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Key messages 

• The passthrough of national growth to household incomes varies 
across country contexts, including geography, income level and 
distribution, and income measurement instrument. 

• Lower-income countries exhibit lower growth passthrough rates, but 
the passthrough rates increase with the level of development. 

• The Arab region stands out globally, exhibiting an overall low 
passthrough rate but also a great divergence of passthrough rates 
across its subregions. 

• Developing countries in the Arab region and elsewhere should be 
concerned with macroeconomic and distribution policies that enhance 
aggregate income growth – especially in poorer countries with lower 
income and expenditure per capita and with greater scope for 
enhancing the passthrough of growth to households. 
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Introduction 

Policymakers and international organizations 
routinely produce projections of socioeconomic 
welfare indicators when there is a divergence 
between statistics in countries’ systems of 
national accounts (SNA) and those derived from 
household surveys. 

There are many possible reasons for such a 
divergence. The SNA provides a consistent set 
of indicators measuring the performance of 
economic sectors, and these are used for 
economic analysis, research and projection, and 
ultimately policymaking. The SNA is complex 
and relies on vast volumes of information 
coming from various sources. Prominent among 
these data are administrative records and 
governmental books of accounts – including all 
data-related infrastructure in line ministries and 
other public institutions; external trade and 
enterprise data including retail and wholesale 
industry surveys and sales figures; and 
household surveys of various kinds. Such a 
volume of economic data is typically not 
available in developing countries, whereas 
developed counties have more advanced 
statistical systems. Countries also differ in the 
composition of their economies and in the 
contribution of sectoral growth patterns to the 
growth rate in the economy at large as 
measured by the SNA. 

For these reasons, the record of growth at the 
national level does not typically correspond to 
growth of any specific component such as 

 

1 https://www.unescwa.org/publications/obstructed-poverty-reduction-growth-passthrough-analysis. 

household consumption expenditure. In other 
words, national growth as observed in the SNA 
does not trickle down to households one to one, 
and the diversion differs systematically across 
groups of countries.  

The objective of the present report is to better 
understand what determines these differences 
in order to improve estimations of household 
level income/expenditure. Existing studies have 
adopted various approaches to bridging the 
differences between SNA and household 
surveys, leading to different mean-income and 
poverty projections. The prevalent statistical 
methods for assessing and projecting the 
incidence of growth across distinct population 
groups typically assume full transmission of 
macroeconomic growth forecasts to household 
incomes as captured by surveys. This report 
proposes and tests several methods for 
estimating more realistic household income 
growth rates from national accounts data for 
183 countries worldwide.  

Building on the findings in the existing 
literature, including a recent ESCWA report  
by the authors,1 we first identify factors 
affecting these divergences. This report then 
proposes a specific methodology for forecasting 
household level income expenditure based 
primarily on national accounts input data. 
Specific statistical methods are proposed: 
regression specifications applying the 
parametric generalized linear model (GLM),  
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or the non-parametric locally weighted 
scatterplot smoothing (Lowess); and advanced 
non-parametric clustering approaches based  
on partitioning data around medoids (PAM),  
or based on hierarchical agglomerative 
clustering (HAC). The clustering approaches  
are used to run linear models on individual 
clusters (henceforth PAM-linear model, HAC-
linear model). 

This report demonstrates that growth 
passthrough rates typically fall short of unity 
and vary systematically across countries in 
different world regions, income-level strata and 
other country groupings. Statistical models can 
estimate passthrough rates sensibly, especially 
if the analysis is clustered by country type. 
Lower-income countries typically exhibit lower 
growth passthrough rates, but the passthrough 
rates increase with the level of development. 
Passthrough rates are notably low in the Arab 
region, South Asia and Sub-Saharan Africa. The 

Arab region stands out in showing a great 
divergence of passthrough rates across its 
subregions. This report concludes that 
developing countries should be concerned with 
macroeconomic and distribution policies that 
enhance aggregate income growth – especially 
countries with lower income and expenditure 
per capita.  

The report is structured as follows: Chapter 1 
reviews key elements of the SNA and of 
household surveys that influence the trickle 
down of growth and reviews the existing 
methodological approaches for projecting 
aggregate–household income passthrough rates 
and modelling the growth of household 
incomes. Chapter 2 describes the available data 
for 183 countries and proposed estimation 
models. Chapter 3 presents the main results and 
compares the performance of the alternative 
models. Chapter 4 concludes the report with key 
findings and policy implications.
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1. Background  

The basic measurement units identified in the 
SNA are the economic units that can engage in 
a full range of transactions, can own assets and 
can incur liabilities on their own behalf. These 
units include corporations, households, non-
profit institutions, government entities and 
others. Expenditure accounts constitute 
anywhere between 60 and 80 per cent of the 
volume of the main national account, namely 
the gross domestic product (GDP). The 
expenditure account is composed of 
expenditures of households, the Government, 
non-profit institutions and the private sector. 
Household final consumption expenditure – the 
market value of all goods and services 
purchased by households, including durables – 
makes up the largest proportion of the national 
account as part of the expenditure account. The 
household sector also encompasses 
unincorporated entities such as proprietorship 
and informal partnerships. 

Given the importance of expenditure and 
household consumption in the SNA, household 
consumption should be reflected accurately. 
Information is thus collected from both broad-
scope surveys, such as Household Income, 
Expenditure and Consumption Surveys (HIECS) 
in the Arab region, and narrow-scope surveys 
such as Labour Force Surveys (LFS), 
Demographic and Health Surveys (DHS) and 
housing censuses. However, these surveys are 
not conducted regularly or in a harmonized 
fashion, and so this specific sector may not be 
presented entirely consistently, especially in 
developing countries.   

The scope of consumption expenditure covered 
in HIECS varies across countries and over time, 
but the primary objectives for HIECS are the 
measurement of welfare, poverty and 
vulnerability in their various dimensions; the 
provision of benchmarks for national accounting; 
and the determination of household consumption 
patterns for the construction of weights for the 
Consumer Price Index (Andel, 2012). 

The data and estimates from surveys are used 
to analyse the distribution of financial resources 
and expenditure across various population 
groups. In some developed countries, 
expenditure in household surveys aligns with 
the United Nations Classification of Individual 
Consumption by Purpose (COICOP), broadly 
aligning with the classification used in the SNA, 
but this is not applied everywhere. The HIECS 
thus play a role in the compilation of 
information for the national accounts. Their use 
depends on data availability as well as on the 
level of granularity at which the national 
accounts are compiled. When the HIECS are not 
used, estimations and imputations are 
undertaken to compile the data necessary for 
the national accounts. 

