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Abstract
Volunteerism drives sustainable development and social cohesion, yet official statistical systems fail to capture its full con-
tribution. Existing metrics focus narrowly on participation rates and basic economic value, overlooking broader individual
and societal benefits. This paper presents the methodological framework for the Global Index of Volunteer Engagement
(GIVE), a composite index developed by the University of Pretoria, the United Nations Volunteers (UNV), and the Inter-
national Labour Organisation (ILO). GIVE adopts a multidimensional approach across four equally weighted dimensions:
Value to the Individual, Value to the Community, Value to the Economy, and the Enabling Environment. We outline the
framework’s conceptual foundation, data mapping, normalisation to a 0-100 scale, and its capacity to accommodate both
survey and administrative data. To assess robustness, we conducted a Monte Carlo simulation study using 10 synthetic
datasets representing heterogeneous country contexts and 500 replications, comparing nine specifications with different
weighting and aggregation methods. Results indicate that country orderings remain robust across specifications. While
arithmetic final aggregation generally minimised numerical error, with the GM+AM specification yielding the lowest mean
absolute percentage error (5.22%), we recommend AM+GM aggregation, as it satisfies the commonly used 10% accu-
racy benchmark (MAPE = 9.64%) while retaining within-dimension indicator compensability and limiting cross-dimension
substitutability. We discuss implications for National Statistical Offices, including integrating survey modules, aligning with
SDG monitoring frameworks, and building capacity in lower-resource settings. Finally, we outline a Phase 2 roadmap
(2027-2029) to roll out GIVE across 60-100 countries to establish a globally comparable evidence base.
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1 Introduction

Some of the most important contributions people make
to society, especially volunteering and other community-
sustaining actions, remain largely invisible in statistics and
data systems. This presents a persistent paradox: society’s
most vital contributions often remain the least visible in
official data – an insight that has markedly influenced
how statisticians and researchers gauge social progress and
development.1 Across communities in the Global South
and around the world, people dedicate their time, skills,
and energy to helping others without expecting recognition
or reward. From community-based conservation groups in
Kenya, to volunteer firefighters in Australia, to youth organ-
ising neighbourhood clean-ups and immunisation cam-
paigns across Latin America, these common acts of service
– diverse in form yet integrated in purpose, form the back-
bone of societal resilience.1 Volunteers respond to crises,

sustain public services, bolster social bonds, and build com-
munity endurance in both practical and meaningful ways.
Yet despite its scale and significance, volunteerism remains
under-researched and often absent from official statistical
systems.1,2

Thus, volunteerism is increasingly recognised as a strate-
gic asset for sustainable development. The 2026 State of the
World’s Volunteerism Report (SWVR) estimates that 2.1
billion working-age individuals, with approximately one
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in three adults globally, engage in volunteer work each
month.2 In Africa, the State of Volunteerism in Africa
Report documents the highest regional participation rate at
58.5% of the working-age population, with youth (74%)
and women (50.5%) constituting the majority of volunteer
assignments.3 The recorded volunteer hours in Africa alone
translate to an annual monetary value of USD 353 million;
if the volunteers captured in that survey formed a nation,
they would constitute the fourth-largest economy on the
continent.3 Yet despite this scale, the full scope and impact
of volunteer contributions remain poorly understood.

The measurement of volunteerism has a long his-
tory of collaborative international efforts to understand
and quantify its contribution to individuals, communi-
ties, economies, and sustainable development. UNV’s State
of the World’s Volunteerism Report 2011 provided an
early global account of the contribution of volunteerism
to well-being.4 This international agenda has continued to
develop, with the United Nations Volunteers (UNV) and the
International Labour Organisation (ILO) leading initiatives
to create standardised tools for national data collection,
including the ILO Manual on the Measurement of Vol-
unteer Work and UNV’s support for volunteer modules
in national household surveys.5,6 This international agenda
was further highlighted when the United Nations General
Assembly proclaimed 2026 as the International Year of Vol-
unteers for Sustainable Development (IVY2026) through
Resolution A/RES/78/127.7 The 2026 State of the World’s
Volunteerism Report reflects the culmination of more than
a decade of research, placing particular emphasis on the
measurement of volunteerism and its contribution to sus-
tainable development, and synthesising contributions from
a global research consortium, including Northumbria Uni-
versity, the University of Pretoria, and the ILO, alongside
input from volunteer practitioners, statisticians, and civil
society organisations across all world regions (see, Chap-
ter 1).2 The report documents persistent evidence gaps,
including fragmented data systems, inconsistent definitions,
a bias toward formal volunteering, and the near-invisibility
of informal, community-based, and digital volunteering
(UNV, 2025, Chapters 2-3).2

One of the major challenges in developing a global
framework for measuring volunteerism relates to the
absence of universally harmonised definitions and the frag-
mented nature of available data systems. Existing surveys
and statistical instruments differ substantially in how vol-
unteer work is conceptualised, including variations in the
treatment of formal versus informal volunteering, direct
community support, digital volunteering, mutual aid, and
unpaid civic participation.2,6,8 In addition, volunteer-related
variables are collected across diverse platforms, includ-
ing Labour Force Surveys, Time Use Surveys, the World
Values Survey, Gallup World Poll, Afrobarometer, and
organisation-specific surveys, each with different refer-
ence periods, recall durations, sampling designs, and levels

of disaggregation. These inconsistencies complicate cross-
country comparability and often result in the underrepre-
sentation of informal, community-based, and youth-led vol-
unteer activities, particularly in lower-resource settings.2,8

As part of the GIVE development process, a comprehen-
sive mapping of volunteer data sources was undertaken
to identify the types of volunteer variables available, def-
initions used, data quality considerations, coverage gaps,
and the extent to which existing datasets could support a
harmonised global volunteer measurement framework.9

The framing of the Global Index of Volunteer Engage-
ment (GIVE) emerged through an extensive and itera-
tive consultative process involving the United Nations
Volunteers (UNV), the International Labour Organiza-
tion (ILO), academics, statisticians, National Statistical
Offices, volunteer-involving organisations, and civil society
stakeholders across multiple world regions. Early con-
ceptual discussions on the need for a multidimensional
global volunteer index began prior to 2025, informed by
growing recognition of persistent gaps in volunteer statis-
tics and increasing demand for evidence-based volunteer
policymaking.8 A major milestone was the initial technical
consultation convened by UNV and ILO in Bonn, Germany,
in 2024, which brought together experts from Africa, Asia-
Pacific, Latin America and the Caribbean, Europe, and the
Arab States to deliberate on the conceptual dimensions,
indicators, methodological considerations, and statistical
feasibility of the index. This was followed by broader
regional consultations and workshops aimed at ensuring
that the framework reflected diverse volunteering reali-
ties, incorporated regional priorities and contextual forms
of volunteering, assessed data availability, and strength-
ened global ownership of the index.2,9 The consultative
process ultimately informed the identification of the four
core dimensions of GIVE: Value to the Individual, Value to
the Community, Value to the Economy, and the Enabling
Environment Chapter 7, Section 7.3.2

Incorporating volunteer statistics into official statisti-
cal systems and national accounts is essential for accu-
rately capturing the full contribution of volunteer activ-
ity to economic and social development. The experience
of New South Wales, Australia, illustrates the scale of
what can otherwise remain invisible: volunteering was esti-
mated to generate $205.3 billion in social and economic
value through approximately 1.3 billion hours of volunteer
activity.10 Excluding such contributions from conventional
economic accounts can therefore result in their system-
atic underrecognition and obscure the economic and social
value and impact of volunteering, limiting the evidence
available to strengthen and enhance its contribution to soci-
ety and the economy. Thus, without systematic inclusion
in official statistics, the socio-economic contribution of
billions of people remains invisible, leading to poorly tar-
geted development, labour, and resource allocation policies.
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National Statistical Offices (NSOs) need robust, compa-
rable volunteer data to value unpaid work within satellite
accounts, to identify gaps in public service delivery where
mutual aid substitutes for state provision, to monitor SDG
progress on poverty, health, education, and gender equality,
to design evidence-based labour market and social protec-
tion policies, and to measure social capital and community
resilience.6,11

The Global Index of Volunteer Engagement (GIVE)
directly addresses this need by providing a standard-
ised, multidimensional framework for integrating volunteer
statistics into routine official statistical production – work-
ing with NSOs, aligning with ILO standards, and using
household survey instruments such as Labour Force Sur-
veys and Time Use Surveys. The conceptual framework
for GIVE was developed through extensive regional con-
sultations with volunteer practitioners, statisticians, index
developers from UN agencies, academics, and represen-
tatives from Africa, Asia-Pacific, Latin America and the
Caribbean, Europe, and the Arab States Chapter 7.2 These
consultations confirmed strong support for a global mea-
surement tool and clarified the four dimensions that form
the core of the GIVE: Value to the Individual, Value to
the Community, Value to the Economy, and the Enabling
Environment Chapter 7, Section 7.3.2

A central aim of this paper is to introduce an innovative
and timely standardised volunteerism measurement tool to
national governments, stakeholders, and international part-
ners. The GIVE index tool can be applied consistently
across countries. To ensure cross-country comparability,
NSOs align their methods with guidelines set by the ILO.5

Integration is primarily achieved through three instruments:
Labour Force Survey (LFS) modules, which add stan-
dardised survey questions on time spent in unpaid, non-
compulsory activities; Satellite Accounts, which integrate
Non-Profit Institution data to explicitly value and detail the
sectors benefiting from volunteer efforts;12 and Time Use
Surveys (TUS), which track daily time allocation to cap-
ture informal, unorganised, and direct volunteering between
individuals.13 By embedding volunteer statistics within
these established statistical instruments, GIVE enables the
production of robust, comparable, and policy-relevant data
– making volunteerism visible, valued, and actionable for
evidence-based decision-making.

