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Abstract
Organisations in emerging economies face distinctive constraints when adopting artificial intelligence as part of digital 
transformation: infrastructure is uneven, data are fragmented, skills are scarce and governance frameworks are nascent. 
Readiness assessments imported from advanced economies average dimension scores into an index and assume that strengths 
offset weaknesses, which misrepresents conditions in which a single missing prerequisite can block transformation. This 
paper develops an AI readiness framework with six dimensions, namely infrastructure, data, skills, governance, finance and 
leadership, in which infrastructure is a floor condition, the dimensions are complements, and readiness is reported through a 
balance-sensitive composite and the binding dimension. The framework is examined in a simulation of 800 organisations whose 
transformation success depends on balanced readiness and on the infrastructure floor. Organisations below the infrastructure 
floor succeed 12% of the time against 49% above it; among organisations with above-median average readiness, those with 
no dimension below 0.3 succeed 94% of the time against 49% for those with a weak dimension; and the weakest-dimension 
and geometric-mean composites predict success better (AUC 0.81) than the additive mean (0.80). The paper translates the 
framework into an assessment procedure and a sequencing logic for organisations and policymakers, emphasising infrastructure 
and data as prerequisites and the identification of binding constraints over aggregate scores.
Keywords: AI readiness; digital transformation; emerging economies; readiness assessment; complementarity; binding 
constraints.

Introduction
Artificial intelligence is increasingly central 
to digital transformation, and organisations in 
emerging economies are under pressure from 
competitors, customers and governments to adopt 
it. Their conditions differ from those in which 
most AI readiness frameworks were developed. 
Connectivity and power are unreliable in many 
regions; organisational data are often paper-based, 
fragmented across systems or absent; AI and data 
skills are scarce and expensive; regulatory and 
governance frameworks for AI are still forming; 
and finance for long-horizon technology investment 
is constrained [1], [2]. Readiness assessments 
designed for advanced-economy firms assume that 
these prerequisites are broadly in place and focus on 
strategy and culture.

A further problem is the scoring logic of readiness 
instruments. Most average dimension scores into an 
index, which implies that a strong score on leadership 

offsets a weak score on data. In emerging-economy 
conditions this is implausible: an organisation 
without reliable infrastructure cannot run AI systems 
regardless of its leadership, and one without usable 
data cannot train them regardless of its skills. 
Readiness is better understood as a configuration 
with floor conditions and complementarities, in 
which the weakest dimension determines what is 
possible [3], [4].

This paper develops an AI readiness framework 
for emerging-economy contexts that embeds these 
ideas, examines its behaviour in a simulation in 
which the success process is known, and derives an 
assessment procedure and sequencing guidance for 
organisations and policymakers.

Background
Digital transformation in emerging economies
Institutional voids, meaning gaps in market-
supporting institutions and infrastructure, shape 
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firm strategy in emerging economies [1]. Digital 
transformation in such settings often requires firms 
to internalise functions, such as data infrastructure, 
that advanced-economy firms source externally [2]. 
AI adds dependence on data and specialised skills, 
intensifying the constraint.
Readiness frameworks
Technology readiness and maturity models typically 
define dimensions and stages and aggregate scores 
additively. Reviews of digital transformation 
research note limited theoretical grounding in many 
maturity models and untested links to outcomes [5]. 
AI-specific readiness instruments add dimensions for 
data and ethics, drawing on capability frameworks 
that treat data, technology and human resources as a 
bundle [6], but they generally retain additive scoring.
Complementarity and necessary conditions
Complementarity theory holds that the return to one 
practice rises with the presence of others, so that 
balanced configurations outperform unbalanced 
ones at the same average [3]. Necessary-condition 
reasoning adds that some conditions must be 
present for an outcome to be possible at all; their 
absence cannot be compensated [4]. Both ideas 
motivate composites that are sensitive to the weakest 
dimension.

