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Abstract

This study explores the potential of adapting a WOE (Logit) method, a combination
of techniques such as weight of evidence, information value, logit regression, and a
score-scaling approach based on doubling the odds, for poverty targeting. To verify the
effectiveness and accuracy of this method, the study applies it to develop targeting tools
based on international and Vietnamese national poverty lines, and compares their accuracy
to commonly used poverty-targeting tools such as the Simple Poverty Scorecard, Proxy
Means Test, and Poverty Assessment Tool. The study uses coverage rate as a criterion to
compare the accuracy of targeting tools in identifying the poor at household and individual
levels. The results indicate that targeting tools constructed using the WOE (Logit)
method outperform those developed using other methods. Depending on the poverty
line, this method improves poverty identification accuracy by 1.9-5.9 percentage points
for households and 1.5-3.3 percentage points for individuals compared to other methods.
Therefore, this study contributes an additional method for constructing targeting tools with
high accuracy alongside existing approaches.

Keywords Poverty targeting tool - Proxy means test - Simple poverty scorecard - Poverty
assessment tool - Credit risk scorecard - Poverty targeting

1 Introduction

To identify impoverished people eligible for certain poverty reduction programs to receive
cash or in-kind transfers aimed at improving their well-being, many countries prefer low-
cost but effective poverty assessment and targeting tools such as Proxy Means Test (PMT),
Poverty Assessment Tool (PAT), or Simple Poverty Scorecard (Scorecard) (Etang et al.,
2022; Schreiner, 2023; Zeller et al., 2006). These are questionnaires with specific answers
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and related scores for each question, enabling authorities to quickly predict whether
households are above or below a given poverty line through straightforward and verifiable
questions. For brevity, in this study, we refer to these tools collectively as targeting tools.
When using targeting tools for scoring, households with total scores below a certain
benchmark are classified as poor, and vice versa. This transparency makes users and the
public more likely to accept and trust the accuracy of targeting tools in identifying the poor
(Attanasio et al., 2023; Leite & George, 2014; Schreiner et al., 2014).

To create transparent targeting tools, variables must be transformed into categorical
variables, as each question in a targeting tool requires specific answers with assigned
scores. Therefore, transforming original variables into categorical ones is a fundamental
step in the construction process of targeting tools. Values within a variable can be grouped
in various ways, resulting in numerous new categorical variables from a single original
variable. Categorization for variables with wide-ranging values is even more challenging,
as without a specific criterion, it is difficult to determine the best category groupings. Each
new categorical variable can affect the predictability of targeting tools differently. Although
the impact of a single variable may be minor, ineffective groupings across many variables
can prevent targeting tools from achieving optimal predictability. Additionally, the way
categories are grouped for a variable can influence statistical values of prediction models,
such as c-statistic values, adjusted R-squared, or Akaike Information Criterion. Typically,
the best indicators for targeting tools are selected through a stepwise process, in which
the fractional change in these statistical values serves as one of the key selection criteria
(Ohlenburg et al., 2022; Schreiner, 2023; Zeller et al., 2005). Consequently, how categories
are grouped within a variable can also affect the indicator selection for targeting tools,
ultimately affecting their predictability. However, these aspects remain underexplored, as
most existing studies primarily focus on finding optimal prediction algorithms to enhance
the accuracy of targeting tools. These studies often compare various predictive modeling
techniques, ranging from traditional statistical methods such as linear probability models,
logistic regression, ordinary least squares (OLS), and quantile regression (Linh & Baulch,
2011; Schreiner, 2015; Skoufias et al., 2020; Zeller et al., 2006) to more advanced machine
learning algorithms (Alsharkawi et al., 2021; Kambuya, 2017; McBride & Nichols, 2015).
Nevertheless, no traditional regression model consistently outperforms others across
different contexts (Etang et al., 2022; Schreiner, 2015). Furthermore, the accuracy gains
from using sophisticated machine learning algorithms over simpler regression techniques
are often marginal (Hand, 2006).

Weight of Evidence (WOE) and Information Value (IV) techniques are often used
to address these binning issues in the development of credit risk scorecards (Anderson,
2007; Siddiqi, 2016). The WOE technique helps assess the strength of the relationship
between groups within a variable, known as bins, and a given dependent variable (Lund,
2016). The 1V, on the other hand, is a useful measure for evaluating and comparing the
predictive power of variables, and it can serve as a benchmark to select optimal category
groupings for indicators (Siddiqi, 2006). Incorporating these techniques facilitates the
variable transformation process, helping create monotonic variables with high predictive
power. Moreover, applying the WOE technique in variable transformations has been shown
to improve the performance of predictive modeling in credit scoring (Chen et al., 2020;
Pomazanov, 2023; Sharma, 2011).

