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Abstract

We study how delegating financial decisions to humans or to automated, algorithmic sys-
tems affects reciprocity in credit relationships. Using a modified trust game, we show that
borrowers are less likely to repay when lending decisions are delegated rather than made
directly by the lender. This reduction in reciprocity is larger when the decision is delegated
to an automated algorithm than to a human agent, even when monetary incentives and
observability are held constant. At the same time, lenders are more willing to delegate to
algorithmic than to human agents. Borrowers explain lower repayment after delegation,
especially to algorithmic agents, by a perceived lack of lender effort and involvement. Our
findings show that automation in financial decision making can weaken reciprocity and

increase default risk by changing how borrowers perceive lender intentions.
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1 Introduction

Economic and financial exchange is plagued by asymmetric information and moral hazard
(Arrow, 1969). Trust and reciprocity are therefore central to establishing and sustaining
economic and financial transactions (Falk and Fischbacher, 2006; Fehr et al., 1993, 1998;
Sapienza and Zingales, 2011). A large literature shows that economic actors trust others and
often reward trust by behaving trustworthily, even in anonymous and one-shot interactions
(see, for example, Berg et al. (1995) for empirical evidence, Bolton and Ockenfels (2000) for
theory, and Johnson and Mislin (2011) for a meta-analysis). However, more and more economic
and financial interactions are characterized by distance and interactions are indirect. Investors,
for instance, routinely delegate their decisions to intermediaries, such as fund managers or
financial advisors, who act on their behalf in the exchange of capital (Jensen and Meckling,

1976).

Today, digitalization and advances in algorithmic and (generative) artificial intelligence
(AI) change the nature of delegation.! Decisions once rooted in direct human trust can now
be delegated to computerized, algorithmic agents. These developments have enabled the rise
of FinTech firms specializing in credit underwriting and buy-now-pay-later products. By del-
egating lending decisions to computerized or Al-based systems, FinTechs can reduce frictions
and cost and approve loans more quickly than traditional financial institutions which often rely
on human loan officers. However, there seems to be a downside of this faster and seemingly
more cost-effective way of lending. Di Maggio and Yao (2021) show that loans originated by
FinTech lenders are significantly more likely to default than comparable loans from traditional
institutions. This higher default probability for borrowers with similar characteristics, loan
terms, timing, and location suggests differences in ex-post borrower behavior. Di Maggio and
Yao argue that ease of access and reduced personal interaction may encourage misuse of credit

and increase delinquency (see also Brown et al., 2024, for a similar argument).

We provide causal evidence for a previously overlooked behavioral channel using a large-
scale online experiment with N = 3234 participants. Our results from a series of modified
trust games (Berg et al., 1995) suggest that the shift from human to algorithmic delegation
fundamentally alters the social contract of lending, contributing to higher default risks through
a reduction in reciprocity. In our experiment, a lender (trustor or first mover) extends credit
to one of two borrowers (trustee or second mover), who then decides whether to repay. In-
vestments differ in exogenous credit risk: one borrower faces a higher probability of forced
credit default but offers a higher return if repayment is possible. Lenders know the risk and
return structure but do not know which borrower is riskier. Lenders had to decide whether

to invest randomly at no cost (our baseline option ensuring lending in the experiment), pay

!See also Bayer and Renou (2024); Burton et al. (2020); Caplin et al. (2025); Capraro et al. (2024);
Chugunova and Sele (2022); Cui et al. (2025); Dargnies et al. (2024) for literature documenting the impact
of AT and on human interactions in other areas of life.



for information to identify borrower risk, or delegate the decision to a better-informed agent.
Delegation is costly, yet cheaper than active information acquisition. By varying whether the
delegate is a human or an algorithmic, computerized agent while holding monetary stakes
and observability constant, we isolate how delegation and the nature of the delegate affects

borrower reciprocity.

