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This study examines household poverty in Sakon Nakhon province, Thailand, using a
livelihood-capital household survey containing 2,128 records and 73 variables. Household
poverty in Sakon Nakhon, Thailand, remains a pressing policy concern, yet existing evidence
rarely integrates explanatory, predictive, and co-occurrence evidence within a single locally
grounded study. Poverty status was derived by comparing per-capita monthly income with
the constant poverty-line field in the dataset; after preprocessing, 1,562 households were
classified as poor and 497 as non-poor (poor-class share: 75.86%). Three evidence streams
were separated: explanatory statistical analysis, leakage-controlled predictive modeling, and
association rule mining (ARM). Group comparisons and robust logistic regression showed
that Human Capital (OR = 0.318), Social Capital (OR = 0.568), Physical Capital (OR =
0.513), and agricultural green-book status (OR = 0.721) were associated with lower poverty
odds, while household size (OR = 1.487) was associated with higher odds. Extra Trees
achieved the strongest ROC-AUC (0.730); L2-regularized logistic regression achieved the
strongest balanced accuracy (0.658). ARM identified recurring poverty-associated profiles in
Kusuman district, characterized by low social participation and large households with low
physical or social capital. This study demonstrates a reproducible, data-driven workflow for
community-level poverty screening and policy prioritization in resource-constrained
provincial settings. Its creative science contribution lies in integrating livelihood-capital
theory, explainable statistical modeling, leakage-controlled machine learning, and
association-rule mining into a single practical framework for identifying locally relevant
poverty profiles and supporting sustainable community development.
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1. Introduction
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spatially uneven poverty factors and local livelihood-capital

Poverty in provincial Thailand is not only an income-
based condition; it is also expressed through uneven access
to education, skills, health, housing, infrastructure, social
participation, and local problem-solving capacity, aligning
with multidimensional poverty and livelihood-capital
research [1 — 3]. Sakon Nakhon, a province in Northeastern
Thailand, provides a relevant setting for examining how
household livelihood conditions align with income-defined
poverty in the available Sakon Nakhon dataset, because
recent Thailand- and Sakon Nakhon-focused studies show
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poverty applications [4, 5].

This article uses household survey data from Sakon
Nakhon to study income-defined poverty through three
deliberately separate analytical lenses. First, explanatory
statistical ~analysis estimates associations between
livelihood-capital domains and poverty status. Second,
predictive machine learning evaluates whether non-income
household conditions can screen for poverty risk without
using direct income variables as predictors [6 — 8§].
Third, association rule mining describes interpretable
co-occurrence patterns among deprivation indicators and
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poverty status. The three methods are used together because
regression estimates adjusted associations, machine learning
evaluates predictive discrimination, and ARM surfaces
frequent co-occurrence profiles of deprivation, each
answering a distinct empirical question. The study does not
interpret any result as causal because the data are cross-
sectional and observational.

Previous studies have examined poverty prediction,
spatial patterns, and livelihood-capital factors in Thailand,;
however, few have simultaneously combined explanatory
regression, machine-learning screening, and association-
rule mining within a single locally grounded dataset,
particularly at the provincial level in Northeastern Thailand.
The present study addresses this gap. The study uses the
available PPAOS-derived Sakon Nakhon household dataset;
all findings should be interpreted within this dataset unless
external representativeness can be independently verified.

In the context of creative science, the study is innovative
because it combines social-science poverty theory with
computational data analytics to generate interpretable and
actionable knowledge. Rather than treating machine
learning as a stand-alone prediction tool, the workflow
integrates statistical explanation, predictive screening, and
rule-based pattern discovery to support community
development decisions in Sakon Nakhon. As such, the study
has five objectives:

1. To audit the Sakon Nakhon household poverty
dataset and document missingness, duplicates, class
imbalance, and analytical limitations.

2. To estimate statistical associations between
livelihood-capital domains, household characteristics,
district context, and income-defined poverty.

3. To evaluate leakage-controlled machine-
learning models for non-income poverty-risk screening.

4. To identify descriptive association rules that
reveal recurring deprivation co-occurrence patterns related
to poverty.

5. To integrate statistical, predictive, and ARM
evidence without conflating association, prediction,
co-occurrence, or causation.