Despite the proven effectiveness of WOE and IV techniques in credit risk assessment,
their application in poverty identification remains underexplored. Therefore, this study
aims to examine the feasibility and efficacy of applying these techniques to poverty
identification. In credit scoring, logistic regression and the score-scaling approach
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of doubling the odds are often used along with WOE and IV techniques to construct
scorecards that predict the default probabilities of customers (Anderson, 2007; Siddiqi,
2016). Hence, we apply a combination of these approaches for identifying the poor. For
brevity, we refer to this combination of approaches as the WOE (Logit) method in this
study, which includes WOE, IV, Logit, and the score-scaling approach of doubling the
odds. Targeting tools developed using this method are called WOE tools. To verify the
accuracy of WOE tools, we compare them to other commonly used targeting tools such
as PMT, PAT, and Scorecard. For clarity and distinction, we refer to the methods used to
construct these targeting tools as the PMT (OLS) method, PMT (Quantile) method, and
Scorecard (Logit) method, respectively. The coverage rate, or poverty inclusion rate, is a
commonly used criterion to define the accuracy and benchmark score of targeting tools
(Etang et al., 2022; IRIS Center, 2005; Schreiner, 2023). Therefore, we apply this criterion
to measure and compare the accuracy of targeting tools while holding the predicted poverty
rate.

Based on an intensive literature review, to the best of our knowledge, this study
is the first to apply the WOE (Logit) method to construct targeting tools. By doing so,
it introduces another approach to poverty identification alongside existing methods. This
method could help optimize input variables to develop high-accuracy targeting tools. In
this study, we apply the four aforementioned methods to develop targeting tools based on
two poverty lines: Vietnam’s national poverty line and the international poverty line. Our
focus is exclusively on building tools to identify the poor in the ethnic minorities, which
have the highest poverty rate in Vietnam. Although ethnic minorities' comprise only 14%
of Vietnam’s population, they constitute half of the country’s poor. Thus, this group is of
special concern to the Vietnamese government (CEMA, 2020; CEMA et al., 2015). The
accuracy of targeting tools will be compared not only at the household level but also at
the individual level, as effective targeting tools should target households with more poor
members rather than those with fewer members.

The remaining sections of the paper are organized as follows: Sect. 2 presents the data
source and methodology; Sect. 3 presents the study’s results and discussion; and Sect. 4
summarizes the major findings.

2 Data and Methodology
2.1 Data

This study uses data from Vietnam Household Living Standard Survey in 2018 (VHLSS
2018), conducted by the General Statistics Office of Vietnam. This official dataset is
useful for developing targeting tools because it includes necessary information such as
household demographics, homestead characteristics (e.g., type of house or toilet), durable
goods, education, employment, and income (General Statistics Office, 2019). The primary
focus of this study is the ethnic minority community, which has the highest poverty rate in
Vietnam. Therefore, we analyze data from 7,863 ethnic minority households.

The VHLSS 2018 dataset contains over 600 indicators covering various aspects
of households, including demographics, housing, education, employment, and assets.

! Vietnam has 53 ethnic minorities and one ethnic majority (Kinh).
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First, we remove indicators with more than 10% missing values.” We then select 129
straightforward and verifiable indicators that exhibit a strong correlation with household
income, expenditure, or poverty status. After identifying candidate variables, we split the
dataset using stratified random sampling into a calibration sample (70%) and a validation
sample (30%). We use the calibration sample to construct targeting tools, and the validation
sample to evaluate their accuracy.

2.2 Poverty line

The study evaluates the accuracy of four methods for constructing targeting tools based on
national and international poverty lines. However, the Vietnamese government has different
national poverty lines for rural and urban areas. Since 90% of the ethnic minority population
and 95% of poor ethnic minorities reside in rural areas (CEMA, 2020; General Statistics Office,
2019), this study uses only the rural poverty line for all ethnic minority communities (Table 1).

2.3 Methodology
2.3.1 General Steps in Developing Poverty Targeting Tools

To verify the feasibility and effectiveness of the WOE (Logit) method, we compare it with
three widely used methods: Scorecard (Logit), PMT (OLS), and PMT (Quantile). Each
method is used to develop two distinct targeting tools based on national and international
poverty lines. To ensure a fair comparison across all methods, we limit the number of
indicators in each targeting tool to ten. Table 2 presents a general step-by-step framework
for constructing targeting tools.

Step 1: Grouping responses to indicators

Each question in targeting tools must have a specific answer with a designated score.
This requirement ensures transparency and helps enumerators accurately identify the
poor in the field. To meet this requirement, input variables for constructing targeting tools
should be transformed to categorical variables. Numeric variables can be transformed into
many new categorical variables, as there are various ways to group categories. Moreover,
creating categories for variables with a wide range of values is challenging, as there are
countless ways to form category groupings. However, existing studies have not provided
detailed guidance on how to effectively create these categorical variables. Therefore, we
generate new categories for variables based on those in the existing tool of the Vietnamese
government. To maintain practicality, we limit the number of categories for each variable
to seven, aligning with the Vietnamese government’s tool. Next, we conduct a cross-
tabulation analysis between these new categorical variables and a given poverty status to
assess the relationship between the categories and poverty. If the categories do not align
with the given poverty status, we regroup them accordingly to ensure they make sense and
represent at least 5% of the sample.