A. Differences between national 
accounts and household surveys 

Surveys and national accounts should not be 
viewed as competing at estimating mean 
consumption or income, and consequently at 
estimating poverty. Both sets of estimates have 
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their merits and uses in specific situations. 
Moreover, both national accounts and 
household surveys have seen continuous 
improvement in their methodologies over the 
past few decades, and their respective estimates 
have complementary value for distributional 
and poverty analysis. 

Data in national accounts typically differ from 
survey microdata in their population coverage, 
expenditure composition and sensitivity to 
statistical issues. National accounts generally 
cover the entire population whose economic 
interests lie in the country. By contrast, surveys 
often exclude some population sub-groups such 
as people living in non-private dwellings (hotel, 
prisons, boarding schools, retirement homes, 
etc.), people living in hard-to-reach locations 
including those overseas, people with no 
permanent address, and non-national 
households living in the territory.  

In surveys, expenditure items are collected from 
diaries in which respondents record their 
expenditure over a spell of time. In the national 
accounts, such data are included as well (when 
available), but are also supplemented by supply-
level data, such as from retail and wholesale 
industry surveys, monthly sales figures, and 
customs data on imports and exports. The 
difference in data sourcing and composition can 
yield differences in prices, even for similar items 
that are regularly purchased by households. For 
instance, stamp duties and other governmental 
fees are excluded from national accounts data, 
whereas they are included in survey data as part 
of retail prices.  

Some components of household expenditure, 
such as those related to housing, education and 
health, are measured differently in surveys and 
the national accounts. National accounts 

estimates include expenditure on education and 
health paid by the Government or non-profit 
organizations on behalf of households, while 
surveys exclude these from total expenditure. 
Surveys also deduct a much broader range of 
housing and business expenses than the 
national accounts. For instance, imputed rent is 
included in surveys’ expenditure as part of the 
actual gross rent paid. By contrast, the national 
accounts imputations of gross actual rent rely 
on census data to provide a benchmark for 
rental costs and the stock of dwellings. The 
national accounts estimate owner-occupiers’ 
rents not only for their primary residence, but 
also for any secondary residences such as 
holiday homes. Surveys, by contrast, only do so 
for primary residence. 

On the income side, national accounts include 
some income that is not collected in surveys, 
such as employers’ social contributions –  
the mandatory contributions payable by 
employers for workers’ social benefits, such as 
superannuation, compensation premiums and 
insurance claims. National accounts also include 
the estimated value of goods produced at home 
for own consumption, such as home-grown 
fruits and vegetables. 

Underground economy – including income that 
is legal but concealed from public authorities to 
facilitate tax evasion or sidestep regulations – is 
typically not reflected adequately in surveys or 
national accounts. National accounts estimate 
such flows using various imputation methods. 
Carson (1984) reviews the specific economic 
activities that are excluded from surveys, and 
the household types that are most likely to be 
involved in the underground or illegal economy. 
This includes young people, those in higher and 
lower (rather than middle) income groups, the 
self-employed and the higher educated. 
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Surveys include financial support received from 
persons not living in the household such as 
private remittances. Transfers through formal 
channels including money transfer services 
offered by banks and money transfer operators 
like Western Union can be reflected in national 
accounts, but informal channels such as cash 
transfers are unlikely to be recorded in national 
accounts. Even in surveys, concerns about 
confidentiality may induce respondents to not 
answer questions regarding receipts or losses, 
and consequently respondents might misreport 
their income. Lower-income households have 
been found to over-report their incomes, while 
higher-income households tend to underreport 
them (Lohamann, 2010; Romanov, 2012; 
D'Alessio and others, 2002; Sabelhaus and 
others, 2012). Studies show that these errors are 
also often correlated with household members’ 
age, educational level and social status. 

Expenditure on some consumption goods  
may also be underreported in surveys, as 
households may fail to report them openly  
or precisely when interviewed, or may not 
participate in the survey in the first place. 
Surveys are thus prone to estimation and 
measurement errors, including reporting of 
incorrect data or underreporting, sampling-
design and weighting issues and population 
undercoverage, issues with questionnaire 
design including the selection of recall  
periods, and systematic item and unit non-
response (D'Alessio and others, 2002, 2015). 
Inconsistent treatment of these issues by 
national statistical offices and data aggregators 
is a contributing factor. 

National accounts are less prone to such 
measurement errors or to data-entry errors, 
since their inputs are derived from 
administrative accounts without the need for 
manual handling. However, national accounts 

rely more heavily on assumptions, especially 
when they balance accounts from various 
sources and when imputations are needed. In 
light of the differences between national 
accounts and survey data, including their uses 
and their inclusion and exclusion properties, we 
next review how existing studies have tackled 
poverty measurement using the two respective 
data sources. 

B. Estimation of household income 

A large and growing number of studies have 
tried to bridge the difference between survey 
and national accounts-based distributional 
statistics, and proposed advanced approaches 
for making use of their respective advantages in 
poverty estimation. One particular challenge is 
that national surveys are not conducted yearly. 
Poverty in non-survey years must thus be 
interpolated. There are four general approaches 
to addressing the challenge. 

1. Using national accounts exclusively 

Given the limitations of household surveys in 
relation to their availability, comparability and 
measurement issues, the first approach is to 
disregard surveys and exclusively use the 
household consumption expenditure per capita 
– in levels – estimated in the national accounts. 

2. Using national accounts for inter-survey 
interpolation 

Alternatively, we can use the trends – year-to-
year growth rates – in household consumption 
expenditure per capita, available from the 
national accounts, to interpolate and extrapolate 
poverty estimates from surveys. This approach 
is based on the fact that national accounts data 
are typically available with higher frequency 
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than household surveys, and the growth rates in 
the two series – household consumption and 
macroeconomic growth – are closely related 
conceptually as well as empirically. The 
respective growth rates are not associated 
perfectly. National accounts typically exhibit 
faster growth than surveys, but this can be 
mitigated by scaling down the observed 
national accounts growth rates by a 
passthrough factor (ESCWA, 2022; Lakner and 
others, 2020). Prydz and others (2019) 
summarize the methods used for aligning the 
observed survey means to common reference 
(unobserved) years. 