The remainder of this paper is organised as follows.
Section 2 details the four dimensions of the GIVE frame-
work. Section 3 presents the methodology: harmonisa-
tion, normalisation, weighting, and aggregation. Section 4
reports sensitivity analyses using synthetic datasets. Section
5 discusses implementation for NSOs and the role of key
stakeholders. Section 6 concludes with alignment to SDG
monitoring, the International Year of Volunteers 2026, and
future directions.

2 The Four Dimensions of GIVE
The GIVE framework captures the multidimensionality
of volunteering across four equally weighted dimensions:
Value to the Individual, Value to the Community, Value to
the Economy, and the Enabling Environment. These four
dimensions were identified and refined through extensive
consultation with volunteer participants and researchers and
form the initial conceptual structure of the GIVE Index
(SWVR, 2026). Together, they reflect the principal ways
in which volunteer engagement generates value, encom-
passing benefits to individuals and communities, economic
contributions, and the broader conditions that enable and
sustain volunteering.

2.1 Value to the Individual and Community
The Value to the Individual dimension captures the personal
benefits that volunteers derive from their engagement, com-
prising six indicators: skills acquisition, life satisfaction,
sense of purpose, social interactions, mental/physical well-
being, and improved employment prospects.14–19 Comple-
mentarily, the Value to the Community dimension captures
the social and collective benefits generated through volun-
teering, evaluated across five indicators: trust, resilience,
mutual support, social cohesion, and feeling safe and
secure.14,20–22

2.2 Value to the Economy
The Value to the Economy dimension captures the economic
value generated through volunteer work. Volunteerism con-
tributes to economies not only through the provision of
unpaid labour but also through the opportunity costs borne
by volunteers and the direct financial resources they con-
tribute to volunteer activities. Existing approaches to valu-
ing volunteer work have primarily focused on estimating
the replacement cost of volunteer labour at the aggregate
level.6,23 While these approaches provide valuable esti-
mates of the macroeconomic contribution of volunteering,
they provide limited insight into the economic commitment
made by individual volunteers, including the opportunity
costs associated with time devoted to volunteering. The
GIVE framework therefore adopts a bottom-up approach
in which economic indicators are measured at the individ-
ual level and subsequently aggregated to produce district,
national, regional and global estimates.

To reflect the multidimensional nature of economic con-
tribution, five illustrative indicators are proposed:

1. Average monthly volunteer hours per volunteer,
measuring the intensity of volunteer engagement
through the amount of time voluntarily contributed.

2. Relative Economic Sacrifice (RES), measuring the
proportion of an individual’s available economic
resources voluntarily devoted to volunteering.
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3. Estimated replacement value of volunteer time, rep-
resenting the market value of volunteer labour calcu-
lated by applying an appropriate replacement wage
rate to reported volunteer hours.

4. Proportion of volunteers reporting unreimbursed
out-of-pocket expenses, capturing direct financial
contributions such as transport, communication,
equipment, childcare, accommodation, or meals
incurred while volunteering.

5. Economic Commitment Index (ECI), measuring the
extent to which volunteers invest both time and
financial resources in volunteer activities.

The Relative Economic Sacrifice (RES) is introduced as
a novel indicator within the GIVE framework. For volunteer
i, RES is defined as

RESi =
wihi + ci

Yi
, (1)

where hi denotes the number of volunteer hours contributed
during the reference period, wi denotes the estimated hourly
opportunity cost of time, ci denotes unreimbursed out-of-
pocket volunteering expenses, and Yi denotes the individ-
ual’s disposable income or equivalent economic resources
over the same period. The numerator therefore represents
the total economic resources voluntarily contributed by an
individual, while the denominator standardises this contri-
bution relative to the individual’s economic capacity.

2.3 Enabling Environment
The Enabling Environment dimension captures the struc-
tural, policy, and institutional context that supports vol-
unteering in a country. Unlike the three individual-level
dimensions, which are mainly derived from volunteer sur-
veys, the Enabling Environment is a macro-level construct
computed from country-level administrative data.25 Based
on the GIVE conceptual framework,14 this dimension com-
prises seven binary indicators, each indicating the presence
or absence of a specific enabling factor.

3 Methodology for Composite Index
Construction

3.1 Data Sources and Mapping
The construction of GIVE was informed by a systematic
mapping of available data sources on volunteering and its
associated outcomes. The objective of the mapping was
to identify sources that could provide information relevant
to the four GIVE dimensions while also assessing their
geographic coverage, definitions, measurement approaches,
and suitability for cross-country comparison. The sources
considered included global surveys such as the World
Values Survey, Afrobarometer, European Social Survey,

and Gallup World Poll; global indices such as the Chari-
ties Aid Foundation World Giving Index; regional sources
including the Latin American Public Opinion Project and
IFRC surveys; national instruments such as Time Use Sur-
veys, Labour Force Surveys with volunteer modules, and
country-specific household surveys; and complementary
sources such as the UNV Global Volunteer Survey Chapter
7, Section 7.5.1.2

The mapping exercise identified substantial heterogene-
ity in how volunteering is defined, measured, and reported
across these sources. Three challenges were particularly
important for the development of GIVE. First, definitions
of volunteering differ across surveys and statistical systems,
affecting the comparability of participation and engage-
ment measures. Second, existing data systems tend to be
fragmented and often focus on formal, organisation-based
volunteering, with less systematic coverage of informal
and community-based activities. Third, important coverage
gaps remain for emerging forms of volunteering, including
digital and youth-led volunteering, as well as for disaggre-
gated information by gender, age, disability, and geographic
location Chapter 3.2 These limitations motivated the har-
monisation procedures described below and informed the
selection and interpretation of indicators included in the
GIVE framework.

3.2 Harmonisation Protocol
Because the identified data sources differ in definitions, ref-
erence periods, measurement instruments, and data quality,
harmonisation is required before information from different
sources can be used within a common index framework.
GIVE therefore applies a four-step harmonisation proto-
col designed to improve comparability while maintaining a
transparent record of the assumptions and transformations
applied to each source.

In Step 1, relevant variables are identified and extracted,
including measures of volunteering participation, fre-
quency, duration, type of activity, motivation, and associ-
ated outcomes. Step 2 aligns the definitions and concepts
across sources by mapping variables to the United Nations
General Assembly definition of volunteering and the ILO
statistical definition of volunteer work established by the
19th International Conference of Labour Statisticians (19th
ICLS). Definitions that cannot be directly reconciled are
documented in a harmonisation codebook rather than being
implicitly treated as equivalent.5,6

Step 3 addresses differences in reference periods. Where
volunteering rates are reported over different observation
periods, we convert them to four-week equivalents using
adjustment coefficients derived from average volunteer
rates across the relevant reference periods Appendix B.2

This provides a common temporal basis for comparison
while retaining information from the original data sources.
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Finally, Step 4 assesses each dataset’s quality and con-
sistency by considering coverage, methodology, periodicity,
and internal consistency. Data points are excluded where
direct volunteering rates exceed corresponding total rates or
where pronounced discontinuities suggest methodological
changes rather than genuine changes in volunteering. The
harmonisation process therefore serves not only to make
the data comparable, but also to provide a transparent basis
for documenting data limitations and determining which
observations are sufficiently reliable for inclusion in the
GIVE database. The resulting harmonisation codebook will
be published as a public good alongside the GIVE database.