For example, in Table 3, we can categorize household size into six groups: “1 member”,
“2 members”, “3 members”, “4 members”, “5 members”, “6 members”, and 7 members
or more”. By creating a cross-tabulation between this variable and the national poverty

2 Regarding variables include missing values with less than 10%, we replace their missing values with their
mean or mode values.
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Table 3 An example of manual categorization by using cross-tabulation analysis. Source: Authors’ compu-
tations based on the VHLSS 2018 data

Initial categorization
Category (Number of household 1 2 3 4 5 6 >7
members)

Number of poor and non-poor (Poor: 28:145 58:548 78:893 215:1298 201:810 146:524 180:381
Non-poor)

Poor rate of each category (%) 16.2 9.6 8.0 14.2 19.9 21.8 32.1

Second categorization

Category (Number of household <3 3 4 5 6 >7
members)

Poor rate of each category (%) 11.0 8.0 14.2 19.9 21.8 32.1

Final categorization

Category (Number of household <4 4 5 6 >7
members)

Poor rate of each category (%) 94 14.2 19.9 21.8 32.1

status, we find the following poverty rates for each category: 16.2, 9.6, 8, 14.2, 19.9, 21.8,
and 32.1 percentage points, respectively. Since the first category accounts for only 3.1% of
the population, we merge it with the second category to form a new category: “<3 mem-
bers”. This new category has a poverty rate of 11 percentage points. However, the poverty
rates of these categories are inconsistent and contradict common sense, as the category
“<3 members” has a higher poverty rate than the category “3 members”. To address this,
we merge the new category “<3 members” with the third category “3 members” resulting
in the category “ <4 members” with a poverty rate of 9.4 percentage points. Ultimately, the
household size variable is categorized into five groups: “ <4 members”, “4 members”, “5
members”, “6 members”, and “>7 members”. The poverty rates for these categories are
now consistent and make sense: 9.4, 14.2, 19.9, 21.8, and 32.1 percentage points.

Step 2: Selecting indicators for the prediction model

After obtaining candidate variables in Step 1, this step selects the ten best indicators
for prediction models. Depending on the methodology, these indicators can be selected
using the “MaxC” or “MaxR” stepwise approaches. The “MaxC” approach refers to
a forward stepwise method performed manually to select indicators based on both
statistical and non-statistical criteria. The statistical criterion is the c-statistic, also known
as the concentration index (Ravallion, 2007) or the area under the receiver operating
characteristic curve (Wodon, 1997). A higher value of this criterion indicates better model
performance (Baulch, 2002). Non-statistical criteria are our judgment about various
aspects of the indicators, such as user acceptability, simplicity, verifiability, applicability,
variety, and so on. For more details about the “MaxC” forward stepwise approach, please
refer to Schreiner (2023). The “MaxR” approach is similar to “MaxC” approach, but it
uses adjusted R-squared as the statistical criterion. For more details about the “MaxR”
approach, please refer to Zeller et al. (2005).

Step 3: Training prediction model

In this step, we use selected indicators to develop prediction models and obtain weights
for those indicators. Depending on the methodology, the prediction models may use
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Logit, OLS, or Quantile regression algorithms. Detailed information about the regression
algorithms and dependent variables used will be provided in the description of each
method below.

Step 4: Transforming the prediction model’s coefficients to score

Based on the results of prediction models, the coefficients of indicators can be
transformed into scores to form targeting tools in three simple steps. First, we switch
reference categories of variables if their coefficients are negative. This ensures all
coefficients are positive. Second, we multiply the coefficients of the variables by 100.
Finally, we round the scores obtained. The sum of these scores (excluding the intercept’s
coefficient) is the total score for predicting the poverty status of households. This common
and straightforward approach is widely used to create targeting tools and is also applied by
the Vietnamese government for their existing tools (Nguyen & Lo, 2016). The Scorecard
and WOE (Logit) methods use different approaches to transform coefficients into scores,
which will be explained later.

Step 5: Estimating the tool’s accuracy

We use coverage rate as a key criterion to compare the accuracy of targeting tools. The
coverage rate, also known as the inclusion of the poor or poverty accuracy, is currently used
by the Vietnamese government to assess the accuracy of their targeting tools (IRIS Center,
2005; Nguyen & Lo, 2016). The coverage rate is the percentage of households correctly
predicted as poor by a given targeting tool, expressed as a percentage of the total number
of observed poor households. In addition, we also measure the coverage rate of targeting
tools at the person level for comparison. This means we also calculate the coverage rate of
targeting tools when identifying poor individuals. This is important because identifying
poor households with larger family sizes is more beneficial than identifying those with
fewer members.

We measure the coverage rate of targeting tools when they perform in validation
samples. This helps us avoid the overfitting issue because targeting tools certainly perform
well in calibration samples, which are used to construct them. It also allows us to gauge
the accuracy of targeting tools in identifying the poor within an unobserved population.
Additionally, we apply a bootstrap technique to estimate the standard error of the coverage
and targeted rates by calculating those measures and their differences for the 1,000
repetitions from the bootstrap sample (Chen & Schreiner, 2009; Efron & Tibshirani, 1994).
This approach provides a reliable assessment of tools’ performance.

For a fair comparison, we compare the coverage rates at a cut-off with the same
predicted poverty rate, which is the rate of the targeted population in validation samples.
Due to the granularity of the scores, it is challenging to obtain cut-off scores with the same
predicted poverty rate across all targeting tools. Therefore, we fix the poverty rate predicted
by a specific targeting tool and use linear interpolation to estimate the coverage rates of the
remaining targeting tools.