3. Using survey data exclusively 

The third option for estimating poverty in non-
survey years is to rely on household surveys 
alone, and compute poverty only in survey 
years. The rationale is that, unlike national 
accounts, household surveys are designed to 
measure individual welfare, and should alone 
be used when measuring poverty (Deaton, 
2002). Although surveys underestimate true 
consumption means – due to under-reporting 
and non-response among the higher income 
groups – survey-based consumption values are 
still the most accurate indicators in poverty 
estimation (Ravallion, 2003).  

4. Calibrating survey data using national 
accounts 

The fourth option for estimating poverty in non-
survey years is to use the relationship between 
household expenditure in surveys and  

per-capita aggregate consumption in national 
accounts – observed in survey years – as 
inferred through parametric or non-parametric 
methods. The use of national accounts data in 
adjusting the household survey distribution is 
grounded in the close conceptual and empirical 
relationships between growth of consumption 
and incomes of households and growth in the 
economy overall. Karshenas (2005) proposes 
that, rather than discarding the national 
accounts information, it can be used as a 
calibrating agent for adjusting the survey 
means. The approach for dealing with the 
inconsistency between survey and national 
accounts data entails: (1) calibrating historical 
household expenditure in surveys using 
national accounts data as the external 
calibrating variables: (2) dividing the difference 
between both measures into systematic and 
stochastic components using regression 
analysis; and (3) using the estimated coefficients 
to compute household expenditure in non-
survey years when national account data are 
available (Karshenas, 2005). 

The systematic part of the survey– national 
accounts difference arises from the definitional 
differences between the two series, while the 
latter stochastic component consists of all 
sampling errors in the survey mean which are 
not due to definitional differences between the 
two means. In other words, national accounts 
means are regarded as an external variable 
used to filter out noise from survey means. 
(Annex 1 discusses in detail the steps involved 
in calibrating survey data using national 
accounts statistics).
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2. Data and methodology  

A. Data 

The following analysis relies on economic, social 
and demographic indicators from the World Bank 
Development Indicators (WBDI) database for 
explaining the household–macro growth gap. 
The WBDI data provide time series for dozens of 
indicators spanning several decades and nearly 
200 economies worldwide. Indicators for the 
analysis are selected based on expert judgment 
and on desirable properties including 
international comparability, relevance to poverty 
and inequality measures, the potential for 
explaining the difference between what normally 
happens at the macroeconomic and household 
levels, and individual significance even after 
controlling for other factors.  

The grouped data originate from the World 
Bank Global Monitoring Database, the master 
database of household income and expenditure 
surveys. We also rely on other data sources for 
States that are not available on PovcalNet2 – 
namely, central statistical offices and national 
reports. 

The final dataset encompasses 183 States from 
all seven world regions according to the United 
Nations classification. The data include two 
categorical variables: welfare measure captured 
(consumption or income), and country income 
level (high income, upper-middle income, 
lower-middle income and low income). Sample 
composition in each region according to 
selected characteristics is shown in table 1.

Table 1. Categorical variables 

Region 
Count of 
countries 

Welfare measure Income group classification 

Consumption Income High 
Upper 
middle 

Lower 
middle Low 

Arab region 21 17 4 6 3 8 4 

East Asia and the 
Pacific 

30 22 8 8 10 12 - 

Europe and 
Central Asia 

51 17 34 31 15 4 1 

Latin America and 
the Caribbean 

27 4 23 6 16 4 1 

North America 2 - 2 2 - - - 

South Asia  10 10 - - 2 7 1 

 
2 States that are not available on PovcalNet are: Afghanistan, Bahamas, Bahrain, Barbados, Brunei Darussalam, Cambodia, Hong 

Kong, Kuwait, New Zealand, Oman, Qatar and the Kingdom of Saudi Arabia. 
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Region 
Count of 
countries 

Welfare measure Income group classification 

Consumption Income High 
Upper 
middle 

Lower 
middle Low 

Sub-Saharan 
Africa 

42 41 1 2 4 16 20 

Total 183 111 72 55 50 51 27 

Source: ESCWA calculations based on data from the World Bank Global Monitoring Database. 

Table 2. Summary statistics for numerical variables 

Variable Min Q1 Median Mean Q3 Max 

Not 
Available 

(#)a 
Standard 
deviation 

Poverty headcount 
(per cent, at 
$5.50/person/day) 

0.00 1.75 21.28 31.75 56.02 100.00 7 32.43 

Mean income ($2011 
PPP/person/month) 22.60 211.40 393.30 622.41 9053.10 3294.31 - 556.40 

Median income ($2011 
PPP/person/month) 16.07 149 286.13 503.20 739.99 3106.86 5 481.15 

Gini index (per cent) 20.19 31.06 35.76 37.85 43.15 65.76 2 8.98 

Urban population 
(per cent) 

6.64 50.58 64.804 61.87 76.63 100.00 9 19.62 

Age dependency ratio 
(per cent) 16.31 47.51 52.24 57.42 62.46 112.51 9 15.65 

Central government 
debt (percentage of 
GDP) 

0.27 29.00 47.85 55.78 72.42 277.53 100 37.25 

Tax revenue 
(percentage of GDP) 

0.00 13.24 17.35 17.86 22.21 62.80 400 6.37 

Inflation (per cent) -4.48 1.83 3.68 16.49 7.76 4734.91 50 153.56 

Current account 
balance (percentage  
of GDP) 

-65.03 -5.75 -2.22 -2.35 1.43 216.88 99 9.45 

Government 
expenditure on 
education (percentage 
of GDP) 

1.04 3.50 4.51 4.56 5.44 10.10 513 1.51 

Unemployment rate 
(per cent) 0.00 4.24 6.59 7.95 10.05 37.25 4 5.75 

Source: ESCWA calculations based on data from the World Bank Development Indicators. 
a Based on 1,751 country-year observations for 183 countries. 
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The compiled data also include relevant 
numerical variables: poverty headcount ratio at 
the poverty line of $5.50 per person per day in 
2011 United States dollars (USD) purchasing 
power parity (PPP) (percentage of population), 
mean ($/month), median ($/month), Gini index, 
urban population (percentage of total 
population), age dependency ratio  
(percentage of working-age population), 

central government debt (percentage of GDP), 
tax revenue (percentage of GDP), consumer 
price inflation (annual percentage), current 
account balance (percentage of GDP), 
government expenditure on education 
(percentage of GDP), and unemployment rate 
(percentage of total labour force). Table 2  
and 3 show the summary statistics of these 
variables.

