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Abstract

This paper provides new evidence on the adoption of artificial intelligence (AI) among frontier
firms in emerging markets. Using novel survey data on more than 1,500 private equity- and venture
capital-backed firms (“frontier firms”) supported by IFC, complemented by qualitative case
studies, we document the extent and patterns of Al adoption by firms across regions and sectors.
Three stylized facts emerge. First, Al adoption remains at an early stage (40 percent of firms) in
the 2025 reporting cycle and is concentrated among younger, digital-first firms. Digitalization is
the strongest correlate of Al adoption, followed by firm age. Second, firm size and financial
capacity play a more limited role in this sample, which highlights the role of prior capability. Third,
Al use is not confined to a single domain; among adopters, using Al for both internal operations
and external products is more common than either alone, pointing to shared underlying capabilities
across domains.
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1. Introduction

Artificial Intelligence (AI) holds the potential to improve firm capabilities and worker productivity
in low- and middle-income countries. As firms are the main vehicle through which technologies
are used to produce goods and services, increased Al adoption could become an impetus for higher
living standards and economic development. For Al to realize this potential within firms, the
technology must be accessible; complement pre-existing digital tools by delivering incremental
business outcomes, such as productivity gains; and must be financially sustainable, such that firms
can and are incentivized to sustain adoption.

Early evidence on Al and productivity gains for micro-level tasks in controlled settings is
encouraging overall*, including for some studies performed in the context of emerging markets.’
For accessibility, however, Al adoption data are mainly available for developed markets, and
typically focus on adoption by individuals rather than firms.® Relatively little remains known about
whether and how Al is being adopted by firms in emerging economies. Similarly, even less is
known about the commercial viability of Al adoption in developed and emerging markets alike.’

This paper addresses the gap in the literature on Al adoption by firms in emerging economies, by
providing new empirical evidence from a sample of firms that have received equity financing either
directly from IFC or indirectly through private equity (PE) and venture capital (VC) funds to which
IFC has committed capital. These firms represent a subset of more formalized and growth-oriented,
innovative, and investment-ready companies. Throughout the paper, we refer to them as “frontier
firms,” reflecting their relatively advanced capabilities for technology absorption compared to the
average firm in emerging economies.® The analysis leverages quantitative evidence derived from
a survey covering more than 1,500 frontier firms,” complemented by qualitative insights from case
studies on two firms that embed Al within their business operations (“internal AI”’) and/or in their
products (“external AI”).

The paper highlights three stylized facts on Al adoption among frontier firms in emerging markets.
First, Al adoption remains at an early stage (40 percent of frontier firms) and is concentrated among
younger, digital-first firms. Digitalization is the strongest correlate of Al adoption in both
descriptive statistics and regression evidence, followed by firm age. Second, firm size and financial
capacity play a more limited role within this sample, highlighting that prior capability rather than
resources alone is key to adoption. Third, Al use is not confined to a single domain: among

4 Evidence on macro and firm-level impact remains relatively limited in availability.

5 See Annex A

¢ See Annex B

7 Some initial evidence from surveys conducted by practitioners (mainly among large enterprises in developed markets) suggests many firms do
not scale up from pilots to sustained use. Furthermore, reported cases of enterprise-wide impact are limited, though there are reported cost benefits
from individual use cases of AL. (McKinsey, 2025).

8 A representative analysis on 5 emerging markets is conducted by Davies et al. (2026).

? Prior results were reported in Smeets, Olarte-Rodriguez, Graf (2026).
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adopters, using Al for both internal operations and external products is more common than either
alone. This points to shared underlying capabilities across domains. Section 2 describes the data
and methodology. Section 3 presents evidence from descriptive statistics and regression analysis
on the correlates of Al adoption. Section 4 complements the quantitative evidence with qualitative
information from two case studies on firms that adopt Al, and Section 5 concludes.

2. Data and Methodology

2.1. Data sources

The quantitative evidence on the adoption of Al among firms in emerging economies is obtained
through the issuance of the Development Impact Questionnaire by IFC’s Equity, Funds and
Venture Capital department. The Questionnaire (“survey”) is an annual reporting instrument
administered to direct and indirect IFC clients that receive PE and VC financing. “Direct” investees
refer to companies in which IFC invested directly. “Indirect” investees refer to companies that
receive investment from funds in which IFC has invested, where funds are investment vehicles
that typically invest in 15-20 companies. PE involves equity investments made into more
established private companies or assets, where IFC typically backs PE funds with a growth equity
strategy.'? VC entails investments in early-stage businesses that have the potential to grow rapidly,
typically by scaling disruptive technologies, including some Al-native firms.!! The survey is not
administered to IFC clients supported by other financial instruments.'?

The survey forms part of IFC’s broader monitoring and evaluation (M&E) framework and serves
three institutional purposes, all centered around understanding the development impact of its
investments. First, the survey enables IFC to monitor the development impact of each individual
investment project. When IFC commits capital to a fund or company, a development impact thesis
and associated monitoring indicators are established at the time of investment. The survey enables
IFC to track how investments perform relative to this thesis over time. Second, the survey supports
mandatory corporate reporting requirements, which allow IFC to track outcomes across its
investment portfolio on indicators such as job creation, gender representation, operational
performance, and reach. Third, the dataset provides a foundation for analytical work that generates
insights into the sectors and markets in which IFC operates, in turn forming the foundation for
strategic decision-making and research on private sector development.

IFC has administered the survey between April and June each year since 2022. The questionnaire
is administered annually to all eligible direct and indirect clients in IFC’s Equity, Funds and

19 International Finance Corporation (N.A.): https://www.ifc.org/en/what-we-do/sector-expertise/funds

' International Finance Corporation (N.A.) https://www.ifc.org/en/what-we-do/sector-expertise/venture-capital
12 I.e., debt instruments to companies in the following industries: MAS, FIG, INR. However, these more mature companies can receive funding
through equity instruments from PE funds.
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Venture Capital portfolio.!* Firms covered in the survey report on characteristics such as sector,
revenues, employment, funding raised, and operational indicators.'*

The module on Al adoption was introduced in the annual survey conducted in 2025 and forms the
basis of the quantitative evidence in this paper. The survey did not impose a technical definition
of Al Instead, the questions were anchored on the purpose of Al use, namely its integration into
internal business functions or its incorporation into products and services, thereby limiting the
scope for trivial or incidental uses to be counted. Responses accordingly reflect what respondents
operationally recognize as Al integrated in the business, inclusive of traditional, generative and
agentic AL'® (Table 1)

Table 1. AI module included in the 2025 questionnaire

Question Guidance provided Investee 1 Investee 2

1) Has the company integrated AI- Internal  business  functions  include

driven automation into internal operations, HR, finance/accounting, supply

business functions? (Yes/No) chain, technical products delivery etc.
2) Has the company incorporated Refers to the use of Al as a feature or core

Al into its products or services for  component of products or services delivered
users? (Yes/No) to end-users.

The distinction between internal and customer-facing applications provides a first indication of the
breadth of use within adopting firms, but the depth of deployment is not observed.'¢ The Al module
was embedded within [FC’s existing annual reporting questionnaire, thus allowing Al adoption to
be observed alongside other routinely collected firm characteristics and development outcomes.

Data from IFC’s direct investees is reported directly by the firm to IFC through an Excel-based
survey administered by IFC. For indirect investees, since IFC’s contractual relationship is with
fund managers rather than the investees, the questionnaire is completed by fund managers on
behalf of their portfolio companies. Fund managers draw on their own knowledge of portfolio
companies or consult investees directly. Approximately 60 percent of fund managers submit their
responses through a purpose-built IFC reporting platform that allows for structured submission of
fund- and investee-level data. The remaining 40 percent of fund managers provide responses
through an Excel-based version of the questionnaire, depending on their reporting preferences.

1 As per section 2.2. ‘data sample’, eligibility to report is determined by IFC's monitoring framework.

4 The survey also collects information at the fund level, such as characteristics of the investment vehicle and the fund management company,
including fund size, closing dates, investor composition, and workforce characteristics.

15 Evidence from the subsequent survey wave, conducted in 2026 in the same reporting framework, allows this understanding to be characterized
empirically. Among firms reporting a year of first Al adoption, approximately 95 percent date first adoption to 2022 or later, coinciding with the
introduction of generative Al in late 2022 and agentic Al in 2025, while roughly 5 percent predate 2022, consistent with earlier use of machine-
learning (traditional AI). Authors’ calculations based on the 2026 wave of the survey (07/29/2026).

16 The Al module for 2026 contains questions on the intensive margin.
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Finally, missing survey responses were supplemented with information from Pitchbook!” for two
variables (firm age and headquarters location). Both variables are collected through the survey,
however, some companies did not report on them. Where responses for these variables were
missing, companies were matched to external records by name and country to enable completion
of the missing entries. Entries provided through the survey were retained wherever available.

2.2.  Data sample

The analytical sample is drawn from IFC’s annual reporting exercise across the portfolio rather
than from a research survey designed specifically to study Al adoption. Eligibility to report is
determined by IFC’s monitoring framework. Direct equity investees become eligible for reporting
once they have been in I[FC’s portfolio for at least one year and continue reporting annually until
IFC exits the investment. PE and VC funds become eligible after three years in IFC’s portfolio,
reflecting the time required for underlying portfolio companies to mature and generate meaningful
development outcomes. Funds are required to report until they reach 12 years in IFC’s portfolio.
Consequently, the analytical sample reflects IFC’s eligible equity portfolio rather than a research
sample constructed specifically for this study.