2. Materials and Methods

Data Source and Unit of Analysis

The dataset was obtained from the Overview of Poor
Households: 20 Provinces dashboard of Thailand’s
Provincial Poverty Alleviation Operating System (PPAOS),
with a focus on Sakon Nakhon Province. The data were
extracted for the period between January and May 2025. The
analytical workbook contained 2,128 household records and
73 variables. The household was used as the unit of analysis.
The data consist of administrative poverty-targeting records
drawn from households already registered in the PPAOS
system in Sakon Nakhon Province. They do not represent a
random sample of all provincial households; accordingly,
findings should not be generalized to the full provincial
population. Variable interpretation was based primarily on
the English field names in the workbook and was cross-
checked against the accompanying data dictionary where
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readable. Because some Thai-font encoding in the data
dictionary limited direct text extraction, ambiguous fields
were interpreted cautiously and were not used as primary
explanatory anchors unless their meaning was clear from the
workbook structure.

Outcome Definition

The primary outcome was an income-defined binary
poverty variable. Per-capita monthly income was computed
by dividing annual household income by 12 and the number
of household members. A household was classified as poor
when its per-capita monthly income was below the poverty
line field available in the dataset. Records with missing
income, missing poverty-line values, or non-positive
household size were excluded from target-based analysis.
The poverty line was constant across all records in this
dataset extract, likely reflecting a single administrative
threshold used in the PPAOS system at the time of
extraction. This means all households are evaluated against
the same threshold, which limits variation in the income
line, simplifies target construction, and ensures transparent
replicability. Because the poverty-line field was constant
across this dataset extract, the resulting outcome should be
interpreted as an income-defined analytical proxy for
poverty. To prevent leakage, direct income variables,
poverty-line fields, and financial-capital variables were
excluded from the primary predictive feature set.

Per-capita monthly income was calculated by dividing
annual household income by 12 months and by the number
of household members living in the household, as shown in
equation (1), where PCI,, is per-capita monthly income,
I; is annual household income, and N, is the number of
household members actually living in the household.

I
12N},

PCIL,, = (1

Poverty status was transformed into a binary outcome
variable, where households with per-capita monthly income
below the poverty line were coded as poor, and all other
households were coded as non-poor, as shown in equation
(2), where Y; represents the binary poverty status of the
household i, PCI,; represents the per-capita monthly
income of the household i, and PL, represents the poverty
line threshold.

=]

Records with missing income, missing poverty line,
or non-positive household size were excluded from target-
based analysis. Direct income variables, poverty-line fields,
and financial-capital fields were excluded from the primary
predictive feature set to avoid leakage. This income-defined
target is intentionally narrower than multidimensional
poverty measurement, which treats poverty as a joint pattern
of deprivation across domains such as education, health, and
living standards [1, 3]. The dataset audit is summarized in
Table 1.

1:
0:

if PCI,; < PL,
otherwise

2
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Table 1 Dataset audit summary.

Item Result
Raw records 2,128
Columns 73
Districts represented 7
Sub-districts represented 26
Exact duplicate rows 2
Target-valid records before 2,059
exact-duplicate handling
Poor households in the 1,562
target valid data
Non-poor households in 497
the target valid data
Poor share 75.86%

Highest-missing variable Agricultural Household
Number, 62.69% missing
Note. Target-valid records had non-missing income, poverty-line,
and household-size values. Poverty status was derived from per-
capita monthly income. Missingness is reported for the original

dataset.

Analytical Streams

The study uses four streams. The descriptive audit
documents missingness, duplicates, distributions, and class
imbalance. The explanatory stream uses group comparisons,
chi-square tests, and robust logistic regression. The
predictive stream compares a baseline classifier,
L2-regularized logistic regression, random forest, Extra
Trees, and gradient boosting under stratified cross-
validation; these model families are widely used for
interpretable or ensemble-based tabular prediction [9 — 12].
Extra Trees and Gradient Boosting were selected for their
strong empirical performance on tabular datasets with
moderate sample sizes; L2-regularized logistic regression
was included as an interpretable baseline with regularization
to prevent overfitting; Random Forest was included for
ensemble comparison. The ARM stream constructs
household transactions from district labels, poverty status,
household-size indicators, green-book status, low/high
capital items, and low component-score items; direct
income and financial-capital items were excluded.
Continuous capital scores were discretized into low/high
categories using a median split applied to the full target-
valid sample: a score at or below the sample median was
coded as low; a score above the median was coded as high.
This approach was chosen for interpretability in ARM
itemset encoding.

Mathematical Formulation

Most of the mathematical formulations in this section
follow standard presentations in the data mining and
machine learning literature [13, 14].

Predictive Modeling Formulation
For predictive modeling, consistent with standard
supervised classification notation, a feature vector
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represents each household X;, and the model estimates as in
equation (3), where $; is the predicted probability or class
label for poverty, and f(-) is the fitted classifier. This
formulation is applied across baseline models, including
logistic regression, random forest, Extra Trees, and gradient
boosting.

