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Abstract: Deprivation indices are useful measures to study health inequalities. Different techniques
are commonly applied to construct deprivation indices, including multi-criteria decision methods
such as the analytical hierarchy process (AHP). The multi-criteria deprivation index for the city
of Quito is an index in which indicators are weighted by applying the AHP. In this research,
a variation of this index is introduced that is calculated using interval AHP methodology. Both indices
are compared by applying logistic generalized linear models and multilevel models, considering
self-reported health as the dependent variable and deprivation and self-reported quality of life as the
independent variables. The obtained results show that the multi-criteria deprivation index for the
city of Quito is a meaningful measure to assess neighborhood effects on self-reported health and that
the alternative deprivation index using the interval AHP methodology more thoroughly represents
the local knowledge of experts and stakeholders. These differences could support decision makers in
improving health planning and in tackling health inequalities in more deprived areas.
Keywords: deprivation; analytical hierarchy process; self-reported health; self-reported quality
of life; inequality

1. Introduction
Area-level measures of deprivation are important tools for quantifying multidimensional social
and material disadvantages and for studying health inequalities [1–4]. The motivations for developing
these kinds of indices are grounded on the need of tackling inequality. For this reason, these indices
are also tools that support decision-making processes aimed at the improvement of people’s health
and quality of life.
There are several kinds of deprivation indices that use different indicators and are constructed
in different ways. For instance, the Townsend score [5,6] is a material deprivation index composed
of just four variables. The Townsend score is obtained by the summation of the standardized scores
for each variable. The Carstairs deprivation index [7] is very similar to the Townsend index and is
also constructed as the combination of unweighted standardized variables. The Index of Multiple
Deprivation 2000 encompasses several kinds of indicators, including indicators of mortality, disability,
and healthcare accessibility [8,9]. There are other indices that have been constructed by applying
statistical methods such as the principal components analysis [3,10]. Furthermore, the principal
components analysis has been shown to be a suitable technique to weight the indicators that compose
a deprivation index [11]. Deprivation indices can use individual-level and census-level indicators, and
these indicators can be weighted by using regression model coefficients as weights [12]. Expert-based
weights can also be used to construct deprivation indices [13].
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Thus, a key issue in the calculation of any deprivation index is to determine how to weight the
different indicators that comprise the index. The weights determine the trade-offs between the different
dimensions of a multidimensional index [14], and changes applied to these weights may influence the
outcomes of deprivation representations in a study area and, consequently, influence decision-making
processes. When using expert-based weights, multi-criteria decision analysis (MCDA) methods are
effective techniques because they can diminish bias when incorporating subjective information such as
experts’ judgments. Additionally, these methods are useful in decision making and planning and can
be incorporated in geographic information system (GIS) environments to support spatial multi-criteria
analyses of deprivation areas [1,13]. For instance, the order weighted average (OWA) is an MCDA
method that has been used to validate deprivation indices that use qualitative information [13],
as well as to create alternative scenarios of a deprivation index [1,15]. The OWA method uses a fuzzy
logic that is used to rank the indicators based on their values. However, OWA works with ordered
weights, weights that are based on indicators’ weights that have been previously calculated with other
techniques. An MCDA method that is used to calculate indicators’ weights to construct deprivation
indices is the analytical hierarchy process (AHP) [1,16].
The AHP developed by Saaty [17] is one of the most popular methods of MCDA. What is more, the
AHP has been applied to weight indicators of deprivation indices in GIS environments [1]. Integration
of AHP and GIS offers a useful and practical approach to decision-making processes [18] within
a collaborative and spatial framework [19,20]. The AHP supports the creation of weights based on
experts’ judgments structured in a pairwise comparison matrix [21,22] by applying Saaty’s scale of
importance intensities (scale of 1 to 9). In the case of a deprivation index, these intensities represent
the experts’ judgments regarding which indicators of the index contribute more to deprivation in
comparison to the rest of the indicators. Despite the advantages of the AHP, this method is subject to
some criticism. Since the comparison of indicators is based on subjective judgments, some degree of
uncertainty and inconsistency may occur [23]. Additionally, some experts may not be totally aware of
the nature and importance of some of the indicators considered [24]. The uncertainty and inconsistency
may be exacerbated when experts and stakeholders analyze social variables beyond variables related
to physical geography and environment.
Several methods have been applied to diminish uncertainty and inconsistency associated with
the AHP approach, such as the application of fuzzy logic, the use of OWA, and the proposal of spatial
sensitivity analysis [18,21,25]. With these kinds of methods, the different indicators can be aggregated
considering their different values in the different zones of the study area. They also can capture the
most relevant qualitative and quantitative information between the different indicators. However,
experiences in applying MCDA methods, such as AHP and OWA, to construct deprivation indices are
not common in scientific literature.
This outlined background situation highlights two key issues, namely, (1) the development of
deprivation indices applying AHP has not been widely explored by the scientific community, and (2) the
AHP is subject to the uncertainty associated with the experts’ judgments and to the limitations of the
Saaty scale: diverse experts’ judgments are combined to only one value of the scale, which may not
totally represent the experts’ disagreements with respect to the pairwise comparison of indicators.
The purpose of this paper is to apply an interval AHP to the calculation of a deprivation index
and to compare the result obtained to an index created by applying the traditional AHP method.
To compare both indices, we compare their indicators’ weights, the spatial representations of the
indices, and the influence of the indices on a health outcome (self-reported health).
The interval AHP is used to improve the accuracy of the indicators’ weights that compose the
deprivation index. The interval AHP calculates the weightings through interval pairwise comparison
matrices, which means applying a more flexible and accurate AHP. The deprivation index chosen for
the study is the multi-criteria deprivation index for the city of Quito [15,16]. This index was constructed
using AHP to weight its indicators and has been proven to explain the individual-level variations
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in health outcomes, to some degree. Further, a second interval AHP method that uses an interval
pairwise comparison matrix [24] was also applied in this research.
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Quito is the capital of Ecuador, located in the northern Andes region of the country (Figure 1).
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as education, health, and proper living conditions is the foundation to construct cohesive societies
of Good Living [1]. The chosen indicators also have an affinity to material and social deprivation, as
documented in previous studies [1,3,10,28]. All in all, we define deprivation as the limited access to
services that satisfy basic human needs and rights. The indicators of the MDIQ are shown in Table 1.
Table 1. Indicators used to construct the deprivation index.
Indicators
A: % of the population that have a long-term disability
B: % of the population that does not have any level of formal education or instruction
C: % of the population that has no public social/health insurance
D: % of the population that work in unpaid jobs
E: % of households with four or more persons per dormitory
F: % of households without access to drinking water from the public system
G: % of households without access to a sewerage system
H: % of households without access to the public electricity grid
I: % of households without garbage collection service
J: distance (meters) to the nearest primary healthcare service