In the 2025 reporting cycle, the survey was distributed to 260 private equity (PE) and venture
capital (VC) funds that received IFC equity financing between 2006 and 2024, with an average
investment year of 2018. In parallel, the survey was also distributed to 108 companies that received
direct IFC equity investments between 2012 and 2024. Where multiple sources reported on the
same firm, for example when a company receives equity financing from multiple fund managers
and/or directly from IFC, conflicting responses were resolved using a pre-established hierarchy.!'®

As shown in Table 2, 248 funds and 85 companies responded to the survey. For funds, we restricted
the sample to 192 generalist PE and VC funds, which represent the majority of IFC’s portfolio of
funds. Funds with specialized!” mandates or programmatic objectives were excluded to ensure
comparability across observations. These 192 funds collectively reported data on 2,540 portfolio
companies, of which 1,638 provided usable responses to the Al module (64 percent). After
deduplication, which reflects instances where multiple funds have invested in the same company,
the usable sample derived from the funds was reduced to 1,547 unique firms. Additional overlap
was identified between companies in I[FC’s direct investment portfolio and those reported by funds

17 https://pitchbook.com/

'8 Conflicts in firm characteristics (such as headquarters, sector, and other covariates) were reviewed and corrected manually, leveraging information
from Pitchbook and online search. For the Al questions, self-reported responses from the questionnaire to direct investees take precedence over
reports from fund managers; where a company was reported three or more times, the most common answer was used; remaining conflicts were
resolved in favor of the report with the most complete data. Non-missing answers take precedence over blank fields.

1 Startup Catalyst funds were excluded because their investees are often pre-product/pre-revenue and therefore not yet meaningfully engaged with
questions of Al adoption. Startup Catalyst, International Finance Corporation (N.A.): https://www.ifc.org/en/what-we-do/sector-expertise/venture-

capital/startup-catalyst SME Ventures funds were excluded on grounds of comparability, given differences in investment strategy, portfolio
composition and investor composition relative to generalist funds. SME Ventures, International Finance Corporation (N.A.):
https://www.ifc.org/en/what-we-do/sector-expertise/funds/sme-venture-funds
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(IFC’s indirect portfolio). After removing these duplicates, the final combined sample comprises
1,563 firms with usable responses to the Al module. These firms form the basis of the quantitative
analysis presented in this paper, noting that the number of observations varies across variables due
to differences in reporting completeness.

The firms captured in this sample are those that have received equity financing. As such, they are
likely to differ systematically from the average firm in emerging markets. Access to equity
financing is inherently selective: firms must typically exhibit characteristics such as scalability,
formalization, growth potential, and the capacity to absorb external financial capital. Moreover,
IFC’s investment approach for funds introduces an additional layer of selection, as IFC primarily
partners with established fund managers with strong performance, who in turn apply their own
screening processes to identify investees with high growth and profitability potential. Taken
together, these features imply that firms in the sample are more likely to operate at higher levels
of productivity, innovation, and growth relative not only to the broader population of firms in
emerging markets, but also to the broader set of equity-backed firms. Accordingly, throughout this
paper we refer to these firms as “frontier firms”.

Table 2. Sample coverage and filtering

Sample stage Number
Funds

PE and VC funds targeted for survey 260
Funds reporting data 248
Generalist PE and VC funds retained in sample 192
Indirect investees reporting any data 2,540
Indirect investees reporting Al data 1,638
Unique indirect investees reporting Al data 1,547
Direct portfolio

Direct investees targeted for the survey 108
Direct investees reporting any data 85
Direct investees reporting Al data 38
Funds and direct portfolio

Unique direct and indirect investees with usable responses to Al questions 1,563

(net of duplicates between indirect and direct portfolio)

2.3.  Summary statistics
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The firms in the sample are described through two sets of characteristics: firm profile information
(firm age, firm size, and the financial instrument used by IFC to invest in a direct or indirect
investee) and characteristics associated with the drivers of technology adoption. The latter are
broadly grounded in the framework developed by Cirera et al. (2022), which identifies three
determinants of technology adoption by firms: factors internal to the firm, including management
and organizational capabilities, know-how and skills, and information and behavioral biases
among decision-makers; factors external to the firm, encompassing access to finance, the supply
of knowledge and human capital, and competition, demand and regulation; and infrastructure.
These factors capture determinants of technology adoption, more broadly. However, the literature
points to several other drivers specific to Al adoption that extend beyond this framework, including
the availability of quality data, specific skills for Al development and usage, as well as access to
compute within firms.?’

Table 3 presents summary statistics for firms in the sample. Most variables speak to multiple
dimensions in the technology adoption framework. Internal organizational capabilities are proxied
primarily by the extent of digitalization of the business model, which captures pre-existing digital
and IT infrastructure, as well as data, technical skills, and some of the Al-specific prerequisites
identified in the literature. External demand and competitive conditions are reflected in sector,
customer focus (B2B/B2C), and international exposure (top revenue market), with sector
affiliation also proxying the regulatory environment and data intensity of the underlying business.
The location of the headquarters captures the broader external and infrastructure environment, the
local supply of knowledge and human capital, and market conditions. Capital invested and firm
assets serve as proxies for access to finance. However, not all dimensions of the framework are
observable in the survey; management quality and behavioral biases are difficult to measure, for
example.

Table 3. Summary statistics of firms in the sample
(based on N=1,563 companies reporting any Al adoption data)

Variable Observations Mean Median  Std. Dev.

Firm Characteristics

Firm age (years since founding) 1,275 12.0 9 11.7
Self-reported SME status at investment 1,465 0.66
Number of employees at investment 1,325 907 97 6,170
Number of employees at exit or current 1,209 1,488 217 14,728
Enterprise size at investment 1,325

Micro enterprise (<10 employees) at investment 0.15

Small enterprise (10-49) at investment 0.23

Medium enterprise (50-300) at investment 0.28

Large enterprise (>300) at investment 0.33

% Graf, Nedayvoda, and Smeets (2026) and World Bank (2025)
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Variable Observations Mean Median  Std. Dev.
Investment Characteristics 1,563
Backed by Venture Capital Fund 0.55
Backed by Private Equity Fund 0.45
Market orientation
Business model 693
Business-to-business (B2B) 0.51
Business-to-consumer (B2C) 0.25
Hybrid (B2B & B2C) 0.24
Top revenue market 1,489
Top revenue market: Emerging market 0.65
Top revenue market: Developed market 0.35
Geographic footprint (by headquarters) 1,506
Emerging market 0.72
Developed market 0.28
East Asia & Pacific 0.31
Europe & Central Asia 0.12
Latin America & Caribbean 0.15
Middle East & North Africa 0.05
North America 0.12
South Asia 0.19
Sub-Saharan Africa 0.06
Business model orientation 1,563
Digital 0.52
Non-digital 0.48
Sector classification 1,563
Panel A: Tech sectors 0.52
AgTech 0.02
E-commerce 0.06
E-logistics 0.02
E-supply chain 0.01
EdTech 0.02
Fintech 0.07
HealthTech 0.04
SaaS 0.18
Other tech 0.09
Not reported 0.00
Panel B: Non-tech sectors 0.48
8
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Variable Observations Mean Median  Std. Dev.
Agriculture & forestry 0.02
Energy & extractives 0.01
Financial services 0.04
Infrastructure & logistics 0.03
Knowledge-intensive services 0.05
Manufacturing & materials 0.09
Social services (health & education) 0.07
Trade & consumer-facing services 0.11
Other 0.02
Not reported 0.03

Firm age. Based on the founding year of the firm, the average age of firms in the sample is
approximately 12 years. As a point of comparison, this is below the average age of 19.6 years
reported for formal firms in the World Bank Enterprise Surveys (WBES).2! However, the
distribution of firm age is highly skewed, which reflects the presence of both relatively young and
more mature firms.

Firm size. The sample is divided across micro, small, medium, and large enterprises, based on the
number of employees at the time of investment.?? Based on this measure of firm size, as well as
self-classification, two thirds of firms are identified as SMEs. However, firm size varies
substantially across the sample. Measured by the size of the workforce in the latest year available
(or at the time of the fund’s exit), the median firm in the sample employs approximately 217
workers, while the mean employment level exceeds 1,400 employees. This sizeable difference
reflects the presence of a small number of very large firms in the portfolio. The firms in the sample
tend to be larger compared to the typical formal firm in WBES, which employs an average of 37.6
permanent full-time equivalent workers.??

Financial instrument. The sample is relatively balanced between firms backed by venture capital
funds (approximately 55 percent) and private equity funds (approximately 45 percent).

Market orientation. The sample that reports on customers reached is predominantly composed of
business-to-business (B2B) firms, which account for half of all companies (51 percent) that report.
Business-to-consumer (B2C) firms represent a smaller share of the portfolio (25 percent), while a
further 24 percent operate hybrid models serving both business and consumer markets. Most firms
serve customers in emerging markets as their main revenue market (65 percent).