2.3.2 The Scorecard (Logit) Method
Scorecards are also developed based on the principles of the PMT (OLS) method. Score-
card (Logit) method uses the scores of proxy indicators to construct Scorecards for identi-

fying the poor. Schreiner (2010) applies logistic regression to estimate the weights of proxy
indicators, and uses his own method to convert the indicators’ weights to non-negative
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integer scores. Scorecards are straightforward as they use only 10 indicators to ascertain
the poor, with a maximum total score of 100. This allows for a quick and easy calculation
of households’ total scores in the field. Scorecards have been developed for over 60 coun-
tries (Chen & Schreiner, 2009; Schreiner, 2006, 2023). Scorecards are still being updated
and many countries continue to apply this tool. Therefore, it would be an omission not
to compare the WOE (Logit) method to the Scorecard (Logit) method. For a fair com-
parison, we try to replicate Schreiner’s method (2023) to construct Scorecards by following
the below steps.

Step 1: We proceed analog to Step 1 in Sect. 2.3.1.

Step 2: Ten indicators of both these models are selected by applying the “MaxC” forward
stepwise approach as mentioned in Step 2 in Sect. 2.3.1.

Step 3: We use logistic models to predict the probability of households falling below
national and international poverty lines for constructing national and international
prediction models respectively.

Step 4: The Scorecard (Logit) method generates national and international Scorecards
by converting coefficients of their prediction models into non-negative integer scores,
so that lower total scores correspond to higher poverty probabilities and vice versa. The
maximum total score in scorecards is 100. Many studies have shown that this approach
produces accurate scorecards for targeting the poor (Chen & Schreiner, 2009; Schreiner,
2012, 2023). For more details on how the Scorecard (Logit) method transforms coefficients
into scores, please refer to Schreiner’s approach (2022).

Step 5: We proceed analog to Step 5 in Sect. 2.3.1.

2.3.3 The PMT (OLS) Method

The PMT is a fundamental and age-old tool in the field of poverty targeting. The basic
PMT is constructed using an OLS algorithm to predict households’ income or expenditure.
The weights of indicators estimated by OLS models are transformed into proxy scores to
predict the poor at given poverty lines. The PMT emerged as an effective tool in social
welfare programs in Latin America due to its effectiveness and accuracy (Grosh et al.,
1995). It is widely applied in many countries (e.g., Burchi et al., 2018; Maité, 2012;
Nguyen & Lo, 2016; Zeller et al., 2005; Rawlings & Rubio, 2003). The PMT (OLS)
method is also commonly used to develop targeting tools for Vietnam and is currently
used by the Vietnamese government (Nguyen & Lo, 2016; Nguyen & Tran, 2018; USAID,
2006). We apply the PMT (OLS) method to develop PMTs in this study by following these
steps:

Step 1: We proceed analog to Step 1 in Sect. 2.3.1

Step 2: To obtain the best ten variables for prediction models, the PMT (OLS) method
applies a “MaxR” forward stepwise approach which is described in Step 2 of Sect. 2.3.1.
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Step 3: The PMT (OLS) method uses OLS regressions for predictive modeling and to esti-
mate the weights of indicators. In the national model, which is based on the national pov-
erty line, the dependent variable is the natural logarithm of income, while the international
model uses the natural logarithm of expenditure.

Steps 4 and 5: We proceed analog to Steps 4 and 5, respectively, in Sect. 2.3.1.

2.3.4 The PMT (Quantile) Method

PATs are other versions of PMTs as they are also developed based on PMT principles.
PATs for Vietnam and about 28 other countries have been developed by the Center for
Institutional Reform and the Informal Sector (IRIS) at the University of Maryland. After
applying the BPAC (Balanced Poverty Accuracy Criterion) to judge the accuracy of
various methods, IRIS (2005) recommends the quantile regression as a higher accuracy
algorithm for building PMTs compared to OLS, linear probability, and probit regressions
(Zeller et al., 2006). Therefore, this study refers to the PMT method using the quantile
regression as the PMT (Quantile) method. Below are the steps to construct PATs in this
study.

Step 1: We proceed analog to Step 1 in Sect. 2.3.1

Step 2: The forward stepwise approach is not suitable to select optimal indicators for
quantile regressions. Therefore, we use the same indicators selected in the PMT (OLS)
method.

Step 3: The PMT (Quantile) method uses the same independent and dependent variables
as the PMT (OLS) method, but it applies quantile regressions. To select the best percentiles
for quantile regressions, we use the c-statistic, as mentioned in Step 2 of Sect. 2.3.1. This
means that the selected percentiles are those that yield the highest c-statistic values for the
quantile regressions.

Steps 4 and 5: We proceed analog to Steps 4 and 5, respectively, in Sect. 2.3.1.

2.3.5 The WOE (Logit) Method

In the credit scoring field, there are various approaches to constructing credit scorecards.
The common one is the combination of various techniques such as WOE, IV, logistic
regression, and the score-scaling approach based on doubling the odds. In this study, we
refer to the method of combining all these techniques as the WOE (Logit) method, and
targeting tools built by this method are called WOE tools. Below are the steps of the WOE
(Logit) method.

