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Abstract: What characteristics of fintech lending platforms improve access to funding and increase
financial inclusion? We build a computational model of platform lending that is used to study the
endogenous loan network formation process on the platform. Given the multidimensional nature of
financial inclusion, we address what factors influence the number of loans, the level of investment/debt,
and how those relate to the distribution of investment/debt across agents. We find that platform
scale and SME reach are essential in determining the number of loans on the platform. However,
the willingness to accept risks is the main driver behind the value of those loans. We also find that
increased platform scale, high-risk thresholds, and low-interest rates lead to more evenly distributed
investments. Moreover, we find that large platforms help increase diversity and lead to a more evenly
distributed power among peers. We conclude that digital platforms increase financial inclusion,
helping to foster investment and achieve a more egalitarian allocation of resources. These results
can guide new theory development about the impact of P2P lending on inequality as well as help
platforms to promote financial inclusion.

Keywords: fintech; digital platform; Peer-to-Peer lending; digital financial service; network structure;
agent-based model

1. Introduction

A lending platform is a new digital platform business model [1,2] that challenges
bank incumbents because it provides an alternative to traditional bank loans. Instead of
borrowing from a single bank, SMEs and entrepreneurs borrow from several sources
through the platform. Lending platforms create two-sided platform markets that facilitate
matching borrowers and lenders.

Borrower firms have investment opportunities but may lack funds (liquidity), while
lenders have the liquidity to lend to borrowers as an investment that earns interest. Loans
on the platform create a loan network, in which the nodes are SMEs (agents), and the links
are loans. Network formation is crucial in a lending platform because the agent features
key to matching (investment opportunities and liquidity) are not fixed. Over time, firms
may come up with investment ideas and seek funds, or they may get access to liquidity
and seek to provide loans to earn income.

One of the main objectives of this research is to understand this endogenous loan
network formation on the platform and its implications. How egalitarian is the network
when each SME pursues its own interest? What network features influence the allocation
of investment? In this work, we aim to study financial inclusion understood as how
investment and loans are distributed in the network based on multiple interconnected
factors, such as size, risk, or network topology.

To do so, we build and simulate an agent-based model of endogenous network forma-
tion that represents the SME interactions on a P2P lending platform. We pay attention to
“governance tools”, such as platform size, availability of insurance or risk curation, that the
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platform can use to influence the network formation process (number of loans, average in-
vestment, distribution of debt, and others). Those metrics provide a multidimensional view
of financial inclusion, considering barriers, usage, and access to funding [3] at the platform
level. Although the study of inequality using computational methods is not novel [4,5],
to the best of our knowledge, no previous work has addressed financial inclusion in P2P
networks. Modeling the effects of platform lending on financial inclusion is crucial, given
the fintech promises of democratization of access to funding.

We find that larger platforms facilitate access to financing, leading to a more equal
distribution of investment. Moreover, risk and interest rates are also key determinants of
financial inclusion. In a period of low interest rates, lending platforms may appear more
inclusive than in a period of high interest rates. Another factor that helps financial inclusion
is the possibility of offering in-platform insurance that may reduce the risk of some SMEs,
which would allow them to access funding. Finally, we find that bigger platforms tend to
be less tight-knit and have fewer central players, which makes them more resilient.

The following section reviews related literature. The model is presented in Section 3,
followed by simulation results and discussion.

2. Materials and Methods
2.1. Literature Review

Fintech adoption, driven by unmet needs [6], is transforming the financial services
industry [7,8]. This research focuses on platform lending, or P2P (platform) lending, an
important theme within the vast fintech landscape. We provide a background on platform
lending and then connect it with financial inclusion issues.

2.1.1. Platform Lending

Platforms lending refers to digital platforms that provide fast and convenient access
to loans for borrowers and a new investment opportunity for lenders. Platform lending
is a type of fintech lending [9]. Ref. [10] defines fintech lending as using technology to
provide lending products that improve the customer experience or the lenders’ screening
and monitoring of borrowers.

P2P lending is sometimes called debt crowdfunding or crowdlending [11], a type of
crowdfunding [12,13]. In this context, platforms are essential because they help internalize
several externalities across and within groups [14].

Ref. [15] provides an early comprehensive survey on P2P lending. They attempt a classifi-
cation of platforms (e.g., general vs. niche, for-profit vs. not-for-profit, for personal vs. business
loans, trading mechanisms), open research issues (pricing of loans, risk management, privacy,
and personalization), and research approaches (economics vs. data-driven). Many data-
driven papers focus on predicting borrowers’ default risk [16–18] and credit scoring [19].
However, researchers must pay more attention to their models’ goals, explainability, and
interpretability [20].

