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Abstract 

Background Many countries have developed their country/nation-wide multidimensional area-based index on dep-
rivation or socioeconomic status for resource allocation, service planning and research. However, whether each geo-
graphical unit proxied by a single index is sufficiently small to contain a relatively homogeneous population remains 
questionable. Globally, this is the first study that presents the distribution of domestic households by the territory-
wide economic status index decile groups within each of the 2,252 small subunit groups (SSUGs) throughout Hong 
Kong, with a median study population of 1,300 and a median area of 42,400  m2.

Methods The index development involved 248,000 anonymized sampled household-based data collected 
from the population census, representing 2·66 million domestic households and 6·93 million population in mid-
2021. Our composite index comprises seven variables under income-/wealth-related and housing-related domains 
with weights determined using the analytic hierarchy process. After ranking all households from the most to the least 
well-off according to the numeric/ordinal value of each variable and then calculating their weighted rank scores, they 
were segregated into ten deciles from D1 (top 10% most well-off ) to D10 (bottom 10%). Their relative distribution 
was summarized in a three-dimensional ternary plot to distinguish patterns across the 2,252 SSUGs within the 18 
administrative districts.

Results In Hong Kong, of the 2,252 SSUGs, only one-quarter contain a homogeneous composition of households 
with similar economic status, while the other three-quarters are heterogeneous to varying extents. Of the 18 adminis-
trative districts, only two are concentrated with more homogeneously well-off SSUGs.

Conclusions Small-sized geographical units may contain a heterogeneous composition of households with diverse 
economic statuses, underlying the need for more precise information to quantify their relative distribution. Results 
of this study are disseminated via an online interactive map dashboard (https:// exper ience. arcgis. com/ exper ience/ 
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 b4c76 43feb 9043e b94b3 add38 6c4b7 1c/) which can serve as a versatile planning tool capable of performing analysis 
at different varying geographic scales for community-based resource prioritization, service planning and research 
across different domains.

Keywords Socioeconomic status index, SES, Deprivation, Small-area analysis, Hong Kong

Background
The World Health Organisation (WHO) highlights the 
importance of social, environmental and economic deter-
minants of health and how they impact health equity [1]. 
Prior research has shown inverse relationships of an indi-
vidual’s socioeconomic status (SES) with health problems 
including chronic kidney disease, cardiovascular disease, 
stroke, breast cancer, hypertension, and type 2 diabetes 
[2–7]. That said, individual SES cannot fully explain the 
observed spatial variation in health outcomes such as dis-
ease prevalence rate or mortality rate. Area-based studies 
illustrate that the socioeconomic conditions of the neigh-
bourhood where one lives also play an important role 
[8–10]. Back in 1979, Townsend’s formulation of multiple 
deprivation, both social and material, was the first theo-
retical framework for the model of small-area multiple 
deprivation as a composite index of different domains of 
deprivation in the United Kingdom (UK) [11]. 

Across the world, countries propelled either by gov-
ernment initiatives or academic efforts have developed 
their own multidimensional measure on deprivation or 
SES at a small-area level. These measures, augmented by 
visualization on maps to show the resultant geographi-
cal variations over small areas, are applied to resource 
allocation, service planning and research [12]. UK was 
amongst the pioneering countries to develop indices for 
regularly monitoring health inequality and applying them 
to policy making. The developed indices have evolved in 
phases to today’s English Indices of Deprivation (IoD) in 
line with Townsend’s definition of relative poverty [11]. 
The current English IoD comprise seven domains of dep-
rivation, with each measured independently using the 
best indicators available to generate a domain score. The 
seven scores are then combined with explicit weightings 
to generate a multiple-deprivation measure [11]. More 
than 15 countries have developed similar indices with 
varying numbers of dimensions, domains and variables 
[11, 13–27]. (Additional file 1)

In this study, a similar but household-based index was 
developed for Hong Kong, one of the most densely popu-
lated areas in the world with a population of 7·4 million 
in mid-2021 on a total land area of 1,117 square kilo-
metres  (km2), of which 40% are country parks and areas 
designated for nature conservation [28, 29]. There are 18 
administrative districts, each with a district council. For 
town planning purposes, the territory is also demarcated 

into 292 tertiary planning units (TPUs) and 4,916 subu-
nits (SUs). Three prior local studies have produced small-
area-based indices, including a deprivation index at both 
street block (currently replaced by SU) and TPU levels for 
exploring their association with suicide rate [30], and two 
other indices at TPU level for investigating their associa-
tion with cancer mortality and air pollution [31, 32]. 