2 ' World Bank (N.A)): https://www.enterprisesurveys.org/en/data/exploretopics/firm-profile?subGroup=-1&subtopic=82
ZInternational Finance Corporation (N.A.)https://www.ifc.org/en/what-we-do/sector-expertise/financial-institutions/definitions-of-targeted-sectors
2 World Bank (N.A)) https://www.enterprisesurveys.org/en/data/exploretopics/workforce?subGroup=-1&subtopic=72

9
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Geography. Noting most firms in the sample are headquartered in emerging economies®* (72
percent), a subset of firms reports their headquarters to be situated in developed economies (28
percent). This reflects two patterns. First, funds supported by IFC may deploy up to 20 percent of
the total capital to firms that are not primarily active in emerging economies, such as firms with
operations or headquarters in developed economies. Second, some firms relocate their
headquarters to major financial centers® throughout the investment horizon with the objective of
pursuing, among others, improved opportunities for fundraising or facilitating global market
expansion. Importantly, the location of the headquarters does not necessarily reflect the geographic
focus of a firm’s economic activity. Even when firms report their headquarters to be in a developed
economy, they may maintain substantial ties to emerging economies through their primary revenue
base (exports) or productive activities. For this reason, the full set of firms is retained in the sample,
even when reported headquarters are located outside an emerging market.

The geographic distribution of firms in the sample spans 83 unique countries, including developed
and emerging markets, across all major regions in which funds supported by IFC operate. East
Asia and the Pacific region account for the largest share of firms (31 percent), followed by South
Asia (19 percent) and Latin America and the Caribbean (15 percent). Europe and Central Asia
represents 12 percent of the sample, while North America accounts for 12 percent. Smaller shares
of firms are headquartered in Sub-Saharan Africa (6 percent) and the Middle East and North Africa
(5 percent). Overall, the distribution reflects the broad geographic footprint of IFC’s PE and VC
portfolio across emerging economies, with a notable concentration in Asia and Latin America.

Digital versus traditional model. Firms report whether their primary business operations are
focused on offering digital services. The sample is nearly evenly split between firms that self-

report operating non-digital (traditional) business models and those with digital models, which
reflects the strong presence of technology-enabled and venture capital-backed firms in the sample.

Sector. Within tech sectors, the sample is concentrated in SaaS firms, which represent the largest
share of technology investees (18 percent of the full sample), followed by a broader set of smaller
technology verticals grouped under “Other tech” (9 percent) and Fintech (7 percent). E-commerce
accounts for a meaningful share (6 percent), while HealthTech, EdTech, AgTech, and E-logistics
each represent smaller but non-trivial segments (2-4 percent). E-supply chain firms have the most
limited presence among technology sectors (1 percent).

Within non-tech sectors, trade and consumer-facing services and manufacturing and materials
represent the largest shares of the sample (11 percent and 9 percent, respectively). Social sectors
such as health and education (7 percent), knowledge-intensive services (5 percent), and financial

24 Defined as countries classified under any of the World Bank Group’s three lending groups: IDA (International Development Association), Blend,
or IBRD (International Bank for Reconstruction and Development).
5 For example, the UAE, Singapore, Europe or the USA.
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services (4 percent) also represent meaningful portions of the sample. Infrastructure and logistics
account for a smaller segment (3 percent), while primary sectors (agriculture and forestry, energy
and extractives) have a limited presence in the portfolio (2 percent and 1 percent, respectively).

External validity and sample limitations

The findings of this paper reflect patterns of Al adoption among a subset of frontier firms, namely
equity-backed companies that are more likely to operate near the frontier of technology adoption.
IFC’s investment strategy in funds involves partnering with established fund managers, who in
turn select firms with strong growth prospects and relatively advanced organizational capabilities.
As such, the sample provides a lens into Al adoption among frontier firms across a broad range of
geographies, sectors, and business models in emerging markets, including Al-native firms that
develop Al products themselves.

At the same time, these firms are not representative of the broader firm population in emerging
economies. Relative to firms captured in datasets such as the WBES,?® which are designed to
reflect the structure of the formal sector at the country level,?” firms in this sample tend to be
younger, larger, and have more access to equity financing. Therefore, they may be less likely to
face the same structural constraints, such as limited access to finance and managerial capabilities,
that characterize the average firm in emerging economies. Accordingly, the results should not be
interpreted as representative of typical firm behavior, but rather as indicative of Al adoption
patterns among a more advanced segment of firms, where the conditions for the uptake of Al are
comparatively more favorable.

2.4. Empirical approach

Quantitative analysis

The quantitative analysis proceeds in two steps. First, we document descriptive patterns of Al
adoption across firms using descriptive statistics on firm characteristics, including digitalization,
firm age, firm size, sector, customer orientation, and geographic exposure. This descriptive
evidence is used to identify stylized facts on the prevalence and distribution of Al adoption across
firms in the sample. Second, we examine the correlation of Al adoption using a linear probability
model (LPM), where the dependent variable captures whether a firm reports Al adoption in internal
operations, in products offered to end-users, or both. The baseline specification is given by:

Al; = a + By Digital; + B,Age; + BsSize; + B,'X; + ¢;

26 See Annex B
27 World Bank (2022). World Bank (N.A.): https://www.enterprisesurveys.org/en/methodology#tabs-5111637bc5-item-15415c5dec-tab
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where Al;is an indicator for Al adoption by firm i, Digital; captures whether the firm operates a
digital model, Age; and Size; denote firm characteristics, and X; is a vector of additional controls
including market orientation, international exposure, sector, and region. The analysis is intended
to identify associations rather than establish causal relationships, and results should be interpreted
accordingly.

Qualitative analysis

Given the limited availability of firm-level data and empirical evidence on Al adoption in emerging
markets, this paper complements the quantitative analysis with qualitative evidence drawn from a
small set of case studies. Specifically, we rely on interviews with, and data received from, selected
IFC direct and indirect portfolio companies that report adopting Al. To structure this evidence, we
organize firms first through the purpose of Al adoption, entailing whether firms embed Al in their
internal operations, such as automating back-office workflows, or whether they deploy it for
product innovations to serve external end-customers (B2C or B2B). We also distinguish the
approach to adoption; whether firms build Al capabilities internally through their own software
engineering teams, or procure external solutions through a software license or a subscription-based
arrangement. This analytical framework is illustrated in Figure 1, which also distinguishes
between digital- and non-digital firms, which tend to have differential access to the prerequisites
for Al adoption (infrastructure, data, skills).

Figure 1. Overview of Al adoption approaches in digital-first and traditional companies

Digital firms Non-digital firms

(B2B and B2Q)

Purpose Internal operations Internal operations
Buy

i ternal services
from B2B digita from B2B digital

Firm type

Case study

4 CARPL.AI

0 0

The two case studies featured in Section 4 of this paper were selected to illustrate distinct Al
adoption pathways. BHub, a direct investee, is a digital-first accountancy software-as-a-service
(SaaS) firm that serves SMEs in Brazil. The company is increasingly embedding Al to optimize
its workflows and generate productivity gains. CARPL.AI, an indirect investee at the time of the
2025 survey,?® is a digital-first HealthTech marketplace platform that enables traditional healthcare
providers to access Al-enabled radiology software developed by third-party suppliers. This case

28 CARPL.AI became a direct investee as of 2026.
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study illustrates the role of B2B digital-first suppliers in lowering the barriers to Al adoption for
non-digital firms that lack the skills, data or infrastructure to independently build Al applications.

3. Results

This section presents results from the survey on Al adoption among frontier firms in the sample.
The analysis proceeds in two steps. First, descriptive statistics document the overall rate of Al
adoption and its distribution across firm characteristics. Second, a regression analysis examines
which of these characteristics predict Al adoption. Together, these approaches offer a picture of
where Al adoption stands among frontier firms in emerging markets and what drives heterogeneity
in adoption among them.

3.1. Descriptive statistics

All firms. Roughly 40 percent of firms in the sample report some form of Al adoption in 2025
(Figure 2), whether in internal operations (workflows and back-office processes) or external
products (customer-facing products and services). The remaining 60 percent of firms report no Al
adoption at all. Cross-survey comparisons of this figure on Al adoption should be treated as
indicative only, given differences in how Al adoption is measured across data sources and the
timing of this measurement.”

Nearly a quarter of firms use Al for both internal and external purposes, while a minority (10
percent) embed Al solely for internal operations or apply it only externally (8 percent). The two
domains correspond broadly to distinct channels through which Al affects business outcomes.
Internal deployment is typically associated with productivity gains, as Al supports the speed and
quality with which tasks are performed in occupations,®® while deployment in products and
services typically supports product innovation.>! The extent to which these gains materialize
depends, however, on the depth of deployment and where Al sits within the firm. AI deployment
concentrated in activities core to the firm’s value creation carries more potential for business
outcomes than use confined to peripheral tasks.*? The prevalence of Al usage across both domains
(more than half of the adopters) is notable as the capabilities that enable Al adoption (data,
infrastructure, skills) are shared inputs; firms that have made the underlying investments could
extend Al from one domain to the other.

2 Comparability across surveys is challenged by differences in indicators, survey mode, and sampling frames. Furthermore, Al adoption is growing
rapidly, hence, measured rates are sensitive to the timing of measurement. Annex B highlights an initial comparison.

% Annex A

3! Babina et al. (2024)

32 OECD (2025) finds that a sizable share of MSMEs uses Gen Al mostly for peripheral rather than core tasks, aiding operations without radically
reshaping production processes. Among SMEs using generative Al, only 29 percent report using it in their core activities.
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Figure 2. Al Adoption - All companies

No Al use W Only for products/services for customers B Only for internal business functions Both

Figure 2 observations: 1,563 companies.