Another review article finds that the literature is skewed towards the US and China,
and the use of AI techniques is increasing [21]. They identify an intense debate about
platform regulation and a need to understand the interaction between platform lending
(alternative finance) and traditional finance [22] argues that P2P lending is fundamentally
complementary to, and not competitive with, conventional banking.

However, there is little research focusing on platform lending for SMEs. SMEs and
entrepreneurs can use platform lending to start and grow ventures [23]. Ref. [24] uses an OECD
dataset to show that P2P lending platforms increase SMEs’ access to finance. It recommends
that SME managers should make more use of P2P lending platforms. However, P2P lending
brings new regulation challenges [25]. Ref. [26] studies marketplace lending for SMEs and
finds that platforms should offer simple ratings to influence investor behavior. Refs. [27,28]
conducted a case study of Tuodao, one of China’s leading P2P lending platforms, to
understand how to develop a digital platform. They propose a three-stage sequential
qualitative process: leverage partnerships, subsidize lenders, and facilitate borrowers.
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Moreover, social networks play an important role in P2P lending [29,30]. Ref. [31] finds
that borrowers with social ties are more likely to have their loans funded and receive lower
interest rates, but they are also more likely to pay late or default. Similarly, Ref. [32] studied
a Korean P2P lending platform for individuals, finding evidence of herding behavior.
Ref. [33] studies how lenders change their decisions as creditworthiness inference becomes
increasingly possible through the accumulation of transaction history. They find that
lenders seek the wisdom of crowds when information on creditworthiness is limited but
switch to their judgment in the presence of more market signals [34] comparing first-time
and repeated borrowing behavior. In this regard, previous evidence highlights that it is
essential to consider not only customer behavior, but also network aspects, as we do in
our model.

2.1.2. Financial Inclusion and Platform Lending

According to the World Bank, financial inclusion means that individuals and busi-
nesses have access to useful and affordable financial products and services (transactions,
payments, savings, credit, and insurance) that meet their needs, delivered in a responsible
way [35]. Financial inclusion is a crucial enabler of poverty reduction and inclusive growth.
The research interest in financial inclusion is growing [36,37], including the construction of
country-level financial inclusion indexes [38].

Ref. [3] considers three dimensions of financial inclusions: access, usage, and barriers.
Access is a supply-side dimension measured by the availability of access points to financial
services, e.g., ATMs, bank branches, and others. Usage and barriers are demand-side
dimensions. Barriers to inclusion, such as affordability, distance, and lack of trust, drive
involuntary exclusion from financial services. The authors construct a composite financial
inclusion index. The degree of financial inclusion is positively correlated with a coun-
try’s economic development (GDP growth), education, and stability and efficiency of the
financial system.

The literature provides several encouraging findings about the relationship between
fintech innovation and financial inclusion. Digital technologies reduce the cost of financial
intermediation, creating an opportunity for broadly shared welfare benefits, but changes
in policy/regulation may be necessary to achieve the full benefit [39]. Ref. [40] posits that
fintech is the key driver for financial inclusion, which drives sustainable development.
Ref. [41] discusses the importance of digital-based financial inclusion in international
development interventions. Ref. [42] defines financial inclusion as the access to and use of
financial services by individuals or firms and finds that digital financial services increase
financial inclusion. Ref. [43] finds that financial inclusion is a crucial channel through
which fintech reduces income inequality, while [44] proposes a theory linking financial
inclusion to income inequality. Ref. [45] underscores the importance of financial literacy in
the era of fintech and digital financial inclusion. Ref. [46] discusses how blockchain may
help resolve challenges of financial inclusion in India. Mobile money is the most impactful
fintech innovation increasing financial inclusion in Africa [47]. Fintech firms can serve
the unbanked or those in remote locations, but a supportive public policy is needed [48].
Ref. [49] finds that banking digitalization has not substantially improved financial inclusion
in India. Moreover, a good understanding of user behavior is key to increasing financial
inclusion through fintech [50], as user behavior changes when P2P lending platforms use
AI technologies, such as robo-advisors [51]. However, risks to financial inclusion remain
due to unequal access to digital infrastructure, digital financial fraud, and potential biases
are amplified by data and analytics.