Literature review showed that the majority of area-
based indexes used mainly population census data, with 
some complemented by administrative data [11, 13–27]. 
The common domains included are income, wealth, 
housing, employment, and education, while crime, 
health, and crowding are domains selectively adopted 
according to the local context. Most indicators for indi-
vidual domains were chosen according to available infor-
mation from the census, theoretical framework, previous 
research studies, particularly the English IoD and correla-
tion with other indicators. Owing to data availability and 
limitations, only aggregate statistics pertaining to each 
geographical area were compiled in the process; hence, 
existing indexes worldwide have only a single index value 
(either a decile/quintile/quartile, score or rank) derived 
for each geographical unit.

The suitability of using a single index value to proxy 
an area has been much discussed. The issue in question 
is whether the defined geographical unit is sufficiently 
small to contain a relatively homogeneous population 
while being sufficiently large to provide robust data for 
statistical analysis [23]. For instance, in New Zealand’s 
Deprivation Index, a particular geographical unit with a 
sparse population in a large geographic locality may hide 
tiny pockets of deprivation. In such context, a small local 
survey measuring individuals’ deprivation may be a bet-
ter alternative [21]. Although the English IoD has been 
implemented to resemble an ‘ideal’ geographical unit, an 
area measured as relatively deprived may contain a large 
number of people who are not deprived and vice versa, 
rendering more comprehensive individual-level analyses 
of multiple deprivation necessary [12]. 

This study aims to explore whether Hong Kong, 
given its high population density, has the above issue 
related to the extent of homogeneity of a defined 
small area. A novel approach was adopted to con-
struct the “General Household Economic Status Index” 
(GHESI) for Hong Kong. Instead of deriving a single 
index value to proxy each geographical unit, this study 
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generates the distribution of domestic households by 
the GHESI’s decile groups within each geographical 
unit defined at different geographical scales from small 
to large. Moreover, their differences in pattern within 
and between geographical scales are summarized and 
visualized on maps and ternary plots.

Methods
Data source, study population and scale of geographical 
unit
The main data source of this study was anonymized 
granular household-based data collected by the 2021 
Population Census. In addition to basic demographic 
information of all households and live-in persons, a 
broader range of socioeconomic characteristics were 
collected through a long-form questionnaire randomly 
administered to 10% of territory-wide households. In 
light of the relevance of GHESI variables to the study 
population, we excluded around 0·49 million individu-
als from the 2021 Census data, including persons liv-
ing in non-domestic households such as homes for the 
aged as well as non-domestic buildings, unsheltered 
accommodation or vessels and foreign domestic help-
ers who are often regarded as a separate economic 
entity from employer’s household. The final 248,000 
sampled household-based data represent 2·66  million 
domestic households and 6·93  million population in 
mid-2021. The unit of measurement for all study vari-
ables is at the household level, and according to their 
residential address, study households can be deline-
ated and aggregated into geographical units at varying 
scales. In contrast, other existing indexes are area-
based, measuring neighbourhoods as a whole, such 
as the percentage of residents in a defined geographi-
cal area with injuries caused by road traffic accidents 
under IoD [11]. 

The study population resided in 3,102 SUs. Con-
sistent with the standard practice in publishing Cen-
sus results, SUs with population size below 400 were 
aggregated, yielding a total of 2,252 small SU groups 
(SSUGs), with a median study population of 1,300 
(inter-quartile range = 2,300) over a median area of 
42,400 square metres  (m2). To identify the geographi-
cal pattern of larger administrative units, the study 
population was also segregated into 18 district council 
districts (DCD), with a median population of 381,300 
over a median area of 31   km2. Other scales of geo-
graphical delineation are also presented in the Results 
section.