The AHP [17] is a method that structures complex decision problems into a hierarchical system
by applying a pairwise comparison matrix for the considered indicators using experts’ judgments to
assign weights to these indicators. The pairwise comparison matrix is constructed by using scores
that represent experts’ judgments when comparing the importance of each indicator in relation
to all the other indicators. In the case of the indicators that make up the MDIQ, 13 experts were
consulted. The experts were professionals and decision-makers from the fields of geography, health,
and urban studies. The scores for the indicators’ pairwise comparisons range from 1 to 9, where 1 means
‘equal importance to’ and 9 means ‘enormously more important than’. Intermediate values (2, 4, 6, 8)
and reciprocals (inverse values) can also be used in the pairwise comparison matrix. For instance,
the value of 3 located in row B (Table 2) means that indicator B is moderately more important than
indicator A. An advantage of the AHP is that it is possible to test the consistency of the pairwise
comparison matrix. This consistency is calculated by means of the consistency ratio (CR). The CR is
the ratio between the consistency index (CI) and the random index (RI). The CI is a function of the
weights’ vector, the pairwise comparison matrix, and the number of indicators used. The RI represents
the consistency index of a random pairwise comparison matrix. A CR value lower than 0.10 indicates
that there is consistency in the pairwise comparison and that the obtained weights can be considered as
reliable [21]. For a full description of how the AHP works, please see [21,29]. For a full description of
how the AHP method is applied to construct the MDIQ, please see [16]. The AHP pairwise comparison
matrix that was used to construct the MDIQ and the AHP-based weights of the indicators of the MDIQ
are shown in Table 2.
Table 2. Pairwise comparison matrix, indicators’ weights, and the consistency ratio (CR) of the weights.
Indicator

A

B

A
B
C
D
E
F
G
H
I
J

1
3
3
2
1
4
2
2
1
2

1
2
2
1
4
2
1
1
2

C

1
2
1/2
3
1
2
1
1

D

1
1/2
3
1
1
1/2
1

E

1
6
4
4
3
3

F

1
1/2
1/3
1/3
1

G

1
2
1
1

H

1
1
2

I

1
2

CR = 0.038
Note: The indicators’ codes correspond to the codes of Table 1.