9= f(X) 3)

Logistic Regression

For logistic regression, the probability of poverty is
defined as in equation (4), where the exponentiated
coefficient ef/ is interpreted as the odds ratio for the
predictor x;;, conditional on the other variables in the
model. Because the data are observational, these odds ratios
should be viewed as adjusted associations rather than causal
effects.

Py; =11X) = 4)

1

1+e—(Bo+Zj.7:1/9inj)

Loss Function (Binary Cross-Entropy)

For probabilistic binary classifiers, the classification loss
is expressed as in equation (5), where y; is the observed
poverty label and ; is the predicted probability. This
represents the general probabilistic classification objective.
Tree-based ensemble models optimize alternative criteria
(e.g., Gini impurity, entropy, or gradient-based loss
functions).

L==23" [ylog®) + (1 - y)log(l — 9] (5)

Evaluation Metrics
Equations (6-9) define standard classification metrics
derived from the confusion matrix: precision, recall
(sensitivity), specificity, and Fl-score. These metrics
quantify, respectively, the correctness of positive
predictions, the ability to identify positive cases, the ability
to exclude negative cases, and the harmonic mean of
precision and recall, which balances both types of error.
TP+TN

Accuracy = ©
Precision = —— @)
TP+FP
Recall = —~ ®
TP+FN
F1 = 7 . PrecisionRecall ©)

Precision+Recall

Balanced accuracy in equation (10) is computed as the
mean of recall for each class, which is equivalent to the
average of sensitivity and specificity in the binary case. This
measure counteracts class imbalance by weighting
performance across minority and majority classes equally,
making it more informative than overall accuracy for
imbalanced datasets.

Sensitivity+Specificity

Balanced Accuracy = 2

(10)
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ROC-AUC summarizes how well the model separates
the positive and negative classes over all possible
classification thresholds by integrating the receiver
operating characteristic curve, which plots the true positive
rate against the false positive rate. Average precision,
in contrast, summarizes the area under the precision—recall
curve and is particularly informative in the presence of class
imbalance, as it focuses on the precision—recall trade-off for
the positive class rather than overall ranking performance
[15-17].

Association Rule Mining (ARM)

In association rule mining, a rule of the form X — Y links an
antecedent itemset X to a  consequent itemset Y,
where X and Y are typically disjoint itemsets drawn from
the same transaction database. Equations (11-15) define the
standard interestingness measures for such rules: support,
confidence, lift, leverage, and conviction.

Support measures how frequently an itemset (or rule)
occurs in the database, while confidence estimates the
conditional probability of observing Y given X. Lift and
leverage compare the observed co-occurrence of X and Y to
what would be expected under independence, and
conviction quantifies the degree to which the antecedent
reduces the chance of observing the consequent’s absence,
with larger values indicating stronger dependence.

Support(A - B) = P(ANB) (11)

Confidence(4A - B) = P(B | A) = P;‘gf) (12)
) __ P(ANB)

Lift(4 - B) =+ DPE) (13)

Leverage(A - B) =P(ANB)—P(A)P(B) (14)

1-P(B)

Conviction(4 = B) = 1-P(BlA)

(15)

Rules were retained for substantive interpretation only
when they met the planned thresholds: minimum support of
0.05, minimum confidence of 0.60, and minimum lift
greater than 1.10. This use of support, confidence, lift,
leverage, and conviction follows the ARM literature’s
emphasis on rule interestingness and post-mining filtering
[18 — 21]. These rules describe co-occurrence patterns, not
causal mechanisms.

3. Results and Discussion

Descriptive Overview

The analytical sample covers seven districts, but district
representation is uneven, consistent with spatial
heterogeneity in poverty observed in regional analyses [4].
The seven district records include KutBak 610, Mueang
Sakon Nakhon 526, Akat Amnuai 423, Kusuman 309,
Wanon Niwat 141, Phanna Nikhom 109, and Phang Khon
only 10. Poverty rates derived from the transparent income-
per-capita rule ranged from 67.0% in Akat Amnuai to 86.4%
in Kusuman, with Phang Khon showing 100% poverty
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based on only 10 records. However, district-level estimates
should be interpreted with caution due to uneven sample
sizes; the Phang Khon rate should not be interpreted
substantively.

Fig. 1 shows that missingness was concentrated in a
small number of administrative variables, particularly the
agricultural household number and survey date fields. Most
analytical variables had comparatively low missingness.
A17 is missing for 7.24% of households, while the derived
poverty target is missing for 3.24% because poverty status
cannot be calculated when required income or household-
size information is incomplete. Income per capita, the
overall capital index (ch 0), and several natural-capital and
income components have approximately 2% missingness.