GHESI development
Area-based socioeconomic domains commonly included 
in overseas indexes (Additional file 1) are income, wealth, 
housing, education and employment. The choice of vari-
ables for GHESI development was contingent on whether 
their information was available at the household-based 
level in the 2021 Population Census on one hand and 
was made with reference to the listed overseas indexes 
with adaption in the local context on the other hand. 
Pathways between these socioeconomic determinants 
of health have been previously identified. For instance, 
education is associated with occupation and in turn 
both are associated with income [33]. Contrary to over-
seas indexes using unemployment-related indicators in 
the employment domain, this study included under the 
household income variable both employed-related cash 
income and unemployment-related government subsi-
dies and social security allowances [28]. Education, occu-
pation and employment were deliberately not included 
as variables due to their strong correlation with house-
hold income and their counting units inappropriate for 
the present household-based index. The GHESI thus 
developed ultimately comprises seven variables selected 
for the income-/wealth-related domain and housing-
related domain. (Table  1) Additional file  2 provides the 
territory-wide frequency distribution for each of the vari-
ables together with a correlation matrix across variables 
among the study households.

To determine the weights for combining domains/indi-
cators into an overall composite index, this study adopted 
the analytic hierarchy process (AHP), which is a multi-
criteria decision analysis method involving both qualita-
tive and quantitative assessments [34]. AHP generates a 
set of weights through a series of pairwise comparisons 
of variables at different hierarchical levels performed 
by decision-makers or stakeholders, quantifying their 
personal preference on an intensity scale of importance 
(1 = equal importance to 9 = extreme importance) with 
reciprocals [35]. Twelve experts from different disci-
plines were invited to judge, via pairwise comparisons, 
the relative importance among the seven variables with 
respect to the goal of ranking territory-wide households 
in terms of economic status during a focus group discus-
sion. Each expert scored individually, and the geometric 
mean of their intensity scores was calculated to represent 
the overall view of the expert panel [36]. Our study has 
refined the AHP by sequencing the pairwise compari-
sons into first the within-domain stage, followed by the 
between-domain stage. The consistency ratios of pairwise 
comparisons for income-/wealth-related and housing-
related domains are 5·26% and 2·37%, respectively, both 
less than the pre-specified 10% threshold requirement 
[35]. The final weights for the seven variables are shown 
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in Table  1. Additional file  3 provides a detailed account 
of the logistic arrangements and how these weights were 
derived from the aggregated pairwise comparison matrix.

Standardizing the variables in Table  1 is necessary as 
they have different scales. As in prior studies [11, 14, 
15, 23], the data values of households were first trans-
formed to ranks from the most to the least well-off, for 
both continuous and categorical variables according to 
the ordering rule shown in Table  1, taking into account 
the sampling gross-up factor of each sampled household. 
For ties in ranking, a shared rank was used. For example, 
if out of a total of 2.66 million households there are one 
million households living in private permanent hous-
ing, all households in the latter category share a rank of 
(1+...+1, 000, 000)

1, 000, 000
= 500,000.5 under the “Type of housing” 

variable. Let Rid be the rank of data value of the d-th vari-
able for household i and wd be the AHP-derived weights 
stated in Table 1, for d = 1, . . . 7, i = 1, . . . N  where N  
is the number of study households. Refer to the above 
example, Rj4 = 500 000.5 for any household j living in 
private permanent housing, where d = 4 corresponds to 
the 4th variable “Type of housing”. The ranks of the seven 
variables were then summed up with the weights to cal-
culate a weighted rank score si = 7

d=1
wdRid for each 

study household. All study households were then seg-
regated into ten deciles according to the weighted rank 
scores, ranging from decile 1 (D1) representing the top 
10% of households (most well-off) to D10 representing 
the bottom 10% (least well-off). The frequency distri-
bution of households by GHESI deciles as well as mean 
decile value were output for each geographical unit. For 
visualization purposes, each frequency distribution was 
further amalgamated into three classes, namely D1–D3, 
D4–D7 and D8–D10, and plotted as a dot to indicate its 
relative distribution among these three classes on a ter-
nary plot [39]. (Fig. 1 with explanatory note) This graphi-
cal approach helped distinguish patterns of frequency 
distributions across the 2,252 SSUGs, and within each of 
the18 DCDs in Hong Kong.