Table 3. Average by regions for numerical variables 

Regions 
Arab 

region 

East 
Asia and 

the 
Pacific 

Europe 
and 

Central 
Asia 

Latin 
America 
and the 

Caribbean 
North 

America 
South 
Asia 

Sub-
Saharan 

Africa 

Poverty headcount 
(per cent, at 
$5.50/person/day) 

44.9 52.3 12.6 35.3 1.3 65.5 84.1 

Mean income ($2011 
PPP/person/month) 

444.0 339.0 874.5 401.0 1795.4 202.3 116.8 

Median Income ($2011 
PPP/person/month) 

318.4 268.2 743.7 259.1 1430.3 152.3 75.7 

Gini index (per cent) 36.1 36.1 32.0 49.9 38.0 36.0 45.0 

Urban population (per cent) 61.7 48.3 68.7 68.7 79.6 36.8 35.2 

Age dependency ratio 
(per cent) 

68.3 52.7 49.4 61.2 49.7 64.3 88.2 

Central government debt 
(percentage of GDP) 

67.3 38.8 58.2 51.0 61.8 67.7 73.5 

Tax revenue (percentage of 
GDP) 

12.7 15.1 20.6 14.2 11.4 10.2 16.4 

Inflation (per cent) 7.1 5.7 18.0 25.1 2.2 9.2 14.6 

Current account balance 
(percentage of GDP) 

-3.0 1.0 -2.1 -2.8 -2.5 -3.9 -6.1 

Government expenditure on 
education (percentage of 
GDP) 

4.5 3.7 5.0 4.2 5.4 3.2 4.1 

Unemployment rate 
(per cent) 

11.4 3.7 9.5 6.6 6.4 5.4 7.8 

Source: ESCWA calculations based on data from the World Bank Development Indicators. 
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The fixed international poverty line of 
$5.50/person/day in 2011 USD PPP was adopted 
instead of national poverty lines, because the 
latter are not internationally comparable and, 
when used in tandem, are not welfare-
consistent. The choice of the $5.50 line ensures 
that the unsupervised machine-learning model 
can capture the variability in living standards 
across country–years.3 

To estimate the growth patterns in survey 
statistics, we analyse growth spells for 183 
countries, consistent with Abu-Ismail and others 
(2022b). The growth spells ranged from 1 to 16 
years between 1992 and 2019 (table A2.1). 

B. Methodology  

1. Regression based models 

In addition to the traditional regression-based 
models – both parametric GLMs and non-
parametric Lowess smoothing models – we apply 
a novel unsupervised machine-learning 
clustering model trained on large volumes of 
new country–year observations in order to 
discover the inherent structure of the survey–
national accounts relationship. Machine learnt 
algorithms have the advantage of helping to 
reduce the dimensionality of prediction problems 
and clustering data into homogenous sub-
groups. Once the models identify the key 
determinants of data gaps between household 
surveys and national accounts and the gaps are 
closed, we proceed to estimate poverty measures 
at the country, regional and global levels. 

 
3 For a discussion of the axiomatic properties of alternative poverty lines, and the derivation of comparable and consistent quasi-

absolute poverty lines, refer to Abu Ismail and others (2022a). 

To investigate the unknown relationship 
between mean income and mean personal 
consumption/expenditure, figure 1 maps  
the association between both variables based 
on our dataset. A strong positive near-linear 
relationship is evident, subject to some 
divergence across countries with different 
welfare aggregates. The top right end appears 
to converge to a constant level and breaks  
the near-linear ascending association.  
Since there is a clear divide between lower 
and higher personal consumption expenditure 
(PCE) countries in terms of relying on 
consumption or income, the curvature  
of the association may in part be explained  
by the change in the welfare aggregate 
between lower and higher PCE  
countries. 

The relationship between PCE in national 
accounts and mean income/consumption in 
surveys is thus not entirely linear and is not well 
established; more specifically, some groups of 
observations exhibit linear association, while 
others do not. In order to avoid imposing a 
strong parametric assumption on the shape of 
this relationship, we first consider a non-
parametric regression model using the 
following general functional form: 

(1)  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑚𝑚𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑖𝑖 = 𝑓𝑓(𝑃𝑃𝑃𝑃𝐸𝐸𝑖𝑖) + 𝜔𝜔𝑖𝑖;  𝑖𝑖 = 1,𝑚𝑚 

The function 𝑓𝑓(𝑃𝑃𝑃𝑃𝐸𝐸𝑖𝑖) represents the systematic 
relationship between the mean survey  
income and the national accounts, and 𝜔𝜔𝑖𝑖 
captures the stochastic variation in the 
relationship. 
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Figure 1. Scatterplot of monthly mean income and PCE 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 

 

This is estimated using the Lowess algorithm 
combining the polynomial regression model 
with moving average components in order to 
fit a smooth curve for data points. This 
specification imposes no prior assumptions on 
the distribution of mean income. The Lowess 
algorithm allows practitioners to explore data, 
identify patterns and smooth data. It fits 
values in a space depending on the 
neighbouring points, which makes the curve 
sensitive to the dataset. As the model does not 
produce any easily communicated equation, 
we do not aim to assess the fit of the 
exploratory curve. However, a careful analysis 
of the results gives us additional insight 
regarding the relationship between both 
variables. Alternatively, with the aim to study 
the explicit relationship between PCE in 
national accounts and mean household 

income in surveys and to achieve easily 
interpretable results, we apply a parametric 
GLM using the logarithmic transformation of 
the predicted variable:  

(2)  log (𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑚𝑚𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑖𝑖) = 𝛽𝛽0 +  𝛽𝛽1 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸𝑖𝑖 + 𝛽𝛽1 ∗
𝑃𝑃𝑃𝑃𝐸𝐸𝑖𝑖2 + 𝛽𝛽2 ∗ 𝑊𝑊𝑚𝑚𝑊𝑊𝑓𝑓𝑚𝑚𝑊𝑊𝑚𝑚_𝑑𝑑𝑑𝑑𝑚𝑚𝑚𝑚𝑦𝑦𝑖𝑖 + 𝜀𝜀𝑖𝑖 

GLMs are preferred over ordinary linear 
regressions, as they add flexibility and do not 
impose a normality assumption on errors. In 
addition, the logarithmic transformation of the 
response variable allows it to vary linearly with 
the predictors, instead of assuming that the 
response variable itself varies linearly. Finally, in 
order to account for the divergence in the 
response variable between distinct welfare 
aggregates (income or consumption), a binary 
indicator is introduced. 
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The semi-elastic specification in equation 2 
recognizes that the distribution of survey 
incomes is positively skewed, and ensures 
positive-valued predicted mean incomes. The 
models described in equations 1 and 2 are 
estimated on the entire set of country–year 
observations. 