If we focus on P2P lending, current research emphasizes several potential benefits.
Ref. [52] investigate how P2P lending enhances financial inclusion in the US. Ref. [53]
explores how a lending platform can fight poverty in India. Using an analytical model of
P2P lending, [54] considers altruistic investors’ effects on financial inclusion.

However, platforms intended to promote access to finance do not necessarily lead
to desirable economic and social outcomes. Ref. [55] finds that formal finance exerts a
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crowding-out effect on the P2P lending market, explaining failures in China’s P2P lending
industry. Platform default risk may increase due to intense competition (Yoon et al. 2019)
or a gap between lender preferences and platform offerings [56].

Several studies find bias in lending [57,58]. Other research finds that P2P lending
does not equalize economic opportunities globally, rejecting a flat-world hypothesis [59].
Over-indebtedness aggravates poverty and is a potential unintended consequence of a push
to increase financial inclusion in Africa [60]. Ref. [61] shows that crowdfunding provides
higher benefits in wealthier countries with higher levels of education, thus exacerbating
inequalities. Ref. [62] finds that lending platforms should function as gatekeepers of social
impact and cannot outsource social impact evaluation to retail investors. Overall, those
studies are relevant to inequality and financial inclusion issues in the context of platform
lending. However, there is a need for computational modeling research that will clarify the
mechanisms behind those effects.

2.2. Computational Model

We build an agent-based computational model of a lending platform for SMEs. Agent-
based modeling is a powerful method with many applications in business [63–67] and
computational economics research [68–70]. One of their advantages is the possibility of
addressing complex frameworks with different interrelated dynamics that are normally
studied in isolation. In the case of financial inclusion and P2P lending, and to the best of our
knowledge, no work explicitly considers corporate inequality, patterns of local interaction,
and asymmetric information and risk.

Our agent-based model considers the behavior of N agents representing SMEs on a
P2P lending platform, where N is the scale of the platform. At each iteration, some SMEs
will find investment opportunities while others will obtain liquidity that can invest in
peers’ projects. This assumption aims to reproduce the fact that, at a specific point in time,
some SMEs have idle resources while other need investment. Once an SME has found an
investment opportunity, it will invest its idle liquidity (if any), but if that is not enough, it
will ask for more resources from its peers on the P2P platform, who will only lend it money
if the return is greater than or equal to the market return. This assumption is intended to
represent the fact that there is always an external opportunity, and SMEs may prefer to use
their idle liquidity elsewhere. At the end of each iteration, each SME calculates its total
assets as the sum of its initial assets, plus the income it earns as a lender, and its liabilities
(sum of its debts as borrower). Then, the platform calculates the SME risk metric for each
SME. Figure 1 shows the model flowchart.

Moreover, the platform may offer an insurance product. When insurance is available,
if at some point in time, a borrower becomes riskier than when the loan contract was signed,
the lender may contract insurance with another peer on the platform [71]. In our analysis,
we compare insurance and no insurance cases to explore the impact of insurance on the
platform’s performance.
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SMEs Characteristics

However, not all SMEs are equal. We assume SMEs are heterogeneous in three
dimensions: resources, reach, and riskiness.

To represent prior inequalities that may exist before participating on the lending plat-
form, we assume each SME possesses some assets, which are log-normally distributed (with
µ = 1, σ = 0.5). This assumption allows us to reflect “corporate inequality” that, in
recent years, has attracted the attention of researchers given that the gap between the most
productive firms and the rest is growing [72].

Additionally, each SME can reach only a subset of other SMEs on the platform. This
assumption allows us to consider patterns of local interaction [73]. Intuitively, firms tend
to interact with those that are close to or those they know. Platforms play a significant
role here by controlling the interactions among firms using tools such as recommendation
systems. In our work, we consider this feature by assuming that the size of the subset is
equal to the SME reach, defined as a percent of platform scale N. In our experiments, the
SME reach ranges from 10% to 100%. The SME reach reflects the quality of the platform’s
recommendation and matching technology. As the quality of platform technology improves
over time, the SME reach increases. The SME reach plays a crucial role in our analysis
because it limits the set of peers with whom a SME can transact (lend or borrow). Intuitively,
with 100% reach, it is possible to find the best match between lenders and borrowers, but
pairs may be suboptimal with lower reach values.

We also assume each SME has a different risk threshold that reflects the level of risk
the SME is willing to accept and limits the agent’s exposure to other SMEs. Moreover, the
platform can impose a maximum risk threshold as an instrument for screening SMEs (a
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kind of curation). For example, if the maximum risk threshold is 70%, only lower than 70%
risk threshold SMEs will be active on the platform. In other words, the platform will not
allow firms to expose themselves to risky SMEs above the maximum risk threshold.