On the three-dimensional ternary plot with the scale 
from 0 to 100% that indicates for each geographical unit 
its relative distribution on D1–D3 (top 30%), D4–D7 
(middle 40%) and D8–D10 (bottom 30%), every inter-
secting point of the three scale lines is summed to 100%. 
The entire triangular area in Fig. 1 is stratified into seven 
coloured Categories, each representing a different form 
of distribution after taking into account the statistics 
on four moments (mean, SD, skewness and kurtosis) as 
listed in Additional file 4. The categories in darker/lighter 
green on the left are (A) strongly positive-skewed and (B) 
weakly positive-skewed; being a mirror image in darker/
lighter red on the right is (G) strongly negative-skewed 
and (F) weakly negative-skewed; and in the middle from 

Fig. 1 Rules to classify ternary plot into seven coloured categories
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orange-yellow to yellow is (C) with a modal peak in the 
middle class, (D) widely dispersed distribution with a 
central tendency and (E) bi-modal distribution which 
peaks on two opposite ends.

GHESI validation
GHESI was validated using primarily the Census’ rich 
database. The methodology and results are detailed in 
Additional file  5 [40]. For construct validity, GHESI 
results were correlated against a common attribute of 
poverty defined in terms of income below a threshold 
(locally set at 50%) with respect to median household 
income by household sizes [41, 42]. The external crite-
rion for validation was selected with reference to the 
Hong Kong Commission on Poverty, which has identified 
subdivided units, single-parent households and elderly 
households as target groups of poverty alleviation [43]. 
GHESI was also externally validated against a specified 
public healthcare user group. In addition, the association 
of the three excluded social-related variables (education, 
occupation and employment) with GHESI was examined. 
In brief, GHESI demonstrated satisfactory construct and 
criterion validity.

Statistical analyses were performed and thematic maps 
were compiled using SAS 9·4, Python 3·9·11, ArcGIS Pro 
3·0·1.

Results
The economic status of individual 2,252 SSUGs in Hong 
Kong, as measured by the frequency distribution of 
domestic households by the territory-wide GHESI decile 
groups, is provided on an online interactive map dash-
board which also contains information on the respective 
number of study households/population, area size, mean 
GHESI decile value and Category as well as the study 
variables’ distribution. (https:// exper ience. arcgis. com/ 
 exper ience/ b4c76 43feb 9043e b94b3 add38 6c4b7 1c/). In 
addition, the results are also summarised on the three-
dimensional ternary plot shown in Fig.  2, with the red 
cross representing the territory-wide figure and grey dots 
denoting SSUGs in size proportional to their respective 
number of study households. Of the seven categories, 
Categories A and G are the most homogeneous SSUGs 
in terms of economic status profile as reflected by the 
lowest SD (Additional file 4). The 411 SSUGs (18·3%) in 
Category A have the majority of households which are 
relatively more well-off, with at least 70% being classified 

Fig. 2 Classification results of SSUGs into seven coloured categories on ternary plot

Note: Red cross represents the territory-wide figure. Each grey dot represents a SSUG in size proportional to its number of study households

https://experience.arcgis.com/experience/b4c7643feb9043eb94b3add386c4b71c/
https://experience.arcgis.com/experience/b4c7643feb9043eb94b3add386c4b71c/
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into D1–D3 representing the top 30% households. On 
the contrary, the 113 (5·0%) SSUGs in Category G have 
the majority of households which are relatively less well-
off, with at least 70% being classified into D8–D10 rep-
resenting the bottom 30% households. There are only 
68 SSUGs (3·0%) in Category C, with at least 70% of 
households belonging to the middle class (D4–D7). Cat-
egory B accounts for the largest share of SSUGs (33·8%), 
characterized as relatively less homogeneous but skewed 
towards more well-off. Conversely, Category F contains 
14·5% of SSUGs with a reversed economic status pattern 
compared with Category B’s. For the remaining two Cat-
egories which are most heterogeneous in composition as 
indicated by their higher SDs, Category D contains 25·1% 
of SSUGs with a widely diverse economic status, while 
Category E comprises very few SSUGs (n = 6 or 0·3%) 
having a bi-modal distribution with households clustered 
in two opposite ends. In summary, around one-quarter of 
SSUGs (in Categories A, C and G) are more homogene-
ous while another one-quarter of SSUGs (in Categories D 
and E) are more heterogeneous. The ordering from Cat-
egory A to Category G also reveals an economic status 
gradient from high to low, with the lowest mean decile 
value among SSUGs in Category A (= 2·3) rising to the 
highest in Category G (= 8·6). In addition, the less well-
off Categories F and G account for a disproportionately 
larger percentage share of total households and popula-
tion compared with their share of SSUGs (23·4% and 
23·6% vs. 14·5%; 15·3% and 15·7% vs. 5·0% respectively), 
and vice versa for the more well-off Categories A, B 
as well as the middle Category D (14·1% and 14·4% vs. 
18·3%; 26·8% and 26·3% vs. 33·8%; 17·1% and 16·7% vs. 
25·1% respectively).