2. Unsupervised machine learning models 

As a potential improvement on the estimation of 
survey incomes or consumption, and to 
improve on the growth passthroughs rates 
obtained in a recently published ESCWA report 
(Abu Ismail, 2022b), we then re-estimate the 
models on endogenously delineated clusters of 
country–years. Several clustering algorithms 
allow the statistically-driven partition of data 
into sub-groups. The first category optimizes a 
distance metric, where the aim is to minimize 
the cross-country distance within a subgroup 
and maximize the distance between groups. The 
main assumption of such a model is that the 
data are devoid of noise and the shape of the 
formed cluster is convex (has a circular or 
elliptical form). This is a very important feature 
for optimization and empirical computations, 
where such geometrical shapes are labelled as 
convex, feasible regions. 

Other clustering approaches, including density-
based clustering and probabilistic distribution-
based algorithms, do not hinge on the shapes of 
fixed attributes. Probabilistic algorithms use 
statistical distributions to cluster data.  More 
advanced algorithms, such as fuzzy clustering 
methods, are also available but have not been 
adequately validated in the existing research. 

In what follows, two distance-based algorithms 
are used, namely PAM and HAC (Abu-Ismail and 
others, 2022b). In the latter approach, each 
observation within the dataset is labelled as an 

individual cluster, and then the 
proximity/distance index is computed with the 
aim of merging the pair of closest clusters. Once 
the first iteration of merging is done, the 
algorithm computes the proximity among the 
remaining clusters, and a second merging 
iteration follows. The proximity estimation and 
merging action is then repeated until the whole 
dataset is grouped into one cluster. However, 
since the aim is to cluster the data into n different 
homogeneous sub-groups, we will be using 
additional measures (such as the silhouette) to 
determine the optimal number of clusters.   

Similarly to the bottom-up approach of the  
HAC, the use of the PAM is conditional on the 
desired count of clusters. Once the count is 
selected, the observations closest to the cluster 
centres/medoids are grouped together. The aim 
is to minimize the distances (diffusion) between 
observations within a cluster and its centre and 
maximize the distance (dispersion) between 
clusters. 

To select the count of clusters, we rely on three 
internal, model-specific validation measures: 
silhouette analysis and the Calinski–Harabasz 
and Davies–Bouldin indices (Palacio-Nino and 
Galiano, 2019). The first option involves 
performing a silhouette analysis using an 
internal validation metric, which highlights how 
similar an observation is to its own cluster 
compared to its neighbouring clusters. The 
metric ranges from -1 to 1, with higher values 
being preferred as they indicate that data can be 
split into subgroups more efficiently. 

The silhouette method can be interpreted as 
post-estimation, but as with any machine 
learning method, the count of clusters serves as 
a hyper-parameter which can be tuned in an 
iterative way. The Calinski–Harabasz index is 
based on the principle of the variance ratio. This 
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ratio is calculated between two parameters, 
within-cluster diffusion and between-cluster 
dispersion. Similarly, to the silhouette analysis, 
the higher the index, the more efficient the 
clustering is. When the index achieves a high 
score, clusters appear as dense and well 
separated. Unlike the previous two performance 
measures, a lower Davies–Bouldin index 
suggests that the separation into K clusters is 
more effective. 

To avoid over-fitting the clustering model and to 
test the capacity of the model to provide 
reasonable predictions for new observations, 
several steps are undertaken. We split the data 
into training and testing sets so as to fit the 
model on the first subset and test the model’s 
prediction ability on the other subset, thus 
evaluating the model’s stability and robustness. 
The selection of the latter subset is based on an 
iterative cross-validation. K random extractions 
are made sequentially from the original set 

based on a bootstrap-sampling technique, 
subject to regional stratification. The 
classification power of the model is assessed 
using a relevant performance metric on all of 
the K testing sets. Finally, the main hyper-
parameters of the models are tuned using a 
grid-search technique for optimal model 
performance. For the grid-search routine, the 
range of hyper-parameters is set subjectively, 
based on authors’ experience. The routine is 
coupled with K-folds cross-validation, ensuring 
that the optimization is independent from the 
choice of underlying data splits. 

In what follows, several statistical models for 
estimating the passthrough rates between 
national accounts and household income 
growth are evaluated: a non-parametric fitting 
model estimated on all country-year 
observations taken together; and a parametric 
regression model estimated either on the entire 
dataset, or on each country cluster.
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3. Results 

A. Main results 

The sets of results of the alternative models  
are presented in figure 2, which shows  
a scatterplot of the raw mean-income and  
PCE data, both in log scales, as well as  
the fitted regression curves for the  
non-parametric Lowess and parametric  
GLM models. 

The basic descriptive summary of the GLM 
regression, including regression coefficients, 
standard errors, as well as model R-square, is 
found below: 

(3)  𝐿𝐿𝑖𝑖𝐿𝐿�𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚� � =   4.53 + 0.00194 𝑃𝑃𝑃𝑃𝐸𝐸 −
0.00000035 𝑃𝑃𝑃𝑃𝐸𝐸2 + 0.255 𝑊𝑊𝑚𝑚𝑊𝑊𝑓𝑓𝑚𝑚𝑊𝑊𝑚𝑚 𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑑𝑑𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚𝑀𝑀 

( 0.00415)(6.9 ∗ 10−6) (2.16 ∗ 10−9) (0.00424) 

Pseudo R-Square: 0.926 

The parametric model fits well for high-income 
economies, but it clearly overestimates the 
mean income for low-income countries, which 
leads to inflated poverty rates. By comparison, 
the non-parametric Lowess model performs 
better at predicting mean incomes in lower-
income countries. 