Fig. 2 presents the distribution of monthly per-capita
household income used to construct the binary poverty
target, consistent with empirical patterns of income
inequality in poverty studies [1, 3]. Per-capita income was
calculated by dividing annual household income by 12 and
by the number of household members residing in the
household. The dashed vertical line represents the poverty
threshold of THB 2,629.053 per person per month; eligible
households below this value were classified as poor.

Agricultural Household Number |
A7
survey Date  [NEEEEREN
Members Living but Not Registered (People) [NEGTNGG
Members Not Living but Registered (People) [N
Latitude [N
Longitude [N
Has Agricultural Household Number (Green Book) [
A7
poverty_binary [l

income_per_capita_monthly
cho
Postal Code
Water Use for Agriculture
Problems Related to Agricultural Land
Roads/Public Routes and Access to Agricultural Land
c2
Natural Capital
Land Security
Cl1

o [N NN NN N .

o

0.1 0.2 0.3 0.4

Missing share

0.5 0.6

Fig. 1 Missingness structure among the top 20 variables.

Note. Missing share is the proportion of 2,128 records without an observed
value. A7 includes government and social-welfare transfers; A17 includes
daily-wage income, remittances, and other reported income. In the
processed dataset, ch 0 is the mean of the five livelihood-capital domain
scores; C1.1 denotes agricultural income and C2 denotes remittances from
children working elsewhere. Some missing values are structurally expected
and should not be interpreted as data-entry errors.

The distribution is strongly right-skewed. Most
households are concentrated at relatively low-income levels,
while a much smaller number extend into the upper-income
tail. The median monthly per-capita income is
approximately THB 1,486, and the 75th percentile is
approximately THB 2,625, almost identical to the poverty
threshold. Consequently, 1,562 of the 2,059 eligible records
(75.9%) were classified as poor, producing a moderately
imbalanced prediction target. Income values were clipped at
the 99" percentile in the histogram for visual clarity;
this display adjustment did not alter the underlying poverty
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classification. Nevertheless, the target represents income
poverty only and should not be interpreted as a
comprehensive measure of multidimensional deprivation.

600
500
400
300
200
100 I
0 II..-___
0

5000 10000 15000 20000 25000
Per-capita monthly income, clipped at 99th percentile

==+ Poverty line

Count

30000

Fig. 2 Income distribution used in poverty-target
construction.

Fig. 3 shows lower Human, Physical, and Social Capital
scores among poor households, whereas Natural Capital
showed weaker separation. This pattern is consistent with
livelihood-capital research indicating that non-income
deprivation domains may remain informative for poverty
assessment [1 — 3, 22, 23].
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Fig. 3 Capital-domain distributions by poverty status.

Fig. 4 indicates that livelihood-capital indicators are
related but not interchangeable, as the observed correlations
suggest overlap among deprivation domains while still
preserving meaningful conceptual distinctions between
human, physical, natural, and social capital. This pattern is
consistent with multidimensional poverty measurement
approaches that treat deprivation domains as distinct but
related constructs [1]. Accordingly, modeling these
indicators as separate domains is preferable to collapsing all
non-income deprivation into a single, undifferentiated score,
because separate-domain treatment allows the analysis to
identify which forms of livelihood capital are most closely
associated with income-defined poverty. This approach also
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supports clearer interpretation for policy users by
distinguishing whether poverty risk is more strongly linked
to skills and education, material living conditions, natural
resource constraints, or social participation.
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Fig. 4 Correlation heatmap for key variables.

Fig. 5 visually represents descriptive variation in poverty
rates across districts. Because district sample sizes were
uneven, particularly for Phang Khon, these comparisons
should be interpreted as dataset-specific signals rather than
stable population estimates.

Phang Khon

Kusuman

Mueang Sakon Nakhon

Phanna Nikhom

Wanon Niwat
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Fig. 5 District poverty-rate variation.

Statistical Findings

Table 2 presents group differences between poor and
non-poor households, showing that poor households had
lower Human, Physical, and Social Capital scores and larger
household size. The most consistent non-income correlates
of income-defined poverty were Human Capital (OR =
0.318), Social Capital (OR =0.568), and household size (OR
= 1.487). The strongest standardized differences were
household size, Human Capital, and Social Capital, all in the
small-effect range. Natural Capital showed a negligible
difference, with a confidence interval that crossed zero.
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Table 3 shows that higher Human Capital (OR =0.318, p <
0.001), Physical Capital (OR = 0.513, p = 0.023), and Social
Capital (OR = 0.568, p < 0.001) were associated with lower
adjusted odds of poverty, whereas larger household size was
associated with higher odds (OR = 1.487, p < 0.001). Natural
Capital was not clearly associated with poverty after adjustment
(OR =0.713, p = 0.103). District effects should be interpreted

Chi-square tests indicated modest associations between
poverty and district (y2 = 48.089, p < 0.001, Cramér’s (V =
0.153)) and agricultural green-book status (y2 = 20.580, p <
0.001, Cramér’s (V =0.104)). Household member mismatch
was not clearly associated with poverty (p = 0.170). Overall,
these findings are best interpreted as screening signals rather
than strong determinants of poverty.

as dataset-specific, given the uneven, unweighted sample.