In particular, an SME will only consider giving loans to SMEs that have a risk lower
than the SME’s risk threshold. The SME’s risk threshold is randomly distributed between
0 and X, where X ∈ [0.5; 0.7; 1] is the maximum risk threshold set by the platform (a
conceptually similar application is found in opinion dynamics, see [74]). Because of the
inherent information asymmetry, lenders rely on information about the borrowers that the
platform provides. Thus, the platform calculates and publishes each SME’s risk, defined as
the SME’s total assets over its liabilities.

Table 1 summarizes key model attributes.

Table 1. Selected platform and SME (agent) model attributes.

Platform Attributes
Platform Scale N Number of agents (SMEs) on the platform

SME Reach R % of other agents reachable by an SME

Maximum Risk Threshold X Maximum loan risk allowed on the platform

Insurance The platform may offer an insurance product

Loans {Lij}
Set of all loans created on the platform (a
loan is from agent i to agent j)

SME (agent i) attributes

Investment opportunity
An agent may come up with an investment
idea during the simulation, and may need to
borrow through the platform

Liquidity
An agent may acquire liquidity during the
simulation, which may be given to another
agent as a loan that earns income

Risk threshold ri
Maximum risk the agent i is willing to accept
as a lender

SME Risk Metric
(Platform calculates and makes
visible to all agents on the
platform)

RMit
Riskiness of agent i as a borrower in period t
(TotalAssetsit/TotalLiabilitiesit)

3. Results

Financial inclusion refers to the possibility of accessing financial products on equal
terms. However, defining financial inclusion is easier than measuring it, as it involves
numerous dimensions. Therefore, to provide a multidimensional view of financial inclusion
in the form of access to funding (loans) at the platform level, our computational experiments
focus on the platform’s performance in terms of number of loans, average loan interest rate,
average investment, distribution of debt and investment, and network characteristics.

We explore the performance of the platform under various scenarios. We run three
sets of scenarios for platform scale N equal to 50, 100 and 150 firms (SMEs). We considered
the number of firms fixed for simplicity. Considering a market with endogenous entry
may enrich the model, but the basic dynamics can be difficult to detect. The interest rate
of the external market is exogenously determined, ranging from 0.5% up to 8.5% in steps
of 0.5 percent points. We make this assumption for simplicity too. Intuitively, interest
may vary depending on who lends and borrows, but to capture the essence of how the
endogenous network formation leads to specific distributions of debt and investment, we
assume interest is constant and exogenously fixed. The SME reach will range from 10%
to 100%. In each iteration, at most 5% of all the agents find an investment opportunity
(log-normally distributed with µ = 0, σ = 1) and another 5% of agents obtain liquidity
(a maximum of 30% of their current assets). In all cases, we let the firms interact for
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100 periods, which is enough to reach a stationary state in all the simulations. For each
combination of N and SME, we run 100 simulations to mitigate any stochastic noise. The
results presented hold for other parameter combinations that we tested.

3.1. Number of Loans, Average Interest and Investment

The larger the number of SMEs participating on the platform or the greater their reach,
the more loans are generated (Table 2). This reflects the power of network effects, which
are fueled by the total number of SMEs, or by increasing their exposure to other peers. This
is a fairly intuitive result that shows us that the model behaves reasonably and highlights
a first insight. Size matters. However, it says little about how that translates into a more
egalitarian distribution of investment or debts, although as we will see in the next section,
it has relevant implications.

Table 2. Average number of loans (= lending network links) per case. Standard deviation in parenthesis.

Risk Threshold (%) and SME Reach
Platform Scale (N)

50 100 150

Risk Threshold: 0.5

0.1 37.90 (5.03) 99.29 (9.08) 160.62 (12.79)

0.2 53.21 (7.68) 113.69 (12.70) 172.82 (15.72)

0.4 56.66 (9.40) 115.52 (13.70) 173.78 (16.27)

0.6 56.97 (9.54) 115.58 (13.10) 173.55 (16.46)

0.8 57.12 (9.36) 115.46 (13.82) 173.78 (16.05)

1 56.78 (9.27) 115.84 (13.02) 174.02 (16.67)

Risk Threshold: 0.7

0.1 39.83 (5.44) 104.75 (9.99) 170.87 (14.55)

0.2 57.40 (8.76) 122.61 (13.99) 185.97 (18.12)