Figure 2. Non-parametric and parametric regression plots for all data 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 

Notes: Yellow dotted line shows the non-parametric Lowess estimates. Green dotted lines show the parametric GLM 
estimates, with the upper line representing the countries that rely on income as their welfare aggregate (lower green line – 
consumption). 
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Next, an optimal cutoff is introduced, 
distinguishing low-income and middle/high-
income countries using a binary indicator in 
the regression specification. The model iterates 
along a range of cutoff values and assesses the 
correlation between the predicted and the 
observed values of mean income. The cutoff 
giving rise to the maximum model fit, at 
$150/person/month, is then used for splitting 
the data. 

This cutoff is sensitive to the delineation of the 
data set. The results of this augmented model 
are as follows: 

𝐿𝐿𝑖𝑖𝐿𝐿�𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚� � = 4.843 + 0.00164 𝑃𝑃𝑃𝑃𝐸𝐸
− 0.00000027 𝑃𝑃𝑃𝑃𝐸𝐸2

+ 0.239 𝑊𝑊𝑚𝑚𝑊𝑊𝑓𝑓𝑚𝑚𝑊𝑊𝑚𝑚 𝑀𝑀𝑚𝑚𝑚𝑚𝑀𝑀𝑑𝑑𝑊𝑊𝑚𝑚
− 1.231 𝐿𝐿𝑖𝑖𝑤𝑤𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼

+ 0.00541𝐿𝐿𝑖𝑖𝑤𝑤_𝐼𝐼𝑚𝑚𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚 ∗ 𝑃𝑃𝑃𝑃𝐸𝐸 

(2.2 ∗ 10−2)( 4.4 ∗ 10−5) (1.6 ∗ 10−8) 
( 1.8 ∗ 10−2) (6.6 ∗ 10−2) (5.3 ∗ 10−4) 

Pseudo R-Square: 0.93 

All variables are statistically significant at the 5 
per cent level.  

The results show a minor improvement in terms 
of 𝑃𝑃𝑀𝑀𝑚𝑚𝑑𝑑𝑑𝑑𝑖𝑖 − 𝑅𝑅2. The improvement in fit is shown 
in figure 3.

Figure 3. Modified non-parametric regression plot for all data 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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B. Regression analysis on clustered 
data 

Instead of performing the analysis on all data, 
the performance of the parametric model on 
each country-cluster is assessed. The 
clustering exercise is reported on first. Clusters 
resulting under the PAM clustering approach 
appear to have classical geometrical circular 
shapes and can therefore be classified as 
convex clusters (figure A2.1 in annex 2). There 
is thus little need to explore additional 
clustering algorithms if the results under PAM 

are validated using model performance 
metrics. 

Clustering into five sub-groups is found to be 
efficient, as validated by the high ratios of the 
silhouette and Calinski–Harabasz indices, and a 
low value for the Davies–Bouldin index (figure 
A2.2 in annex 2). In fact, their values suggest that 
the grouping of data into five clusters is optimal, 
as compared with the cases of lower or higher 
counts of clusters. Table 4 reports selected 
descriptive statistics for each cluster, for both 
categorical and numerical variables.

Table 4. Descriptive statistics (median values for each indicator) calculated separately for each cluster 

Cluster #/Indicators  1 2 3 5 4 

Welfare measurement Consumption Consumption Income Income Income 

Poverty headcount ratio (at 
$5.50/day, 2011 PPP) 

86 31 38 4 0 

Median income ($/month, 
2011 PPP) 

80 225 219 573 1,296 

Gini index 38 36 51 35 31 

Poverty line ($/month, 2011 
PPP) 

68 124 167 261 701 

Urban population (per cent) 31 64 65 68 81 

Age dependency 81 50 61 48 50 

Tax revenue (percentage of 
GDP) 

15 17 14 20 23 

Inflation 7.2 7 5.3 2.9 1.9 

Central government debt 
(percentage of GDP) 

46 37 43 48 66 

Government expenditure on 
education (percentage of 
GDP) 

3.8 3.9 4 4.6 5.6 

Unemployment 4 10 5 10 6 

Current account balance -5 -4 -3 -2 1.5 

Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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Across the bulk of the considered indicators, 
the following narrative holds for the 
delineation of clusters: countries that  
have similar poverty headcount ratios,  
degree of urban development, education  
(i.e., government expenditure on education, 
age dependency) and, most importantly,  
the level of development and growth  
(i.e., central government debt, tax revenue, 
account balances) are grouped together. 
Cluster 1 encompasses predominantly  
high-poverty and low-income countries,  
while cluster 5 puts together low-poverty, 
high-income countries. Figure A2.3 in  

annex 2 presents the results of clustering 
visually. 

With the countries clustered into five subgroups, 
the countries’ survey means can be nowcast 
using a regression applied on each subgroup. 
figure 4 presents the fitted lines from level–level 
cluster-specific regressions. The lines are also 
estimated by GLM using log (income) as the 
predicted variable. These two sets of regression 
models perform very similarly in terms of the 
comparison of the fitted values to observed ones. 
The coefficients of determination of both 
regressions exceed 80 per cent in all five clusters.

Figure 4. Regression lines for observations that belong in each cluster 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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C. Model comparison 

To compare the performance of all statistical 
models mentioned above, one survey 
observation for each country is selected – the one 
closest to the reference year of 2016, since the 
World Bank PCE data end that year. After 
labelling and grouping the countries into the five 
clusters, the goal is to run the regression models 
and nowcast to 2016 the mean income for every 
country. Estimated mean incomes using the 
developed models are then compared against the 
observed values. The mean square error (MSE) 
for each cluster is used as the criterion of fit. 

Figure 5 demonstrates that MSE is low for all 
clusters when using the parametric linear model 
on clustered data, especially for cluster 1, where 
the majority of low-income countries are located 
and where Lowess and GLM models estimated 
on the dataset at large perform poorly and tend 
to over-predict incomes. MSE provides 

guidance regarding which models perform 
better.  

To measure the relationship between growth 
rates in national accounts and in mean incomes, 
the following regression is applied and 
estimated at the level of clusters: 

𝐿𝐿𝐼𝐼𝐼𝐼𝑚𝑚𝐼𝐼 𝑖𝑖𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑗𝑗 =  𝛽𝛽 ∗ 𝐿𝐿𝑃𝑃𝑃𝑃𝑃𝑃 𝑝𝑝𝐼𝐼𝑝𝑝 𝐼𝐼𝑚𝑚𝑝𝑝𝑖𝑖𝑐𝑐𝑚𝑚𝑗𝑗 + 𝜀𝜀;  𝑗𝑗 = 1,𝑚𝑚 

The dependent variable is the annualized 
growth rate in survey mean real income per 
capita over a time spell between two survey 
years, and the independent variable is the 
annualized growth rate in real PCE over the 
same time spell. Successive survey years are 
used to construct distinct observations of 
income growth. The estimated 𝛽𝛽 coefficients 
represent the passthrough estimates in each 
cluster. Figure 6 presents these central 
estimates, comparing the two country-clustering 
methodologies, HAC or PAM. 