Table 2 Group differences in livelihood-capital indicators and household size by poverty status.

Variable Poor, M Non-poor, M Diff. 95% CI p g
HC 2.442 2.576 —.134 [-.168, —.100] <.001 —.410
PC 2215 2274 —.059 [—.081, —.036] <.001 —.248
NC 1.892 1.916 —.023 [-.056, .010] .166 —.076
SC 1.510 1.750 —.240 [—.304, —.176] <.001 —.403

HHS 3.182 2.403 779 [.623, .934] <.001 441

Note. M = mean; Diff. = mean difference (Poor — Non-poor); CI = 95% confidence interval; p = two-sided Welch’s t-test probability; g = Hedges’
standardized mean difference. HC = Human Capital; PC = Physical Capital; NC = Natural Capital; SC = Social Capital; HHS = household size.

Table 3 Robust logistic regression associations with poverty.

Predictor Odds ratio 95% CI p-value

Human Capital 0.318 [0.221, 0.458] <0.001
Physical Capital 0.513 [0.288, 0.914] 0.023
Natural Capital 0.713 [0.475, 1.071] 0.103

Social Capital 0.568 [0.422, 0.764] <0.001
Household size 1.487 [1.368, 1.618] <0.001
Agricultural green-book status 0.721 [0.549, 0.946] 0.018
Kusuman district 2.042 [1.234, 3.376] 0.005

Kut Bak district 2.275 [1.624,3.186] <0.001
Mueang Sakon Nakhon district 1.303 [0.841, 2.019] 0.236
Phanna Nikhom district 1.228 [0.697, 2.163] 0.478
Wanon Niwat district 1.137 [0.652, 1.980] 0.651

Note. Odds ratios were estimated using multivariable logistic regression with HC3 robust standard errors. Values below 1 indicate lower adjusted odds
of poverty. Akat Amnuai was the reference district. Results indicate associations, not causal effects.

Table 4 Cross-validated model performance.

Model Accuracy Balanced accuracy Precision Recall F1 ROC- Avefa.ge
AUC precision
Extra Trees 0.735 0.641 0.827 0.822 0.825 0.730 0.887
Logistic L2 0.668 0.658 0.855 0.678 0.756 0.724 0.881
Random Forest 0.764 0.636 0.820 0.883 0.850 0.718 0.880
Gradient 0.776 0.563 0.784 0.974 0.868 0.704 0.867
Boosting
eline Prior 0.759 0.500 0.759 1.000 0.863 0.500 0.759

Note. Values are means from repeated stratified five-fold cross-validation. Poor households were treated as the positive class. Because the target was
imbalanced, balanced accuracy, ROC-AUC, and average precision were prioritized over accuracy and F1-score alone.

Table 4 compares cross-validated predictive performance
across the evaluated model families and demonstrates why
model evaluation must be separated from simple class-
prevalence behavior. The Baseline Prior model achieved high

recall and F1 because it predicted the poor class for every
household. This is a known problem in imbalanced
classification, where majority-class prediction can inflate
conventional performance metrics when class prevalence is
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high [15 — 17]. However, the same baseline produced
balanced accuracy and ROC-AUC values of 0.500, indicating
no discriminative ability beyond class prevalence. Extra Trees
achieved the strongest ROC-AUC and average precision,
while L2-regularized logistic regression achieved the highest
balanced accuracy. Gradient Boosting produced the highest
F1 but weak balanced accuracy, suggesting overemphasis on
the majority poor class.

Predictive Model Comparison

Fig. 6 visually confirms that Extra Trees and Logistic L2
provide the strongest discrimination among the evaluated
models, with ROC-AUC values that clearly exceed the
baseline classifier and indicate better separation between
poor and non-poor households across classification
thresholds. The gap above the baseline indicates that non-
income livelihood features carry meaningful screening
signals. However, the magnitude remains moderate, thereby
supporting cautious use for prioritization rather than
definitive poverty classification.
The combined Fig. 7 presents the classification
performance of the best model. The confusion matrix in
Fig. 7(a) summarizes pooled out-of-fold predictions, while
the ROC curve in Fig. 7(b) shows moderate discrimination
above chance. Together, these results support use of the
model for screening or prioritization rather than automated
poverty eligibility decisions [7, 8, 15 — 17]. This supports
the interpretation that the model may help prioritize
screening by identifying households that warrant closer
review or follow-up by local official. Explainability

Table 6 presents normalized impurity-based importance
values from the Extra Trees model. The ten leading
predictors accounted for 32.9% of total importance,
indicating that predictive information was distributed across
multiple household characteristics. Household composition
was the most prominent feature group, led by household size
and  membership-related  variables. = Human-capital
indicators, housing conditions, welfare benefits, and Social
Capital also contributed meaningfully, supporting the
ablation finding that component-level characteristics add
information beyond broad capital-domain composites.

