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FinTech firms compete on innovation, yet innovation alone does not explain which firms sustain advantage: 
many launch products that incumbents or rivals copy within months. This paper argues that data analytics 
capability (DAC), the organisational capacity to acquire, process and act on data, is the resource that makes 
FinTech innovation both faster and harder to imitate, and that regulatory sandboxes amplify the advantage 
innovation confers by lowering the cost of experimentation. A research model with DAC as an antecedent of 
innovation, innovation as a mediator to competitive advantage, and sandbox participation as a moderator 
is examined in a simulation of 400 FinTech firms. DAC has a standardised effect of 0.79 on innovation; 
innovation carries 0.47 to competitive advantage and DAC a direct 0.40, so that DAC’s total effect (0.77) is 
split almost evenly between the innovation route and the direct route; the sandbox–innovation interaction 
is 0.26, meaning innovation yields more advantage for sandbox participants. The paper interprets DAC as 
a dynamic capability, discusses why its direct effect persists beyond innovation, and derives implications 
for FinTech strategy, for incumbents and for regulators designing sandboxes.
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Introduction
FinTech firms have transformed payments, lending, 
wealth management and insurance by combining digital 
technology with financial services, and their rise has been 
attributed to innovation: new products, new channels 
and new business models that incumbents were slow 
to match [1],[2]. Innovation, however, is a necessary but 
weak explanation of advantage. Products can be copied, 
interfaces imitated and models replicated; the firms that 
sustain advantage do something that competitors cannot 
easily reproduce.

The resource-based and dynamic-capabilit ies 
perspectives locate sustained advantage in resources that 
are valuable, rare and hard to imitate [3], [4]. For FinTech, 
the candidate resource is data analytics capability: the 
combination of data assets, analytical technology, skills 
and data-driven decision processes that allows a firm to 
learn from its customers faster than rivals and to embed 

that learning in products [5], [6]. DAC both generates 
innovation, by revealing opportunities, and protects it, by 
making the innovation’s performance depend on data and 
models competitors lack.

Regulation shapes the return to innovation. Regulatory 
sandboxes allow firms to test products with real customers 
under relaxed requirements, lowering the cost and time of 
experimentation. Sandbox participants should therefore 
convert a given level of innovation into more advantage. 
This paper models these relationships, examines them in 
simulation, and derives implications for FinTech firms, 
incumbents and regulators.

Theoretical Background

FinTech innovation and competitive advantage
Studies of FinTech characterise its innovation as 
recombinant, applying technologies developed elsewhere 
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to financial services [1], [2]. Advantage from recombinant 
innovation is fragile unless supported by complementary 
assets. Research on FinTech performance finds that scale, 
customer data and analytical sophistication distinguish 
survivors from the many entrants that fail.

Data analytics capability
DAC has been conceptualised as a bundle of tangible, 
human and intangible resources [5] and shown to relate 
to firm performance through dynamic capabilities [6]. In 
financial services, where products are information goods, 
DAC is particularly central: pricing, risk, personalisation 
and fraud control are analytical functions, and a firm’s 
DAC determines how well it performs them.

Regulatory sandboxes
Sandboxes have been introduced by regulators to permit 
controlled experimentation [7]. Evidence suggests that 
participation accelerates product launch and improves 
access to funding. In the model, sandbox participation 
lowers the cost of converting innovation into market 
position, which raises the advantage a given innovation 
confers.

Why DAC should have a direct effect
Innovation is an event; advantage is a condition that must 
be maintained. Between launches, a FinTech product’s 
performance relative to rivals depends on the continuous 
analytical work that sets its prices, screens its customers, 
detects its fraud and tunes its experience. This work is 
not innovation in the sense of new products, but it is the 
reason one firm’s lending product has lower losses than 
another’s identical-looking one. DAC therefore affects 
advantage through two routes: the discrete route, in 
which it generates innovations, and the continuous route, 
in which it makes existing products perform. The model 
specifies both so that the direct effect can be estimated 
separately from the mediated one, and the simulation 
examines whether the two routes are of comparable size 
under plausible parameters.