Firm age. Younger companies are far more likely to use Al (Figure 3), echoing findings for the
USA.* Among firms founded before 2000, only 11 percent report using Al, but that share rises
steadily to more than half for firms launched after 2015. This pattern is consistent with a
generational shift, as each new wave of firms is increasingly born digital and embedding Al from
the outset, with the advance of Al-native firms in recent years.*>* Younger firms may also face lower
switching costs as they are likely to have accumulated fewer legacy IT systems that may
complicate Al integration.

Figure 3. By Founding Year

0,
bt 17% Y 22% 28% 28%
8%
[
10% 17%
8o% 76%
’ 28 63%

48% 44%

<2000 2000 - 2005 2005-2010 2010-2015 2015-2022 2022 - 2025

No Aluse mOnly for products/services for customers B Only for internal business functions Both

Figure 3 observations: 1,275 companies. Percentages may not sum to 100 percent due to independent rounding.

Firm size. Al adoption varies with firm size in the sample, however, the relationship appears to be
non-monotonic. Measured by the number of employees at the time of investment, adoption rises
from 53 percent among micro firms to 57 percent among small firms, before falling to 33 percent
among medium firms and 26 percent among large firms (Figure 4). A similar pattern holds when
measuring firm size by the number of employees at the time of exit or as of the latest year in the
portfolio (Figure 5). In both cases, small enterprises report the highest rates of Al adoption. This
pattern appears to differ from Al adoption data for some advanced economies, where Al use is
higher in large firms. At the same time, these also find the relationship between Al and firm size

33 Bonney et al. (2024)
3% Kim and Koning (2026)
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to be non-monotonic as micro firms are also among the highest adopters.*®> This could reflect the
advance of Al-native firms with the capacity to build firms with fewer employees from the outset.*®

Figure 4. By Firm Size (number of employees at the time of initial

investment)
) 15%
o st o T

11%

67% e
47% 43%

Micro enterprise (<10) Small enterprise (10-49) Medium enterprise (50-300) Large enterprise (>300)
No Al use m Only for products/services for customers m Only for internal business functions Both

Figure 4 observations: 1,325 companies; micro enterprise (200 companies), small enterprise (309 companies), medium enterprise (377 companies),
large enterprise (439 companies).

Figure 5. By Firm Size (number of employees at the time of exit
or current)

21% 299 24% 17%
i
. 72%
53% e
40%
Micro enterprise (<10) Small enterprise (10-49) Medium enterprise (50-300) Large enterprise (>300)
No Al use m Only for products/services for customers m Only for internal business functions Both

Figure 5 observations: 1,209 companies; micro enterprises (90 companies), small enterprises (211 companies), medium enterprises (370
companies), large enterprises (538 companies).

Financial instrument. Figure 6 highlights a divergence in Al adoption by investor type, with PE-
backed firms showing relatively limited engagement (19 percent), while VC-backed firms exhibit
substantially higher adoption (57 percent). This difference largely reflects a fundamental
distinction in investment strategies across these funds: VC funds tend to invest in earlier-stage,

35 Bonney et al. (2024) finds that Al use is higher in large firms but the relationship between Al use and firm size is non-monotonic. In contrast, Al
use is higher in young firms although, on an employment-weighted basis, is U-shaped in firm age. At the intensive margin, Babina et al. also find
that larger firms tend to invest in Al more aggressively.

3 Kim and Koning (2026)
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technology-oriented firms, whereas PE funds more often back relatively mature businesses
operating in more traditional sectors. This is borne out in the next section on digital and non-digital
firms, as VC-backed firms are heavily concentrated in digital sectors (~77 percent), compared to
among PE-backed firms (~20 percent). As such, the higher prevalence and more integrated use of
Al among VC-backed firms is less indicative of differential adoption in similar firms, and more a
reflection of the nature of VC-backed portfolios which is inherently more intensive in digital
technology.

Figure 6. By Type of Investor Backing

12%
32%
81%
43%
Backed by Private Equity fund Backed by Venture Capital fund
No Al use m Only for products/services for customers
m Only for internal business functions Both

Figure 6 observations: 1,563 observations. Firms backed by Private Equity funds (704) and Venture Capital funds (859). Figure 6 Note: The
difference in Al adoption rates (including internal use, customer-facing use, or both) between the two groups is statistically significant at the 1
percent level (two-sample t-test, p=0.000).

Digital versus non-digital firms. Digital firms, which identify and report their industry as primarily

involving digital technology, are far more likely to embed Al than those rooted in analog operations
(Figure 7). Only 16 percent of firms that are non-digital indicate Al adoption, compared with 63
percent of digital firms. Digital firms are more likely to have in place the prerequisites for Al
adoption, such as cloud infrastructure, access to quality data and compute, as well as skills.
Traditional firms typically lag in these capabilities as they are costly and time-consuming to build
from scratch through complementary investments. Embedding Al therefore becomes a natural next
step for digital-first technology firms, reinforced by competitive pressure among these companies,
as well as customer and investor expectations. This divide is further reinforced by the nature of
today’s Al technologies: conversational Al, such as chatbots built on large language models
(LLMs), are easier to integrate into firms already operating digitally. By contrast, embodied and
physical Al integrated into physical systems, such as robotics and computer vision in factories,
remain in early stages of development and are more challenging to deploy.
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Figure 7. By Digital Classification

&
39%

37%
Not Digital Digital
No Al use mOnly for products/services for customers ®Only for internal business functions = Both

Figure 7 observations: 805 self-classified as digital and 758 as non-digital. Percentages may not sum to 100 percent due to independent rounding.
Figure 7 Note: The difference in Al adoption rates (including internal use, customer-facing use, or both) between the two groups is statistically
significant at the 1 percent level (two-sample t-test, p = 0.000).

Market orientation: customer focus. Firms that mainly serve other businesses (B2B) tend to be

more likely (51 percent) to adopt Al compared to firms serving individual consumers (B2C, 38
percent) (Figure 8). This could reflect demand pressure, as business customers are increasingly
expecting their vendors to embed Al capabilities, such as analytics platforms and automated
ticketing, to enhance productivity and to remain competitive as the pressure to adopt Al has
accelerated across industries. Consumer-facing firms, in comparison, could be expected to face
less pressure from their customers to embed specific technologies, as individual customers tend to
be more focused on the product outcome, and affordability considerations may outweigh demand
for technological sophistication.

Figure 8. By Customer Focus

27% 22% 25%
n
62%

49% 49%

B2B B2C B2B & B2C

No Al use mOnly for products/services for customers ®Only for internal business functions = Both
Figure 8 observations: 693 companies reported Al use and B2B/B2C focus, of which: 350 are only B2B, 176 are only B2C, and 167 are both B2B

and B2C. Figure 8 Note: The difference in Al adoption rates (including internal use, customer-facing use, or both) between the B2B and B2C group
is statistically significant at the 1 percent level (two-sample t-test, p = 0.0039).

Market orientation: customer location. Companies whose principal market is a developed economy

are more likely to adopt Al. This pattern holds whether measured by the location of a firm’s top
market (50 vs. 35 percent; Figure 9) or by whether most of its revenues emanate from developed
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or emerging markets (47 vs. 36 percent; Figure 10), and the association is statistically significant
in both cases. This could reflect greater competitive pressure in international markets, and could
also be consistent with a demand-side explanation if customers in developed markets demand more
technological sophistication.

Figure 9. By Top Market Figure 10. By Revenue Origin
28% 21% 339 19%
0, 0,
50% 65% 53% 64%
Top market is a developed Top market is an emerging <=50% revenues from >50% revenues from
economy market emerging markets emerging markets
Both Both
m Only for internal business functions m Only for internal business functions
m Only for products/services for customers m Only for products/services for customers
No Al use No Al use

Figure 9 observations: The figure is based on 1,489 firms. Of these, 972 report their top market (by revenue) as an emerging market, while 517
report their top market as developed economy. Figure 9 Note: The difference in Al adoption rates (including internal use, customer-facing use, or
both) between the two groups is statistically significant at the 1 percent level (two-sample t-test, p = 0.000).

Figure 10 observations: The figure is based on 856 firms. Of these, 168 report 50 percent or less of their revenues originating from emerging
markets, while 688 report that more than 50 percent of their revenues originate from emerging markets. Figure 10 Note: The difference in Al
adoption rates (including internal use, customer-facing use, or both) between the two groups is statistically significant at the 1 percent level (two-
sample t-test, p = 0.0079).

Sector. Among tech firms, Al adoption is high across all sectors, ranging from 46 percent in E-
commerce to 84 percent in EdTech (Figure 11). These sectors are natural candidates for Al as they
generate the large volumes of data that AI models and applications benefit from, while their
operational complexity creates incentives to pursue Al-enabled automation and optimization.
EdTech emerges as the most active adopter, especially for external Al applications, which could
suggest that adaptive and customized learning platforms may already be transforming how online
education services are being delivered to customers. However, the small sample size for some
sectors warrants caution in drawing definitive conclusions.
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Figure 11. Al Adoption By Sector - Technology Companies

E-commerce 54% 23%
Fintech 47% 32%
HealthTech 41% 35%
E-logistics 38% 41%
AgTech 37% 40%
SaaS 28% 46%
EdTech 16% 47%

No Aluse m Only for products/services for customers B Only for internal business functions Both

Figure 11 observations: Edtech (43), SaaS (341), AgTech (30), Healthtech (69), E-logistics (32), Fintech (148), E-commerce (112). Percentages
may not sum to 100 percent due to independent rounding. Not all sectors are included.