Nevertheless, these values indicate only the relative
predictive contribution. Closely ranked features should not
be interpreted as reliably different, and impurity-based
importance may be affected by correlated or highly variable
predictors. Accordingly, the results do not indicate statistical
significance, direction of association, or causality [6, 12].

Table 5 Ablation results.

Extra_Trees

Logistic_L2

Random_Forest

Gradient_Boosting_Advanced

Baseline_Prior

0.0 0.1 0.2 0.3 0.4

Mean ROC AUC

0.5 0.6 0.7

Fig. 6 ROC-AUC comparison across predictive models.
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(a) Confusion matrix for the best model.
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0.0 0.4 0.6 0.8
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(b) ROC curve for the best model.

0.2 1.0

Fig. 7 Confusion matrix and ROC curve for the best model.

Specification Balanced accuracy F1 ROC-AUC Precision (Avg)
Full non-income with geography 0.566 0.869 0.704 0.870
No geography 0.569 0.868 0.694 0.862
Capital domains only 0.558 0.864 0.686 0.864

Note. Values are five-fold cross-validation means. Average precision is reported in the final column. Differences are descriptive and do not establish

statistical superiority.
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Table 6 Top feature-importance values.

Feature Importance
Household size 0.054
Occupation and skills for income 0.044
generation
Members living and registered 0.032
Knowledge from knowledgeable people 0.032
for problem solving
Number of members in the house 0.031
registration
Human Capital 0.028
Housing condition 0.028
Housing sanitation 0.027
Government welfare benefits 0.026
Social Capital 0.026

Note. Values are normalized Extra Trees impurity-based importance
scores. They indicate relative predictive contribution only and do not
represent direction, statistical significance, or causality.

Fig. 8 shows that household composition, human-
capital-related indicators, housing conditions, welfare
support, and social capital were among the most influential
predictors. These importance values indicate relative
predictive contribution only and should not be interpreted as
causal effects [6, 12].

household_size_actual

Occupation and Skills for Income Generation
Members Living and Registered (People)

Have Used Knowledge from Knowledgeable People for Problem Solving
Number of Members in House Registration (People)
Human Capital

Housing Condition

Housing Sanitation

Government Welfare Benefits

Social Capital

Roads/Public Routes and Access to Housing
Participation in Community Activities
Electricity/Water/Information Equipment
Community Rules and Regulations

Health

Participation in Activity Groups

Roads/Public Routes and Access to Agricultural Land
Education Level and Status

has_member_mismatch

Participation in Community Organization Management

0.00 0.01 0.02 0.03 0.04 0.05
Importance

Fig. 8 Feature-importance ranking for the best model.

Association Rule Mining Findings

ARM was used because the survey contains many
ordinal and binary-like household-condition variables that
can be encoded as itemsets. Each household transaction
included indicators of poverty status, district, household
size, green book status, low- and high-capital items, and
low-component score items. Direct income and financial-
capital items were excluded.

Table 7 reports selected poverty-associated rules,
indicating that no single item dominates them. The strongest
poverty rules combine location, housechold size,
infrastructure, physical capital, and social-participation
indicators. The recurring association between large
households and low social participation may reflect greater
per-capita resource pressure and reduced adult availability
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for community activities, as well as constraints on access to
local institutions that limit opportunities for participation.
Nevertheless, district-level ARM findings should be
interpreted with caution given the uneven sample sizes
across districts. Lift values are above 1.10 but not extreme,
so these rules are meaningful descriptive signals rather than
deterministic poverty profiles, as emphasized in association-
rule mining literature [18 — 20]. Similarly, lift values only
slightly above the reporting threshold should be interpreted
as useful screening signals rather than strong determinants
of poverty.

Table 8 reports selected high-lift deprivation-structure
rules, showing that capital-domain scores are internally
coherent with their component indicators. For example, low
health and low education strongly co-occur with low Human
Capital. These rules do not all make poverty the consequence,
but they show how components of deprivation cluster.