Figure 5. Model performance metrics for all models, by country cluster 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 

Note: PAM is shown as the best-fit model for the clustering approach. The worse-performing HAC results are available on 
request.  

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

GLM Lowess PAM-LM
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As shown below, both models generate similar 
cluster-specific passthrough results; however, 
PAM results are preferred. PAM is relatively 
simple, scalable and dynamic, while HAC is rigid 
and sensitive to outliers. HAC is included as a 
robustness check. 

Disaggregating the results geographically 
(figure 7), we find that countries with low 
passthrough rates are primarily concentrated in 
the South Asia, Sub-Saharan Africa and Arab 

regions. The average passthrough rate in these 
regions is between 0.5 and 0.6. This means that 
the year-on-year growth witnessed at the 
macroeconomic level in those regions does not 
fully trickle down to households, and is instead 
discounted by 50 per cent. This is due to the 
various reasons discussed in preceding 
sections. Across all world regions, the Arab 
region stands out as having large disparities in 
national passthrough rates and an overall low 
mean regional passthrough rate. 

Figure 6. Estimated growth passthrough in each cluster – PAM vs. HAC models 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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Figure 7. Distribution of national passthrough rates, by geographic region   

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 

Figure 8. Passthrough boxplot – Disaggregated by income level 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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A similar pattern appears when we disaggregate 
the passthrough results according to countries’ 
income level (figure 8). Among low-income 
countries, very little variability exists across 
countries, and the arithmetic average of the 
passthrough rates is the lowest. The passthrough 
rates increase near-monotonically across 
countries’ level of development. This suggests 
that countries transitioning from lower-level to 
higher-level income status are likely to experience 
an increase in their passthrough of national 
growth to household incomes. 

Finally, the forecasted and actual income  
and expenditure levels for all surveys are 
plotted in figures 9 (a-c) for the Lowess,  
GLM and clustering models, respectively.  
The results confirm the earlier findings 
(figures 4 and 5) of a good fit between 
predicted and actual values across the three 
models. We can generalize that the 
performance of the models is good, as all 
points lie near the regressed diagonal line of 
the observed–predicted plot.

Figure 9. Forecasted and actual income and expenditure levels for various models, all surveys    

(a)  Lowess 
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(b)  GLM 

 
(c)  Clustering 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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There are few outliers – points to the  
left or right of the central mass, that have  
a considerable vertical distance from the 
diagonal. These points have the most 
leverage in pulling the fitted line in their 
direction. This may constitute an error  
in the models’ prediction and could 
jeopardize the models’ performance.  
A review of the outliers reveals the 
consistent presence of countries with a 
monthly mean income of $1,000 and below 
among the over- and under-estimated values. 
Countries with incomes of between $1,000 
and $2,000 also represent a challenge, as 
their values are often overestimated. For 
countries with mean income above $2,000, 
the count of negative outliers is more 
prevalent, implying that the models tend to 
underestimate their values. This is 
particularly the case with the oil-rich Gulf 
Cooperation Council countries.  

Comparing the alternative models, the 
clustering model performs better than the non-
clustered Lowess and GLM models, and the 
number of outliers (using the same definition of 
what constitutes an outlier for all three models) 
is the lowest (34 out of 1,380, compared to 
above 60 in the other two models). Table 5 
reports on the clustering model’s performance 
disaggregated by cluster. 

Since the number of observations in each 
cluster is heterogeneous, a normalized metric is 
needed to measure the performance of the 
regression models in each cluster. We thus 
compute the cluster-specific sum of percentage 
deviations (or simply the average of relative 
deviations) between countries’ observed and 
nowcasted incomes. The results in table 5 
demonstrate that cluster 5 (primarily composed 
of advanced economies) performs better than 
other clusters in terms of the nowcasting errors.

Table 5. Average relative deviation (observed vs. predicted) per cluster 

Cluster Average relative deviation (observed vs. predicted) per cluster (per cent) 

1 32.01 

2 28.42 

3 19.20 

4 14.48 

5 7.85 

Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 

  



25 

4. Conclusion 

This paper was motivated by the need to 
produce estimates for household income in the 
absence of updated household income and 
expenditure surveys and in the presence of 
divergence between statistics in countries’ 
national accounts and those derived from 
household surveys. Such estimates are useful 
for a wide range of purposes, notably updating 
income/expenditure poverty estimation. For 
example, the forecasting methodology 
advanced in this paper provides the logical 
grounding for the ESCWA Money-metric 
Poverty Projection Assist Tool,4 a web-based 
system where policymakers and practitioners 
can simulate the impact of various growth and 
inequality scenarios on money-metric poverty at 
national, regional and global levels. 

Prior studies have adopted various approaches 
to bridging the differences between statistical 
sources, leading to different mean-income and 
poverty projections. The current report makes 
two contributions to this literature. First, it 
proposes and tests several methods to 
estimate more realistic household income 
growth rates from national accounts data. 
Second, it applies these estimates to project 
poverty headcount rates in 183 countries. Our 
central finding is that the passthrough rates of 
countries’ macroeconomic growth to 
households are associated strongly with the 
countries’ level of development, inequality and 

geographic cluster. Countries that have similar 
poverty headcount ratios, degree of urban 
development, education (i.e., government 
expenditure on education, age dependency), 
and most importantly the level of development 
and growth (i.e., central government debt, tax 
revenue, account balances) have comparable 
passthrough rates. 

Growth passthrough rates are found to increase 
with the countries’ level of development. This is 
good news, as it suggests that economic growth 
may lead countries on a more inclusive path. 
The policy implications of these findings are 
that developing countries, especially poorer 
countries, should be concerned with 
macroeconomic policies that enhance PCE 
growth – as the present national income growth 
record is insufficient to reach ambitious poverty 
reduction goals – as well as its trickle-down to 
households.  