Our data show that borrowers are significantly more likely to repay when lenders invest
actively than when they delegate the investment decision (73.1% vs. 62.2%). If decisions are
delegated, repayment is higher when the investor chose a human delegate as opposed to a
computerized delegate (66.1% vs. 59.1%). At the same time, the option to delegate changes
lender behavior. Investors are less likely to invest randomly when delegation is available and
are more likely to delegate when the delegate is computerized rather than human (52.8%
vs. 37.7%). Borrowers’ stated reasons suggest that delegation, especially to a computerized
agent, is associated with lower perceived lender effort, which helps to explain the reduction in
reciprocity. Hence, while lenders prefer automation, this decision is associated with reduced

repayment behavior.

Our paper contributes to several strands of literature dealing with trust, reciprocity, and
delegation. A large body of work studies why individuals trust and reciprocate, emphasizing
motives such as social preferences or the desire to avoid sanctioning (see, e.g., Samuelson,
2005; Fehr et al., 2005, 1998; Johnson and Mislin, 2011). This literature typically focuses on
direct interactions between parties. We contribute by showing that trust and trustworthiness
are shaped by how trust is exercised, namely whether decisions are made actively or delegated,
and by the nature of the available alternatives. Thus, we provide new relevant evidence for the
literature on intention-based reciprocity, which emphasizes the role of perceived intentionality
and available alternatives in shaping reciprocal behavior (see, e.g., Charness and Levine, 2007;
Falk et al., 2003, 2008; Fehr et al., 1998; McCabe et al., 2003; Stanca et al., 2009; Toussaert,
2017; Von Siemens, 2013).

We also advance the literature on the delegation of decision-making, which has largely
focused on why principals delegate decisions or on the behavior of delegates (see, e.g., Bartling
and Fischbacher, 2011; Bolton et al., 2005; Koszegi, 2014; Holzmeister et al., 2019; Laudi et al.,
2021; Rose, 2022). While prior work shows that delegation can shift responsibility, reduce
sanctioning, or lead to less pro-social outcomes (Bartling and Fischbacher, 2011; Coffman,
2011; Fershtman and Gneezy, 2001; Hamman et al., 2010; Bartling et al., 2014, 2015, 2017;
Oexl and Grossman, 2013; Ozer et al., 2017), we show that delegation itself directly affects

reciprocal behavior in trust-based interactions.

Importantly, we document that the type of delegate matters. Trust is reciprocated less
when decisions are delegated to computerized, algorithmic agents than to human agents, even
when incentives and observability are held constant. This finding contributes to the grow-

ing literature on human-Al-based interaction. This literature shows systematic behavioral



differences between interactions with humans and non-human decision-makers (Cohn et al.,
2018; de Melo et al., 2016, 2017; Gallagher et al., 2002; Kircher et al., 2009; Krach et al.,
2008; Kulms and Kopp, 2018; McCabe et al., 2001; Rilling et al., 2002; Sanfey et al., 2003;
Strobel and Kirchkamp, 2018; Van‘t Wout et al., 2006). Our design isolates the effect of del-
egation to an algorithmic agent that follows a set decision rule (comparable to a rules based
AT) while holding incentives, information, uncertainty and observability constant. Our find-
ings show that delegation to algorithmic decision-makers carries a potential behavioral risk in
financial contexts. This additionally extends the literature studying behavioral motivations
for credit repayment (see, e.g., Brown et al., 2025, 2024; Bursztyn et al., 2019; Guiso et al.,
2013; Schmitz, ming) by providing the first evidence that interactions involving algorithmic
delegates reduce trustworthiness. Our findings on lender behavior also complement findings
by Normann et al. (2025) who show that decision-makers do not necessarily shy away from

delegating to Al intermediaries.

Our results have important implications for managers in financial institutions and other
economic actors who engage in delegated financial decision-making. Trust-based financial
interactions are less likely to be reciprocated when the lending decision is made by a com-
puter rather than by a human, which increases the likelihood of default. As many FinTech
firms rely heavily on automated decision-making, e.g., including robo-investing in crowdlend-
ing and streamlined online credit approvals, our results point to a behavioral risk that may
not be reflected in current risk assessments. While digitization delivers efficiency gains and
cost reductions, lower reciprocity in algorithm-mediated interactions may contribute to higher
default risk. Moreover, our findings align with recent research in computer science (see, e.g.,
Candrian and Scherer, 2022), which indicates that principals tend to prefer computerized over
human delegates. This preference, combined with borrowers’ lower reciprocity toward algo-
rithmic lenders, suggests a fundamental mismatch between lender and borrower behavior in
delegated financial decision-making. As a result, the increasing reliance on automated or Al-
driven financial services may unintentionally exacerbate risks rather than mitigate them. As
automation in financial services continues to expand, financial institutions and regulators may
need to account more explicitly for how algorithmic decision-making affects borrower behavior

and repayment outcomes.