Among traditional companies, professional services report the highest Al adoption rates (see
Figure 12). Thirty-seven percent of firms in this sector report using Al, compared with 3 to 21
percent among other traditional sectors. This is consistent with literature that finds cognitive tasks
performed in these industries (e.g. drafting, analysis) are particularly well suited to automation and
augmentation by generative Al.*” However, small sample sizes for some sectors warrant caution
in drawing definitive conclusions.

Figure 12. Al Adoption By Sector - Non-Technology Companies

Food & Beverages 97% B

Agriculture & Forestry 94% 6%
Wholesale and Retail Trade 92% B%4%
Transportation & Warehousing 91% EA8%3%
Health Care 82% (% VA I

Finance & Insurance 79% 7% 14%
Industrial & Consumer Products 80% 8%
Prof., Sci. & Tech. Services 63% 17%

No Aluse B Only for products/services for customers M Only for internal business functions Both

Figure 12 observations: Prof., Sci. & Tech. Services (54), Industrial & Consumer Products (104), Health Care (83), Finance & Insurance (58),
Transportation and Warehousing (32), Wholesale and Retail Trade (79), Agriculture and Forestry (32), Food & Beverages (68). Sectors with less
than 30 companies are not displayed. Percentages may not sum to 100 percent due to rounding. Not all sectors are included.

Geography. Al adoption across firms in the sample is uneven across regions (Figure 13). Adoption
rates are significantly higher among companies headquartered in developed markets (56 percent)
compared to those in emerging economies (35 percent). Within emerging economies, adoption is

37 Eloundou et al. (2024). Autor, Levy & Murnane (2003).
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lowest among firms headquartered in Sub-Saharan Africa and the Middle East, followed by South
Asia and Emerging East Asia. By contrast, firms in Latin America and the Caribbean exhibit
adoption rates closer to the technological frontier (proxied by North America), with roughly 60
percent of firms reporting Al adoption. Developed countries in East Asia are an anomaly, as they
appear to lag in terms of Al adoption in this dataset relative to other global surveys.?® This likely
reflects portfolio composition effects, as [FC’s portfolio underrepresents some of the region’s most
advanced digital ecosystems.

Figure 13. By Region HQ

19% 15% 15% .1%% =3%=
27% 32% 7
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I 0, 0, 83% 94%
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North Latin America Europe & EastAsia& Europe &  South Asia East Asia & Sub-Saharan Middle East &

America & Caribbean Central Asia- Pacific- Central Asia - Pacific - Africa North Africa -
Developed Developed Emerging Emerging Emerging
No Al use m Only for products/services for customers m Only for internal business functions Both

Figure 13 observations: The sample includes firms headquartered in South Asia (286), East Asia & Pacific-Emerging (307), Latin America & the
Caribbean (222), East Asia & Pacific-Developed (160), North America (180), Europe & Central Asia-Emerging (117), Sub-Saharan Africa (96),
Middle East & North Africa-Emerging (64), Europe & Central Asia-Developed (70).

3.2. Regression

This section estimates a series of linear probability models (LPMs) to examine the observable firm
characteristics associated with Al adoption at the firm level. The dependent variable is a binary
indicator equal to ‘one’ if the firm reports any Al adoption, whether internal, external or both.
These results should be interpreted as descriptive and correlational rather than causal.

All regressions report standard errors clustered by investment project (fund or direct investee), to
account for correlation in reporting on Al adoption and portfolio selection within a common
investor. Firms backed by the same fund manager are likely to share correlated reporting behavior,
since a single respondent interprets and reports Al use across their entire portfolio, as well as
correlated true adoption patterns, since funds select portfolio companies according to a common
investment strategy. Direct investees, which report independently to IFC, are each treated as their
own cluster. Point estimates are unaffected by this choice; standard errors are, in general, more
conservative than under heteroskedasticity-robust estimation alone.

3% Annex B
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Table 4 presents a sequence of progressively richer specifications. Model (1) includes only an
indicator for whether the firm operates a digital business. Model (2) adds firm age and regional
controls based on the location of the firm headquarters. Model (3) introduces a measure of firm
size using employment at entry. Model (4) further controls for financial capacity, including amount
of capital invested by the fund and firm assets. Model (5) adds indicators capturing the customer
orientation of firms (B2B, B2C, or both), and Model (6) incorporates a measure of international
exposure based on whether the firm’s main revenue market is in a developed or emerging market.

The number of observations declines across specifications due to missing information on some
explanatory variables. This primarily reflects differences in how individual variables are collected
and validated. Digital business model is recorded through a simple binary survey question, while
firm age and headquarters location are typically reported, and can be easily supplemented and/or
cross validated using third-party structured databases such as Pitchbook, which maintain
systematic records on these firm characteristics. Employment is a core corporate reporting
indicator for IFC and therefore receives relatively intensive follow-up with clients. By contrast,
financial variables such as firm assets and more specialized business characteristics, including
customer orientation (B2B/B2C), are more difficult to collect consistently and are more difficult
to find in third-party structured databases, leading to a smaller estimation sample in the richer
specifications. Importantly, the decline in sample size reflects differences in the availability of
explanatory variables rather than missing information on Al adoption itself.

Across all specifications, firms operating digital business models are substantially more likely to

adopt Al. The estimated coefficients range between approximately 0.38 and 0.48, which indicates
that digital firms are roughly 38-48 percentage points more likely to report Al use than firms
operating in non-digital sectors. This relationship is large and highly statistically significant across
all model specifications, which highlights the central role of baseline digitalization levels in
explaining Al adoption. Although the estimation sample becomes more selective in the richer
specifications due to data availability, the coefficient on digital business model remains stable in
both magnitude and statistical significance. This coefficient is also robust to clustering standard
errors at the project level, underscoring that the association between digitalization and Al adoption
is not an artifact of correlated reporting within fund portfolios. This suggests that the central
association between digitalization and Al adoption is not driven by sample composition.

Firm age is negatively associated with Al adoption, suggesting that younger firms are more likely
to adopt Al technologies. Each additional year of firm age is associated with a reduction of roughly
0.4 to 0.6 percentage points in the probability of adopting Al, and this relationship remains
statistically significant across all specifications. This is consistent with the descriptive evidence in
the previous subsection, which shows that newer cohorts of firms are more likely to incorporate
Al from the outset, some of which as Al-native firms.
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Measures of firm size and scale, captured by employment and assets at entry, appear to play a
limited role once sector and age have been considered. Employment shows only a small,

marginally significant positive association with Al adoption, and only once controls for business
model and market exposure are added (Models 5-6), while firm assets show no significant
relationship with Al adoption in any specification.

Capital invested by the fund*®, considered separately as an investment characteristic rather than a

measure of firm scale, is negatively associated with Al adoption in Models 4-6, with the
relationship strengthening as further controls are introduced. One plausible explanation is that
capital invested is partly proxying for the type of investment rather than the size of the investee:
venture capital deals tend to be concentrated in earlier-stage, digital-first and asset light businesses
that are less capital intensive. By contrast, private equity deals are typically larger as they involve

later-stage transactions in more mature firms.*

Differences in customer orientation (B2B versus B2C) do not appear to be significantly related to

Al adoption once the level of digitalization is controlled for. This would suggest that the increased
adoption among B2B firms, as observed in the previous section, largely reflects differences in
digital focus between B2B and B2C firms rather than an independent effect of customer orientation
per se.

Regional controls show meaningful variation in Al adoption in the simpler specifications, with
several regions differing significantly from the East Asia & Pacific reference group. However,

these differences generally become less pronounced once firm characteristics and market exposure
are included, with most regional coefficients losing statistical significance by Models 5-6. This
pattern is more pronounced under project-clustered standard errors than under heteroskedasticity-
robust estimation alone, consistent with funds specializing regionally. Within-fund correlation
partly explains what would otherwise appear as a persistent regional effect. This suggests that
cross-regional differences in Al adoption largely reflect differences in other observed firm
characteristics rather than a persistent geographic effect.

The final specification incorporates a measure of international exposure. Firms whose primary
revenue is derived from a developed economy do not show a statistically significant difference in

Al adoption relative to firms serving customers in emerging markets; the estimated coefficient is
small (approximately 2 percentage points) and not distinguishable from zero.

* Measured at the time of investment

4 When a fund-type indicator (private equity versus venture capital) is added as an additional control (results available upon request), the coefficient
on capital invested attenuates by roughly one-fifth and loses statistical significance, while the fund-type indicator itself is not significant once digital
sector and other controls are included, suggesting these variables share overlapping variation that this specification cannot fully disentangle.
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Taken together, the results reinforce the patterns observed in the descriptive analysis. Business
model digitalization emerges as the strongest observable correlate of Al adoption, followed by firm

age. Differences associated with geography, international market exposure, and firm size appear

comparatively modest once those factors have been considered.