3.3 Normalisation
As the GIVE index combines indicators measured on dif-
ferent scales and, in some cases, with different units of
measurement, the indicators must first be transformed to a
common scale before they can be combined. Normalisation
ensures that differences in the numerical scale of individual
indicators do not inadvertently determine their contribu-
tion to the composite index. This is particularly important
for a multidimensional index such as GIVE, where indi-
cators representing individual, community, economic, and
enabling-environment outcomes may have substantially dif-
ferent ranges and units.

Several approaches can place indicators on a common
scale. Common methods include Z-score standardisation,
which centres and scales observations by their mean and
standard deviation, and Min–Max normalisation, which
transforms observations to a specified interval. The choice
of normalisation method is therefore an important com-
ponent of composite-index construction because it can
influence the relative contribution of individual indicators
and, consequently, the resulting index values.26

For GIVE, we use a 0–100 normalisation, whereby each
indicator is transformed to a common scale ranging from
0 to 100. This scale is particularly appropriate for GIVE
because it provides an intuitive interpretation of the result-
ing scores and facilitates comparison across indicators and
dimensions. A score of 0 represents the lower end of the
defined indicator scale, while 100 represents the upper end.
Importantly, the common scale allows indicators with dif-
ferent original units to contribute to the composite index
without one indicator dominating solely because of its
numerical magnitude.

The use of Min–Max normalisation, however, requires
some caution because the resulting values are sensitive
to the observed minimum and maximum. In particular,
an extreme observation can substantially affect the trans-
formed values of the remaining observations. For exam-
ple, if 99 observations lie between 0 and 40 while one
observation has a value of 100, a conventional Min–Max
transformation would place the 99 observations within a
relatively compressed portion of the 0–100 scale. Thus,

although Min–Max normalisation provides a convenient
common scale, its sensitivity to extreme values needs to be
considered when constructing a composite indicator.26

3.4 Weighting
As the GIVE dimensions are constructed from multiple
indicators, a weighting and within-dimension aggregation
scheme is required to determine how the indicators con-
tribute to each dimension score. GIVE comprises four
dimensions, indexed by d = 1,… , 4, with potentially
different numbers of indicators contributing to each dimen-
sion. In the baseline specification, indicators receive equal
weights within their respective dimension. Thus, for dimen-
sion d containing kd indicators, each indicator receives
weight

wdj =
1
kd

.

In the simulations described in Section 3.5 below, we use
k1 = 6 indicators for Value to the Individual, k2 = 5 for
Value to the Community, k3 = 6 for Value to the Econ-
omy, and k4 = 7 for the Enabling Environment. Equal
weighting provides a transparent, reproducible approach
and avoids imposing empirically unsupported assumptions
that one indicator should matter more than another.

In practice, however, indicators within a dimension may
not have equal substantive importance. Social, psycholog-
ical, economic, or other theoretical considerations may
suggest that some indicators are more important than others
in representing the underlying dimension. In such cases, the
weighting scheme should reflect the differential importance
assigned to the indicators, with weights determined based
on an explicit conceptual framework, empirical evidence,
or a combination of both. Thus, equal weighting provides
a transparent baseline rather than assuming all indicators
are equally important. This approach is also consistent
with established practice in constructing multidimensional
indices, while allowing alternative data-driven weighting
schemes to be considered as sensitivity analyses.26,27

In the current GIVE specification, equal weighting
serves as the baseline because the available evidence does
not provide a sufficiently strong basis for assigning dif-
ferential substantive weights to individual indicators. In
addition to equal weighting, the equally weighted indica-
tors within each dimension can be combined using either
the arithmetic mean (AM) or geometric mean (GM). For
normalised indicator values zd1,… , zdkd

within dimension
d, the two alternatives are

AMd = 1
kd

kd∑
j=1

zdj, GMd =

( kd∏
j=1

zdj

)1∕kd

.

The arithmetic mean permits full compensation among
indicators within a dimension, so that a higher value for one
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indicator can offset a lower value for another. The geomet-
ric mean provides a less compensatory alternative because
the dimension score is more sensitive to low indicator
values and therefore places greater emphasis on balanced
performance. These formulations allow examination of how
sensitive dimension scores are to alternative assumptions
about combining indicators.

To assess how much the construction of GIVE depends
on these choices, the simulation considers four within-
dimension approaches: arithmetic-mean weighting (AM),
geometric-mean weighting (GM), entropy weighting, and
principal component analysis (PCA). AM and GM provide
transparent equal-weight formulations, whereas entropy
weighting and PCA derive weights from the statistical
properties of the reference data.

Entropy weighting. The entropy method is the most rep-
resentative objective weighting tool. This method deter-
mines the relative importance of the attributes and how
they are related to the evaluation or final result. In the
standard Entropy Weight Method (EWM) used in multi-
criteria decision-making, we explicitly reward indicators
that exhibit high variation (differentiation), because they
provide the most useful information for distinguishing
between respondents.28 For normalised indicator values zij,
define the empirical probabilities pij = zij∕

∑
i zij. The

normalised entropy is

ej = − 1
ln(n)

n∑
i=1

pij ln(pij),

with 0 ln 0 = 0. The degree of diversification is the com-
plement of entropy, dj = 1 − ej, and the resulting entropy
weight is

wEnt
j =

dj∑K
k=1 dk

.

As shown above, entropy weighting assigns greater weight
to indicators that provide more discriminatory informa-
tion in the observed indicator values, based purely on
their statistical distribution rather than on their concep-
tual or normative significance.28–31 Indicators with high
top-tier probabilities tend to have responses heavily concen-
trated in the upper Likert categories, showing less variation
within the country. Such indicators provide less information
for differentiating observations and consequently tend to
receive lower entropy weights. Conversely, indicators with
more dispersed responses provide greater discriminatory
information and receive higher weights. Thus, an indica-
tor with highly diverse responses within a country may
exhibit greater entropy-related discriminatory information
and command a larger weight, whereas an indicator with
highly concentrated responses will provide less information
for differentiation and receive a smaller weight. This fea-
ture distinguishes statistical differentiation from substantive

importance: an indicator judged to be universally impor-
tant may receive a relatively low entropy-based weight if its
observed responses are highly concentrated, even though its
conceptual or policy relevance remains substantial.

In our simulation, we specify the top-tier probabil-
ity separately for each indicator and country. Once the
country-specific top-tier probability is set, it determines the
response distribution for that indicator within the country
and, consequently, the entropy-based weight assigned to
that indicator for that country. The resulting weights are
therefore country-dependent: an indicator may receive a
relatively high weight in one country, where its response
distribution provides greater discriminatory information,
but a lower weight in another country, where responses are
more concentrated or otherwise provide less information for
differentiation. Thus, under entropy weighting, an indica-
tor’s contribution to the index is not fixed across countries
but depends on the empirical distribution generated for each
country. This purely data-driven characteristic underscores
why equal arithmetic weighting remains an important base-
line in GIVE, ensuring that the conceptual framework
determines the relative importance of dimensions and indi-
cators rather than allowing observed statistical variation to
determine their weights. In the present simulation study,
entropy weighting therefore serves as a statistical alter-
native for sensitivity analysis, allowing us to assess how
country-specific differences in indicator distributions affect
index values and the stability of country rankings.

Principal component analysis (PCA). : Principal component
analysis provides a different data-driven approach. PCA
transforms correlated indicators into a smaller set of orthog-
onal components that successively explain variation in the
original indicators. In this application, PCA serves as a
weighting procedure, using the first principal component
to derive indicator weights because it explains the largest
share of variation among the indicators.26,32,33 If 𝓁j denotes
the loading of indicator j on the first principal component,
the weight is

wPCA
j =

𝓁2
j∑K

k=1 𝓁
2
k

.

Squaring the loadings produces non-negative weights,
which are then normalised to sum to one. The resulting
PCA weights therefore reflect each indicator’s relative con-
tribution to the dominant common pattern of variation in the
reference data.

Clarification on the role of entropy and PCA in the
GIVE framework: Unlike the arithmetic and geometric
mean approaches, which differ mainly in their compen-
satory properties at the aggregation stage, entropy and PCA
are weighting methods that determine indicator importance
based on the data’s statistical properties. Entropy rewards
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indicators with high variation, while PCA rewards indica-
tors that contribute most to the dominant shared pattern
of variation. Both methods are used exclusively as weight-
ing techniques within their respective dimensions; they do
not, by themselves, define how indicators are aggregated. In
both cases, the derived weights, whether wEnt

j or wPCA
j , are

applied to the normalised indicator values using a weighted
arithmetic sum to produce the dimension score:

Dd =
kd∑

j=1

wjzdj, where
kd∑

j=1

wj = 1.