The remainder of the paper is structured as follows: Section 2 presents the experimental

design. Section 3 presents the experimental results and Section 4 concludes.

2 Experimental Design, Procedure and Expected Results

2.1 Experimental Design and Procedure

We study the interplay between trust, the delegation of trust to human or computerized,

algorithmic agents and reciprocity by means of an online experiment with N = 3234 US based



users of Prolific.? We are primarily interested in reciprocity and recruited a minimum of
500 borrower observations in all treatments (see Table 2 for the number of subjects in per
condition). The sample size was determined to exceed or meet the sample sizes used in other
research studying reciprocity using participants from online pools (see, e.g., Chan and Wolk,
2023; Chen et al., 2019; Evans and Krueger, 2014; Klingbeil et al., 2024; Schmitz, ming).? Our
experiment is framed in the credit market context and we use a modified investment game
(Berg et al., 1995) with three experimental conditions (BASELINE, HUMAN, and COMPUTER,
see Table 1 for a treatment overview). We use the trust game because Karlan (2005) documents
that borrower behavior in this game carries external validity as it predicts repayment behavior

in real credit markets.

We use the credit market frame because of three reasons: First, we study trust and trust-
worthiness, which are especially important in financial markets (see, e.g., Sapienza and Zin-
gales, 2011). Trust is, for example, vital for financial development and a basis for investment
behavior (Guiso et al., 2004, 2008, 2009, 2020). Moreover, non-financial aspects such as trust
and reciprocity are key components for retail credit and mortgage markets where lenders trust
borrowers that obligations are paid back (Bursztyn et al., 2019; Duarte et al., 2012; Guiso
et al., 2013; Karlan et al., 2015; King-Casas et al., 2005; Moro and Fink, 2013; Wu et al.,
2014). Second, by framing the experiment in a credit market context, we ensure that all par-
ticipants understand the rules of the game, can relate to the context and understand that both
trust and reciprocity are important. Third, studying delegation and indirect interaction is of

imminent relevance to (retail) credit and mortgage markets.

In all experimental conditions, the invitation to our study was neutrally framed as a human
decision-making task, to not prime participants on the context. All participants received a
minimum participation fee of $1. After agreeing to participate, users were directed to our
interface* and took the roles of either a borrower (high or low-risk borrower), a lender or a
delegate (human delegate or owner of computer delegate). Participants subsequently received
detailed instructions about their role and payoff consequences of their decisions as well as
the role and the action set (with resulting payoff consequences) of the other participants; see
Sections 1 through 3 in the Online Appendix (click: here) for the instructions. All information

and payoff consequences from all actions were thus public knowledge to all participants.

BASELINE: In the BASELINE, we framed the trust game in an investment context in all

2Prolific (see www.prolific.co.) is an online crowd-working platform (see, e.g., Palan and Schitter, 2018,
for a description of Prolific). Effects found in student subjects with regard to pro-social behavior, which we
study in this paper, replicate in online samples (Schild et al., 2020). Moreover, online experiments can be as
externally valid as field and lab experiments (Horton et al., 2011).

3The experiment was conducted when Schmitz was at ETH Zurich and moved to Radboud. The experiment
followed the rules of ETH’s Decision Science Laboratory (see here for the website) and adhered to ethical
standards in experimental economics. At the time of the experiments there was no IRB for standard economic
experiments at ETH and Radboud. All analysis focuses on treatment comparisons using standard econometric
methods in experimental economics. Exploratory analysis is clearly labeled as such.