Table 4. Correlates of Al adoption at the firm-level

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Business model characteristics
Digital sector 0.475%**  0.380***  0.411**%*  0.466%**  0.442%**  (.440%***
(0.041) (0.045) (0.040) (0.062) (0.058) (0.058)
Firm characteristics
Company age -0.004***  -0.004***  -0.004***  -0.006* -0.006*
(0.001) (0.001) (0.001) (0.003) (0.003)
Firm scale
Log employees at entry 0.006 0.011 0.032%* 0.032%*
(0.012) (0.016) (0.017) (0.016)
Log assets at entry 0.005 -0.000 -0.000
(0.010) (0.009) (0.009)
Investment characteristics
Log capital invested by Fund -0.040 -0.071*%*  -0.071%**
(0.027) (0.027) (0.027)
Business model (reference: B2C)
B2B 0.011 0.013
(0.058) (0.061)
B2B and B2C -0.046 -0.044
(0.075) (0.077)
Market exposure
Top revenue market: Developed 0.020
(0.071)
Regional controls (reference: East Asia
& Pacific)
Europe & Central Asia 0.110 0.085 0.143%* 0.161* 0.160*
(0.069) (0.066) (0.079) (0.086) (0.086)
Latin America & Caribbean 0.166** 0.126** 0.126 -0.103 -0.096
(0.064) (0.060) (0.092) (0.135) (0.137)
Middle East & North Africa -0.168%*  -0.204%** -0.078 -0.045 -0.040
(0.074) (0.072) (0.087) (0.105) (0.105)
North America 0.152%** 0.117%* 0.191%** 0.109 0.104
(0.056) (0.047) (0.073) (0.094) (0.100)
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South Asia -0.052 -0.091 -0.028 -0.105 -0.099
(0.070) (0.069) (0.098) (0.075) (0.072)
Sub-Saharan Africa -0.020 -0.055 0.034 0.025 0.031

0.088)  (0.091)  (0.140)  (0.175)  (0.176)

Constant 0.157***  (0.236%***  (.237*** 0.261** 0.316***  0.304%**
(0.025) (0.051) (0.074) (0.101) (0.096) (0.105)

Observations 1563 1237 1060 526 370 370

R-squared 0.235 0.247 0.270 0.312 0.290 0.290

Note: Standard errors clustered by investment project (fund or direct investee) in parentheses. *** p<(0.01, ** p<0.05, * p<0.10. The dependent
variable equals one if the firm reports using any Al in its operations and/or external services.

4. Approaches to Al adoption in selected firms

In addition to whether to adopt Al, firms decide how to adopt Al: building Al internally or
procuring and customizing off-the-shelf Al solutions. Firms may adopt different approaches across
business functions; Al-enabled CRM software may be more useful for sales departments across
both digital and traditional companies, while independently building Al-based workflows may be
more relevant for product and engineering teams in digital-first companies. Firms also have to
decide how to secure access to several prerequisites for Al adoption, including infrastructure, data
and skills. The approach taken by a firm determines the pace and depth of adoption of Al and,
ultimately, the business outcomes that the technology can meaningfully deliver.

The two case studies presented in this section were selected to illuminate two alternative
approaches for Al adoption within firms from emerging economies. The first case study focuses
on BHub, which is a B2B digital-first accounting SaaS firm serving SMEs in Brazil, and highlights
how a firm with internal technical capabilities builds Al in its digital workflows. The case study
also highlights a framework governing task allocation in the firm: tasks are assigned to human
operators or computerization technologies based on task complexity and relative factor input costs.
The case study also sheds light on the prerequisites for internal Al development, demonstrates that
Al builds on top of earlier digital technologies, and highlights how Al deployment changes the
tasks conducted among workers. The second case study focuses on CARPL.AI, which is a B2B
digital marketplace platform for Al-enabled radiology solutions from India, serving traditional
healthcare providers in both developed and emerging markets. The case study focuses on these
healthcare providers that procure the Company’s solution. It highlights how platform
intermediaries can address the adoption barriers among traditional firms.

4.1. Casestudy 1: BHub, an Al-enabled accountancy software provider for SMEs in Brazil

SMEs in Brazil face business productivity challenges, including in managing their financial and
accountancy business functions. BHub is a digital-first cloud-based accounting software-as-a-
service (SaaS) provider founded in 2021 in Brazil. To enhance its own business productivity, the
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Company’s in-house team of 70 engineers (mid-2024) is responsible for developing and
maintaining the technology stack. The team has been embedding various computerization
technologies in its internal workflows, including traditional ones, such as RPA as well as newer Al
tools. This is further enabled by its prior investments leasing cloud infrastructure and GPU capacity
from a global hyperscaler with local data center presence. It also benefits from the country’s
relatively advanced power and digital connectivity compared to other emerging markets. BHub
has also accumulated years of quality data on the finance and accounting of its SME clientele since

2021. The Company’s value proposition ultimately is to improve business outcomes for the more
than 5,000 SME:s it serves.

The Company chose to build Al into its internal workflows, specifically into the technology stack
that it has developed over the last years. This stack has been built by the software team, using
digital tools and standards (Python, BPMN, APIs), and entails four elements: orchestration,
computerization technologies, manual intervention, and integration with third-party data
platforms. The Company’s orchestration program maps the entire accountancy process into 120+
end-to-end macro-level workflows, such as ‘invoice management’, which are further divided into
micro-tasks. Each task is assigned, depending on the relative input cost and task complexity, to
either human operators, i.e. accountancy professionals or clerks with varying seniority levels, or a
computerization technology (Robotic Process Automation (RPA), traditional/generative/agentic
Al). RPA is typically embedded within simple tasks, such as automatic triggers, while traditional
Al is used for more complex tasks such as data reconciliation. Generative Al is used internally for
code writing and for introducing new product innovations, such as insight generation. BHub has
started to roll out Al agents for specific tasks since 2026, such as triaging tickets and coordinating
RPA bots.

The allocation of tasks across these technologies and human operators in the production function
is governed mainly by two considerations: (i) task complexity and (ii) relative factor costs (Figure
14). Task complexity depends on codifiability and external constraints such as regulatory
requirements. Input costs include the cost of labor and the cost of capital, where the cost of capital
associated with Al usage entails costs for cloud and inference-time compute. As Al capabilities
expand or its costs decline, Al could be deployed across an increasingly broader set of tasks and
the optimal allocation of labor versus machines may shift. Separately, in the context of emerging
markets, the company faces relatively high costs of capital, while labor is relatively cheaper. From
a global lens, this combination can shift incentives; tasks that would be automated and augmented
by technology in the context of developed markets may not do so within emerging markets.
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Figure 14. Stylized representation of task allocation across operators and technologies*!

Average Cost to Perform Task -

Task Complexity =

Mapping how these tasks move between humans and machines offers a perspective on how
technology, and Al specifically, reorganizes workflows and, ultimately, affects productivity gains.
An analysis by BHub in mid-2024 found that 16 percent of time spent on tasks was performed by
computerization technologies, focusing initially on the tasks that are most time-intensive and
suitable for computerization. Tasks are also augmented through human-Al collaboration; for
example, a machine may flag an anomaly, while an operator interprets and addresses it.
Throughout this period, the Company has addressed a growing number of SME clients per worker.
While causal attribution is challenging in absence of a counterfactual, the pace of these changes is
suggestive of meaningful productivity effects associated with technology adoption by the firm.

4.2. Case study 2: CARPL.AI an India-based marketplace platform for radiology Al

Emerging markets experience substantial shortages of radiologists with the expertise to perform
and interpret medical imaging as part of diagnostics and treatment.*? Al has the potential to expand
radiology capacity, but adoption remains limited by high deployment costs, fragmented software
offerings, and the difficulty of evaluating hundreds of available Al applications before purchase.
These challenges are particularly acute in emerging markets, where cloud infrastructure, software
integration, and limited information about the quality and performance of Al solutions*’ create
significant barriers to adoption.

CARPL.AI is a vendor-neutral enterprise platform for radiology Al founded in India in 2018. As
of 2026, the Company has onboarded over 300 Al applications from global software suppliers and
connects them with 25 healthcare providers globally, including 8 in emerging markets (India,

4! Elaboration by Smeets and Imhof (forthcoming, 2026) based on company interactions and Svanberg et al. (2024).
“International Atomic Energy Agency (N.A.):https://www.iaca.org/resources/hhe/nuclear-medicine/databases/imagine/radiologists
4 The number of FDA-approved AI/ML-enabled devices increased from close to zero in 2015 to 750+ in 2024, based on Sivakumar et al. (2025).
See also U.S. Food and Drug Administration (2026) for current authorizations.
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Thailand, and Brazil). Its value proposition addresses these adoption barriers by providing a market
infrastructure that structures procurement through a “discover, explore, validate, and deploy”
model, enabling healthcare providers to evaluate Al applications on their own historical data prior
to procurement. The platform is interoperable with existing hospital IT infrastructure, including
PACS.** Rather than requiring separate procurement, technical integration, validation, and
maintenance for each Al application, the platform provides a common enterprise infrastructure
through which hospitals can deploy, manage, and scale Al solutions from multiple vendors.

Of note, this case study does not examine how CARPL.AI or suppliers listed on the platform adopt
Al Rather, it examines how healthcare providers, which are the Company’s end-customers, adopt
Al through the ‘buy’ approach. This involves deploying Al applications through the Company’s
platform under an annual subscription that covers implementation, deployment, orchestration,
monitoring and ongoing platform support, rather than building or customizing Al software in-
house, which would typically require significant upfront capital investment. Healthcare providers
can subsequently expand Al adoption incrementally by adding new applications for additional
clinical use cases through the same procurement, deployment, and management framework,
thereby avoiding the need for separate integrations for each vendor. This allows healthcare
providers to select Al applications that best meet their needs for different clinical use cases without
being locked into a single software vendor.