Table  2 provides a two-way distribution of the 2,252 
SSUGs by nine mean decile value groups from 1.0 to 10.0 
and seven Categories on a ternary plot. Most SSUGs with 

the lowest and highest mean decile value are concen-
trated in Categories A and G, respectively. As the mean 
decile value increases from 2.0 to 4.0 or decreases from 
9.0 to 7.0, the concentration shifts gradually towards Cat-
egories B and F, respectively. The middle three groups 
with a mean decile value of 4.0–7.0 account for 45% of 
SSUGs which predominantly spread over Categories B 
and D, D only or D and F, respectively. The present find-
ings indicate the absence of a one-to-one relationship 
between mean decile value and Category, as evidenced 
by SSUGs in the mean decile group of 5.0–<6.0 spreading 
across five different Categories.

Figure 3 shows ternary plots with all SSUGs geographi-
cally demarcated into 18 DCDs. For Central & Western/
Wanchai, 46%/45% of their SSUGs are classified into Cat-
egory A and 48%/49% into Category B, indicating that 
these two DCDs are concentrated with more homoge-
neously well-off SSUGs. Similarly, Kowloon City/South-
ern have 35%/40% of SSUGs falling in Category A and 
26%/32% in Category B. The respective share of SSUGs in 
the remaining 14 DCDs ranges from 0 to 27% in Category 
A (homogeneously more well-off); 0–7% in Category C 
(homogeneously middle class) and 0–15% in Category 
G (homogeneously less well-off). In other words, none 
of the DCDs have SSUGs exceeding 27% in any of these 
three Categories. Instead, 68–89% of the SSUGs spread 
across Categories B, D, E and F, revealing dispersion in 
economic status distribution by varying extents.

SUs, the smallest geographical units for town plan-
ning, can be aggregated to TPUs at the next hierarchical 
level. In this study, the frequency distribution of domes-
tic households by ten GHESI deciles, its mean decile 
value and Category together with the study variables’ 
distribution by geographical units at different aggre-
gated SU/TPU groups and DCD levels are also open for 
access in the above-mentioned online interactive map 

Table 2 Distribution of SSUGs by households’ mean decile value and Category on ternary plot

For mean decile, the lower the value, the higher the economic status and vice versa. For Categories A to G, refer to the classification rules with respect to ternary plot’s 
triangular area shown in Fig. 1. For each of the mean decile groups, the predominant Category/ies is/are bolded

Mean decile value of 
households in SSUG

Category labelled for SSUG Total

A B C D E F G

1.0–<2.0 174 0 0 0 0 0 0 174

2.0–<3.0 233 92 0 0 0 0 0 325

3.0–<4.0 4 393 0 1 0 0 0 398

4.0–<5.0 0 271 28 131 0 0 0 430

5.0–<6.0 0 6 34 295 6 6 0 347

6.0–<7.0 0 0 6 135 0 103 0 244

7.0–<8.0 0 0 0 4 0 172 1 177

8.0–<9.0 0 0 0 0 0 45 100 145

9.0–≤10.0 0 0 0 0 0 0 12 12
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Fig. 3 Display of SSUGs in each of the 18 DCDs on the ternary plot

Note: Red cross represents the overall district figure. Each grey dot represents a SSUG in size proportional to its number of study households
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dashboard. Figures  4 and 5 provide two thematic maps 
with a gradient colouring scheme to respectively indi-
cate the Category and mean households’ decile value of 
SUs throughout Hong Kong. These illustrations provide 
a spatial visualization on the distribution pattern and 
central tendency of households by economic status, with 
their inter-relationships as outlined above.

