure that the narrative text data became clean, uniform,
and ready for further analysis. Table 2 presents several results of the dataset preprocessing.

Table 2: The preprocessing results
No. Raw Data Preprocessing results
1 Kualitas benihnya bagus [kualitas’, "benih’, ‘bagus’]
2 Benih diperoleh dari hasil panen sendiri ['benih’, ‘hasil’, ‘panen’, "pilih’, ‘baik’]
dan dipilih yang terbaik
3 Benih ditabur merata agar pertumbuhan ['benih’, ‘tabur’, rata’, ‘tumbuh’, 'seragam’]

seragam

4 Menggunakan benih unggul jenis IR 64 ['benih’, ‘unggul’, ‘jenis’, "ir’

5  Menggunakan benih unggul varietes ci- ['benih’, ‘unggul’, ‘varietes’, ‘ciherang’]
herang

100  Sudah punya kebiasaan dan pengetahuan ['biasa’, ‘tahu’, ‘teknis’, ‘semai’, ‘tanam’, ‘benih’]
tentang teknis semai dan tanam benih

After text preprocessing, term weighting was conducted to assess term significance
within the dataset using the modified TF-IDF method. This analysis focused on terms with
the highest TF-IDF values that were explicitly related to issues of rice seed productivity, as
identified in prior studies. The resulting terms and their weights, categorized by SWOT
dimensions, are presented in Figure 3. This analysis yielded 13, 12, 11, and 7 key terms for
the Strength, Weakness, Opportunity, and Threat categories, respectively.
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3.3 Recommended strategies based on SWOT analysis

The analysis process continued with the development of the IFAS and EFAS matrices to
get the score of the internal and external factors. The weight of each factor was calculated
using the modified TF-IDF values, which reflect the level of importance of each term in
the interview narratives. The TE-IDF values were then normalized by dividing them by
the total TF-IDF value within each category (IFAS or EFAS), resulting in relative weights
ranging from 0 to 1. These weights were used to indicate the relative contribution of each
factor in the strategy formulation process. The results of the IFAS-EFAS matrix calculation,
along with the relative weights, are presented in Table 3.

Table 3: Weighting of internal and external strategy factors

Internal factors External factors
Symbol TE-IDF w Symbol TE-IDF w

Strengths Opportunities
S1 0.220 0.050 01 0.095 0.017
S2 0.154 0.035 02 0.159 0.028
S3 0.095 0.022 (0] 0.053 0.009
S4 0.095 0.022 04 0.238 0.042
S5 0.178 0.040 05 0.278 0.049
S6 0.111 0.025 06 0.139 0.025
S7 0.111 0.025 o7 0.111 0.020
S8 0.209 0.047 08 0.308 0.055
S9 0.134 0.030 09 0.123 0.022
S10 0.368 0.083 010 0.205 0.036
S11 0.094 0.021 011 0.154 0.027
S12 0.094 0.021 Sub Total 0.331
S13 0.067 0.015

Sub Total 0.422

Weaknesses Threats
W1 0.398 0.090 T1 0.556 0.099
W2 0.436 0.099 T2 0.797 0.141
W3 0.205 0.046 T3 0.797 0.141
W4 0.139 0.031 T4 0.278 0.049
W5 0.139 0.031 T5 0.308 0.055
W6 0.139 0.031 T6 0.582 0.103
W7 0.154 0.035 T7 0.455 0.081
W8 0.154 0.035 Sub Total 0.0.669
W9 0.095 0.022

W10 0.291 0.066

W11 0.167 0.038

W12 0.167 0.038

Sub Total 0.563

Based on the combination of IFAS and EFAS scores shown in Table 3, the IFAS score
difference is —0.14, and the EFAS score difference is —0.34. These differences indicate that
the seed management position in the agricultural sector of Padaherang is dominated by
negative factors, namely weaknesses and threats. This places the seed aspect in Quadrant
IV, which requires strategies focused on minimizing weaknesses and avoiding threats, thus,
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more defensive strategies or WT strategies, as illustrated in Figure 4. The formulation of
WT (Weaknesses-Threats) strategies is presented as follows:

Strengths Weaknesses

0 2.00
9 SO WO
=

=
- 1.00

S)

2,

(o
o 0

£ (-0.14,-0.34)

& -1.00

=

H

ST WT
-2.00 -1.00 0 1.00 2.00

Figure 4: SWOT diagram for seed aspects

1. Conduct training on seed storage to prevent damage and pest attacks and planting
seeds at the appropriate time of year (W2, W7 - T1, T2, T3)

2. Introduce safer and longer-lasting seed storage technologies to reduce the risk of
damage from humidity and pests (W4, W8, W9, W11, W12 - T5)

3. Provide high-quality seeds resistant to extreme weather to mitigate the impact of
drought and pest attacks (W3 - T4, T5, T6, T7)

4. Build a faster and cheaper seed distribution system to ensure timely delivery to farm-
ers and reduce losses due to delays (W1, W5, W10 - T7)

5. Develop seeds that are more resistant to pests such as rats and brown planthoppers
through breeding techniques or specific treatments (W6, W3 - T3)

6. Provide safer, quality-controlled storage facilities to ensure seeds remain undamaged
during storage (W7, W11 - T5)

These WT strategies focus on addressing internal weaknesses related to seed storage
and distribution, while simultaneously responding to external threats such as extreme
weather and pest attacks. Approaches such as training, the introduction of storage technol-
ogy, and timely distribution directly contribute to loss reduction and seed quality improve-
ment. This strategy lays the groundwork for strengthening the seed production system’s
resilience among farmers.

3.4 Validation of recommended strategies using QSPM

After formulating various strategic alternatives through the SWOT matrix, the next stage
is to conduct an analysis using the Quantitative Strategic Planning Matrix (QSPM) to de-
termine the most feasible priority strategy for implementation. QSPM is used to provide

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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a quantitative assessment of each strategy based on the internal and external factors pre-
viously identified through the IFAS and EFAS matrices. This process involved evaluations
from three agricultural experts from Padaherang District, ensuring an objective assessment
by comparing the Attractiveness Scores of each strategy against the weights of the SWOT
factors. As a result, strategic decisions are made based on data-driven insights, rather than
solely on intuition. Figure 5 demonstrated the sum of total attractive score (STAS) from
QSPM for each strategy, where the STAS values of the first, second, third, fourth, fifth, and
sixth strategies are 7.16, 7.23,7.26, 7.18, 6.64, and 7.25, respectively.

Strategy_3 Strategy_2
7.26
7.23
7.18,
Strategy_4 7.16 Strategy_1
6.64 7.5
Y
Strategy_5 Strategy_6

Figure 5: Sum of total attractive score values for each strategy

Based on the QSPM results, the strategy with the highest score is Strategy 3 (score:
7.26), which involves the provision of high-quality seeds resistant to extreme weather and
is considered the most important and impactful. This is followed by Strategy 6 with a score
of 7.25 and Strategy 2 with a score of 7.23. These three strategies are identified as the top
priorities in seed management. Meanwhile, other strategies, such as Strategy 4, Strategy 1,
and Strategy 5, are ranked lower, with scores below the top three.

The QSPM-derived strategic priorities are empirically reinforced through direct linkage
between each strategy and quantified field conditions. Strategies addressing seed handling
and storage (Strategies 1, 2, and 6) are supported by national evidence showing that har-
vest and postharvest losses in Indonesia reach 20.5% of total rice production, equivalent
to economic losses exceeding IDR 15 trillion, primarily driven by suboptimal harvesting,
drying, and storage practices [48]. The prioritization of climate-resilient seed provision
(Strategy 3) aligns with observed drought stress during the 2023 El Nifio event, where the
severity of drought in Java averaged -0,84 £ 0,28 with dry periods lasting up to five consec-
utive months, compounded by rainfall deficits of 150 to 200 mm per month [49,50]. Pest-
resistance strategies (Strategy 5) are justified by extensive biotic pressure, as pest outbreaks
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in West Java alone affected more than 5,600 ha of rice fields by stem borers, 4,900 ha by
rodents and more than 3,000 ha by bacterial leaf blight within a single planting season [51].
Finally, the emphasis on improving seed distribution efficiency (Strategy 4) is empirically
grounded in the dominance of informal seed systems, where 98% of farmers rely on self-
saved seeds and only 35% access commercial or formal distribution channels, largely due
to delayed or limited availability from official providers [52]. Together, these quantified
indicators substantiate the QSPM rankings by demonstrating coherence between expert
judgment, farmer narratives, and measurable production constraints.