4We used Qualtrics (see www.qualtrics.com) to collect participant responses.


https://drive.google.com/file/d/1c8556nooIqnR8EITOP873CFN16rFGE3B/view
https://www.descil.ethz.ch/

experimental conditions. Trustors (investors/lenders) were informed that they have to invest
in one of two trustees (borrowers). In addition to the participation fee, lenders received an
income of $1.3 and borrowers received an income of $0.5. Lenders’ investments were fixed
to $0.5. Investment in borrowers (called borrower A or B) entailed different exogenous and
stochastic credit risk. Investment in the low-risk borrower yielded a return of three times
the credit (return of $1.5) with a probability of 80%. Investments in the high-risk borrower
yielded a potential return of six times the credit (return of $3) with a probability of 20%.
Thus, beyond the risk that borrowers engage in strategic default and do not reciprocate by
not making a repayment, an investment entailed an exogenous credit default probability of 80%
for the high-risk borrower and 20% for the low-risk borrower. Thus, even though a borrower

might have wanted to repay, there was a chance that he or she was forced to default.

Lenders were asked to extend credit to one of the two borrowers to make the decision to
repay or default more meaningful for the borrower. Our treatment manipulations focused on
the way the credit was extended, not on whether credit was provided at all. Crucially, lenders
did not know ex-ante which of the two borrowers was the high or the low-risk borrower.
Lenders could decide to invest at random, where investment was costless, but lenders did not
learn about the borrower type (i.e., there was an equal chance that the low or the high-risk
borrower received credit). Lenders could, however, decide to actively invest in one of the two
borrowers and purchase information about the borrower type and learn whether borrower A
or B was of high or low-risk. Purchasing information about borrower risk and making an
active decision cost $0.4. Information was accurate with 98% probability. Thus, we added a
small probability of an investment mistake (i.e., a lender invested in the high (low) borrower
although they preferred the low-risk (high-risk) borrower) after purchasing information. As
AT and computerized agents may err, we needed to implement a level of uncertainty in the
COMPUTER treatment (see below). To keep uncertainty constant between conditions and avoid
certainty effects (Kahneman and Tversky, 1979), we additionally implemented this element
of uncertainty in all but the random condition, where it was uncertain which borrower was

selected for investments.

In case of an investment success, each borrower had a fixed credit debt of 50% of the return,
i.e., $0.75 for the low-risk borrower or $1.5 for the high-risk borrower. If the investment was
unsuccessful, borrowers did not have a credit debt and the investment failed. Note that we
are not per se interested in whether lenders invest in the high or the low-risk borrower. The
difference in riskiness and the uncertainty about the risk types was introduced in order to
make the decision to buy information about borrowers or to delegate the lending decision
meaningful. The same payoffs and risk differences between borrowers were implemented in all

treatments.?

5The expected return of a high-risk borrower was thus: 0.2 x 3 = 0.6 and the expected return for a low-risk
borrower was: 0.8 x 1.5 = 1.2. In case of repayment, a lender would thus receive $0.6 from the low-risk borrower
and $0.3 from the high-risk borrower in expectation. The risk appetite should be equally distributed across
treatments. We are interested in whether the fact that lenders make the decision themselves or whether lender



HuMAN DELEGATE: In the HUMAN treatment, lenders and borrowers had the same en-
dowment and faced the same decision as in the BASELINE condition. Lenders had, however,
the additional option to delegate their investment decision to a human who had information
about the borrower types. Just like acquiring information about the borrowers, delegation
to an informed delegate helped to reduce the uncertainty about the fundamental risk of the
investment. Delegation was costly (i.e., delegates received a flat wage), but with $0.2 it was
less costly than acquiring information and actively investing. We motivate the lower cost of
delegation by assuming that for many lenders, it is more costly to acquire information (search
cost) than to delegate to an intermediate with more information (e.g., a loan officer or fi-
nancial advisor). Similar to the own information about borrower types when making active
investments, a delegate’s information about borrower types was accurate with 98% probabil-
ity. Thus, lenders in the HUMAN treatment could invest at random, purchase information and

decide themselves, or delegate the credit decision to an informed human agent.