Discussion
Compared with existing indexes, the GHESI comprises 
unique indicators, namely the rateable value per saleable 
area and saleable area per household member (Table 1). 
Both are representative measures reflecting the estimated 
annual rental value of a property and degree of crowding, 
which generally exhibit an economic status gradient. To 
combine different domains and associated indicators into 
an overall index, most overseas/local indexes adopted the 
statistical modelling approach using principal component 
analysis (PCA) or factor analysis for dimension reduc-
tion and then derivation of their weights. [13, 15–22, 
24, 25, 27] For either classical models or more advanced 
ones to handle a mix of data types like categorical PCA 
(CATPCA) and multiple factor analysis (MFA), the pri-
mary aim of these objective methods is to maximize the 
dispersion in the projected dimensions. These dimension 
reduction techniques are completely data-driven and the 

variable weightings can be sensitive to the presence of 
outliers in the data [44]. Therefore, they may not be able 
to produce a set of interpretable and realistic weights to 
indicate the relative importance of the seven variables in 
this study (Additional file 6 for comparison between PCA 
and the subjective method of AHP adopted by this study). 
In contrast, other indexes like IoD use either equal or dif-
ferential weights through experts’ subjective judgement, 
which can be arbitrary [11]. Although the AHP method 
adopted by this study is also a subjective method, its dis-
tinctive feature is on employment of a hybrid approach 
combining both qualitative and quantitative assessments 
by raters. We have included 12 members across different 
disciplines into the expert panel and applied its pairwise 
comparison approach to incorporate experts’ knowledge 
and understanding of the real world problem from their 
professional perspective.

AHP had been applied to the reuse selection of his-
toric buildings in Taiwan and was found to encompass 
the interdependencies among various criteria and ena-
ble decision-makers to better understand their com-
plex inter-relationships, hence improving the decision’s 
acceptability [45]. We have refined the AHP method by 
including all 21 pairwise comparisons among the seven 
variables, starting from the nine within-domain, fol-
lowed by the 12 between-domain comparisons. We have 

Fig. 4 Thematic map of SUs coloured by Category on ternary plot
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devised a formula (Additional file 2) to derive the relative 
weighting between the two domains, replacing the con-
ventional approach of judging the two domains at the 
first hierarchical level, followed by judging the criteria/
sub-criteria at the lower level(s). Although more pair-
wise comparisons (21 versus 10) were required under our 
refined AHP approach, they could meet the pre-set 10% 
consistency ratio threshold. Methodologically, the final 
weights for the seven variables were still generated from 
the pairwise comparison matrix.

As construct and criterion validity of an analytical tool 
is related to, inter alia, the precision of the methodo-
logical design, their test results can also partially reflect 
the robustness of the GHESI construction, including 
the use of AHP for generating the variable weightings 
and the aggregation technique to calculate the weighted 
rank score. The GHESI demonstrated satisfactory con-
struct validity on both household and area bases, sug-
gesting that it is generally consistent with the definition 
of poverty according to income. In fact, the income vari-
able/indicator accounts for the largest weight among all 
variables/indicators in most overseas SES/deprivation 
indexes [11, 21, 22]. In addition, the GHESI was found 
to be strongly associated with education, occupation 
and employment, supporting our deliberate decision 

to exclude them from the GHESI in view of the identi-
fied socioeconomic pathways [33]. Likewise, this study 
finding challenges the necessity of including all socio-
economic variables in SES/deprivation indexes. Even 
when included, the three excluded variables highly cor-
related with the GHESI could only marginally improve 
the Index’s accuracy, and there is uncertainty whether 
some domains might be over-weighted particularly when 
the AHP method is adopted. Criterion validation of the 
GHESI using the three locally defined target groups of 
poverty alleviation and one public general outpatients 
group found supporting evidence that the GHESI devel-
oped in this study is a valid measure of household eco-
nomic status in Hong Kong.