Imitability
The dynamic-capabilities view holds that advantage 
persists where the underlying capability is causally 
ambiguous and path-dependent [4]. DAC has these 
properties: it accumulates through data history, through 
the integration of analytics into decision routines and 
through tacit skill, none of which can be purchased quickly. 
Products, by contrast, are observable and reproducible. 
This asymmetry is the reason the model treats DAC rather 
than innovation as the strategic resource, and the reason 
its direct effect should be expected to persist where 
innovation’s effect decays.
Research Model
For FinTech firm i, DAC drives innovation N, and innovation 
and DAC drive competitive advantage A, with sandbox 

participation S moderating the innovation effect and scale 
K as a control:

N = a·DAC + u1, A = b·N + c′·DAC + g·S × N + k·K + u2. (1)

Hypotheses: H1, DAC raises innovation (a > 0); H2, 
innovation raises competitive advantage (b > 0), so DAC 
has an indirect effect ab; H3, DAC has a direct effect 
on advantage beyond innovation (c′ > 0); H4, sandbox 
participation strengthens the effect of innovation on 
advantage (g > 0).

Simulation Design
The harness generates 400 firms with DAC and scale 
uniform on [0, 1] and sandbox participation for half. 
Innovation is 0.2 + 0.5 DAC with noise; advantage is 0.2 + 
0.4 N + 0.2 DAC + 0.15 S × N + 0.1 K with noise. Standardised 
regressions estimate the paths; the indirect effect is the 
product of the DAC–innovation and innovation–advantage 
coefficients. Parameters are design values encoding the 
hypotheses.

Results

Mediation
DAC has a standardised effect of 0.79 on innovation (H1). 
Innovation has an effect of 0.47 on advantage (H2) and 
DAC a direct effect of 0.40 (H3), controlling for scale. The 
indirect effect of DAC through innovation is 0.37 and 
its total effect 0.77: the innovation route and the direct 
route are of similar size. DAC is thus both the engine of 
innovation and a source of advantage independent of it.

Moderation by sandbox participation
In the moderated model (R² = 0.76), the sandbox main 
effect is 0.41 and the sandbox–innovation interaction 
0.26 (H4): innovation yields more advantage for sandbox 
participants. Figure 1 shows the two regression lines; 
the sandbox line is steeper and lies above throughout, so 
that participants obtain more advantage at every level of 
innovation and the gap widens as innovation rises.

Figure 1: Competitive advantage against innovation intensity for 
sandbox participants and non-participants.
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Interpretation
The direct effect of DAC captures what innovation does not: 
the ongoing analytical performance of products already 
launched. A lending product’s advantage depends on the 
credit model behind it, a payments product’s on its fraud 
control, a wealth product’s on its personalisation, and 
these depend on DAC continuously. Innovation creates the 
product; DAC makes it perform and keeps it ahead. The 
sandbox interaction captures the conversion efficiency: 
with lower experimentation costs, more of an innovation’s 
potential reaches the market.

Sensitivity
The split between DAC’s indirect and direct effects depends 
on the coefficients: a larger innovation coefficient shifts 
weight to the mediated route, a larger direct coefficient 
to the continuous route. The sandbox interaction’s size 
depends on how much experimentation costs constrain 
conversion of innovation into position; in jurisdictions 
where experimentation is already cheap, the interaction 
would be smaller. The structural conclusions, that DAC 
drives innovation, that it retains a direct effect, and that 
sandboxes raise the return to innovation, follow from 
positive values of a, c′ and g respectively and do not depend 
on the magnitudes.

Scale as a control
Scale contributes 0.16 to advantage in the moderated 
model, smaller than either DAC route. In practice scale 
and DAC are correlated, since larger firms have more 
data, and the simulation’s independent draw understates 
scale’s apparent contribution. The model’s claim is not that 
scale is unimportant but that its benefit operates partly 
through DAC, which field studies should examine by testing 
whether scale’s effect is mediated.