Fig. 9 ranks the strongest retained ARM rules. The
rules describe recurring deprivation profiles involving
household size, social participation, district context, and
capital-related conditions; they represent descriptive co-
occurrence patterns rather than causal mechanisms [18—
21]. Most rules have very high confidence, often
approaching 1.00, with support ranging approximately
from 0.05 to 0.32. The dense upper-right cluster therefore
represents rules that are both common and highly reliable
within the sample.

The strongest-lift rule, low health combined with low
education predicting low Human Capital, has lower support
(0.074) but comparatively high confidence (0.894) and the
highest lift (3.573). Other prominent rules connect district and
participation indicators with Social Capital. The figure
demonstrates a trade-off between prevalence and association
strength. High-support rules describe broadly recurring
deprivation structures, whereas lower-support, higher-lift
rules identify narrower but more distinctive patterns.

Figure 10 ranks the 12 strongest retained association rules
by lift. All displayed rules had lift values above 3.0, indicating
that the antecedent—consequent combinations occurred at
least three times more often than expected under
independence. The strictest rule linked low health and low
educational attainment with low Human Capital (support =
0.074, confidence = 0.894, lift = 3.573). Kusuman households
with low activity-group participation showed low Social
Capital with perfect confidence (support = 0.086, confidence
= 1.000, lift =3.298).

Agricultural-land problems in Akat Amnuai were also
associated with low Natural Capital (support 0.104,
confidence = 0.918, lift = 3.293). Other rules connected to
infrastructure, environmental constraints, and local resource
conditions, with some reaching confidence = 1.000 and
support up to 0.321. Because many rules link component
indicators to their derived capital-domain scores, they
primarily demonstrate descriptive construct coherence rather
than causal effects or independent predictors of poverty.
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Table 7 Selected poverty-associated association rules.

Rule Antecedent Sup. Conf. Lift Lev. Conv.
R1 KUS + LAGP 079 916 1.207 014 2.860
R2 KUS + LCAP 079 916 1.207 014 2.860
R3 KUS + LSC 079 916 1.207 014 2.860
R4 LEWI + LHHS 075 912 1.201 .013 2.731
RS LHHS + LSC .089 .906 1.194 015 2.575
R6 LHHS + LPC .069 .904 1.191 011 2.507
R7 LCRC + LHHS 197 .896 1.181 .030 2318
R8 LHHS + LMA 182 .891 1.174 027 2.206

Note. All rules have Poor household as the consequent. Sup. = support; Conf. = confidence; Lev. = leverage; Conv. = conviction. KUS = Kusuman
District; LAGP = low activity-group participation; LCAP = low community-activity participation; LSC = low Social Capital; LEWI = low electricity,
water, and information equipment; LHHS = large household size; LPC = low Physical Capital; LCRC = low community-rule compliance; LMA = low

mutual assistance.

Table 8 Selected high-lift deprivation co-occurrence rules.

Rule Antecedent Consequent Sup. Conf. Lift Lev. Conv.
R1 LH + LHE LHC .074 .894 3.573 .053 7.081
R2 KUS + LAGP LSC .086 1.000 3.298 .060 Inf.

3 AAK +LALP LNC .104 918 3.293 .072 8.843
R4 LH+LOS LHC .147 815 3.255 .102 4.042
RS MSN + LAGP LSC .149 .962 3.174 .102 18.523

Note. Sup. = support,; Conf. = confidence; Lev. = leverage; Conv. = conviction; Inf. = infinite conviction. LH = low health; LHE = low highest educational

attainment; LHC = low Human Capital; KUS = Kusuman District; LAGP

= low activity-group participation; LSC = low Social Capital; AAK = Akat

Amnuai District; LALP = low agricultural-land problems; LNC = low Natural Capital; LOS = low occupational skills; MSN = Mueang Sakon Nakhon

District.

Association Rule Quality
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Fig. 9 ARM rule scatter plot.

Figure 11 shows that the number of retained association
rules declined as minimum support or confidence thresholds
became stricter, while minimum lift was fixed at 1.10. At
support = 0.03, increasing confidence from 0.50 to 0.70
reduced the rule count from 12,457 to 8,174. At confidence

= 0.50, increasing support from 0.03 to 0.10 reduced the
count to 9,321. Applying both stricter thresholds retained
6,063 rules, approximately 51% fewer than under the most
permissive setting. Nevertheless, the large number of
retained rules indicates substantial redundancy and co-
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occurrence within the survey indicators. Consequently,
substantive interpretation should focus on stable, nontrivial,
and theoretically meaningful rules rather than rule volume
alone. Threshold sensitivity assesses the robustness of rule

Rule set

Antecedent profile

R1: Low health + Low educational
attainment

R2: Kusumnan district + Low
activity-group participation

R3: Kusuman district + Low
community-activity
participation

R4: Akat Amnuai district +
Agricultural-land problems

R5: Low health + Low occupation
skills

R6: Mueang Sakon Nakhon district +
Low activity-group
participation

Top 10
high-lift
ARM rules
Lift > 3.0

generation, not causality or predictive validity, consistent
with recent work on rule validation and statistical testing in
data mining [21].