0.4 61.20 (10.35) 123.97 (14.93) 186.92 (18.86)

0.6 61.22 (10.78) 124.63 (15.18) 187.00 (18.55)

0.8 60.88 (10.62) 124.93 (15.90) 187.11 (18.79)

1 61.37 (10.75) 124.00 (15.50) 185.67 (18.46)

Risk Threshold: 1

0.1 40.84 (5.61) 108.85 (10.49) 178.80 (15.10)

0.2 59.72 (9.18) 129.09 (15.16) 195.90 (20.00)

0.4 64.73 (11.38) 131.73 (16.35) 197.66 (20.32)

0.6 64.81 (11.79) 131.81 (17.12) 198.09 (20.36)

0.8 64.57 (11.67) 132.26 (16.70) 197.35 (21.00)

1 64.64 (11.73) 132.36 (16.68) 197.76 (21.16)

We also considered three different risk thresholds, although they play an insignificant
role. In all cases, there is no significant difference between the number of loans at different
risk thresholds. This suggests that SMEs can always find a partner. In other words, the
number of loans is not an indicator of how well the fintech platform performs. In this
sense, we have no way of knowing how optimal this match is. However, if we continue
to lower the threshold, it is likely that most loans will be blocked due to their inherent
risk of loans at some point. Nonetheless, as we observe, risk thresholds do not influence
the number of loans for moderate levels. This result reinforces the necessity of looking
at multiple dimensions when addressing the impact of fintech platforms because their
aggregate number of transactions says little about their performance.

If we pay attention to interest rates, in all cases, the average lending rate on the
platform converges to the external market interest that we initially assumed. Intuitively,
a Bertrand solution emerges because SMEs choose to invest in their peers or outside the
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platform, and there is no other differentiation (Figure 2). This result is also due to the
assumption that an SME cannot influence the external market interest. Consequently, it
allows us to address the isolated effect that governance tools (such as curation) have on
financial inclusion.
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Although neither the number of SMEs nor their reach influence the market interest, they
impact the investment level. Previously, we argued that looking at the number of loans only
was not enough to understand the impact of fintech platforms. If we look at the investment
level generated by those loans, we observe that a key variable is risk. As we observe in
Figure 3, the higher the risk threshold, the higher the investments. Similarly, as we increase
the number of SMEs or their reach, there is a small increase in the investment levels. However,
it is the risk threshold that has the greatest impact. Previously, we observed that the risk
threshold had little impact on the number of loans, but now we observe that it affects the
average investment. This suggests that a higher platform threshold (less screening) could
be positive. Other research on seller curation on platforms highlights a similar insight using
an analytical model [75].

This result implies that trust in peers is key to fostering platform growth because
SMEs will be willing to take large risks to support other peers. Current empirical evidence
highlights that SME attitudes toward equity financing are directly related to trust [76]. This
statement is best represented on the right-hand side of Figure, where we observe how the
increase in the risk threshold implies that the ratio between the number of loans and the
number of insurance contracts decreases. In other words, these large risks taken are also
compensated by the signing of insurance contracts on the platform. Relatedly, the level of
exogenous interest has an impact on this ratio. As we can see in Figure 4, the ratio is slightly
higher at higher interest levels. This is a consequence of the risks being partially offset by
higher profitability, which reduces the need to take out insurance. These results show that
risk thresholds and interest rates have a major role in SME funding in a lending platform by
influencing the level of the investment and the kind of contract signed. However, our initial
question remains: Is the creation of this additional investment or loans evenly distributed
among peers or concentrated in those with more assets or better investment opportunities?
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3.2. Financial Inclusion: Distribution of Debts and Investment and Network Characteristics

Figure 5 shows that as platform scale or SME reach increases, debts and investment be-
come more evenly distributed among peers, as measured by the Gini index [77]. This result
suggests that the bigger lending platform facilitates more inclusive access to funding.

Nonetheless, it is interesting to highlight that the number of SMEs is not the lead-
ing force in driving the market towards a more egalitarian distribution of investments.
As we have seen previously, risk thresholds and the exogenous market interest rate play a
significant role in different dimensions.