Furthermore, three experts conducted strategy validation using a Likert scale of 1 to 5 to
assess the feasibility of the proposed strategies with respect to field conditions. According
to Table 4, the validation results show total scores ranging from 83.77% to 93.02%, which
are categorized as “Very Worthy.” This assessment reflects a high level of acceptance from
the three main stakeholder groups: Landowners, Heads of Farmer Groups, and the District
Agriculture Office.

The selection of landowners, farmer groups leaders and representatives of the District
Agriculture Office is based on their strategic roles in agricultural decision-making and im-
plementation. Landowners determine production investment and seed adoption decisions,
heads of farmer groups coordinate collective farming practices and information dissem-
ination, while agricultural office representatives are responsible for policy execution and
technical guidance. Compared to field laborers or farm workers, these stakeholders pos-
sess broader decision authority, institutional knowledge, and policy-related insight, mak-
ing them more suitable for evaluating strategic feasibility at the planning level.

Table 4: Strategy Validation

Stakeholder Identity Strategy Assessment Assessment Category
Landowner 0.9302 Very Worthy
Head of Farmer Group 0.8377 Very Worthy
District Agriculture Service 0.8981 Very Worthy

Most of the respondents considered the strategies formulated to be relevant to the field
conditions, easy to understand, and realistic to implement. Although the feedback was
generally positive, the agriculture office made constructive suggestions, particularly re-
garding the adaptation of seed varieties to local conditions. In general, this validation
reinforces the strength of the strategies as applicable, participatory and grounded in the
real needs of farmers.

4 Discussion

4.1 Comparison with Related Studies

This study develops an integrative approach that combines text mining based on TF-IDF,
SWOT analysis, and the QSPM method to formulate strategies to systematically improve
traditional agricultural productivity. This approach overcomes the limitations of conven-
tional SWOT, which tends to be subjective, by transforming open-ended interview data
from 100 farmers into objective quantitative weights through text processing and relative
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frequency weighting. This conversion supports the construction of IFAS-EFAS matrices
and the prioritization of strategies using QSPM, grounded in field data.

Compared to the study by Cheng et al. (2021), which applied change mining to derive
SWOT factors from product reviews in a measurable way [29], the approach in this study
stands out for applying text mining in the agricultural context and for emphasizing local
farmer participation. Meanwhile, Miric et al. (2022) utilized machine learning for auto-
matic classification, and Panoutsopoulos et al. (2022) developed a named entity recognition
(NER) model to extract agricultural terms [53,54]. In contrast, this study emphasizes the
transformation of narrative opinions into actionable data that can be used directly in tac-
tical planning. Although Tay (2024) also highlights the need for innovative approaches in
SWOT [55], this study excels in efficiency, replicability, and a stronger local context. Thus,
it contributes to a new methodological model that can be applied not only in agriculture
but also in participatory evidence-based decision-making in other sectors.

4.2 Integration of Text Mining and SWOT-QSPM in Agricultural Con-
text

The method used in this study emphasizes converting qualitative data into quantitative in-
sights through a text-mining approach. The integration of text mining with SWOT-QSPM
in this study not only yields more representative strategies but also introduces a new way
to quantify qualitative opinion data from farmers. Through preprocessing, modified TF-
IDF weighting, and mapping to the SWOT framework, narrative information was success-
fully converted into a measurable, comparable analytical structure. This makes the strategy
formulation process more transparent, data-driven and contextually relevant to the real
challenges farmers face on the ground.