J

Weights

1

0.048
0.067
0.090
0.111
0.039
0.228
0.102
0.108
0.076
0.131
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Table 2 shows that the indicators with the highest weights are the percent of the population
that works in unpaid jobs, percent of households without access to drinking water from the public
system, and the distance to the nearest primary healthcare service. The CR for the MDIQ weighting
was 0.038, a value lower than 0.10, which means that the weights calculated are consistent enough to
be used to construct an index. The MDIQ is calculated by adding the weighted normalized indicators.
The indicators are normalized by applying the min-max normalization [16].
To overcome disagreements between experts, the arithmetic mean method can be applied [29],
as was the case in the MDIQ. However, experts’ pairwise comparisons of the applied indicators can
vary. Thus, variations in judgments are not fully represented in the final weights of the traditional AHP.
In other words, the pairwise comparison matrix of the traditional AHP only shows crisp numbers to
represent the experts’ judgments. For this reason, the interval pairwise comparison matrix (IPCM)
method was applied to create alternative indicators’ weights than the weights calculated with the
traditional AHP method.
2.2. The Interval AHP: Applying the Interval Pairwise Comparison Matrix
The interval pairwise comparison matrix (IPCM) method [24] was applied to create alternative
weights for the MDIQ. Although the traditional AHP is a common method for decision-making
purposes, nearly all researchers think that outputs of the method are significantly influenced by the
experts’ judgments [24]. Using crisp numbers that correspond to the experts’ judgments may result
in inaccurate weightings. In the traditional AHP, several experts are asked to compare indicators.
Thus, it is very likely to get a diversity of judgments. In addition, sometimes experts do not agree with
each other or they are not even sure about their own judgment within a number. To overcome these
kinds of problems, intervals and not crisp numbers can be used to represent the experts’ judgments.
The IPCM method was used in this study to extract new weights from the experts’ judgments.
The IPCM method is based on the precedent that the Saaty scale-based values used in the AHP
can be expressed in intervals rather than by a specific crisp value. Hence, the pairwise comparison X
can be expressed as:


X = lij , uij
(1)
where lij and uij denote the lower and upper limits of interval X [30], which shows that the indicator
xi is between lij and uij times as preferred as the indicator x j , and all of the interval elements are
organized in the matrix A [24,31]:



A=



1
[l21 , u21 ]
..
.
[ln1 , un1 ]

[l12 , u12 ]
1
..
.
[ln2 , un2 ]

...
...
..
.
...

[l1n , u1n ]
[l2n , u2n ]
..
.








(2)

1

where, lij ≥ 0, uij ≥ 0, ∀ i,j = 1, 2, . . . , n. Notice that if lij = uij , ∀ i,j = 1, 2, . . . , n, matrix A turns into
the pairwise comparison matrix of the traditional AHP. In matrix A, every element has two conditions:
lij = uij or lij ≤ uij , ∀ i,j = 1, 2, . . . , n. This means that experts are allowed to compare any pair within
the interval related to a crisp value.
The matrix A can be expressed in two different matrices, B and C, and we can say that matrix A
has a reasonable CR when both matrices B and C have reasonable CRs [24,31]. This means that A is
a consistent pairwise comparison matrix when 0 < CRmatrix B < 0.1 and 0 < CRmatrix C < 0.1.
A statistical model of the Monte Carlo simulation (MCS) was applied for calculating the crisp
weightings based on the IPCM outcomes. MCS is a common approach for statistical sampling,
especially in complex systems [32]. Using MCS, an average value is calculated as a definite number
through a repeated number of random statistical samples between lower and upper limits of
an interval [33]. The pairwise comparison matrices produced had a reasonable CR, and the sum
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of all the final weights obtained was equal to one. These new weights were applied to calculate a new
deprivation index that we call ‘interval MDIQ’ or I-MDIQ.
2.3. Comparison and Validation of the MDIQ and I-MDIQ
To compare and validate both the MDIQ and the I-MDIQ, the influence of these indices
on self-reported health was evaluated. Deprivation influences health outcomes [3,4,34] including
self-reported health [15,35,36]. Thus, regression models can be used to model the relationship between
deprivation and self-reported health. For this study, two types of models are suitable for use: logistic
generalized linear models (dependent categorical variable of self-reported health) and multilevel
models (individual-level dependent variable of self-reported health spatially nested in an area-level
variable of deprivation). In the models, two independent variables are considered: deprivation
(either MDIQ or I-MDIQ) and self-reported quality of life. The latter variable was used as a controlling
individual-level independent variable for the models, considering that individual quality of life is
an important variable that influences individual health [37]. The measures of self-reported health
and self-reported quality of life were extracted from 489 responses obtained from a survey carried
out in Quito in 2014. For details of the survey design, see [38]. The margin of this survey sampling
error was ±4 with a level of confidence of 95%. Self-reported health and self-reported quality of life
were measured using a 1–5 Likert scale whereby, in the case of the self-reported health, a value of
5 indicates having excellent health and a value of 1 indicates having very bad health; and, in the case
of self-reported quality of life, a value of 5 indicates being very satisfied with one’s quality of life and
a value of 1 means being very unsatisfied with one’s quality of life.
The logistic generalized linear model can be expressed as:
SRH = logit(β1 + β2 SRQoL + β3 D)