It is surprising that at lower interest rates, the distribution of investment is more
egalitarian. This suggests that monetary policies that influence interest rates may uninten-
tionally impact lending platforms. Moreover, the macroeconomic environment matters
when studying lending platforms. In a period of low interest rates, lending platforms may
appear more inclusive than in a period of high interest rates.
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We also find that introducing insurance reduces inequality compared to the no-insurance
case (Figure 6). Therefore, more diverse P2P platforms that offer a variety of contracts or
financing solutions may lead to a more egalitarian distribution of investments. However,
platform scale and SME reach matter. When there are just a few SMEs, and their reach is
low, then insurance does not matter. As we increase the number of SMEs or their reach,
we observe a significant drop in the Gini index. This is analogous to the phenomenon
found in social networks regarding the Hirsch index [78]. Nevertheless, such an effect is
not apparent in terms of investments. In conclusion, insurance allows for a more egalitarian
distribution of debts, but it does not affect the allocation of investment resources.
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We would like to know more about the characteristics of the endogenously created
lending network to understand what happens on the platform. We use two useful network
metrics, distribution of betweenness and average clustering, depicted in Figure 7. We ana-
lyze the network in two cases, with and without insurance contracts. Note that insurance
contracts create a new insurance network that consists of all the insurance links.

We observe that either increasing the platform scale or increasing the reach implies that
centrality is more evenly distributed. Intuitively, it implies that, in larger networks, some
peers are less likely to become central or essential to the network. Instead, larger networks
tend to distribute the relevance of each peer more evenly. This result complements what we
have observed in the previous figures and highlights that evenly distributed opportunities
may also be a consequence of this spontaneously emerging network topology. Moreover,
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allowing insurance contracts strengthens these effects. Indeed, the insurance role seems to
be more relevant than the number of SMEs or their reach.
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As we increase the number of firms, we would expect the average clustering to increase.
However, that only happens when the reach is small (10%). In the rest of the scenarios, we
observe that either increasing the number of firms or their reach reduces the clustering. In
other words, as platform scale increases, the lending network seems to be less closely knit.
The same pattern appears with or without insurance contracts. However, with insurance
contracts, it is more pronounced. Combining both results, we conclude that as platform
scale increases, the communities on the platform are less tight-knit, but the presence of
central players becomes less common.

In Figure 8, we visualize a network of 100 SMEs and SME reach at 40% when insur-
ance is allowed. Although it does not represent all the cases documented in this paper,
it illustrates the network topology, which is likely a crucial driver of the evenly distributed
investment opportunities.
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a node represents its network degree (number of neighbors). (100 SMEs, 3.5% market interest rate,
SME reach at 40%).
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4. Discussion: Limitations and Future Steps

A key limitation of our approach is its complexity, which makes analytical tools un-
suitable to address the problem at hand. However, relying on computation methods creates
other limitations. Given the interconnectedness between several variables, addressing the
role of specific cases requires numerous simulations and exploring large parameter spaces.
This aspect limits the number of experiments that can be carried out despite the apparent
flexibility of the approach. Finally, it is important to impose some restriction on the model
when the problem has multiple interrelated variables, the universe of parameters is large,
and the problem is complex. This self-imposed constraint is to ensure that our ambition
does not introduce errors when building the model, as small errors can inadvertently
influence the results.

Changing some of our research assumptions could be the basis for future research.
First, experimenting with other rules of agent behavior and platform governance could lead
to more insights about network formation and platform performance. Moreover, our setup
is equivalent to having a monopoly platform charging a fixed access fee. Another setup
could consider a platform charging a transaction fee for each loan or platform competition.
In addition, our model has some innovative features, such as the concept of agent reach,
that could be adopted in future research. Another interesting topic to address is the
possibility of SME interacting in more than one unique context (lending), i.e., addressing
multiplexity could enhance our understanding of business relationships among SMEs.
Lastly, our work suggests a potential starting point for future research on decentralized
lending platforms [79] that could facilitate the borrowing and lending of crypto assets, a
theme within decentralized finance (Defi).

5. Conclusions

This research uses a computational modeling approach to contribute to the under-
standing of fintech for SMEs and entrepreneurs. In particular, it builds an agent-based
model of a P2P lending platform to understand the impact of several platform’s character-
istics on financial inclusion measured by different metrics that relate to the distribution of
investment/debts as well as the topology of the loan network.

We summarize research insights, managerial implications, and suggestions for future
research.

5.1. Research Contributions

A key contribution of this research is that we build a computational model that pro-
vides a multidimensional view of financial inclusion in the form of access to funding (loans)
at the platform level. The lending network’s performance is defined by the number of
loans, average loan interest rate, average investment, distribution of debts and investment,
and network characteristics. Intuitively, financial inclusion increases when the number
of loans and the average investment increase, the average loan interest decreases, and
the distribution of debt and investment becomes more egalitarian. In contrast, most prior
research focuses on financial inclusion indexes at a country level [3,38,42].