4.3 Practical and Policy Implications

The proposed defensive strategies (WT) have several practical implications regarding costs,
implementation challenges, and policy alignment. From a cost perspective, adopting su-
perior rice seed varieties that are more resistant to extreme weather conditions requires an
initial investment, particularly in seed procurement, storage, and farmer training. How-
ever, these costs are relatively lower than the potential losses from crop failure, decreased
productivity, and repeated replanting due to climate-related risks.

In terms of implementation, several challenges may arise, including limited access to
quality seed storage facilities, varying levels of technical knowledge among farmers, and
distribution constraints across farming areas. These challenges highlight the importance
of coordination through farmer groups and institutional support from local agricultural
authorities to ensure effective dissemination and adoption of the proposed strategies.

From a policy perspective, the recommended strategies are aligned with existing gov-
ernment programs on food security, adaptation to climate change, and the promotion of
certified superior seeds. This alignment increases the feasibility of implementation, as the
strategies can be integrated into ongoing agricultural extension activities and policy frame-
works without requiring major structural changes.
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4.4 Replication Potential

The integrative method developed in this study demonstrates strengths in efficiency and
flexibility, particularly in handling complex, unstructured, open-ended interview data.
With this approach, decision-making is no longer solely dependent on expert judgment
but also incorporates the majority’s voice through relative-frequency-based weighting and
quartile classification. Therefore, this model has the potential to be replicated and further
developed as a systematic framework for the design of text-based strategies in other policy
sectors and could evolve into a decision-support system based on local data. By making
farmers’ voices the foundation of strategy, this approach supports applicable and adap-
tive participatory development practices. The QSPM framework used in this study can be
accessed at https://github.com/enci-mulyani003 /QSPM-Spreadsheet-Template-for-Text-
Mining-SWOT-Integration.

5 Conclusion

This study underscores the strategic role of text mining in the processing of open-ended in-
terview data to support data-driven strategic planning in the agricultural sector. It shows
that an integrative informatics-based approach combining text mining, SWOT analysis,
and the QSPM method can produce farming strategies that are more systematic, participa-
tory, and grounded in field data. SWOT analysis revealed that the seed management aspect
in Padaherang Subdistrict falls within Quadrant IV, indicating a dominance of weaknesses
and threats. As a result, WT strategies were formulated as defensive approaches, focus-
ing on improving seed storage systems, distribution mechanisms, and protection against
environmental factors and pests.

The top-priority strategy, as identified through the QSPM matrix, is the provision of
superior seed varieties resistant to extreme weather conditions, which received the highest
score. Expert validation demonstrated very high feasibility, reinforcing that the strategy is
relevant, realistic, and practically implementable in the field. The primary strength of this
research lies in its use of text mining to transform farmers’ narrative input into quantita-
tive data for further analysis within the SWOT-QSPM framework. This process enables the
development of a more objective and transparent strategic structure while also incorporat-
ing farmer participation as a primary data source. Compared to conventional approaches
or similar studies, this model is more efficient in handling unstructured data and can be
replicated across other sectors to support text-based decision-making. By anchoring strate-
gic formulation in local perspectives, this research contributes to applied informatics while
supporting inclusive and adaptive agricultural development grounded in farmer-driven
evidence. Nevertheless, several weaknesses should be acknowledged, including limited
sampling coverage, limited stakeholder validation, and the use of a simple mode-based
approach to impute missing values, which may affect the natural distribution of responses
and the robustness of the findings. These aspects were not fully addressed in the present
study due to its exploratory focus and practical constraints related to time, resources, and
data availability. Future studies are encouraged to involve larger and more diverse sam-
ples, expand stakeholder participation through broader surveys or pilot field testing, and
apply more advanced missing-value imputation techniques to improve empirical validity
and analytical reliability.
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