Consequent outcome
and metrics
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Low Sacial Capital
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$10.4% | C91.8% | L3.293

Low Human Capltal
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S$149% | €C96.2% | L3.174

R7: Mueang Sakon Nakhon district +
Low community-activity
participation

R8: Agricultural-land problems +
Low road access to agricultural
land

RY: Agricultural-land problems +
Low road access to housing

R10: Low road access to agricultural
land

Low Sacial Capital

C€96.2% | L3.174

Low Natural Capital

$8.7% | C87.0% | L3.118

Low Natural Capital

$8.7% | C87.0% | L3.118

Housing disaster
exposure + Low road

access to housing

’ $32.1% | €100.0% | L3.113

Fig. 10 ARM rule ranking.
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Fig. 11 ARM threshold sensitivity.

The results support a multidimensional interpretation of
income-defined poverty in the Sakon Nakhon dataset,
consistent with established multidimensional poverty
frameworks [1, 3]. Poor households had lower levels of
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Human Capital and Social Capital, and both domains
remained associated with poverty in a robust logistic
regression. These results matter because they point beyond
income transfers alone: skills, education, health, local
participation, mutual assistance, and community problem-
solving capacity appear linked to poverty status in the
survey, which is consistent with recent evidence that
livelihood capital and social capital are associated with
poverty perception, livelihood resilience, and household
vulnerability [2, 24 — 28].

Implications

The findings support a multidimensional interpretation
of income-defined poverty in the Sakon Nakhon dataset.
Human and Social Capital, household size, and selected
Physical Capital indicators were the most consistent non-
income correlates across group comparisons, logistic
regression, predictive modeling, and association-rule
mining. This pattern is consistent with livelihood-capital
research that links skills, education, health, social
participation, material conditions, and household resources
to poverty vulnerability [1 — 3, 22 — 29].
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Natural Capital showed weaker adjusted statistical
associations with income-defined poverty, although ARM
identified coherent co-occurrence patterns among natural-
resource and agricultural-land indicators. This difference
reflects the distinct purposes of the analytical methods:
regression estimates adjusted associations, whereas ARM
identifies recurring patterns within the observed data.
Predictive performance was moderate. Extra Trees provided
useful discrimination, but the results do not support
automated decisions on poverty eligibility. Instead, the
model may assist local officials in prioritizing households
for further assessment, together with administrative
verification and contextual judgment [7, 8, 15— 17, 30].

ARM added interpretable local profiles, particularly
involving larger households, lower social participation, low
social or physical capital, and selected district conditions.
These profiles may support follow-up surveys, social
support coordination, and locally tailored poverty-reduction
planning, but they should not be interpreted as causal rules
[18-21]. The findings suggest that local poverty responses
should combine income support with human capital
development, social participation mechanisms, household
composition awareness, and infrastructure-sensitive
targeting. These implications remain specific to the
available PPAOS-derived dataset and should not be
generalized as province-wide causal estimates.

4. Conclusion

This study integrated explanatory statistics, leakage-
controlled machine learning, and association-rule mining to
examine income-defined household poverty in Sakon
Nakhon. Household size, Human Capital, Social Capital,
and selected Physical Capital indicators were the most
consistent non-income correlates of poverty. Extra Trees
provided moderate predictive discrimination, supporting
screening and prioritization rather than automated eligibility
decisions. ARM identified interpretable deprivation profiles
involving large households, low social participation, low
capital conditions, and selected district contexts. The study
also demonstrates that routinely collected household data
can support locally relevant poverty assessment when
statistical ~ association, predictive performance, and
descriptive  co-occurrence evidence are interpreted
separately. Practical use should combine income-based
identification with livelihood-capital assessment and
administrative review.

5. Suggestions

The cross-sectional administrative dataset supports
association, prediction, and descriptive co-occurrence
analysis, but not causal inference. The data were not a
random provincial sample. Sampling weights were
unavailable, and district sizes were uneven. In addition, the
poverty target was an income-based proxy using a constant
poverty threshold. Some variables also had substantial or
structurally expected missingness. In this case, future
research should validate the workflow using data from
additional provinces, incorporate sampling weights where

99

available, compare income-defined poverty with validated
multidimensional poverty measures, and use longitudinal
data to examine poverty transitions over time.
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