A crucial insight of this research is that when analyzing P2P platforms, it is essential
to consider the endogenous network creation process determined by platform choices and
SMEs’ behavior. SMEs follow simple rules that drive this process. At the same time, other
external factors, such as liquidity shocks or random discovery of investment opportunities,
influence the network and complicate its analysis. Complex networks and behavior patterns
can emerge from simple specifications.

The primary network formed on the platform is a loan network (loan is a link between
two firms, a borrower and a lender). An insurance network is also formed (insurance is
a link between two firms), when insurance is allowed on the platform. We find stable
networks for both types of networks when simulation runs are completed.
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P2P lending platforms rely on network effects to sustain their operations. However,
network effects are not only fueled by the number of SMEs, but also by increasing the SMEs’
exposure to other peers on the platform.

Interestingly, if the SME’s risk threshold increases, the number of loans does not
change, but the investment levels increase. Investment levels also increase in the number
of SMEs or their reach, but surprisingly not as markedly. This result implies that trust in
peers is key to fostering platform growth because SMEs will be willing to take large risks to
support other peers. Nonetheless, the expansion of the P2P networks has effects beyond the
number of loans or the investment levels. As P2P expands, debts and investment become
more evenly distributed among peers, increasing financial inclusion.

Insurance allows for a more egalitarian distribution of debts, but it has a low impact
on how resources are allocated to investments. In this regard, it is surprising that, at lower
interest rates, the distribution of investment is more egalitarian. This suggests that monetary
policies that influence interest rates may unintentionally impact SME lending platforms.

Finally, we observe that either increasing the network or increasing the reach implies
that centrality is more evenly distributed, and the lending network seems to be less closely
knit. Intuitively, it implies that, in large P2P networks, platforms create less tight-knit
communities, which foster diversity and where the presence of key or central players is
less common.

This research focuses on the non-pricing properties of platforms (platform scale, agent
reach, insurance, or screening). It is crucial to analyze such properties before and beyond
pricing behavior considerations. Moreover, there is relatively little literature on the non-
pricing features of platforms [80–82], and our work adds to that stream.

Our article also highlights the importance of trust in platform lending. This insight
is supported by other articles emphasizing the issue of trust for the success of the plat-
form [83,84]. Moreover, Ref. [85] find that social underwriting by a third-party trustee and
information in the description texts fostering the investors’ trust are the main predictors of
successful funding.

Overall, our work adds to understanding the relationship between fintech, platforms,
and financial inclusion [86,87]. Moreover, we contribute to understanding the social value
of digital platforms [88,89] in financial services.

Connecting our work with platform ecosystems [90,91], we can say that the platform
creates and orchestrates an SME funding ecosystem. This ecosystem is precisely captured
by the loan network (and the insurance network, when present), so we can understand the
ecosystem characteristics as a network (network structure and metrics). The implication for
platforms is that the best way to orchestrate their platform ecosystem is to understand the
network formation process within that ecosystem.

Lastly, methodologically our work demonstrates the value of agent-based modeling in
understanding platform lending as a complex adaptive system. It adds to many other recent
business applications of agent-based modeling [92–94] and other simulation research [95–99].

The Appendices A and B provides additional results and insights. We run experiments
that consider increasing the number of large firms on the platform. We also analyze an
endogenous external market interest rate setup.

5.2. Implications for Managers

This research provides several practical insights for designers and managers of lending
platforms. Platform scale is important to fuel network effects. However, agent reach, which
reflects peer visibility, should not be ignored as it may be equally important.

Our work suggests that a higher platform risk threshold (less screening) could be
positive. Similarly, trust is also essential, as it is an important driver to encourage invest-
ment. In this regard, managers need to keep an adequate level of curation that guarantees
that trust. This trust may increase the risk that peers are willing to take, thus increasing
the investment levels on the platform. One way to support this trust will be by allowing
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them to sign insurance contracts. Insurance helps to build trust, reduce risk, and distribute
debts evenly.

Similarly, depending on the manager’s objectives, the control of interest rates on the
platform may help achieve more egalitarian outcomes, which could help attract more SMEs.
In this regard, increasing the number of SMEs will also make a more resilient network.
As the network grows, managers will observe the agents’ influence on the network become
more evenly distributed. Increased platform scale may also help managers achieve other
objectives, such as more diversity or inclusive opportunities for SMEs and entrepreneurs.