COMPUTER DELEGATE: The COMPUTER treatment was similar to the HUMAN treatment
except that the delegate making the decision was computerized. Thus, lenders could purchase
information and actively invest in a high or low-risk borrower, delegate to a computerized,
algorithmic agent or invest at random. The computerized agent in our experiment follows a
fixed decision rule and does not learn or adapt. This feature helps isolate the effect of comput-
erized (rules based Al or algorithmic systems) delegation itself when abstracting from specific
features different Als or automated systems may have. The decision to delegate entailed the
same costs ($0.2) as in the HUMAN treatment, and we established another subject to figure as
the “owner” of the computerized agent. This “owner” was entitled to the same endowment as
the human delegate and received the payment for delegation as well as the information about
the outcome. The subject figuring as the owner of the computer delegate did, however, not
make a decision. As in the other treatments, information about borrower types was accurate
with 98% probability.

We added an owner of the computer delegate for two reasons: First, we wanted to have con-
stant cost for delegation. To not deceive subjects we therefore implemented a passive subject
who received payment. Moreover, although the payment of the delegate was unaffected by a
borrower’s decisions in the HUMAN condition (because the delegate received a fixed payment),
the outcome from behavior would be observable by two others (the lender and the delegate)

which might affect the psychological cost of reciprocating.® Thus, even though intentions of

delegation decisions affect repayment.

®Note that in a first set of the experiment (conducted in October 2019, we did not inform the owner of
the computer about borrower behavior. Because this may potentially explain differences in behavior, i.e., in
the human delegate condition, borrower behavior is revealed to two others (human delegate and lender) and in
the computer delegate condition, the behavior is only revealed to one other person (the lender). We therefore
conducted a second set of experiments in April 2020 in which we also reveal information about outcomes to the
owner of the computer delegate in the computer delegate treatment. We further replicated behavior from our
baseline condition and the human delegate condition in the April 2020 experiments. We do not find significant
differences in behavior between dates and conditions (see Appendix A). We, therefore, pool data across time



defaults were never communicated and lenders and delegates never learned whether a default
was forced or strategic, it might psychologically be more costly for borrowers to default if
two people learn that no repayment was made versus if only one person receives this infor-
mation. The implementation of the owner ensured that the number of individuals informed
about repayment or default decisions remained constant. This eradicated the possibility that
borrowers might behave differently because in one situation two humans may be affected, e.g.,
disappointed about default or happy about repayment by the borrower’s action and in another

condition only one.

We used the strategy method to elicit borrower decisions in all conditions. Thus, each
borrower decided upon credit repayment for the case that they receive the credit and they
could make a repayment for each of the situations. Thus, the borrowers decided to repay
or default if i.) the paired lender purchased information and made an active investment
(i.e., actively picking the high or low-risk borrower) or, ii.) the paired lender invested at
random. or, iii.) the paired lender delegated the credit decision (to a human or computerized
agent) in treatments with delegation. Delegate decisions were also collected by use of the
strategy method. Thus delegates decided whether to invest in a high or low-risk borrower
if the lender delegated the decision and preferred a high or a low-risk borrower. We chose
to elicit responses with the strategy method in order to get a complete picture of intended
repayment behavior, no matter which way the credit was actually offered to the borrower.”
This allows us to understand how and whether borrowers treat the same level of trust (same

credit size) differently depending on the way that trust in repayment was embodied in them.

After lenders, borrowers and delegates made their decisions, they were randomly matched in
groups and the decisions were executed. Borrowers, lenders and delegates/owners of the com-
puterized agent were informed about the outcome of the decisions and their payoffs. Lenders
and delegates/owners of the computerized agent, however, did not learn whether, in case of a
credit default, a borrower did not repay because he or she was unable or unwilling to repay.
We decided to also inform the delegate/owners of the computerized agent about outcomes
since this would naturally occur in reality where the agent (e.g., a loan officer) also learns
about loan repayment and default. We further elicited participants’ socio-demographics and
additional control variables (whether subjects were indebted at the time of the study or have

had debt before and their beliefs about repayment and lending decisions of other participants).

2.2 Expected Results

To guide our analysis in Section 3, we discuss expected results based on the behavioral and

experimental economics literature. We focus on borrower (trustee) behavior, as our main

and conditions.
"Brandts and Charness (2011) survey the literature and find no systematic difference in first- or second-
mover behavior in trust games which compare the strategy method to eliciting direct responses.