The Framework
Dimensions
The framework assesses six dimensions on a 0–1 scale 
with context-specific descriptors. Infrastructure: 
reliability of power and connectivity, availability of 
computing (including cloud access), and resilience 
to outages. Data: existence, digitisation, quality, 
accessibility and governance of operational data. 
Skills: availability of data, analytics and AI 
competencies, internally or through partners. 
Governance: policies for data protection, AI risk, 
accountability and ethics, and alignment with 
emerging regulation. Finance: capacity to fund 
multi-year AI investment and to absorb failed 
pilots. Leadership: executive understanding, 
commitment and the ability to translate AI into 
business priorities.

Structural assumptions
Three assumptions distinguish the framework. 
Infrastructure is a floor condition: below a threshold, 
success probability is sharply reduced regardless of 
other dimensions. The dimensions are complements: 
success depends on the balanced configuration, 
approximated by the geometric mean, rather than 
on the average. The weakest dimension binds: the 
marginal return to improvement is highest for the 
lowest-scoring dimension.
Reporting
Readiness is reported as the dimension profile, the 
additive mean Radd, the geometric mean Rgeo, the 
weakest dimension Rmin with its identity, and an 
infrastructure-floor flag. The pair (Rgeo, Rmin) is the 
primary readiness statement; Radd is reported for 
comparability with other instruments.
Context-specific descriptors
Descriptors imported from advanced-economy 
i n s t r u ment s  m is r a t e  emerg i ng- economy 
organisations. An infrastructure descriptor that asks 
about bandwidth will miss an organisation whose 
constraint is power reliability; a data descriptor 
that asks about data warehouses will miss one 
whose operational records are on paper; a skills 
descriptor that assumes an internal data team will 
miss the common pattern of skills accessed through 
consultancies, universities or vendors. The framework 
therefore specifies that descriptors be calibrated to 
the local range of conditions, with the lowest level 
describing the constraints that actually occur, so that 
the scale discriminates where organisations are rather 
than compressing them at the bottom.

Simulation Design
The harness generates 800 organisations with six 
dimension scores drawn from a Beta(2, 3) distribution 
plus a shared organisational factor, so that scores are 
right-skewed and positively correlated, as is typical 
of emerging-economy samples. Transformation 
success follows
logit P(success) = −3 + 6 Rgeo + 2· 𝟙[Rmin > 0.3] − 1.5· 
𝟙[infrastructure < 0.25], (1)
encoding complementarity, a balance bonus and 
the infrastructure floor. Success is drawn from this 
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probability. Logistic regressions on each composite 
are compared by AUC, success rates are tabulated by 
floor status and by balance among organisations with 
above-median additive readiness, and a regression on 
the six dimensions estimates their relative weights. 
The parameters are design values encoding the 
framework’s structural assumptions; the harness 
examines whether the proposed composites capture 
them.

Results
Composites as predictors
The weakest-dimension composite predicts success 
with an AUC of 0.81, the geometric mean 0.81 and 
the additive mean 0.80. The margins are small 
because dimensions are correlated in the simulated 
population, which limits the divergence between 
composites; the ordering nevertheless favours the 
balance-sensitive composites, consistent with the 
framework.
The infrastructure floor and the balance effect
Table 1 reports success rates by floor status and 
balance. Organisations below the infrastructure floor 
succeed 11.6% of the time against 48.9% above it. 
Among organisations with above-median additive 
readiness, those with no dimension below 0.3 succeed 
93.5% of the time; those with at least one weak 
dimension succeed 49.2% of the time, roughly the 
same as the population average, despite their high 
average score. Figure 1 shows the pattern across the 
additive index: balanced profiles succeed at high rates 
throughout the range in which they occur, whereas 
unbalanced profiles rise only slowly with the average.
Dimension weights
A logistic regression on the six dimensions gives 
coefficients of 2.08 for infrastructure, 1.84 for data, 

1.56 for finance, 1.49 for skills, 1.35 for governance 
and 1.34 for leadership. Infrastructure and data carry 
the largest weights, reflecting the floor condition 
and their role as prerequisites for the others; the 
remaining dimensions matter but cannot substitute 
for the first two.