Population size may vary widely among geographical 
units. When ranking areas on individual indicators, for 
areas with very low population, technical approaches like 
exclusion from study population, smoothing method or 
shrinkage method to borrow strength from the neigh-
bouring areas were adopted in overseas indexes to 
reduce the variability of indicators [11, 14]. This study 
aggregated the household-based results into small/large 
groups with minimum size requirements to ensure data 
reliability. Overseas studies consider combining variables 
or summing the raw rank of all variables undesirable 

Fig. 5 Thematic map of SUs coloured by mean GHESI decile value of households
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because non-deprivation in one variable might in effect 
cancel out deprivation in another variable [11, 14, 23]. To 
address the problem, they adopted an exponential trans-
formation on the rank for each variable such that the 
transformed score of less well-off areas is spread out and 
less likely to be offset by a higher rank on other variables. 
However, this technical approach is not necessary for our 
study which can output the relative distribution of house-
holds in each geographical unit by GHESI deciles from 
economically most to least well-off, instead of merely 
identifying deprived areas.

Similar to this study, the Multidimensional Poverty 
Index (MPI) is also constructed based on the raw data at 
the household level to facilitate comparisons both across 
countries/regions and within countries by population 
sub-group or urban/rural location etc [46]. However, in 
terms of the aggregation method to derive a composite 
MPI score for each geographical unit, it further applies 
the Alkire-Foster method which adopts a dual-cutoff 
approach by multiplying the incidence (in terms of pro-
portion of households with sum of weighted deprivation 
scores across 10 deprivation indicator variables below a 
normative cut-off) by the intensity of multidimensional 
poverty (in terms of mean weighted deprivation score 
among the defined poor). In other words, the depriva-
tions experienced by people who have not been identified 
as poor are excluded. Since MPI was developed to iden-
tify the vulnerable people for supporting ‘poverty focus’ 
policy, therefore it requires a measure to be independent 
of the experiences of the non-poor [47]. Such intended 
application is different from our study which solely aims 
to generate the entire frequency distribution of house-
holds by economic status in individual geographical units 
throughout the territory, serving as a generic analytical 
tool.

In the past, most local studies could only resort to 
using a single indicator of household income to proxy 
SES. Take for example Sham Shui Po (SSP). Among the 
18 DCDs, SSP ranked lowest in median monthly domes-
tic household income according to the Census results, 
but ranked 12th in mean GHESI decile value. While Cen-
sus’ income distribution results showed that SSP had a 
higher proportion of households with monthly household 
income exceeding HK$100,000 (6·3% versus 3·0%–3·7%), 
its proportion of households with monthly household 
income below HK$10,000 (23·0% versus 21·0%–23·1%) 
was comparable to that of six DCDs (M–R in Fig.  3), 
which ranked 13th to 18th in mean GHESI decile value. 
In addition, when compared with these six DCDs on the 
other six variables included in the GHESI, SSP had a rela-
tively higher average rateable value per saleable area and 
a larger proportion of subdivided units, but fell predomi-
nantly within mid-range on the other four variables. As 

shown in the ternary plot, small areas in SSP (L in Fig. 3) 
are widely dispersed, with 23·6% of households falling 
in D1–D3, 37·5% in D4–D7, and 38·9% in D8–D10, as 
indicated by the red cross with the overall DCD being 
classified into Category D. The example of SSP clearly 
underlines the limitation of adopting a single indicator 
or a single index value to proxy the economic status of a 
small area/DCD in Hong Kong. In an extreme case with 
half of the population being very rich while the other half 
being very poor, problems arise if resource planning is 
made solely on the basis of median household income.

In the ternary plots of the above example, frequency 
distribution of households’ economic status was reduced 
from ten dimensions (i.e., deciles) to three dimensions to 
visualize, summarise and differentiate the patterns across 
geographical units. If this study follows overseas indexes 
in using a single SES index value to proxy individual small 
areas, the majority of SSUGs would fall in Categories A, 
C or G. However, of the 2,252 SSUGs in Hong Kong with 
a median area as small as 42,400  m2, only one-quarter are 
found in these three Categories having a homogeneous 
composition of households with similar economic sta-
tus, whereas the remaining three-quarters demonstrate 
heterogeneity to varying extents. Such refined small-
area-based information would add value to planning 
community-based services or programmes for defined 
target groups. What contributes to the diverse patterns 
observed across geographical areas is outside the scope 
of this study.