Table 1: Treatment overview and action set

BASELINE HUMAN COMPUTER

Buy info  Buy info Buy info
Lender decision Random  Random Random
- Delegate Delegate

Repay Repay Repay
Default Default Default

Notes: Lender decisions (Row 1-3) in the different experimental conditions (Column 1: Baseline; Column 2: Human
Delegate; Column 3: Computer (AI) Delegate) and possible borrower (high-risk and low-risk borrower) decisions in
response to each of the lender decisions (Row 4 and 5). Lenders can decide to buy information about the riskiness of the
borrower and subsequently invest or invest randomly in the high or low-risk borrower (Baseline). In the Computer Dele-
gate/Human Delegate condition, lenders can decide to delegate their investment decision to an informed (computerized
or human agent). Borrowers need to decide upon repayment or default in case they receive credit and are able to repay
for each of the possible lender decisions within a treatment. Baseline: repay or do not repay if lender buys informa-
tion/invests randomly; Human Delegate/Computer Delegate: repay or do not repay if lender buys information/invests
randomly/delegates.

Borrower decision

interest is how reciprocity is affected when borrowers interact indirectly with investors/lenders

(trustors).

In our trust game, interactions are anonymous and one-shot. A purely money-maximizing
borrower would therefore never reciprocate and always default. However, extensive evidence
shows that individuals have social preferences and often reciprocate trust (see, e.g., Fehr and
Fischbacher, 2002; Johnson and Mislin, 2011). In our design, lenders always extend credit and

the credit size is fixed, but the way in which trust is exercised varies across treatments.

2.2.1 Behavior within treatments

BASELINE:

In the BASELINE condition, lenders either invest randomly or acquire information and
invest actively. Random investment is costless and signals low involvement, whereas acquiring
information and investing actively is costly and signals stronger intent to trust. We therefore
expect higher repayment rates following informed active investment than following random

investment, that is, Repay info > Repay random.

HuMAN AND COMPUTER DELEGATE:

In the HuMAN and COMPUTER conditions, lenders can additionally delegate the invest-
ment decision to a better-informed agent. From a borrower’s perspective, delegation is less
costly for the lender than active investment and may signal lower involvement. Prior work
suggests that intentions matter for reciprocity (see, e.g., Dufwenberg and Kirchsteiger, 2004;
Falk and Fischbacher, 2006; McCabe and Smith, 2000; McCabe et al., 2003; Toussaert, 2017;
Von Siemens, 2013). We therefore expect lower repayment following delegated decisions than

following active investment, but higher repayment than following random investment. Within



each delegation treatment, we thus predict Repay info > Repay delegate > Repay random.

2.2.2 Behavior between treatments

We next derive predictions across treatments. Random investment signals low involvement in
all treatments, and we therefore do not expect repayment rates following random investment

to differ between treatments.

For active investment decisions, the availability of delegation options may affect how trust is
perceived. When lenders actively invest despite having the option to delegate, this decision may
signal stronger involvement. We therefore expect higher repayment following active investment
in the delegation treatments than in BASELINE. We predict Repay info’” > Repay info“? >
Repay infoB?s¢lin¢  We do not make a sharp prediction between the HUMAN and COMPUTER
treatments for active investment, as it depends on whether delegation to a human or an

algorithmic agent is perceived as a different alternative.

For delegated decisions, the HUMAN and COMPUTER treatments differ in the nature of the
delegate. In the HUMAN treatment, a human exerts at least minimal effort, whereas delegation
in the COMPUTER treatment is fully automated. While we add an owner/observer in both
conditions to avoid that borrowers reciprocate differently because they want to be seen as
honest (see, e.g., Abeler et al., 2019; Brown et al., 2024, 2025), borrowers may reward effort
or respond differently to human versus algorithmic decision-makers. In this case, reciprocity
should be higher under human delegation. Consistent with evidence from human—computer
interaction showing lower honesty toward machines (see, e.g., Cohn et al., 2018; de Melo et al.,

2016), we therefore predict Repay delegate” > Repay delegate®P.