Thus, entropy and PCA determine which indicators con-
tribute more or less to the dimension score, but they do
not replace the subsequent aggregation step. Once these
weights are applied, the resulting dimension scores can be
combined using either the fully compensatory arithmetic
mean or the less compensatory geometric mean in the final
aggregation stage. Therefore, the choice between AM and
GM determines the degree of compensation, irrespective of
whether equal, entropy, or PCA weights are used within
the dimensions. The final combination of the four dimen-
sion scores into the overall GIVE index is always governed
by the second part of the specification (AM or GM), as
described in the following section.

3.5 Aggregation
To clarify the notation used throughout this paper and in the
simulation study, each method is denoted as X + Y, where:

• The first part (X) specifies the within-dimension
procedure used to combine the individual indicators
into each of the four dimension scores.
• AM: Indicators within the dimension receive

equal weights (1∕k) and are combined using the
arithmetic mean.

• GM: Indicators within the dimension receive
equal weights (1∕k) and are combined using the
geometric mean.

• Entropy: Weights are derived empirically using
the Entropy Weight Method (rewarding indica-
tors that exhibit greater variation across respon-
dents), and indicators are combined using a
weighted arithmetic sum.

• PCA: Weights are derived empirically using
Principal Component Analysis (rewarding indi-
cators that contribute most to the dominant pat-
tern of shared variation), and indicators are com-
bined using a weighted arithmetic sum.

• The second part (Y) specifies the final aggrega-
tion rule used to combine the four dimension scores
(Individual, Community, Economic, and Enabling
Environment) into the final GIVE index.

• AM: The four dimension scores are combined
using the arithmetic mean, which is fully com-
pensatory.

• GM: The four dimension scores are combined
using the geometric mean, which is less com-
pensatory and penalises unbalanced performance
across dimensions.

For example, AM+GM denotes equal weighting and
arithmetic aggregation within each dimension, followed
by geometric aggregation across the four dimensions
to produce the final GIVE score. This is the pri-
mary specification recommended in this paper. Similarly,
Entropy+AM denotes entropy-derived weights applied
within each dimension, followed by arithmetic aggrega-
tion across dimensions. We use this notation consistently
throughout the simulation results and sensitivity analyses.

As the four GIVE dimension scores are constructed sep-
arately, a final aggregation rule is required to obtain a
single overall measure of volunteer engagement. For the
final aggregation stage, the four separate dimension scores
(D1, . . . ,D4) are combined into a single overall measure
of volunteer engagement using either an arithmetic mean
(AM) or a geometric mean (GM) formulation, applying the
same mathematical definitions established in Section 3.4.
The choice between these final aggregation rules matters
significantly because it determines how much performance
in one dimension can compensate for lower performance
in another. In particular, the arithmetic mean and geometric
mean represent different assumptions about the relationship
among the four dimensions and therefore provide useful
alternative formulations for evaluating the robustness of the
GIVE index.26,34–37 In particular, the arithmetic mean is
fully compensatory: a sufficiently high score in one dimen-
sion can offset a corresponding deficit in another. The
geometric mean is less compensatory because the over-
all score is more sensitive to low-performing dimensions,
thereby placing greater emphasis on balanced performance
across dimensions. Geometric aggregation does not elim-
inate substitution altogether, but it limits the extent to
which exceptionally high performance in one dimension
can compensate for poor performance in another.

This distinction is substantively relevant to GIVE
because the four dimensions, namely Value to the Individ-
ual, Value to the Community, Value to the Economy, and
the Enabling Environment, capture complementary aspects
of volunteering. A country may perform strongly in one
dimension while having substantially weaker outcomes
in another. An aggregation rule that permits unrestricted
compensation could therefore mask important weaknesses
in particular dimensions. Conversely, an overly restrictive
approach could make the overall index excessively sensitive
to a single low score. Considering both final aggregation
alternatives therefore allows the simulation to assess the
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implications of these assumptions rather than treating one
aggregation rule as inherently correct.

The choice is also informed by established interna-
tional composite indices. The modern Human Develop-
ment Index (HDI) replaced arithmetic aggregation with
geometric aggregation in 2010, specifically to reduce
substitutability across its dimensions.38,39 In contrast,
the Sustainable Development Goals (SDG) Index uses
equal weights and arithmetic means to construct goal-
level scores and to aggregate the 17 goals, providing
an important precedent for an AM+AM structure.40 The
Global Innovation Index (GII) similarly relies primarily on
weighted arithmetic aggregation to construct its sub-pillars
and pillars and to combine its Input and Output sub-
indices; its statistical audit also examines the robustness
of the arithmetic-average assumption against alternative
aggregation approaches.41 The Multidimensional Poverty
Index (MPI) provides a complementary precedent through
explicit indicator weights and the Alkire–Foster identifica-
tion of joint deprivation, although its mathematical con-
struction differs from that of GIVE.27,42 These examples
demonstrate that both arithmetic and geometric aggrega-
tion are established approaches to multidimensional index
construction, with the appropriate choice depending on the
substantive meaning assigned to the dimensions.

To assess the sensitivity of GIVE to these alterna-
tive methodological choices, the simulation combines the
two final aggregation alternatives with the four within-
dimension approaches: AM, GM, entropy weighting, and
principal component analysis (PCA). This yields eight
hierarchical specifications. A ninth flat, equal-weight speci-
fication is included as a benchmark, in which all underlying
indicators contribute directly to the overall index rather
than first being organised into the four GIVE dimensions.
The resulting nine specifications allow the numerical per-
formance and country rankings of the GIVE index to be
examined across a broad range of reasonable methodologi-
cal choices.

The simulation results subsequently inform the selec-
tion of the primary specification. In particular, the choice
of AM+GM is based not on the assumption that geometric
aggregation is universally superior, but on its strong empiri-
cal performance, stable country rankings, conceptual trans-
parency, and ability to limit compensability across the four
complementary GIVE dimensions. AM+AM remains the
principal additive sensitivity benchmark, while GM+AM,
GM+GM, entropy, PCA, and the flat specification are
retained to assess methodological sensitivity.

Figure 1 summarises the four GIVE dimensions, the
illustrative indicators associated with each dimension, and
the data sources used to measure them.

3.6 Methodology and Simulation Design
The simulation study assessed how well alternative GIVE
weighting and aggregation specifications recover known
country-specific population values under realistic sampling
variation and between-country heterogeneity. The final sim-
ulation comprised 10 countries and 500 Monte Carlo repli-
cations. In each replication, the Individual and Economic
dimensions were generated for the same 500 volunteers,
while the Community dimension was generated from a sep-
arate sample of 2,000 community members. The Enabling
Environment was generated at the country level using seven
binary indicators. This design reflects GIVE’s intended
structure while allowing us to evaluate competing index-
construction rules under controlled conditions.

3.6.1 Empirically motivated global benchmarks for ordinal
indicators. For each of the six Individual and five Com-
munity ordinal indicators, we specified a global top-tier
probability

dj = P(Yj ≥ 4),
where responses of 4 or 5 represent a positive response. We
assigned the individual indicators to empirically motivated
performance tiers. Sense of purpose and mental/physical
well-being were assigned the highest global benchmarks
(0.94 and 0.92, respectively), social interactions and skills
acquisition were assigned intermediate values (0.83 and
0.80), while life satisfaction and improved employment
prospects were assigned lower values (0.78 and 0.65).
These values reflect the asymmetric and generally pos-
itive distribution of reported volunteer outcomes rather
than a uniform distribution. In particular, the NCVO Time
Well Spent study reports high overall satisfaction among
volunteers and substantial reported benefits to wellbeing,
supporting high but indicator-specific positive-response
benchmarks.43

For the Community dimension, mutual support and
social cohesion were assigned the highest benchmarks
(0.85 and 0.82), feeling safe and secure an intermedi-
ate value (0.72), and trust and resilience lower values
(0.68 and 0.64). These values were intended as plausi-
ble empirical benchmarks rather than universal population
parameters. The tiering reflects the expectation that imme-
diate interpersonal and collective experiences may respond
more directly to community activity, whereas institutional
trust and resilience are slower-moving and more context-
dependent constructs. This is consistent with the broader
social-capital literature on networks, reciprocity, trust and
community cohesion.44,45

For each country c, a country-specific top-tier prevalence
was then generated as

djc ∼ Uniform
[
max(0.10, dj − 0.20),

min(0.90, dj + 0.20)
]

, c = 1,… , 10.
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Figure 1. Global Index of Volunteer Engagement (GIVE): Dimensions, Illustrative Indicators, and Data Sources. The illustrative
indicators represent examples of the concepts that GIVE seeks to measure. Final operational indicators will be selected based on
data availability, methodological validation, and country implementation requirements.