Implications

For FinTech firms
Firms should treat DAC as the strategic investment and 
innovation as its output. Data acquisition, analytical 
talent, modelling infrastructure and data-driven decision 
processes are the assets that competitors cannot copy 
quickly; products are. Firms that pursue innovation 
without building DAC will launch products that perform 

no better than imitations and will lose the advantage as 
rivals catch up.

For incumbents
Incumbents often possess data assets that exceed FinTech 
firms’ but lack the analytical processes to exploit them. The 
model implies that their path to advantage runs through 
DAC, specifically the human and process components, 
rather than through matching FinTech products one by 
one. Partnerships that combine incumbent data with 
FinTech analytical capability are consistent with this logic.

For regulators
The sandbox interact ion implies that sandboxes 
raise the return to innovation, which encourages it. 
Regulators should recognise that the benefit accrues 
disproportionately to firms with the DAC to exploit 
experimentation, and should consider complementary 
measures, such as data-access frameworks, that build DAC 
across the sector so that sandbox benefits are not confined 
to the already capable.

For research
The model’s propositions are testable with firm-level data 
on DAC (survey or proxy measures such as data-science 
headcount and model deployment counts), innovation 
(product launches, patents), advantage (growth, margins, 
market share) and sandbox participation (regulator 
records). The mediation and moderation structure 
requires samples of a few hundred firms, which FinTech 
directories make feasible.

Building DAC
The components of DAC that FinTech firms most often lack 
are not technology but process and talent: the integration 
of model outputs into decisions, the governance that 
keeps models valid, and the skills to interpret analytics 
in business terms. Investment should be sequenced 
accordingly, beginning with data foundations and 
governance, then analytical talent, then the decision 
processes that consume analytics. Firms that invest in 
technology first often accumulate models that are not 
used, which is DAC in appearance only.

Advantage over time
The simulation is cross-sectional, but the argument is 
dynamic. Innovation’s contribution to advantage should 
decay as rivals imitate, while DAC’s direct contribution 
should persist and compound as data accumulate. 
Longitudinal data on FinTech cohorts would show whether 
the firms that sustain advantage are those with high DAC 
rather than those with the most launches, which is the 
model’s central empirical prediction.

Data access and competition policy
Because DAC depends on data assets, and data assets 
accumulate with customer base, the model implies 

Table 1: Standardised path estimates from the simulated FinTech 
sample (400 firms)

Path Hypothesis Estimate

DAC → innovation H1 0.787

Innovation → competitive advantage H2 0.465

DAC → competitive advantage (direct) H3 0.403

Indirect effect of DAC via innovation H1–H2 0.366

Total effect of DAC — 0.769
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a tendency toward concentration: firms with more 
customers build more DAC, innovate more and perform 
better, attracting more customers. Open-banking and data-
portability regimes counteract this by giving smaller firms 
access to customer data held by larger ones, which raises 
the data component of DAC across the sector. Regulators 
pursuing competitive FinTech markets should view such 
regimes as complements to sandboxes, addressing the 
capability side as sandboxes address the experimentation 
side.

Limitations
The harness encodes the hypothesised structure and 
demonstrates its implications rather than testing 
it. Competitive advantage is a single index; sandbox 
participation is assigned randomly, whereas in practice 
firms self-select; and dynamic effects, such as the erosion 
of advantage over time, are not modelled. All reported 
values are simulation outputs.

Conclusion
Data analy t ics capabilit y is the resource behind 
sustained FinTech advantage: it generates innovation 
and, independently, makes products perform, with the 
two routes of similar size in simulation, and regulatory 
sandboxes raise the advantage that innovation confers. 
FinTech firms should invest in DAC as the source of their 
innovation and its defence, incumbents should build 
analytical processes around the data they already hold, 
and regulators should pair sandboxes with measures that 
spread the capability to use them.
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