2.2.3 Behavior by borrower type

Finally, we consider differences by borrower risk type. Investing in the high-risk borrower
entails a higher probability of forced default but may also signal greater trust. While this
could increase the psychological cost of default, high-risk borrowers also face higher monetary
incentives and greater scope to hide strategic default behind stochastic outcomes. As these
forces work in opposite directions, we do not make a clear prediction about differences in
repayment levels across borrower types. We have no reason to believe, however, that our
treatments interact differently with the different borrower types. Hence, we expect the same

within and between treatment effects to impact low-risk and high-risk borrowers.

3 Results

We present our results in three subsections. We first test our predictions analyzing borrower

and lender behavior in Section 3.1. In Section 3.2, we qualitatively explore borrower and lender

10



motivations underlying the treatment effects by analyzing their stated reasons for repayment

and lending decisions. In Section 3.3 we discuss realized outcomes.

3.1 The Effect of Available Alternatives

Table 2 presents the main results. Panel A reports summary statistics of borrowers’ intended
repayment decisions. Panel B shows lender choices to buy information and actively invest,
to delegate the decision, or to invest randomly. Panel C reports preferences for the low-risk
borrower. Panel D presents socio-demographic characteristics and information on participants’

real-life borrowing behavior for all treatments.

The statistics in Panel D show no meaningful differences across treatments in socio-
demographic characteristics. The average age is 32 years. About 50 percent of participants
are female, and about 95 percent are born in the United States. There are also no substantial
differences in current or past indebtedness across treatments. The data further show that most
participants have experience with debt. About 72 percent report having had debt in the past,
and about 59 percent report being currently indebted. These characteristics suggest that our
sample is well-suited to study trust, delegation, and repayment behavior in a credit market

context.

3.1.1 Borrowers’ repayment decisions

Panel A of Table 2 reports repayment rates across treatments. The data support our within-
treatment predictions. Borrowers respond strongly to lender decisions, and the availability of

alternatives affects repayment, i.e., reciprocity.

Repayment rates are highest when the lender buys information about borrower risk. In
this case, 73.1 percent of borrowers repay. When the lender invests at random, the repayment
rate falls to 48.6 percent. This difference corresponds to 24.5 percentage points. Repay-
ment under delegation to a human or computerized agent lies in between, at 62.2 percent.
Two-sided paired-proportions tests indicate that all pairwise comparisons are significant (all
p < 0.01).8 Throughout the paper, we test differences in shares with two-sided equality-of-
proportions tests, using two-sample z-tests for across-subject comparisons and McNemar tests
for within-subject comparisons, treating each individual decision as an observation. Linear
probability models with robust standard errors and probit regressions yield similar results.

These specifications, with and without control variables, are reported in Appendix C.

We also test whether repayment rates vary across treatments for each lender decision.
Supporting our between treatment predictions, we find differences between repayment rates

between the COMPUTER and the HUMAN treatment. First, borrowers repay significantly more

8This pattern also holds within each treatment separately. All differences are significant at the one percent
level.
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Table 2: Summary Statistics across Treatments

Treatments
BASELINE CoOMPUTER HumMAN TOTAL

Panel A: Share of Borrowers to Repay

Repayment info 72.0 70.7 77.1 73.1
Repayment random 46.0 49.6 49.9 48.6
Repayment delegate NA 59.1 66.1 62.2
N (borrowers) 517 670 525 1712
Panel B: Share of Lenders Decisions
Info 38.9 15.0 20.9 23.9
Random 61.2 32.2 41.5 43.8
Delegate NA 52.8 37.7 32.3
Panel C: Share of Lenders Preferring Low-Risk Borrower
Random 83.0 67.0 74.8 76.1
Info 82.2 77.1 86.1 82.4
Delegate NA 78.1 86.9 81.9
Total 82.7 74.4 81.7 79.5
N (lenders) 260 320 345 925
Panel D: Socio Demographic Variables
Average Age (years) 32 32 33 32
Female (percent) 50 50 54 51
Born in US (percent) 95 95 94 95
Currently in debt (percent) 57 59 60 59
Ever had debt (percent) 71 72 72 72
N (Total Participants) 7T 1,327 1,130 3234