Since the early 1990s, the Hong Kong Hospital Author-
ity has implemented a single electronic health record 
system for patients utilizing services in all 43 public hos-
pitals in the territory [48]. Then in 2016, the government 
launched the Electronic Health Record Sharing System 
(eHealth), providing an electronic platform with the 
goal of consolidating free and lifelong electronic health 
records for all members of the public [49]. Though both 
systems contain clinical/health data and detailed per-
sonal information, they lack essential socioeconomic 
characteristics of patients required for studying the asso-
ciation between SES and health status or outcome. On 
the other hand, health data are not available in the pop-
ulation census. Therefore, the GHESI output, detailing 
relative distribution of household economic status across 
areas at varying geographic scales, may potentially serve 
as a surrogate predictor for health outcomes in future 
research.

It may be argued that the results of this study are also 
subject to the well-known Modifiable Areal Unit Prob-
lem (MAUP) in spatial analysis and geographic infor-
mation science [50]. It refers to two potential problems 
for the results from spatial analysis to be influenced by 
the selection of scales and spatial units, hence leading to 
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biased or misleading conclusions. Our study has already 
taken care of the scale effect by allowing users the flexible 
choice of geographical units defined at different levels of 
spatial aggregation from smallest (across 2,252 SSUGs) 
to largest (across 18 administrative districts), empower-
ing the adaptability to specific problems or questions to 
be addressed. In addition, our study outputs the entire 
frequency distribution of household economic status 
instead of using a single index value for each spatial unit. 
On the other hand, as the smallest possible spatial unit 
(subunit) has been adopted and its boundaries are well-
defined and well-documented by the Hong Kong govern-
ment for public applications, the problem related to the 
zoning effect has been significantly minimized. Besides, 
there has been a recent concept on the Uncertain Geo-
graphic Context Problem (UGCP) that deals with the 
uncertainty associated with defining and measuring con-
textual influences on individual behaviour or outcome, 
where individuals cross arbitrary boundaries to live, work 
and study in reality [51]. However, as the GHESI is com-
piled based on households’ residential addresses, users 
need to be aware of the UGCP when applying this study’s 
results in another context.

In Hong Kong, the Institute of Health Equity has 
recently been established to study health equity issues 
and advise the government on policies and interven-
tion programmes for improving health equity. One of 
its strategic suggestions is to create/enhance data collec-
tion [52]. The main goal of this study is to construct an 
index that can serve as a planning tool with flexibility on 
the choice of geographic scale for varied uses and appli-
cations. The GHESI is a generic tool, not only applicable 
in the health context, but also in other domains such as 
social welfare, and housing. With rapid developments 
across the local territory, this version of GHESI would 
eventually be outdated, given the time lag in the output 
of five-yearly census data. Nonetheless, this is a pioneer 
study for Hong Kong. There are areas for improvement 
and refinement in the methodological aspects, along with 
the need for regular updates in alignment with the sub-
sequent rounds of population census to ensure its timely 
release for applications.

Conclusion
In addition to developing a composite territory-wide 
index for measuring economic status of domestic 
households, this is the first study that made use of the 
census household-based records to output the relative 
distribution of households in individual small areas 
by the GHESI decile groups. We have also pioneered 
in adopting the analytic hierarchy process method to 
determine the weights of the selected variables. Among 

the 2,252 individual small geographical units in Hong 
Kong, only one-quarter exhibit a highly homogeneous 
economic status profile, with the other one-half dem-
onstrating lower homogeneity, while the remaining 
one-quarter can be characterized as heterogeneous. 
In addition, detailed results of this study are dissemi-
nated for public access via an online interactive map 
dashboard to enable flexible analysis and visualization 
at different geographic scales to meet varied uses and 
applications, by policymakers and researchers, not only 
in health but also in other domains, in support of com-
munity-based resource prioritization, service planning 
and research. Nonetheless, in view of rapid develop-
ments in the economy, this Index needs to be updated 
regularly in line with the five-yearly population census.
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