Table 1. Global top-tier probabilities used in the simulation.

Dimension Indicator dj = P(Y ≥ 4)

Individual Sense of purpose 0.94
Individual Mental/physical well-being 0.92
Individual Social interactions 0.83
Individual Skills acquisition 0.80
Individual Life satisfaction 0.78
Individual Improved employment prospects 0.65
Community Mutual support 0.85
Community Social cohesion 0.82
Community Feeling safe and secure 0.72
Community Trust 0.68
Community Resilience 0.64

Each resulting djc was generated once and held fixed across
all 500 replications. Thus, the global value defines the
empirical centre of the simulation, while each country has
its own underlying population prevalence. The correspond-
ing ordinal probabilities were

P(Yijc = r) =
1 − djc

3
, r = 1, 2, 3,

P(Yijc = r) =
djc

2
, r = 4, 5.

The cumulative probabilities determine country- and
indicator-specific latent-normal cut-points. Consequently,
repeated Monte Carlo samples represent repeated samples
from the same underlying country populations rather than
repeated regeneration of the population parameters Table 1.

3.6.2 Correlation structure for the Individual and Community
dimensions. Because the indicators within the Individual
and Community dimensions are conceptually related, the
simulation allows for positive dependence among indica-
tors rather than treating them as independent outcomes. The
dependence structure is introduced at the latent continuous
level. For each country c, a country-specific equicorrelation
parameter was generated once and then held fixed across the
Monte Carlo replications. For the six Individual indicators,
the correlation parameter was drawn as

𝜌I,c ∼ Uniform(0.3, 0.8),

whereas for the five Community indicators,

𝜌C,c ∼ Uniform(0, 0.5).

Thus, countries differ in the strength of dependence
between indicators, while their underlying correlation
structure remains fixed across replications. The ranges
represent plausible heterogeneous dependence structures
rather than fixed empirical correlation coefficients.

For each country and replication, the latent indicator
vector was generated jointly from a multivariate normal dis-
tribution with zero means and the corresponding country-
specific correlation matrix. For the Individual dimension,
for example,

Zcr = (Z1cr,… , Z6cr)⊤ ∼ N6(0,𝚺I,c),

where 𝚺I,c has ones on the diagonal and 𝜌I,c in all off-
diagonal elements. An analogous construction was used



10 Statistical Journal of the IAOS 0(0)

for the five Community indicators using 𝚺C,c. This corre-
sponds directly to the simulation implementation, in which
the latent variables are generated jointly using mvrnorm()
with the specified correlation matrix.46

The latent variables were subsequently transformed into
the observed five-category Likert responses. Importantly,
the category cut-points were determined from the indicator-
specific probability distributions rather than being fixed
across replications. For indicator j in country c and repli-
cation r, let

pjcr = (pjcr1,… , pjcr5)
denote the replication-specific probabilities of the five Lik-
ert categories. The corresponding cumulative probabilities
define the latent normal cut-points

bjcr,k = Φ−1

(
k∑

𝓁=1

pjcr𝓁

)
, k = 1,… , 4,

where Φ−1(⋅) is the inverse standard normal distribution
function. The observed Likert response is then obtained by
assigning Zjcr to the corresponding interval defined by these
cut-points.

This construction separates two sources of variation in
the simulation. The country-specific correlation parame-
ter and the underlying country-level probability structure
define the population setting, whereas the replication-
specific latent probabilities and the resulting volunteer-level
draws generate Monte Carlo sampling variation. Conse-
quently, each replication produces a different sample of
volunteers while retaining the same underlying country
population truth. The correlation is therefore not merely
specified as a parameter of the simulation; it is transmit-
ted through the jointly generated latent variables into the
observed indicators.

For the Individual dimension, the resulting six indicators
were observed on a five-point Likert scale and subsequently
transformed to the common 0–100 scale using

X∗
jcr = 100

(Xjcr − 1

5 − 1

)
.

The same latent-correlation construction was used for the
five Community indicators, with a separate sample of
2,000 community members per country and replication.
The resulting country-level indicator means were then used
in the subsequent weighting and aggregation procedures.

3.6.3 Economic dimension. We generated the economic
dimension at the individual level using the same 500 vol-
unteers who contributed the Individual data. We retained
four indicators: monthly volunteer hours, individual hourly
rate, replacement value of volunteer time, and Relative Eco-
nomic Sacrifice (RES). Monthly hours were generated from
a right-skewed Gamma distribution with shape 2 and scale

3, with a latent normal component introduced to generate
dependence with the other economic measures. Country-
specific hourly rates were generated once for each of the
10 countries from a Gamma distribution with mean USD
22 per hour and then bounded to the range USD 15–25
per hour. For each country, the 500 volunteers subsequently
received individual hourly rates drawn uniformly around
that country-specific rate, subject to the same USD 15–25
bounds. Replacement value was calculated as

ric = hicwic,

where hic is volunteer hours and wic is the individual
hourly rate. RES was generated as an hours-dependent mea-
sure, averaging about 5% and bounded between 0.5% and
20%. We normalised the resulting economic indicators to a
common 0–100 scale.

This construction explicitly distinguishes the country-
level economic context from individual-level variation. The
country rate is a fixed population characteristic across repli-
cations, while individual rates and hours vary between vol-
unteers and between Monte Carlo samples. The economic
indicators are therefore not generated as independent vari-
ables: replacement value is directly determined by hours
and rate, while RES is positively related to hours. This
induces the expected dependence among economic indi-
cators and provides a more realistic basis for comparing
weighting methods.

3.6.4 Simulation of Enabling Environment Indicators. The
Enabling Environment dimension captures the structural,
policy, and institutional context that supports volunteer-
ing within a country. Unlike the three individual-level
dimensions–Value to the Individual, Value to the Com-
munity, and Value to the Economy –which are derived
from volunteer surveys, the Enabling Environment is a
macro-level construct based on country-level institutional
and administrative conditions. Based on the GIVE concep-
tual framework,14 this dimension comprises seven binary
indicators, each representing the presence or absence of a
specific enabling factor.

Table 2 presents the seven Enabling Environment indica-
tors and their estimated global proportions, derived from the
UNV Knowledge Portal and relevant literature.47 We used
these global proportions as benchmark probabilities for the
simulation, allowing the simulated indicators to reflect the
prevalence of enabling conditions observed in the available
empirical sources.

For each country i and indicator j, the binary enabling
indicator was generated independently from a Bernoulli
distribution using the corresponding global probability pj:

Eij ∼ Bernoulli(pj), j = 1,… , 7,

where Eij = 1 indicates the presence of the enabling condi-
tion and Eij = 0 its absence. The same global benchmark



Manda et al. 11

Table 2. Enabling environment indicators and estimated global proportions.

Indicator Global Proportion Source / Rationale

National Volunteer Policy 0.32 62 out of 194 countries have established national volunteer policies47

National Volunteer Legislation 0.43 83 out of 194 countries have enacted volunteer laws47

National Volunteer Strategy 0.34 At least 68 countries have stand-alone national strategies47

Government Budget Allocation 0.20 Countries with dedicated budget lines for volunteer infrastructure
Volunteer Access to Training 0.78 Surveys indicate 76.6–80.1% of volunteers have access to training48

Volunteer Access to Insurance 0.40 IFRC data shows varying coverage; global average approximately 40%
Volunteer Access to Reimbursement 0.53 Surveys indicate 53–55% of volunteers receive reimbursement48

probability was used for each country for a given indi-
cator, while the Bernoulli realisation was allowed to vary
across countries. Consequently, countries could have differ-
ent realised configurations of the seven enabling indicators,
despite sharing the same underlying global benchmark
probabilities.

The Enabling Environment score for country i was then
calculated as the proportion of the seven indicators realised
as present, multiplied by 100:

Enablingi =
1
7

7∑
j=1

Eij × 100.

Because the indicators are binary, the resulting country-
level score takes values in increments of 100∕7, ranging
from 0 to 100. This construction reflects the interpretation
of the Enabling Environment as a set of institutional con-
ditions that may or may not be present in a country, rather
than as a continuous individual-level outcome.

3.6.5 Country-level dimension scores and population true
parameters. For the Individual and Community dimen-
sions, the country-level estimate in each replication is the
simple mean across the 500 volunteers or 2,000 community
members, respectively. In a future official survey imple-
mentation, sampling weights would estimate population
quantities; the present simulation intentionally uses equal-
weight samples so the comparison isolates the effects of
weighting and aggregation at the index-construction stage.
For the Economic dimension, the same 500 volunteers pro-
vide all four economic indicators, which are aggregated at
the country level in the same manner.