Step 1: This step is different from other methods in this study, as the WOE (Logit) method
does not use categorical variables and applies WOE and IV techniques for transforming
and screening out variables.

The WOE technique is a variable transformation technique based on a concept from
information theory (Kullback, 1997). It converts a variable into a more informative and
monotonic variable for constructing prediction models by grouping the values of that
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variable into bins (or groups) and assigning WOE values to each bin. In credit scoring,
this technique measures the separation of good and bad customers (Anderson, 2007). In
this study, we use the WOE technique to assess the strength of the relationship between
a bin and poverty status. Bins with positive WOE values indicate a stronger association
with poor status, while negative values suggest a stronger association with non-poor status.
A higher positive or lower negative WOE magnitude implies better identification of the
respective group. If the differentiation between the WOE values of bins in a variable is
high, the predictive power (IV) of that variable will also be high (Lund, 2016). Therefore,
during the binning process, we aim to maximize the differentiation between the WOE
values of bins within a variable. This serves as a primary benchmark for creating optimal
bins, as it helps the variable achieve its highest predictive power. However, other criteria,
such as monotonicity and parsimony, will also be considered in subsequent steps to ensure
their practical applicability. In this study, a WOE value of a bin is defined as follows:

WOE, = 1. N; P, _I Poor distribution;
" YN yP "\ Non - poor distribution; /’ M

where P=quantity of poor; N=quantity of non-poor; and i=index of the bin. The
precondition is that both N; and P; must be non-zero values.

In this research, the IV of an indicator represents the strength of that indicator in
predicting the likelihood of households being poor (Kullback, 1997). Therefore, the IV is
a useful index to eliminate indicators with weak predictive power, which are indicators
with an IV below 0.01 (Siddiqi, 2006). This reduces the number of input variables in the
stepwise process. The indicator’s IV is the sum of the I'Vs of all bins in that indicator. We
compute the IV of a bin based on the calculated WOE values. A variable with a higher IV
indicates greater predictive power. Since different bin combinations produce varying IVs,
we adjust the bins to maximize the IV for each variable while ensuring compliance with
the criteria outlined in the binning process below.

The IV of a bin is defined as (Anderson, 2007, p. 193):

IV = Z(ZP ZNN>><W0E )

The steps3 for binning a variable and calculating its WOE and IV values in this study
are adapted as follows:

i. Determine class variables: categorical or continuous. If variables are continuous,
divide the data of variables into ten or fewer bins based on the distribution, making
sure that each bin has at least 5% of the cases. If variables are categorical, move to
Step ii.

ii. Find the number of poor and non-poor values in each group.
iii. Calculate poor and non-poor distributions and use them to calculate WOE values by
applying Eq. (1).
iv. Adjust the bins based on these criteria: (1) Distinct WOE values: Combine adjacent
bins with similar WOE values to ensure that the WOE values are distinct for each bin;

3 Actually, instead of manually performing Steps i to iii to get bins, we use a technique in Machine Learn-
ing namely Decision Tree. This technique can capture optimal break points for creating ideal candidate
bins. In the next steps, these candidate bins are manually refined based on criteria in Step iv to become final
bins, and calculate their IV.

@ Springer



316 B.T.Duong et al.

(2) Monotonicity: Ensure that the WOE values of bins within a variable follow either
an ascending or descending order. If not, revise the way adjacent bins are combined;
(3) Predictive power: Maximize the differentiation between the WOE values of bins
within a variable to achieve high-predictive power variables; (4) Parsimony and
practicability: Consider the ease and user acceptability of these bins in practice when
modifying them. For example, variables with bins that have odd values or many bins
can achieve a high IV, but it may be difficult to collect or verify this information in
practice.
v.  Compute the IVs of bins in variables based on Eq. (2).
vi. To calculate the IV of a variable, add up the IVs of all the bins in that variable.

Step 2: The best indicators for national and international prediction models are selected
by applying the “MaxC” forward stepwise process outlined in Step 2 of Sect. 2.3.1.

Step 3: After applying WOE and IV techniques, we obtain new variables with WOE
values, called WOE variables. Instead of using categorical variables as in other methods,
we use these WOE variables for logistic models to predict the probability of households
falling below the national and international poverty lines.

Step 4: After obtaining the national and international prediction models, we use a
score-scaling approach of doubling the odds, a commonly applied method in the credit
scoring domain, to develop national and international WOE tools, respectively. Details
about the mathematical transformation of this approach can be found in (Siddiqi, 2016,
p.- 241). Here, we briefly present the equation transformed from this approach, Eq. (3),
to calculate the score for each response to indicators.

Score,; = (WOE, x , + % ) x Factor + 3)
¥ ’ n

Offset

n
where: « is the intercept of the logistic regression;

p is the regression coefficient of the indicator;

n is the number of indicators in the scorecard;

i is the index of indicator from 1 to n;

k is the maximum number of bins in an i indicator;

Jj is the index of bins in i indicators;

Offset = Target Score — [Factor X In (Target Odds)];

Factor = PDO =+ In (2);

and WOE is the weight of evidence of j bin in an i indicator.