Moreover, passthrough rates are not 
constrained exogenously. Focusing on policies 
that promote inclusive macroeconomic growth 
has the byproduct of helping to ramp up the 
passthrough of macroeconomic fortunes to the 
consumption of both poor and middle-class 
households. This policy approach would almost 
necessarily entail paying attention to 
progressive pro-poor macroeconomic growth 
and distribution-centred policies.

 
4 https://moneymetrics.unescwa.org/. 
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Annex 1. Steps for calibrating survey data 
using national accounts 

Data calibration between national accounts and 
surveys can be done at two different levels: 
calibrating the overall survey mean expenditure, 
or calibrating some distributional measures 
such as the income shares and mean incomes 
of various quantile groups. Calibrating either 
will affect the derived poverty measures, either 
indirectly or directly. 

While the aggregate nature of national accounts 
provides a comprehensive, consistent and 
flexible set of macroeconomic accounts data for 
policymaking, analysis and research purposes, it 
prevents us from accurately capturing the 
disparities in income, consumption and saving 
across different groups. Measures of the 
distribution of income or consumption, and 
information on redistribution through tax and 
transfer programmes can be critical to the 
design of economic and social policies. 

By contrast, micro data (e.g., surveys, 
administrative/tax records and censuses) might 
shed light on inequalities across individuals, but 
their statistics might diverge from the national 
accounts aggregates. In this respect, the OECD 
and Eurostat have launched an expert group 
developing distributional statistics for income, 
consumption and savings based on available 
micro data sources and experimental data, with 
the aim that these be consistent with national 
accounts aggregates. (Zwijnenburg,2021). 

To capture the measure of income inequality 
through surveys and calibrate the measures 

using information in the national accounts, the 
following steps are typically followed: 

Step 1.  Adjust the national accounts 
totals 

National accounts totals are the product of a 
balancing framework in which data from various 
data sources are combined and reconciled. 
However, source data may need to be adjusted 
to attain consistency and comprehensiveness. 
Moreover, survey information on income and 
consumption expenditure is typically restricted 
to private households, with some population 
groups systematically excluded. National 
accounts totals thus need to be adjusted so that 
they would represent similar economic units as 
in the survey (i.e., excluding non-profit 
institutions serving households, people living in 
non-private dwellings, non-residents, etc.). In 
some countries, specific information is available 
to make these corrections, but in others, 
adjustments are made based on rough 
assumptions. 

Step 2.  Determine relevant variables 
from micro sources in relation to 
national accounts variables 

The next task is to identify and map the 
components from the micro data for the most 
recent year that correspond to the national 
accounts variables. The definitions used in the 
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national accounts may differ from the ones in 
the surveys or in administrative data, and some 
transactions or their elements may be classified 
differently. In such cases, the survey-based 
components should be reallocated or adjusted 
to match the national accounts classification. 

The time of recording may also differ between 
the national accounts and the surveys. The latter 
typically focus on stocks at certain points in time 
such as the end of the quarter or the yearend, 
whereas the former cover transactions within 
certain time frames. 

Step 3.  Input and scale the survey 
data to match the adjusted national 
accounts 

An important task is to explore the potential 
sources of gaps between the micro and macro 
aggregates, especially in cases of large time 
gaps between the two. The micro–macro gaps 
could be attributed to conceptual or 

classification differences; missing information 
related to underground and illegal activities; 
estimation errors, such as due to under- or over-
coverage; and measurement errors such as 
those related to under- and over-reporting. 

Step 4.  Allocate the income gaps to 
relevant household groups 

Once the micro–macro gaps are identified and 
attributed to the underlying sources, the 
relevant amounts should be allocated to the 
responsible units, ideally at the micro level – 
that is, applying imputations and adjusting data 
at the micro level, or adjusting the survey 
weights to arrive at the relevant aggregates. 
This yields improved microdata allowing for the 
derivation of more precise distributional 
measures. In cases where this micro-approach 
would be impractical or infeasible, an 
alternative is to allocate the relevant amounts at 
a meso-economic level, such as at the level of 
narrow population groups.
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Annex 2. Additional results 

Table A2.1  Descriptive statistics of the growth spells 

 𝑻𝑻𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐 𝑻𝑻𝒐𝒐𝒍𝒍𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐 

Minimum spell length, years 1 1 

Country-year pairs with the 
minimum spell length 

Costa Rica [1990-1991] 

United States [1990-1991] 

Honduras [2018-2019] 

Thailand [2018-2019] 

Turkey [2018-2019] 

Etc. 

Maximum spell length, years 16 16 

Country-year pairs with the 
maximum spell length 

Central African Republic  
[1992-2008] 

Algeria [1995-2011] 

Algeria [1995-2011] 

Central Africa [1992-2008] 

Range [1990,2019] [1992,2019] 

Arithmetic average, years 3.7 6 

Source: ESCWA calculations based on data from the World Bank Global Monitoring Database. 

 

Figure A2.1 visualizes the PAM clusters. 
Observations are represented by dots, and 
clusters are distinguished by distinct colours. 
The shape of clusters is clearly convex, and the 

clusters are located separately. This suggests 
that, for example, that cluster 1 will significantly 
differ from clusters 4 and 5, while it may share 
some characteristics with cluster 2.
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Figure A2.1  Clusters plot, PAM 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 

Figure A2.2  PAM cluster performance metrics 

 
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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Figure A2.3  Clusters plot, hierarchical 

  
Source: ESCWA calculations based on data from the World Bank Development Indicators and the World Bank Global 
Monitoring Database. 
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This report proposes and evaluates alternative parametric and non-parametric methods for 
estimating household income/expenditure levels based on national accounts data for 183 
countries. The current report shows that the growth passthrough rates typically fall short of unity 
and vary systematically across countries in different world regions, income-level strata and other 
country groupings. It also shows that the proposed models can estimate the passthrough rates 
reliably, especially if the analysis is clustered by country type. Lower-income countries exhibit 
lower growth passthrough rates, but the passthrough rates increase with the level of development. 
The passthrough rates are notably low in the Arab region, South Asia and Sub-Saharan Africa. In 
the Arab region, passthrough rates vary greatly across subregions. The report concludes that 
developing countries, especially poorer countries, should be concerned with macroeconomic and 
distribution policies that enhance aggregate income growth – especially in poorer countries with 
lower income and expenditure per capita and with greater scope for enhancing the passthrough of 
growth to households. 
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