The true population-level GIVE values are determined
analytically from the specified data-generating distribu-
tions and remain fixed across replications. Importantly,
each weighting and aggregation specification has its own
corresponding true population-level GIVE value. Thus,
the accuracy of AM+AM, AM+GM, GM+AM, GM+GM,
Entropy+AM, Entropy+GM, PCA+AM and PCA+GM is
assessed against the population value generated under that
same specification, rather than against a single arbitrary
benchmark. The Flat specification has its own equal-
weighted population target across all underlying indicators.

For arithmetic aggregation of the four dimensions,

GIVEtrue,AM
c = 1

4

4∑
d=1

Dtrue
dc ,

whereas for geometric aggregation,

GIVEtrue,GM
c =

(
4∏

d=1

Dtrue
dc

)1∕4

.

This method-specific truth construction is essential because
it separates estimation error from differences caused simply
by changing the definition of the target index.

3.6.6 Replication-specific latent probabilities and sampling
variation. For each country i and indicator j, a country-
specific latent probability pij is first generated from the
specified top-tier probability distribution. This probability
is treated as fixed across the Monte Carlo replications and
defines the underlying country-level truth for indicator j.
The corresponding true value of each dimension and, ulti-
mately, the true GIVE index are therefore determined from
these fixed probabilities.

To introduce sampling variation across Monte Carlo
replications without repeatedly using essentially the same
volunteer sample, we introduce a replication-specific latent
probability, denoted by pijr, for country i, indicator j, and
replication r. For each replication, pijr is generated from a
distribution centred on the fixed country-specific probabil-
ity pij. Thus,

pijr ∼ F( ⋅∣pij), r = 1,… , R,

where R = 500 is the number of Monte Carlo replications.
The replication-specific probability pijr determines the cat-
egory probabilities used to generate the volunteer-level
observations in replication r. Consequently, each repli-
cation produces a new set of 500 simulated volunteers,
while the samples remain centred on the same underlying
country-specific probability pij.

For example, where the five response categories are
defined using the top-tier probability, the category probabil-
ities for replication r are constructed from pijr rather than
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directly from pij. The resulting volunteer responses there-
fore vary across replications because the latent cut-point
varies slightly from one replication to another. This pro-
vides sampling variation while preserving a common under-
lying country-specific truths. This distinction separates two
sources of variation in the simulation: the fixed country-
specific latent probability pij defines the data-generating
truth, whereas pijr introduces replication-specific sampling
variation around that truth. The revised procedure therefore
avoids repeatedly resampling essentially the same volun-
teer observations while maintaining a common population
parameter against which the performance of the alternative
GIVE specifications can be assessed.

3.6.7 Monte Carlo performance measures. Following the
simulation strategy described in the preceding sections,
we assessed the performance of the different weighting
and aggregation methods using several well-known Monte
Carlo performance measures.49 Let Ĝcrm denote the GIVE
estimate for country c, replication r, and method m, and
let Ĝtrue

crm denote the corresponding fixed population truth.
As explained in Section 3.6.6, the population truth is fixed
across replications, while each replication draws a new
sample using a perturbed latent cut-point. The country-
specific Monte Carlo bias is defined as

Biascm = 1
R

R∑
r=1

(
Ĝcrm − Gtrue

cm

)
, R = 500.

As described in the previous section, the population truth
is fixed across replications, the bias could equivalently be
written as

Biascm =

(
1
R

R∑
r=1

Ĝcrm

)
− Gtrue

cm .

In addition to bias, we evaluated model performance using
two other metrics: Mean Absolute Error (MAE) and Mean
Absolute Percentage Error (MAPE), which were calculated
as follows:

MAEcm = 1
R

R∑
r=1

|||Ĝcrm − Gtrue
cm

|||
and

MAPEcm = 100
R

R∑
r=1

||||||
Ĝcrm − Gtrue

cm

Gtrue
cm

|||||| .

We report the overall summaries, which are obtained by
averaging the corresponding performance measures across
the 10 countries for each of the four GIVE dimensions and
the overall GIVE score. Importantly, pijr is used only to gen-
erate the observed data within replication r. It is not used
as the population truth for evaluating the performance of

the competing GIVE specifications. For every replication,
the estimated GIVE value is compared with the fixed true
value obtained from pij. Thus, bias, mean absolute error
(MAE), mean squared error (MSE), and mean absolute per-
centage error (MAPE) measure each specification’s ability
to recover the same underlying country-level truth across
independently generated samples.

3.6.8 Results of the Monte Carlo Simulations. The first step
in interpreting the Monte Carlo experiment was to estab-
lish the population values against which the competing
GIVE specifications were evaluated. To obtain sufficiently
accurate approximations to these population quantities, we
generated a large reference population of NTRUE = 100,000
observations for each country and used these populations
to calculate the population-level GIVE values under all
nine weighting–aggregation specifications. This procedure
was particularly important for the entropy- and PCA-based
weighting schemes, for which the population weights can-
not be obtained directly from the prescribed dimension
means. We then treated the resulting population values as
fixed truths when evaluating the 500 Monte Carlo samples.

Table 3 reports the country-specific parameters used
to generate the simulation data, together with the result-
ing population dimension scores. Table 4 reports, for
each weighting–aggregation specification, the correspond-
ing population truth followed by the mean GIVE estimate
obtained across the 500 Monte Carlo replications. Thus,
these tables evaluate each estimator against the population
target defined by the same weighting and aggregation pro-
cedure, rather than comparing all estimators against a single
common GIVE value.

The population values in Table 3 demonstrate substantial
heterogeneity across countries. Under arithmetic weighting,
the true Individual dimension ranges from 69.44 to 74.50,
the Community dimension from 64.58 to 72.87, and the
Economic dimension from 25.63 to 31.04. The country-
specific Enabling Environment scores range from 36.60 to
46.06. The correlation parameters also vary considerably
across countries, with Individual correlations ranging from
0.363 to 0.697 and Community correlations from 0.019 to
0.490. The economic hourly rates range from USD 15.00 to
USD 25.00. These values confirm that the simulation incor-
porates meaningful between-country heterogeneity while
keeping the underlying population-generating mechanisms
fixed over the repeated Monte Carlo samples.

An important feature of the simulation concerns the
Enabling Environment dimension. Unlike the Individual,
Community and Economic dimensions, the enabling indi-
cators are specified as country-level indicators rather than
characteristics generated separately for individual observa-
tions. Consequently, their values are not affected by the
individual-level sampling variation or by the weighting
procedures applied within the Individual, Community and
Economic dimensions. The Enabling Environment score
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Table 3. Country-specific population parameters and dimension scores.

Country Rate 𝜌I 𝜌C Individual Community Economic Enabling

Country 1 25.00 0.533 0.112 72.81 72.63 31.04 46.06
Country 2 16.56 0.430 0.101 72.69 71.22 27.12 36.60
Country 3 21.99 0.511 0.169 71.07 68.92 30.21 40.44
Country 4 21.01 0.397 0.332 70.42 66.78 28.75 43.00
Country 5 15.72 0.403 0.070 70.94 64.58 28.62 39.92
Country 6 15.00 0.697 0.019 72.40 68.64 26.76 45.77
Country 7 25.00 0.363 0.343 74.50 70.60 28.95 42.75
Country 8 22.06 0.482 0.363 69.44 72.87 25.63 43.78
Country 9 20.91 0.636 0.490 73.60 69.61 30.35 36.60
Country 10 19.37 0.681 0.196 72.79 65.78 29.20 43.88

Note: The table reports the realised country-specific hourly economic rate, the Individual and Community latent-scale correlations used to generate
the Monte Carlo populations, and the resulting population dimension scores. The Enabling Environment score is a country-level quantity and is
therefore fixed across Monte Carlo replications and is not re-estimated from individual-level observations.

is therefore fixed for a given country across Monte Carlo
replications and is invariant to whether arithmetic, geo-
metric, entropy or PCA weighting is used for the other
dimensions. This invariance is a consequence of the hier-
archical structure of the simulated data and should not
be interpreted as evidence that the Enabling Environment
is intrinsically insensitive to weighting in the construc-
tion of GIVE. Rather, its country-level indicators enter the
composite index directly as a fixed dimension score.

Table 4 demonstrates why it is necessary to define
method-specific population truths. The population GIVE
value changes systematically across specifications because
the weighting and aggregation rules define different com-
posite measures. For example, in Country 1, the population
value is 55.64 under AM+AM, 52.44 under AM+GM,
68.45 under GM+AM and 67.00 under GM+GM. The cor-
responding mean estimates across the 500 replications are
55.61, 51.81, 68.55 and 66.29, respectively. The entropy-
and PCA-based specifications similarly have their own pop-
ulation targets. Differences between specifications therefore
reflect two distinct sources: differences in the estimands
defined by the weighting and aggregation rules, and sam-
pling error in estimating those estimands. The bias, MAE,
RMSE and MAPE calculations consequently compare each
estimator with its own method-specific population truth.