Target Score and Target Odds are the desired total score and desired poverty odds
selected at the outset to scale up scores for WOE tools. Target Score, Target Odds, and
PDOs are self-selected values. Changing these values only affects the magnitude of
the total scores and does not significantly impact the accuracy performance (Siddiqi,
2016). A PDO of 20 is a common value used in the credit scoring field. However, credit
scorecards aim to target non-default customers who have large total scores, while WOE
tools aim to identify the poor. For more intuitive results, we select a negative PDO, —20,
so that households with small total scores will be predicted as poor, and vice versa.

We choose a Target Score of 300 instead of the usual 500 or 600 because our WOE
tools consist of 10 indicators. A Target Score of 300 allows for the lowest possible total
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scores while avoiding any negative scores in WOE tools. We use a target odds of 1
to simplify the determination of the optimal cut-off score. With a target odd of 1, the
optimal cut-off score will fall within the range from the Target Score minus PDO to the
Target Score plus PDO (e.g., 320-280). Also, selecting a target odds of 1 is for ease
of explanation. For example, our selected Target Score and Target Odds are 300 and
1, respectively. This means that households with a predicted poverty odds of 1 (poor
probability of 0.5) will receive a total score of 300. The point to double this odds is —20.
Then, households with predicted poverty odds of 2 (poor probability of 0.667) have
total scores of 280 (300 plus —20). Conversely, those with predicted poverty odds of 0.5
(poor probability of 0.333) have total scores of 320 (300 minus —20).

Step 5: We proceed analog to Step 5 in Sect. 2.3.1.

3 Result and Discussion
3.1 The Methods’ Accuracy in Identifying Poor Households

Table 4 presents the coverage rate and predicted poverty rate of a national Scorecard
constructed using the Scorecard (Logit) method when the cut-off score is set at 24. At this
cut-off score, the national Scorecard achieves a coverage rate of 58.0 percentage points
and a predicted poverty rate of 16.4 percentage points. This means that the national
Scorecard identifies 16.4% of the population in the validation sample as poor households,
of which 58.0% are actual poor households. Since the predicted poverty rate of the national
Scorecard is the same as the observed national poverty line (16.4 percentage points), we
hold the predicted poverty rate at 16.4 percentage points for comparing the coverage rates
of all four national targeting tools.

For the remaining national targeting tools, since we were unable to find a cut-off score
that achieves a predicted poverty rate of 16.4 percentage points, we applied the linear inter-
polation method to estimate their coverage rates. As a result, when targeting 16.4% of the
population as poor households, the coverage rates for the national PMT, PAT, and WOE
tools are 54.0, 55.6, and 59.9 percentage points, respectively, as shown in Table 4. These
results indicate that the national WOE tool achieves the highest coverage rate in identi-
fying poor households based on the national poverty line. Specifically, the coverage rate

Table 4 The accuracy of
targeting tools in identifying poor
households by the poverty line

Scorecard PMT PAT WOE tool

National poverty line (in household)

Coverage rate 58.0 54.0 55.6 59.9
Predicted poverty rate 16.4 16.4 16.4 16.4
International poverty line (in household)

Coverage rate 51.6 51.3 50.9 54.3
Predicted poverty rate 13.4 13.4 13.4 134
Unit: (%)
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of the national WOE tool is 1.9, 5.9, and 4.3 percentage points higher than those of the
national Scorecard, PMT, and PAT, respectively.

Regarding the international poverty line, Table 4 shows that the international WOE
tool achieves the highest accuracy among international targeting tools, with a coverage
rate of 54.3 percentage points. In comparison, the international Scorecard and PMT have
lower accuracy, with coverage rates of 51.6 and 51.3 percentage points, respectively, while
the international PAT has the lowest accuracy, with a coverage rate of 50.9 percentage
points. This means that the coverage rate of the international WOE tool is 2.7, 3.0, and
3.4 percentage points higher than those of the international Scorecard, PMT, and PAT,
respectively.

To estimate standard errors for the coverage rates and predicted poverty rates of national
and international targeting tools, the bootstrap sampling method requires the actual cut-
off scores of these tools. However, as mentioned earlier, national targeting tools do not
have exact cut-off scores that achieve the same predicted poverty rate, and neither do
international targeting tools. Therefore, to estimate standard errors, we use cut-off scores
that yield predicted poverty rates closest to the observed poverty rates. The results in
Table 5 show that the standard errors of the national WOE tool differ only slightly from
those of other national targeting tools, and its p-value is identical to those of the other
national tools. Similarly, for the international poverty line, Table 5 indicates that the
standard errors of the international WOE tool are comparable to those of other international
targeting tools, and the p-values of all four international targeting tools are the same.

3.2 The Methods’ Accuracy in Identifying Poor People

The accuracy comparison of the four methods in identifying poor individuals follows the
same approach used for identifying poor households. We apply the previously constructed
targeting tools to the corresponding poverty lines and calculate the coverage rate for
each tool. The key difference is that the national and international poverty lines are now
measured at the individual level (household member). As a result, these poverty lines are
higher than those used in the household-level analysis.