Healthcare providers require the necessary infrastructure and data standards to facilitate adoption
of Al for radiology. CARPL.AI can accommodate healthcare providers hosting their servers on-
premise or on the cloud, provided that their medical imaging equipment (CR, DR, CT, MRI
scanners) is digital rather than analog, and feeds into PACS, a digital technology that supports
electronic storage and retrieval of digital medical images.* As for data, healthcare providers are
required to follow industry standards on the formats used for healthcare data.*® The software
suppliers listed on the marketplace pre-train the Al-for-radiology solutions with their own data,
while healthcare providers validate the solutions by running the pre-trained Al tools on their own
data prior to procurement. In terms of skills, the Company’s workforce is mainly allocated to
deployment within healthcare providers, while the software suppliers employ Al research and
software engineers to build the solutions. Radiologists at healthcare providers are skilled workers
that typically develop Al literacy fast, with internal Al champions serving as advocates for
overcoming inertia and ensuring effective use of the platform. Among these prerequisites for
adoption of Al, healthcare providers in emerging economies face specific challenges, such as
regulatory challenges, as well as high cloud costs and less sophisticated IT infrastructure, which
make integration into the clinical workflows more challenging. Edge devices are used to overcome
connectivity constraints, especially in emerging markets, and ensure compliance with data security

4 Picture Archiving and Communication Systems (PACS) digitizes the acquisition, storage, transmission, and display of medical images, which
enables the move of radiology from film-based to digital workflows. Andriole (2023).

4 Analog facilities must first digitize imaging or use stopgap measures (workarounds that convert analog images into digital).

46 DICOM for images and HL7/FHIR for other health data
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laws. Notably, the Company’s model is particularly effective in radiology, which, unlike other
medical domains, has reached a level of digital maturity and standards that makes it ripe for Al
integration.

Since the Company’s platform is embedded into existing clinical workflows, radiologists mainly
require training on effective human-AlI collaboration. Healthcare providers typically use a ‘human-
in-the-loop’ model where the radiologist remains the final signing authority and outputs are viewed
in context with the clinical condition of patients. Ultimately, from a task perspective, radiologists
tend to use Al-for-radiology software for triaging and prioritization, detection of abnormalities,
diagnostic decision support, and report drafting. The associated service delivery outcomes for
healthcare providers center on gains in radiologist throughput and turnaround time. Clinical
outcomes involve reduced diagnostic errors and shorter time-to-treatment, thereby helping to
address the disease burden across emerging markets.*’

5. Conclusion

This paper presents novel cross-country evidence on Al adoption among frontier firms in emerging
markets, drawing on a survey of over 1,500 PE- and VC-backed companies across more than 80
countries. Enterprise Al adoption in emerging economies remains in its early stages, with roughly
40 percent of frontier firms reporting some form of adoption. Digital business model orientation
emerges as the dominant predictor of adoption, followed by firm age, with younger firms more
likely to adopt AI. These findings suggest an emerging Al divide that tracks pre-existing
digitalization: the risk is less that firms in emerging economies lack access to Al than that firms
without digital foundations cannot integrate it.

The qualitative evidence demonstrates approaches that firms in emerging markets could use when
seeking to adopt Al in support of business objectives. The case of BHub illustrates how digital-
first firms more readily build AI within their workflows, having secured the necessary
infrastructure, data, and skills. CARPL.AI illustrates how procuring Al solutions from software
providers could address adoption barriers among non-digital firms. Such solutions can help convert
fixed costs involved in building Al into variable costs in procuring Al solutions and mitigating
information asymmetries. Both cases illustrate that, as digital firms embed Al in products offered
to non-digital end-customers, the outcomes of Al adoption are propagated in the economy.

The evidence here concerns primarily the extensive margin of adoption. If the diffusion of earlier
technologies is a guide, differences in the intensity of use, rather than adoption per se, may prove
the more consequential margin for productivity outcomes.*® Subsequent survey waves will allow
this intensive margin of Al adoption to be examined.

47 Fullman et al. (2018)
48 Comin and Mestieri (2018). Comin, D., & Hobijn, B. (2010).
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7. Annex A. Overview of studies on effects of AI adoption on task productivity

This annex summarizes multiple micro-level studies of the effects of Al on task performance. Most

are derived from randomized controlled trials or field experiments in which workers are assigned
access to an Al tool, complemented by a smaller number of difference-in-differences designs.
Nearly all measure short-run outcomes at the level of individual tasks, such as time taken,
throughput, or output quality, rather than firm performance. Measured effects are typically large,
however, because they focus on narrowly defined tasks, their implication for the firm-level
depends on the share of work those tasks represent within occupations and firm workflows.

Table 5. Overview of micro-level studies on effects of AI adoption on tasks and firms

Author Geography = Occupation/Task Al tool ‘ Finding
Becker et | USA Software Mainly Cursor Pro | -19% speed of task completion (note: results were reported to be
al/METR development + Claude 3.5/3.7 | outdated as of 2026)
(2025) Sonnet
Brynjolfsson et | Philippines Customer service | Custom GPT-3- +15% issues resolved per hour; larger gains for lower skilled workers
al. (2025) (89%) based chat
/Global assistant
Cruces et al. | Argentina Consultancy, GPT-4.1-based + task performance scores (+1.242 SD for low-educ. group, +0.834 for
(2026) business activities | assistant high-educ. group, closing ~75% of the education gap)
Cui et al. (2026) | USA Software GitHub Copilot +26% completed tasks; larger gains for less experienced
Southeast development
Asia
Dell’Acqua et al. | USA/Global | Consultancy, GPT-4  (+prompt | For knowledge tasks in Al capability frontier: +12.2% tasks completed,
(2023) business activities | engineering +25.1% speed, +40%quality
overview) For a complex managerial task outside Al frontier: -19pp accuracy
Dell’Acqua et | Global Consultancy, GPT-4 Quality: Before Al, individuals made lowest quality solutions, and
al.(2025) business activities teams had a modest improvement. Individuals with Al performed
(R&D) comparable to teams without Al
Time: Teams and individuals without Al spent similar time on tasks. Al
reduced time spent for individuals (16.4%) and teams (12.7%).
Comprehensiveness: Al led to longer outputs.
Dillon et | UK Consultancy, Microsoft 365 | 80% of treated workers who used Al spent two fewer hours on email
al.(2025) business activities | Copilot each week and reduced their time working outside of regular hours. no
significant changes in total time spent in video meetings or writing
documents.
Doshi & Hauser | USA/Global | Writing/content GPT-4 +5-8% in novelty, +4-9% usefulness of creative outputs using Gen Al
(2024) but collective diversity -8.9%-10.7%
Gambacorta et | China Software CodeFuse (Ant | +55% lines of code, 1/3 attributable to LLM; gains concentrated among
al. (2024) development Group proprietary | junior developers (with more engagement)
LLM for coding)
Kanazawa et al. | Japan Consultancy, Proprietary Al for | -5% search time for taxi drivers to find customers; gains only for low-
(2022) business activities | demand forecasting | skilled drivers, narrowing the skill gap by 14%
(demand
forecasting)
MASAI  study | Sweden Medical imaging | Proprietary Al | +29% cancer detection rate; +44% radiologist workload time savings;
(various radiology -12% interval cancers
publications)! screening tool
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Geography

Occupation/Task

Al tool

Finding

Noy and Zhang | USA/Global | Writing/content ChatGPT  (GPT- | -40% time spent on writing tasks; +18% in quality; larger gains for
(2023) 3.5) workers starting from lower baseline
Otis et al. (2024) | Kenya Consultancy, GPT-4-based No average effect on revenues and profits; high performers +>15%
business activities | business assistant revenue; low performers -10%
Peng et al. | India /| Software GitHub Copilot +55.8% task completion speed
(2023) Pakistan/ development
Global
Reimers & | USA/Global | Writing/content LLMs +3x book releases since LLMs; but avg quality decreased due to Al
Waldfogel (market-level)
(2026)
Schoenegger et | USA/Global | Consultancy, 12 LLMs Event forecasting by LLMs outperforms no-information benchmarks
al. (2024) business activities and are statistically indistinguishable from humans. LLM accuracy
(event +17-28% when shown median human prediction.
forecasting)
Shen & Tamkin | USA/Global | Software Claude (Anthropic) | Using Al assistance resulted in -17% evaluation score, explained by
(2026) development extra time invested in interacting with Al. Usage impairs conceptual

understanding, code reading, and debugging abilities
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8. Annex B. Overview of studies on Al adoption by firms and for work

This annex summarizes existing estimates of Al adoption from three classes of evidence: (1) usage
telemetry from Al providers, measured at the individual level (Table 6A); (2) firm surveys by
statistical agencies and researchers (Table 6B); and (3) surveys by business consultancies (Table
6C). Telemetry is included, though it typically measures individuals rather than firms, because
much individual Al use occurs at work and can capture workers using Al via personal accounts.
The tables highlight the dispersion in Al adoption rates by firms and workers across measurement
approaches. Because these studies differ in unit of observation, sampling frame, size threshold,
time period, and what counts as adoption, they are presented as context rather than as benchmarks.