(3)

where SRH is the self-reported health, SRQoL is the self-reported quality of life, and D represents
either MDIQ or I-MDIQ.
The multilevel model can be expressed as a conditional growth equation:
SRHij = β0j + β1j SRQoLij + rij

(4)

where SRHij is the self-reported health, SRQoLij is the self-reported quality of life, and rij represents
the error at the individual level. The individual-level intercept and slope can be expressed as:
β0j = γ00 + γ01 D j + µ0j

(5)

β1j = γ10 + γ11 D j + µ1j

(6)

where D j represents the area-level variable of the model (either MDIQ or I-MDIQ) and the random
terms µ0j and µ1j are the errors at the area level.
To compare and validate the MDIQ and the I-MDIQ based on the regression models used,
two statistics were compared: the slope index of inequality obtained from the logistic generalized linear
modeling, and the variation partition coefficient obtained from the multilevel modeling. The slope
index of inequality is the slope coefficient of a regression where, in the case of deprivation in relation to
health, the larger the slope coefficient, the greater the impact of deprivation on a health outcome [39] such
as self-reported health. For this study, the coefficient considered corresponds to the MDIQ or I-MDIQ.
The variation partition coefficient is useful for evaluating the variances of an individual-level measure,
such as self-reported health, in relation to an area-level measure such as a deprivation index [16].
3. Results
Table 3 shows the interval comparison matrix obtained. The indicators with the highest weights
are the percent of the population that has no public social/health insurance, percent of the population
that works in unpaid jobs, and the percent of households without access to drinking water from the
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public system. Thus, these are the three most important indicators of the I-MDIQ. The obtained CRs
for the I-MDIQ weighting were 0.047 and 0.048, both of them lower than 0.10. This means that the
whole process of the I-MDIQ is consistent and the results are acceptable.
Table 3. Pairwise comparison matrix, indicators’ weights, and the CR of the weights.
Indicator

A

B

A
B
C
D
E
F
G
H
I
J

1
[3,5]
[3,5]
[2,3]
1
4
[1,2]
2
[1/2,1]
[1,2]

1
[2,3]
[1,2]
1
[3,4]
[1,2]
[1/2,1]
[1/3,1]
[1,2]

C

1
[1,2]
[1/2,1]
[2,3]
[1/2,1]
[1,2]
[1/2,1]
[1/2,1]

D

1
1/2
3
[1/2,1]
1
1/2
1

E

1
[5,6]
[3,4]
4
[2,3]
[2,3]

F

1
1/2
1/3
1/3
1

G

1
2
[1/2,1]
[1/2,1]

H

1
1
[1,2]

I

1
[1,2]

J

Weights

1

0.0510
0.0881
0.1157
0.1080
0.0437
0.2175
0.0966
0.1052
0.0678
0.1073

CRB = 0.0482; CRC = 0.0474
Note: The indicators’ codes correspond to the codes of Table 1.