Overall, the mean Monte Carlo estimates in Table 4 are
generally close to their corresponding population values
for the arithmetic-, geometric- and entropy-based spec-
ifications, although the magnitude of discrepancy varies
across methods and countries. The large reference popula-
tion provides a substantially more reliable benchmark for
the entropy- and PCA-based methods than the earlier sim-
ulations in which population truths were available only for
selected specifications.

The nine specifications produced generally small errors,
although the magnitude of error depended on both the
weighting and final aggregation rule. Table 5 summarises
the overall bias, MAE, RMSE, and MAPE across the 10
countries. GM+AM produced the lowest MAPE (5.22%)

and near-zero bias (0.004), indicating highly accurate
recovery of the population GIVE under that specification.
AM+AM achieved the smallest MAE (3.36) and RMSE
(4.22), with a small negative bias (–0.15). Entropy+AM
performed similarly (MAE = 3.38, RMSE = 4.24, MAPE
= 6.79%). The Flat benchmark had larger errors (MAE =
4.27, RMSE = 5.37, MAPE = 7.92%).

Among the geometric-aggregation specifications,
AM+GM (our primary specification) yielded a MAPE of
9.64%, MAE of 4.75, and RMSE of 8.01, with a negative
bias of –1.51. This bias reflects the systematic underestima-
tion inherent in geometric aggregation when any dimension
is low. GM+GM showed a similar MAPE (9.66%) but
higher MAE and RMSE (6.05 and 10.17, respectively).
Entropy+GM also had a similar MAPE (9.74%) but with
lower MAE and RMSE (4.34 and 7.27) than AM+GM. The
PCA-based methods had the largest errors: PCA+AM had
a positive bias of 3.45, while PCA+GM performed worst
in terms of MAPE (12.23%), though its RMSE (7.92) was
lower than several geometric specifications.

As presented in Table 5, all non-PCA specifications
achieved a MAPE below the 10% threshold for highly
accurate parameter recovery.50 This indicates that sampling
variation introduces negligible estimation error when recon-
structing the true population parameters under these config-
urations. Consequently, the choice between the AM+GM
and AM+AM specifications does not materially affect the
framework’s numerical reliability. The primary AM+GM
specification is therefore preferred on robust theoretical
grounds, as it balances the core principles of the compos-
ite index framework by retaining full indicator compens-
ability within dimensions while limiting cross-dimension
substitutability to align with global index standards, and it
achieves a statistically rigorous level of estimation accuracy
(MAPE = 9.64%)

Taken together, these results indicate that the principal
GIVE specification, AM+GM, provides reasonably accu-
rate recovery of its population target, although it is less
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Table 5. Monte carlo performance of the nine GIVE
specifications.

Method Bias MAE RMSE MAPE (%)

GM+AM 0.004 3.365 4.227 5.22
AM+AM −0.153 3.360 4.225 6.35
Entropy+AM −0.200 3.378 4.243 6.79
Flat −0.185 4.266 5.369 7.92
AM+GM −1.505 4.752 8.010 9.64
GM+GM −1.782 6.048 10.174 9.66
Entropy+GM −1.321 4.342 7.267 9.74
PCA+AM 3.453 4.599 5.774 9.84
PCA+GM 1.555 5.313 7.919 12.23

Note: Bias is the average country-specific bias across the 10 countries.
MAE, RMSE and MAPE are similarly averaged. All error measures are on
the 0–100 GIVE scale except MAPE, which is expressed as a percentage.

numerically accurate than the corresponding arithmetic-
aggregation alternatives. The results also demonstrate that
the apparent differences in accuracy between specifications
should not be interpreted as evidence that one method is
estimating the same quantity better than another. Rather,
each weighting–aggregation combination defines a distinct
population-level composite index. The simulation there-
fore evaluates both the numerical recovery of these distinct
targets and the robustness of the resulting country compar-
isons.

3.6.9 Stability of country rankings. A second criterion for
evaluating the sensitivity of GIVE is whether alternative
weighting and aggregation procedures materially change
the ranking of countries. For each Monte Carlo replication,
countries were ranked separately under each of the nine
specifications, and pairwise Spearman rank correlations
were calculated. These correlations were then averaged
across the 500 replications.

The results in Table 6 show very high rank agree-
ment among the non-PCA specifications. The AM+AM
and AM+GM specifications have an average Spearman
correlation of 0.978, indicating that the two approaches pro-
duce almost identical country rankings despite differences
in their absolute GIVE scores. Similarly, the correlations
among the AM, GM, entropy and Flat specifications are
generally above 0.92, with most exceeding 0.94. The two
PCA specifications are also highly correlated (approxi-
mately 0.970), although their correlations with the other
specifications are somewhat lower, generally ranging from
approximately 0.83 to 0.91.

Figure 2 provides a visual summary of these rank corre-
lations. The predominance of high correlations among the
non-PCA specifications indicates that the ordering of coun-
tries is relatively insensitive to the choice of weighting and
aggregation procedure. This is particularly important for
the intended policy use of GIVE, where the purpose is not
only to produce an absolute index value but also to facilitate
meaningful comparison across countries.
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Table 6. Average spearman rank correlations across the 500 monte carlo replications.

AM+AM AM+GM GM+AM GM+GM Entropy+AM Entropy+GM PCA+AM PCA+GM Flat

AM+AM 1.000 0.978 0.947 0.958 0.977 0.954 0.897 0.863 0.995
AM+GM 0.978 1.000 0.968 0.981 0.968 0.969 0.892 0.861 0.973
GM+AM 0.947 0.968 1.000 0.986 0.927 0.939 0.856 0.826 0.940
GM+GM 0.958 0.981 0.986 1.000 0.943 0.955 0.880 0.853 0.955
Entropy+AM 0.977 0.968 0.927 0.943 1.000 0.970 0.905 0.870 0.976
Entropy+GM 0.954 0.969 0.939 0.955 0.970 1.000 0.894 0.865 0.952
PCA+AM 0.897 0.892 0.856 0.880 0.905 0.894 1.000 0.970 0.901
PCA+GM 0.863 0.861 0.826 0.853 0.870 0.865 0.970 1.000 0.868
Flat 0.995 0.973 0.940 0.955 0.976 0.952 0.901 0.868 1.000

Figure 2. Spearman rank correlations between GIVE specifications across the 500 Monte Carlo replications. Higher values indicate
greater agreement in the ordering of the 10 countries.

The high rank stability suggests that methodological
choices affect the magnitude and scale of GIVE more
strongly than they affect the broad ordering of countries.
In particular, the very high correlation between AM+AM
and AM+GM indicates that replacing arithmetic aggre-
gation with geometric aggregation changes the degree of
compensability between dimensions without substantially
altering the comparative ordering. This provides reassur-
ance that the substantive conclusions drawn from GIVE
are not driven primarily by the particular weighting or
aggregation rule adopted.

These findings distinguish two dimensions of robust-
ness. Numerical accuracy concerns how closely an esti-
mated GIVE score recovers the population target defined
by its own weighting and aggregation rule, whereas rank
stability concerns whether the relative ordering of coun-
tries is preserved when alternative specifications are used.
The Monte Carlo experiment indicates that the latter is par-
ticularly strong across the non-PCA specifications. Thus,
although the choice of weighting and aggregation proce-
dure can materially change the index’s numerical scale, it
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has a much smaller effect on the comparative ranking of
countries.

3.6.10 Comparison with established global composite indices.
The methodological choices considered for GIVE are also
informed by established approaches to the construction of
international composite indices. The Human Development
Index (HDI) provides an important precedent for geometric
aggregation: since 2010, the HDI has used the geometric
mean to combine its dimensions, specifically to reduce the
extent to which high achievement in one dimension can
compensate for low achievement in another.38,39 In contrast,
the Sustainable Development Goals (SDG) Index provides
a strong precedent for arithmetic aggregation, using equal
weights and arithmetic means in constructing goal-level
scores and in aggregating the 17 goals.40 The Global Inno-
vation Index (GII) similarly relies primarily on weighted
arithmetic aggregation in constructing its sub-pillars and
pillars and in combining its Input and Output sub-indices,
while its statistical audit examines the robustness of the
arithmetic-average assumption against alternative aggre-
gation approaches.41 The Multidimensional Poverty Index
(MPI) provides a further relevant precedent for multidi-
mensional measurement through explicit indicator weights
and the Alkire–Foster identification of joint depriva-
tion, although its construction differs mathematically from
GIVE.27,42 Taken together, these indices demonstrate that
both arithmetic and geometric aggregation are established
approaches in international composite-index construction,
with the choice reflecting the substantive relationship
among the dimensions being measured. These precedents
do not imply that one rule is universally correct for GIVE;
rather, they provide methodological context for evaluating
the alternative specifications considered in the simulation.