Table 6 presents the coverage and predicted poverty rates of the national Scorecard,
which are 64.1 and 20.8 percentage points, respectively. This means that when targeting
20.8% of the population at the individual level, the national Scorecard correctly identi-
fies 64.1% of them as poor people. For the same targeted population share, the cover-
age rates of the national PMT, PAT, and WOE tools are 62.2, 62.7, and 65.5 percentage

Table 6 The accuracy of targeting tools in identifying poor people by the poverty line

Scorecard PMT PAT WOE tool
National poverty line (in person)
Coverage rate 64.1 62.2 62.7 65.5
Predicted poverty rate 20.8 20.8 20.8 20.8
International poverty line (in person)
Coverage rate 55.5 56.9 56.2 58.8
Predicted poverty rate 17.2 17.2 17.2 17.2
Unit: (%)
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points, respectively, as shown in Table 6. These results indicate that the national WOE tool
achieves the highest accuracy in identifying poor individuals based on the national poverty
line. Specifically, the coverage rate of the national WOE tool is 1.5, 3.3, and 2.8 percentage
points higher than those of the national Scorecard, PMT, and PAT, respectively.

Regarding the identification of poor individuals based on the international poverty line,
the international WOE tool also demonstrates the highest accuracy among all targeting
tools. Specifically, its coverage rate exceeds those of the Scorecard, PMT, and PAT by 3.2,
1.9, and 2.6 percentage points, respectively.

In identifying poor individuals, both national and international WOE tools exhibit only
minor differences in standard errors compared to those of other targeting tools, as shown
in Table 7. Additionally, the p-values of the WOE tools are the same as those of the other
targeting tools.

3.3 Discussion

The comparisons above show that the WOE (Logit) method outperforms the other three
methods. However, due to differences among the four methods and the lack of controlled
conditions, pinpointing the exact reasons for this outperformance is challenging.
Nonetheless, we will highlight key differences between the methods to examine how these
variations potentially influence accuracy and indicator selection in targeting tools.

The first difference lies in how responses for each indicator are binned. Other methods
create categories based on the results of cross-tabulation, aiming to create groups that
consistently align with poverty status. In the WOE (Logit) method, binning with the WOE
technique does not stop at that requirement, but aims to maximize IV, the predictive power
of an indicator. This approach often results in different binning patterns for variables with
a wide range of values, such as “electricity bill,” “number of poultry,” “dependent ratio,”
and so on. This is because without the criterion of 1V, it is difficult to determine the best
category combinations for these variables.

Variables with different ways of binning can lead to differences in selecting indicators
because, within the same variable, different category combinations will result in different
values of the c-statistic or adjusted R square. These are essential statistical criteria in the
“MaxC” or “MaxR” forward stepwise approaches, which select indicators based on small
improvements in these criteria. As a result, binning with different methods can lead to the
selection of different indicators in targeting tools, which ultimately affects accuracy. This
can be seen in comparing the WOE (Logit) and Scorecard (Logit) methods: despite both
applying the same “MaxC” stepwise approach and using Logit models, their targeting
tools differ in one indicator, and two to three indicators have different binning patterns.
Consequently, their accuracy differs.

Additionally, for the Scorecard (Logit) and WOE (Logit) methods, the c-statistic value
is also an important criterion for assessing the accuracy of targeting tools. We observe
that variables with higher IVs often* tend to achieve higher c-statistic values. Since the
WOE (Logit) method maximizes the IV of indicators during the binning process, numeric
variables with a wide range of values binned in this way often have higher c-statistic values
compared to those binned using cross-tabulation. While this disparity is minor, it can
accumulate when targeting tools contain many such indicators. As a result, this difference
may contribute to the accuracy gap between Scorecards and WOE tools.

4 This trend weakens and not always correct when differences in IVs are very minimal.
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Fig. 1 The association between the total score and predicted outcomes at person level by international tar-
geting tools

Another factor that may contribute to differences in indicator selection and targeting
accuracy is the nature of the variables used in the regressions. The WOE (Logit) method
employs numeric values transformed using the WOE technique, whereas other methods
rely on categorized variables. However, we cannot definitively conclude that using WOE-
transformed variables directly impacts accuracy or indicator selection, as the indicators
used in the four targeting tools differ, potentially introducing bias.

An observation we can confirm is that regressions using categorized variables
sometimes encounter issues with coefficient monotonicity. The Scorecard (Logit) and PMT
(OLS) methods use categorical variables, so each category has its own coefficient. This can
lead to situations where a categorical variable might help the model achieve the highest
c-statistic or highest adjusted R-square but cannot be selected because their coefficients are
non-monotonic.’ In such cases, we do not drop these variables; instead, we recategorize
them to achieve monotonic coefficients and rerun the stepwise process. Whether the

5 A variable with non-monotonic coefficients leads to inconsistencies in the scoring of responses within a
question.
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re-selected indicator remains the same or not, this change often results in a model with a
lower c-statistic or adjusted R-square. This issue arises when selecting indicators such as
the number of dependents and number of agricultural laborers for the national Scorecard,
and the highest education level for the international Scorecard. The PMT (Quantile)
method faces similar challenges, so to maintain consistent coefficients across categories,
we need to select quantiles that result in lower c-statistic values. In contrast, the WOE
(Logit) method does not face this issue because WOE variables are numeric, and each
variable has only one coefficient.