Figure 2 depicts the MDIQ and I-MDIQ expressed at the finest scale available for the study area,
the census block scale. Both indices—MDIQ and I-MDIQ—represent similar deprivation patterns in
the city of Quito: the more deprived areas (red color range) are located in the peripheries of the city.
However, there are small differences when it comes to the individual analysis of some of the census
blocks. For example, in Figure 2, two examples are shown: S1 and S2, each one with two sample zones,
a and b. In the case of S1 sample a, a yellow-colored census block in the MDIQ turns orange in the case
of the I-MDIQ. In the case of S1 sample b, the blue colors in the MDIQ are darker than the blue colors
corresponding to the I-MDIQ. In the case of S2 sample a, a yellow-colored census block in the MDIQ
turns orange in the case of the I-MDIQ. In the case of S2 sample b, the blue colors in the MDIQ are
darker than the blue colors corresponding to the I-MDIQ.
This means that in some census blocks, the I-MDIQ shows higher deprivation values than the
deprivation values of the MDIQ.
Table 4 shows the results of the applied logistic generalized linear and multilevel models.
The slope indices of inequality and the t-values are the results obtained from the logistic generalized
linear models. The variation partition coefficients and the likelihood ratio tests are the results obtained
from the multilevel models. The slope index of inequality is slightly higher in the case of the MDIQ.
However, this difference is not marked, and it is also important to mention that both slopes were not
found to be significant because their t-values were below 1.96, which is the critical threshold value
at the 5% level of significance. Additionally, in the logistic model considering the MDIQ, the odds
ratios’ confidence intervals (95% of confidence) were 0.02 and 4475.65 for the slope index of inequality,
while in the logistic model considering the I-MDIQ, the odds ratios’ confidence intervals were 0.02
and 2425.43 for the slope index of inequality. These values corroborate the non-significance of both
slope indices of inequality. However, the self-reported quality of life was found to be significant in
the logistic generalized linear models performed (t-value of 2.04 and odds ratios’ confidence intervals
between 1.01 and 1.69 for both models).
The variation partition coefficients of both indices are also equivalent. The likelihood ratio tests
showed that the variation partition coefficients were significant at the 5% level of significance because
both tests’ values were larger than 3.84 (the 5% point of a chi-squared distribution on 1 degree of
freedom is 3.84). The variation partition coefficient’s value obtained for the case of the MDIQ was
higher than the value obtained for the case of the I-MDIQ. This means that the original MDIQ is more
significant when variances of self-reported health are attributed to differences between deprivation
areas. In other words, the neighborhood effects of the MDIQ were found to be more significant than
the neighborhood effects of the I-MDIQ.
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occur, mainly because these kinds of indicators are related to the very complex and multidimensional