3.6.11 Compensatory and substitution mechanisms. The
distinction between compensatory and substitution mech-
anisms provides an additional conceptual basis for the
aggregation choice. Arithmetic aggregation is fully com-
pensatory: a sufficiently high score in one dimension can
offset an equally sized deficit in another. Geometric aggre-
gation is less compensatory because the product of the
dimension scores is more strongly affected by a low-
performing dimension. In this sense, the geometric mean
limits substitution rather than eliminating it. For GIVE,
this distinction matters because the Individual, Commu-
nity, Economic, and Enabling Environment dimensions
capture complementary aspects of volunteer engagement. A
country with very strong individual benefits but weak com-
munity or enabling conditions should not necessarily obtain
the same overall assessment as a country performing more
evenly across all four dimensions. The AM+GM formula-
tion therefore combines transparent equal weighting within
dimensions with a final aggregation rule that places greater
emphasis on balanced performance across dimensions.

3.6.12 Rationale for AM+GM as the primary GIVE specifica-
tion. The simulation results, together with principles from
the international composite-index literature, motivate the
selection of AM+GM as the primary GIVE specification.
Equal arithmetic weighting within dimensions is transpar-
ent and avoids assigning greater normative importance to an
indicator solely because it exhibits greater statistical varia-
tion. At the final aggregation level, geometric aggregation
substantially reduces compensability across dimensions
while retaining a continuous composite measure.

The simulation also demonstrates that selecting
AM+GM does not materially alter the substantive ranking
of countries relative to the AM+AM benchmark. The aver-
age Spearman correlation between AM+AM and AM+GM
was 0.978, indicating very strong agreement in the ordering
of countries. Although AM+AM achieved slightly lower
numerical error than AM+GM, the differences in absolute
performance should be considered alongside the sub-
stantive properties of the aggregation rules. In particular,
AM+GM provides a deliberate trade-off between numerical
accuracy and limited compensability: a relatively low score
in one GIVE dimension cannot be completely offset by
high scores in the remaining dimensions. The objective is
therefore not to claim universal statistical superiority for
AM+GM, but to select a specification that balances estima-
tion performance, interpretability, normative transparency,
and limited compensability.

Accordingly, we recommend AM+GM as the primary
GIVE specification, with AM+AM retained as the princi-
pal additive sensitivity benchmark and GM+AM, GM+GM,
entropy, PCA, and Flat specifications retained for method-
ological sensitivity analysis. This recommendation reflects
both the substantive rationale for limiting compensability
across the GIVE dimensions and simulation evidence that
the principal specifications reasonably recover their respec-
tive population targets and, importantly, produce highly
consistent country rankings. The strategy makes explicit
that the final GIVE index is a normative composite mea-
sure rather than a uniquely determined statistical quantity,
while demonstrating empirically that the principal sub-
stantive conclusions are robust to reasonable alternative
construction choices.26,34

3.7 Summary of Simulation Results
Overall, the Monte Carlo study supports the robustness of
the GIVE framework, particularly for the comparative rank-
ing of countries. The simulation incorporated empirically
motivated global benchmarks, country-specific heterogene-
ity, correlated ordinal indicators, country-specific economic
rates, and fixed population parameters across repeated sam-
ples. Across 500 replications and 10 countries, the alter-
native specifications generally showed modest bias and
moderate absolute error, although numerical performance
varied by weighting and aggregation method. Arithmetic
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final aggregation generally produced lower numerical error
than geometric final aggregation, while the GM+AM spec-
ification achieved the lowest MAPE. The non-PCA speci-
fications produced particularly high agreement in country
rankings, whereas the PCA-based specifications generated
somewhat more distinct rankings. These findings support
using AM+GM as the primary specification on substantive
and methodological grounds, while retaining the alternative
specifications as sensitivity analyses.

4 Implementation for Official Statistics

4.1 Phase 2 Roadmap (2027–2029)
Building on the validated framework, Phase 2 will opera-
tionalise GIVE across an initial cohort of 40–60 countries
through five interlinked steps: (1) data compilation and
quality assessment (MOUs with NSOs, quality report);
(2) index computation (GIVE scores for 40–60 coun-
tries, disaggregated results); (3) validation and stakeholder
review (regional workshops, refined methodology); (4)
global reporting and dissemination (technical report, coun-
try profiles, dashboards); and (5) institutionalisation and
sustainability (GIVE Technical Task Force, capacity-
building) Chapter 7, Section 7.8.2

4.2 Role of Key Stakeholders (NSOs, Academia,
CSOs, and INGOs)
National Statistical Offices (NSOs) are essential partners
for GIVE implementation. Specific contributions include:
integrating volunteer modules into existing household sur-
veys (Labour Force Surveys, Time Use Surveys); applying
harmonisation protocols to ensure cross-country compa-
rability; validating country-level data and providing con-
textual interpretation; and building capacity for ongoing
volunteer measurement within routine statistical produc-
tion. For lower-resource settings, Phase 2 includes targeted
capacity-building on survey design, data harmonisation,
and index construction.

Academic institutions have a critical role in moving
GIVE from a conceptual framework to a fully opera-
tionalised global index. Universities can serve as hubs
for pilot testing, methodological refinement, and capac-
ity building – particularly in lower-resource settings where
national statistical systems are still developing. By con-
ducting targeted surveys, training local researchers, and
publishing harmonised code and data tools, academia can
help translate the GIVE framework into practical, replicable
measurement tools that countries can adopt and adapt.

Civil society organisations (CSOs) and international
non-governmental organisations (INGOs) are equally
essential partners in this journey. They work directly with
volunteers and communities on the ground, possessing
deep experiential knowledge of what works, what data is

collectable, and what measurement approaches are mean-
ingful. CSOs and INGOs can strengthen the connection
between national governments and UNV by providing
evidence of practice – real-world examples that inform
indicator design, validate measurement approaches, and
demonstrate the value of integrating volunteer statistics
into official data systems. Their role is to bridge commu-
nity realities and national statistical processes, ensuring that
GIVE remains grounded in volunteers’ lived experiences.

5 Conclusion
Our study presents extensive Monte Carlo simulations
across 10 representative country settings and 500 replica-
tions to evaluate nine specifications for constructing the
first-ever Global Index of Volunteer Engagement (GIVE).
The simulation analysis provides empirical evidence of sta-
ble country rankings and acceptable numerical accuracy
under heterogeneous simulated country-level conditions.
Although arithmetic final aggregation yielded the lowest
numerical error, the recommended arithmetic-geometric
(AM+GM) specification achieved a mean absolute per-
centage error (MAPE) of 9.64%, below the 10% accu-
racy threshold. These findings demonstrate that aggregation
choices should be guided by substantive conceptual align-
ment rather than numerical error alone.

Based on these empirical results and drawing on prece-
dents from established global composite indices such as
the Human Development Index (HDI) and the Global
Multidimensional Poverty Index (MPI), we recommend a
two-stage AM+GM aggregation strategy.27,38,39,41 After
normalising indicators to a 0-100 scale, indicators within
the three individual-level dimensions, namely Value to the
Individual, Value to the Community, and Value to the Econ-
omy , are combined using simple arithmetic means, while
the resulting three dimension scores are combined with
the country-level Enabling Environment score using a geo-
metric mean. This structure provides transparent and equal
representation of indicators within dimensions while lim-
iting cross-dimension compensability and placing greater
emphasis on balanced performance. It is also consistent
with established approaches to global composite-index con-
struction, including those used in the Sustainable Devel-
opment Goals Index40 and the Global Innovation Index,41

while allowing AM+AM and other specifications to serve
as sensitivity benchmarks.

The proposed GIVE framework provides a practical,
flexible, and scalable foundation for National Statistical
Offices to integrate volunteerism modules into household
surveys, labour-force surveys, and official administrative
records. Its flexible architecture permits iterative refine-
ment as additional data become available and cross-country
implementation provides new evidence on indicator com-
parability and measurement performance. Looking ahead,
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the next phase of the GIVE initiative will focus on interna-
tional field testing and progressive expansion to additional
countries. Guided by the Phase 2 roadmap for 2027-2029,
this expansion will focus on refining data sources, assessing
cross-country measurement performance, and establishing
GIVE as a globally comparable statistical framework for
measuring volunteer engagement.
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