The third difference between methods is the regression algorithms used. However, we do not
consider this factor as a main reason for the accuracy improvement seen in the WOE (Logit)
method. Existing studies show that the Logit model sometimes outperforms OLS or Quantile
regressions, but at other times, Logit models are less effective (Linh & Baulch, 2011; Schreiner,
2015; Zeller et al., 2006). This pattern is also observed in this study. For instance, in identify-
ing poor people, the national Scorecard achieves higher accuracy than the national PMT and
PAT, while the international Scorecard performs worse than the international PMT and PAT. In
some cases, both the Logit and OLS regressions yield similar targeting accuracy (Etang et al.,
2022). Additionally, although both the WOE (Logit) and Scorecard (Logit) methods use logistic
regression, WOE tools still outperform Scorecards.

The final difference between the WOE (Logit) method and the other methods is the
approach to transforming coefficients into scores. Figure 1 illustrates that the total scores
converted by the WOE (Logit) method are more consistent with the predicted poverty
probabilities than those converted by the Scorecard (Logit) method. This suggests that
the Scorecard (Logit) method may inadvertently lower its accuracy, as many individuals
with similar or even higher predicted poverty rates at the selected cut-off score may still
be excluded. The magnitude of the total score could be a contributing factor to this issue.
However, the score transformation approaches of the PMT (OLS) and PMT (Quantile)
methods are similar, with large total score magnitudes. While the total scores in the PMT
(Quantile) method align with individuals’ expenditures, the total scores in the PMT (OLS)
method do not. As a result, both the PMT (OLS) and PMT (Quantile) methods generally
perform worse than the WOE (Logit) method. Nevertheless, concluding that the score
transformation approach of the WOE (Logit) method is superior to others could be biased,
as the targeting tools constructed by the four methods use different indicators, and the mag-
nitude of the total scores varies across the methods.

This discussion highlights the differences between methods and the potential outcomes
resulting from these differences. Based on these outcomes, we can only conclude that using
both the WOE binning technique and WOE variables leads to differences in binned and
selected variables compared to other methods. We cannot provide precise quantitative
assessments of accuracy improvements for individual techniques within the WOE (Logit)
method because the necessary conditions for a fair assessment are not met, and this is
beyond the scope of the study. However, this presents an interesting research gap to explore
in the future.

4 Conclusion
This study explores the feasibility and efficacy of using the WOE (Logit) method to

develop targeting tools. To achieve this, we compare the accuracy of the WOE (Logit)
method with that of other powerful and common methods, such as the Scorecard (Logit),
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PMT (OLS), and PMT (Quantile) methods. For a fair comparison, we use the coverage rate
to compare the accuracy between targeting tools while holding the predicted poverty rate.

The results indicate that targeting tools constructed using the WOE (Logit) method
achieve higher accuracy than those developed by other methods. Depending on the national
or international poverty line, the WOE (Logit) method can improve accuracy in identifying
poor households by approximately 1.9-5.9 percentage points of coverage rate compared
to other methods, while this accuracy improvement ranges from 1.5 to 3.3 percentage
points in identifying the poor at the person level. This small improvement is meaningful
on a national scale. For instance, according to the updated report by the Committee for
Ethnic Minority Affairs of Vietham (CEMA, 2020), Vietnam has 745,441 poor households
among ethnic minorities. If the Vietnamese government aims to target all of these poor
households, applying the WOE (Logit) method could potentially increase the number of
correctly identified poor households by 14,163 to 43,981 compared to other methods.

This study introduces an additional approach for governments seeking to develop
accurate targeting tools. While the WOE (Logit) method may seem complex in explanation,
it is neither new nor difficult to implement, as it is commonly used in credit scoring.
Various accessible resources, guidelines, and software packages are available for popular
and powerful tools such as R, SAS, and Python. These packages allow users to construct
targeting tools using the WOE (Logit) method in just a few simple steps.

The first limitation of this study is that it focuses solely on testing whether applying the
WOE (Logit) method—a comprehensive approach for constructing credit risk scorecards,
including techniques such as binning categories by WOE and IV, using WOE variables,
applying logistic regression, and using the score-scaling approach of doubling the poverty
odds—improves the accuracy of targeting tools. Therefore, the study can only conclude
that the application of all these techniques together improves the accuracy of WOE tools.
The individual contributions of each component technique to the accuracy improvement
remain unclear, as many conditions are not controlled for a fair comparison, making any
conclusion potentially biased. Nevertheless, this is a research gap that should be explored
in the future if any researcher intends to apply any single technique in the WOE (Logit)
method to the PMTs.

A second limitation is that the WOE (Logit) method has only been applied to ethnic
minority communities in Vietnam. However, targeting tools developed using this method
have been effective in identifying the poor at both the household and person levels among
the 53 ethnic minority groups, which vary in characteristics, living regions, poverty
rates, and levels of poverty (poor, moderately poor, or extremely poor) (CEMA, 2020).
Therefore, the WOE (Logit) method should also be applicable for constructing targeting
tools to identify the poor among the ethnic majority, which includes only the Kinh ethnic
group, in Vietnam. We recommend that the comparative analysis of the WOE (Logit)
method presented in this paper be repeated for other countries and data sets. If results are
similar to those presented here, the WOE (Logit) method can be applied to poverty scoring
in those countries.

Appendix

See Tables 8, 9 and 10.
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