Applying the Framework
Assessment procedure
Assess each dimension with multiple informants and 
documentary evidence, using descriptors calibrated 
to local conditions (for instance, infrastructure 
descriptors that distinguish grid reliability and mobile 
from fixed connectivity). Compute the composites 
and the floor flag. Report the profile with the binding 
dimension identified. Translate into a sequenced 
plan that addresses the floor first, then the binding 
dimension, then broad improvement.
Sequencing for organisations
Organisations below the infrastructure floor should 
invest in resilience, including backup power, mobile 
and offline-capable systems and cloud services 
accessed through redundant connectivity, before 
investing in AI applications. Those above the floor 
but with weak data should digitise and consolidate 
operational data before building models. Only when 
infrastructure and data clear their thresholds does 
investment in skills, governance and leadership yield 
the returns that advanced-economy frameworks 
promise.

Table 1: Transformation success rates by infrastructure floor and profile 
balance (800 simulated organisations; overall success rate 38.9%).

Group Success rate

Infrastructure below floor (< 0.25) 11.6%
Infrastructure above floor 48.9%
Above-median additive readiness, no dimension 
below 0.3

93.5%

Above-median additive readiness, at least one 
dimension below 0.3

49.2%

Figure 1: Transformation success rate against the additive readiness 
index for balanced and unbalanced profiles.
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Implications for policy
Governments and development agencies supporting 
AI adoption should recognise that aggregate readiness 
indices mask binding constraints. Programmes 
that fund skills training for organisations without 
data, or AI pilots for organisations without reliable 
infrastructure, will show low success rates not 
because the programmes are poorly run but because 
the prerequisites are absent. Diagnostic assessment 
with the framework before programme enrolment, 
and targeting of support to the binding dimension, 
would raise success rates.
Validation
The framework’s propositions are testable with cross-
sectional or panel data on organisations undertaking 
AI-enabled transformation. The key tests are whether 
success is better predicted by balance-sensitive 
composites than by the additive mean, whether 
an infrastructure floor is observable, and whether 
improvements in the previously weakest dimension 
are followed by larger gains than improvements 
elsewhere. Emerging-economy samples, with their 
greater dispersion across dimensions, are well suited 
to these tests.
Sector and ecosystem variation
Readiness is partly a property of the organisation’s 
ecosystem. Infrastructure and skills availability 
vary by region and sector within an economy; 
an organisation in a metropolitan technology 
cluster faces different floors from one in a rural 
manufacturing region. Assessments should record 
ecosystem conditions separately from organisational 
conditions, since the remedies differ: an organisation 
can build its own data but can only partially substitute 
for regional infrastructure. Policymakers can use the 
aggregate of organisational assessments to locate 
ecosystem-level floors that merit public investment.
Readiness over time
Readiness is not static. Organisations that begin 
AI adoption with a balanced but low profile tend to 
raise all dimensions together as projects succeed, 
whereas those that begin with an unbalanced profile 
often invest further in strong dimensions because 
that is where capability and advocacy sit. Periodic 
reassessment with the framework, reported as a 

trajectory of profiles, allows organisations to see 
whether they are closing the gap on the binding 
dimension or widening it.
Limitations
The simulation encodes the framework’s structural 
assumptions and demonstrates the behaviour 
of its composites under them; it does not test 
the assumptions. The six dimensions, the f loor 
threshold and the balance threshold are design 
choices. Dimension scores in practice are subject to 
measurement error and informant bias. All reported 
values are simulation outputs and are not estimates 
for any population of organisations.

Conclusion
AI readiness in emerging economies is a configuration 
with a floor and complements, not an average. A 
framework with six dimensions, an infrastructure 
floor and balance-sensitive composites was developed 
and examined in simulation, where the floor cut 
success rates by three-quarters, balanced profiles 
succeeded almost twice as often as unbalanced ones 
at the same average readiness, and infrastructure 
and data carried the largest weights. Organisations 
and policymakers should assess readiness by its 
weakest dimension, sequence investment to relieve 
binding constraints, and treat infrastructure and data 
as prerequisites rather than as dimensions among 
equals.
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