As lending and other fintech platforms seek innovative ideas to compete effectively,
we show that agent-based simulation modeling can provide novel insights into platform
design and innovation. An important recommendation is to analyze the network of SMEs
on the lending platform. Moreover, fintech platforms should consider offering insurance
because such services benefit the lending platform.
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Appendix A. Additional Computational Experiments: Increasing the Number of Large
Firms (LFs)

The main case analyzed earlier assumes a log-normal distribution (µ = 1, σ = 0.5)
of assets among the firms that ensured that asset differences were not extreme. However,
some of the participants in lending marketplaces may be institutional investors or large
firms (LFs) with many assets (deep pockets). How does the presence of LFs affect the
platform performance? To answer this question, we now examine two new cases with
σ = 1 and σ = 2, which we call Large and Extreme, respectively, and compare them with
the Original case.

The inclusion of LFs has an immediate effect on investments and loans. It leads to
higher levels of investment and a lower ratio of loans to insurance (Figure A1). The presence
of LFs facilitates the investment required by other companies, leading to the creation of
more loans and relatively less insurance.

The presence of LFs implies that they can invest in more firms than other players.
This characteristic has two consequences. First, it modifies the distribution of debt in the
network because these LFs can finance more projects than SMEs. Second, firms may get
expelled by these LFs when investing in other peers. Intuitively, a LF can offer all the
financing needed in one loan rather than several loans from small players.

Moreover, although debts are more evenly distributed, the effect on how resources are
allocated (investment) is less clear (Figure A2). In fact, in the Original case with low reach,
we can find more evenly distributed investments than in any other case. These results
suggest that the presence of LFs helps finance different projects, with leads to a more evenly
distributed set of debts. However, if we take into account the debts and own resources, we
observe that LFs do not help distribute the overall investment. In other words, more projects
are financed (more evenly distributed debts), but SMEs keep their resources because they
are expelled by the LFs. They re-invest in their own projects instead of others, which need
not be socially optimal.
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Lastly, the presence of LFs alters the network structure (Figure A3). Counterintuitively,
the presence of LFs does not lead to a network topology in which there are few more central
players. On the other hand, we observe how the distribution of centrality is more uniform
with the presence of LFs. This effect becomes stronger as the platform scale increases.
Intuitively, the presence of LFs allows companies to finance their projects more easily than
when they need to rely on different peers, which implies that they may have free resources
that they can allocate to invest in themselves or others later on. However, when we look
at the average clustering, we observe that the presence of LFs leads to a more closely-knit
network. The lenders of a given firm are more likely to have lending relationships with each
other. In other words, although LFs do not become central, they may create communities
around them.
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Appendix B. Model Extension. External Market Interest Rate Is Endogenous

In this model extension, the interest rate of the external market is determined by a
simple linear function of the available liquidity. This assumes that the platform affects the
external market. Formally, i = a + bLc, where “L” is the total liquidity of the market, with
a = 0, b = 1, c = −1. The extension provides some new results and insights.

The creation of more loans impacts those involved in the transaction and the market on
and off the platform. As more firms rely on P2P lending, more resources become available,
which reduces the interest on those contracts, as shown on the right side of Figure A4.
The same effect occurs in the external market (left side), but what is more interesting is that
interests are higher within the platform (right side). This is a consequence of two assumptions.
First, firms in the P2P network can only use their liquidity to invest in other peers or the
external market. A necessary condition to invest in other peers is that they provide a higher
return than the open market. On the other hand, we assume that to find resources for their
investment opportunities, firms can only rely on their peers because those investments are
too risky for other players outside the platform (e.g., banks).
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As the platform grows, this reduction of interest implies more loans and more invest-
ment on the platform (Figure A5). In Figure A5 (right), we observe that the increase in the
number of firms or their reach implies an increase in the ratio of loans to insurance. In other
words, as interest rates are reduced, exposure to external risks is reduced, which limits the
extent to which companies use insurance. These results suggest that a P2P lending network
not only reduces the funding costs of its peers, but also fosters the creation of more loans
and higher levels of investment.
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As platform scale and agent reach increase, debts and investment become more evenly
distributed among peers (Figure A6). Nonetheless, it is interesting to highlight that the
number of firms would be the leading force driving the market towards a more egalitarian
share of investments. Figure A7 summarizes the two network metrics that help characterize
the endogenous networks formed on the platform. We observe that either increasing the
platform scale or increasing the SME reach makes centrality more evenly distributed.
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