Int. J. Environ. Res. Public Health 2018, 15, 140

9 of 12

occur, mainly because these kinds of indicators are related to the very complex and multidimensional
concept of quality of life, which most researchers accept is not easily defined [37]. We minimized
the problem of experts’ disagreement by optimizing the AHP with the interval comparison pairwise
matrix. The flexibility of the novel approach expedites the construction of a pairwise comparison
matrix that better represents the diversity of experts’ judgments. The intervals expressed in the interval
pairwise comparison matrix represents this diversity in judgment: differences of criteria between
experts and variations of the own criteria of each expert.
The MDIQ is a useful measure of deprivation associated with health inequalities [16]. Compared
to the MDIQ, the new deprivation measure I-MDIQ is just as effective in capturing deprivation and
health inequalities. The advantage of I-MDIQ is that the AHP-based weighting considers intervals
that better represent the insights of local experts and stakeholders. Moreover, one of the indicators
that received the highest weight is the ‘percent of the population that has no public social/health
insurance’. This means that local experts considered this indicator as one of the most influential in
terms of causing deprivation. The census of the city of Quito shows that a large proportion of the
population has no public social/health insurance. This finding means that local experts’ judgments
do reflect the reality of the study area and that the I-MDIQ could better represent the experts’ views.
Additionally, experts’ judgments reflect the understanding that having health insurance is a critical
issue that influences health and the quality of life. Indeed, it has been identified that having health
insurance significantly impacts health, wellbeing, satisfaction with healthcare, and the accessibility to
healthcare in terms of people’s perceptions [37,38]. Thus, assigning a higher weight to the indicator
related to health insurance, as is the case in I-MDIQ, considers the importance of this social indicator
when linking deprivation, health, and quality of life. In conclusion, it can be said that the interval
pairwise comparison matrix used for the I-MDIQ better captures the experts’ judgments, and this
information is useful in obtaining weights that are more fitted to reality. The I-MDIQ also shows
higher deprivation in some census blocks. However, in general, both indices can also be considered
equivalent. First, their values range from 0.05 to 0.67. Second, the results of the performed models are
also similar for both indices.
When it comes to analyzing the logistic generalized linear models and multilevel models that
were applied, results show only minor differences. The slope index of inequality is similar for both
indices MDIQ and I-MDIQ, although it is slightly greater for the MDIQ. Nevertheless, the slope
indices of inequality were not found to be significant. It is important to mention that in the logistic
generalized linear models the self-reported quality of life was found significant. This result suggests
that the logistic generalized linear model is useful for associating two individual-level variables but
this model may not describe the multilevel (multiscale) associations between the area-level measures
of deprivation and the individual-level measures of self-reported health and self-reported quality of
life. The multilevel models are useful tools to describe these associations.
In the multilevel models, significant variances of self-reported health were found. In other words,
the MDIQ and the I-MDIQ represent deprivation that influences self-reported health. Specifically,
the obtained results suggest that 41% of the self-reported health variance is attributed to differences of
zones expressing the MDIQ, and the 44% of the self-reported health variance is attributed to differences
of zones expressing the I-MDIQ. However, when comparing both indices, the MDIQ showed more
significant effects on self-reported health.
The lack of significance of the slope index of inequality and the important significance of the
variation partition coefficient suggest that the relationships between deprivation, self-reported health,
and self-reported quality of life vary between places and that fitting a multilevel model that allows
the relationships between variables to vary from place to place is a better option for analyzing the
spatially hierarchical structure of individuals reporting their health and living in a specific context
(census blocks expressing deprivation).
The self-reported health reflects an individual’s integrated perception of health [41] that is not
necessarily associated with objective measures of individual health but nevertheless is associated with
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more detailed measures of health status such as reported physical and mental health [42], and also
to contextual objective measures of deprivation [15,39]. This means that self-reported health is an
enduring concept that remains stable over time at the individual level but changes between groups of
individuals living in different neighborhoods and that this change can respond to neighborhood-level
characteristics such as deprivation. Indeed, it can be said that in the case of this study, variations in
self-reported health can be attributed to differences between deprivation areas, and also attributed
to differences in self-reported quality of life within these areas. In other words, how a person rates
their health is associated with how this person rates their quality of life and to the multidimensional
deprivation of their neighborhood.
All in all, the MDIQ and the I-MDIQ had similar neighborhood effects on self-reported health.
The advantage of using the I-MDIQ is that their weights better reflect experts’ judgments and local
knowledge of the reality in the study area. However, in general terms, our findings suggest that both
indices can be considered as equivalents. Decision-makers and planners could interchangeably use the
MDIQ and the I-MDIQ if they aim to operate in a small scale (larger areas). In the case of smaller area
interventions (such as interventions on a specific census block), decision-makers and planners need to
take into consideration possible variations between the MDIQ and the I-MDIQ.
Future research related to this work needs to extend the application of the classic AHP and
the interval AHP to different indices of deprivation. This research gap is of great interest because
the application of MCDA techniques to construct deprivation indices is not common, despite the
importance of incorporating experts’ criteria and local knowledge in the development of more holistic
and pluralistic measures of deprivation. For the public health domain, it may be interesting to relate
the results of this study to additional individual-level subjective and objective variables, such as
perceptions of social cohesion or income. Future studies may also use additional control variables
(such as gender and age) in the regression models applied in this study. The AHP considers a top-down
hierarchical structure assuming criteria as independent of each other. We propose that future research
can apply the analytical network process (ANP) method in combination with the IPCM to construct
deprivation indices. This method is based on the AHP but considers inner and outer influences and
dependences of criteria in decision-making problems. An integrated approach of ANP and IPCM
could extend the capability of analyzing multi-criteria and multidimensional deprivation and other
socio-economic indices, with potentially important implications for decision making.
5. Conclusions
The significance of this study lies in the introduction of an interval AHP method to weight
indicators to construct social indices. We believe that traditional techniques can be improved by
incorporating the interval pairwise comparison matrix to multi-criteria analyses of deprivation indices.
Another contribution of this research is that we showed how the different applied AHP methods
impact deprivation indices, which represent equivalent patterns of deprivation at the city level but
different values of deprivation in several census blocks. This means that the I-MDIQ could be useful
for analyzing deprivation in specific census blocks by considering more ‘realistic’ weights in the sense
of more thoroughly representing the local knowledge of experts and stakeholders. On the other hand,
we also found that variances of self-reported health, attributed to differences between deprivation
areas, are similar in both indices: MDIQ and I-MDIQ. However, the neighborhood effects of the former
were found to be more significant, which suggests that MDIQ is a consistent and robust measure of
deprivation when studying health inequalities.
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