Table 6A: Studies on Al adoption by firms and people — based on telemetry from Al labs

Author

‘ Time

‘ Geography Findings

Anthropic Anonymized August 2025 | Global o Claude usage per capita, measured by the Anthropic Al Usage Index (AUI), is
Economic interactions with uneven and correlated with GDP (+1% in GDP per capita is associated with
Index Claude.ai and first- +0.7% in Claude usage per capita).
(2025) party  (1P) APl o Some small, technologically advanced countries lead in Claude adoption relative
transcripts to their working-age populations.
@ Lower-adoption countries tend to see more coding usage, while high-adoption
regions show diverse applications across education, science, and business.
@ Low AUI countries are more likely to delegate tasks (automation), while high-
adoption areas tend toward learning and human-Al iteration (augmentation).
Anthropic November Global @ Claude usage globally is geographically concentrated: a small number of
Economic 2025 countries comprise an outsized share of use.
Index o Work and personal use cases of Claude are more common in high income
(2026a) countries. Coursework use cases are more common in low-income countries.
Anthropic February Global e Inequality in global usage has persisted. Usage is concentrated: the top 20
Economic 2026 countries account for 48% of all per-capita usage, up from 45%, underscoring a
Index persistent gap in global adoption.
(2026b)
Google I5mn  de-identified | April 2026 Global @ In the workplace, while Al adoption spans occupations covering ~88% of US
(2026) interactions across employment, penetration remains shallow and mostly collaborative in nature,

Gemini App, Google with end-to-end task automation limited in scope.

Al Mode, Gemini API o Adoption scales with national wealth: +1% in GDP per capita associated with
+0.9% in usage. This means the lowest-adopting quintile of countries accounts
for 2% of Al conversations, showing a persistent digital divide. Yet, multiple
middle-income nations in Latin America and the Middle East buck this trend,
adopting Al at rates similar to Western Europe.

@ Differences in adoption rates between countries are not easily explained by a
single factor, such as internet access and interest in Al topics in the population.
@ Al usage has broad linguistic distribution, with English queries representing only
around a third of volume.
Microsoft Al User Share = (% of | 2025H2 Global e In 2025H2, 16.1% of global working-age population used Al. Adoption was
Al Microsoft Users That 24.7% in the Global North vs 14.1% in the South.
Economy Use Al) x (% of Pop. ® In 2025H1, adoption rates were 15.1% (global), 22.9% (Global North), 13.1%
Institute with  a  Desktop (Global South), highlighting that growth was nearly twice as fast in the Global
(20264a) i Device) x (Mobile North, versus the Global South between 2025H1 and H2.
Microsoft Scaling Factor). To get | 2026Q1 Global o The gap between the Global North and South widened: adoption in the North
Al absolute number of Al grew more than 2x versus the South.
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Author Unit
Economy users authors multiply ® In2026Q1, 27.5% in Global North used Gen Al, a gain of 2.8pp versus 2025H2.
Institute Al User Share by In Global South, usage reached 15.4%, a gain of 1.3pp versus 2025H2.
(2026b) working-age pop.
OpenAl Random samples of | May 2024 - | Global e Work messages went from 47% (2024) to 27% (2025).
(2025a) and | messages from | July 2025 e By May 2025, ChatGPT adoption growth rates in lowest income countries were
Chatterji et | consumer ChatGPT | (some >4x those in the highest income countries.
al. (2025) users >November e By 2025, ChatGPT had 700 million users, representing around 10% of the global
2022) adult population
OpenAl Change in weekly | July 2023 — | Global o ChatGPT adoption grew across every continent. In relative terms, the fastest
(2026) active ChatGPT users | June 2026 growth has been in Africa and Asia.
o Lower-Human Development Index (HDI) countries saw the fastest relative user
growth since July 2023.
e Non-English ChatGPT usage grew alongside global usage. Users predominantly
using a language other than English now represent over half of active users.
Leading non-English languages are Spanish, Portuguese, and Arabic.
OpenAl Enterprise Al | November Global o Business message volume appears highest in USA/ Europe.
(2025b) messages and | 2024 - 2025 e The % increase in number of paying business customers is highest in Australia,
customers Brazil, Netherlands, France.

Table 6B: Studies on Al adoption by firms — based on research from statistical agencies/researchers

Author Geography Findings

US Census | 1.2mn businesses | 2023-2026 | USA e Sep2023-Feb2024): estimates of Al use rates rose from 3.7% to 5.4%. Al use is

Bureau (200k per bi-weekly higher in large firms but the relationship between Al use and firm size is non-

(BTOS) collection), with 12% monotonic. In contrast, Al use is higher in young firms although, on an
response rate. empl.oyment-weighted basis, is U-shaped in firm age. (Bonqey et al., 2024)

Definition change from Al for “production of goods and services” to use in “any

business function.”

e Nov2025-Jan2026: 18% of firms used Al in a business function, rising to 32%
on an employment-weighted basis. Al use is substantially higher in large firms
and knowledge-intensive sectors. Among adopting firms, the scope of use
remains limited. The evidence points to both top-down and bottom-up diffusion
channels. Regression analysis shows a robust positive correlation between firm
commercial performance and the breadth of Al integration, including functional
deployment, task-level use, and operational investment. (Bonney et al., 2026)

e Dec2025-May2026 (US Census Bureau, 2026): Al usage among firms hovered
between 17% and 20%.

Bick et al. | Combination of | May-June | USA o Al adoption by US firms and workers exceeds that of Europe overall: 43% of
(2026) independent  worker | 2025 Europe US workers use Al for their job, versus 32% European workers (2026). 7% of
surveys, US Census | Jan- US firms use Al for production versus 4% of EU firms (2025).
BTOS, EU ICT-Firm | February e Decomposition attributes 55% of adoption differences to compositional effects,
survey. 2026 with occupation, industry, and firm size playing a more important role than
demographics. Yet, an important share of the overall US-European adoption gap
remains unexplained by these factors; there is robust evidence management
practices are strongly associated with Al adoption among firms.
Crane et al. | Meta-analysis of 16 | 2023 - | USA o Except for 2 surveys, incl. BTOS (firm adoption of <5%), Al adoption among
(2025) surveys on Al adoption | mid-2024 firms clusters between 20-40%. All surveys show adoption growing rapidly.
in the USA, with ¢ Almost all the firm-level surveys only ask about Al adoption in general. Firm-
varying definitions level adoption may be measured as quite low or fairly high depending on the
question asked and weighting used. Employment weighting and the phrasing of
the question closes much of the gap.
Davies et | The share of formal | 2026 USA, o Al adoption is reported at approximately 40 percent for the United States.
al. (2026) firms with five or more Kenya, e In emerging markets, Al adoption ranges from around 10-20 percent (Thailand,
Thailand, Mexico) to around 40 percent (Kenya, Nigeria).
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Author Time Geography  Findings
employees using any Mexico,
Al technology Nigeria
Eurostat Enterprises with 10+ | 2025 European e 20% of enterprises in 2025 reported using Al technologies.
(2026) employees and self- Union e The share of large enterprises using Al stood at 55%, compared to 17% for small
employed  reporting enterprises.
use of Al technologies
OECD Businesses with 10+ | 2020-2024 | OECD e From 2020-2024, the share of businesses using Al increased from 5.6% to 14%.
(2025) employees using Al Member This is below mature digital technologies (cloud computing, >50% in 2024).
countries e Al adoption is lower among SMEs (10-49, 11.9% | 50-249, 20.4%) than large
firms (>250, 40%). Younger firms (incl. start-ups) have a higher tendency to use
Al Al adoption is concentrated in ICT and professional services.
e Most productive firms have higher rates of adoption.
e Among SMEs using Gen Al, only 29% use it in their core activities, aiding
operations without radically reshaping production processes.
Yotzov et | Survey among 6,000 | November | US, UK, | e 69% of firms actively use AI, with higher usage rates at younger, more
al. (2026) senior business | 2025— Jan | Germany, productive, and higher paying firms.
executives at firms 2026 Australia

Table 6C: Studies on AI adoption by firms — based on surveys by practitioners (consultancies)

Author
McKinsey
(2025)

tenures. 38% work for organiz-
ations with >US$1 billion in

annual revenues.”

‘ Unit ‘ Time ‘ Geography ‘ Findings
1,993 firms from all regions, | June-July Global (105 | e Reported use of Al in at least one business function increased from
industries, firm sizes, | 2025 countries) 20% (2017) to 88% (2025). Usage of Gen Al increased from 33%
functional specialties, and (2023) to 79% (2025).

e For most organizations, Al use remains in pilot phases. Larger
companies lead the way in scaling beyond pilots.

! Gommers et al. (2026), Hernstrom et al. (2025), Lang et al. (2023).

ii Studies estimate that roughly half of individual Al usage is work-related, and half is for other purposes. Bick et al. (2024), Hartley et al. (2025),
Barrero et al. (2025), Sidoti and McClain (2025) and Bloom and Makridis (2026), as cited in Yotzov et al. (2026). Additional metrics are available
via Stanford Digital Economy Lab (N.A.): https://digitaleconomy.stanford.edu/project/indicators/adoptionmonitor/

iii Additional details on the methodology are available in Misra et al. (2025).

¥ To adjust for differences in response rates, the data are weighted by the contribution of each respondent’s nation to global GDP.
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