Notes: Frequency of decisions in the different treatments. Panel A: Borrower behavior, i.e. the share of borrowers
repaying Repayment info: if a paired lender purchased information and actively invested, Repayment random if a paired
lender decided to do nothing and invest at random, Repayment delegate if a paired lender decided to delegate the
credit decision to a computerized agent (in the COMPUTER treatment) or to a human agent (in the HUMAN treatment).
Panel B: Lender behavior: Info purchase information about the borrowers and make an active investment decision,
Random presents the share of lenders who decide to make a random investment decision, Delegate decide to delegate the
investment decision (to a computerized agent in the COMPUTER treatment or to a human agent in the HUMAN treatment).
Panel C: Share of lenders who prefer the low-risk borrower per lender decision, in Random presents this share for lenders
who invest at random in the different treatments, Info presents this share for lenders who buy information and actively
invest in the low-risk borrower in the different treatments, and Delegate presents this share for who delegate the decision
to invest in the low-risk borrower in the different treatments. Panel D: Socio-demographic variables for participants by
treatment. Note that the total number of participants is higher in the COMPUTER treatment and the HUMAN treatment
because these treatments additionally contain an “owner” of the computerized agent and the human delegate.

often after delegation to a human than after delegation to a computer (66.1% vs 59.1%,
p = 0.01; Nyguman = 525, Ncowpurer = 670). Furthermore, if the lender buys information
on borrower types, borrowers repay more in the HUMAN treatment than in the COMPUTER
treatment (77.1% vs 70.7%, p = 0.01, Nguman = 525, Ncoowpurer = 670). In addition, bor-
rowers in the HUMAN condition also repay more often than in BASELINE after the lender buys
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information (77.1% vs 72.0%, p = 0.06, Nypyan = 525, Npaseune = 517).7

Taken together, this indicates that borrowers reciprocate most often after the lender buys
information and then makes an informed decision in favor of the borrower and least often if the
lender just allocates the loan randomly. Moreover, it appears that the lenders’ other options
matter. Borrowers seem to value an informed decision most when the lender had the option
to delegate to another human. A computer delegate as an alternative choice, however, is not
triggering a change in the reciprocity of the active investment choice. In general, delegation
is reciprocated more often when the delegate is human than when the delegate is a computer.
This indicates that interactions with humans are generally perceived differently compared with

interactions with algorithmic delegates.

Importantly, behavioral patterns are similar for both borrower types across all treatments
(see Table 9 in Appendix B). Nevertheless, we identify that across all treatments low-risk
borrowers are overall more likely to reciprocate than high-risk borrowers in all but the random
loan allocation scenario (p < 0.05, for Info and Delegate; p = 0.96 for Random; Info/Random:
Nhigh = 855, Niow = 857; Delegate: Nyjgn = 601, Ny = 594). This indicates that high-risk
borrowers hide behind the higher stochastic default probability. This finding is consistent with
recent empirical evidence from stochastic games involving pro-social behavior (see, e.g., Brown

et al., 2025).

3.1.2 Lenders’ credit decisions

Panel B of Table 2 shows lending decisions across treatments. We find that the least popular
option across treatments is to buy information (chosen in 23.9 percent of all lender decisions).
Random choice is the most popular option in BASELINE and HUMAN, and Delegate is the most
popular option in the COMPUTER treatment (52.8 percent). Indeed, delegation is much more
popular when the delegate is a computer than when it is another human (52.8% vs 37.7%,
p < 0.01, Necompurer = 320, Nguman = 345).10 At the same time, both Info and Random are
chosen less often in the COMPUTER treatment than in the HUMAN treatment (respectively,
15.0% vs 20.9% (p = 0.05) and 32.2% vs 41.5% (p = 0.01), Ncompurer = 320, Nyguyan =
345). Furthermore, when delegation is available, both alternative options, Random and Info,
are chosen less often (all p < 0.01, except Delegation vs Random in HUMAN where p = 0.47;
Ncowrurer = 320, Nuuuman = 345). This suggests that delegation serves as a substitute for
both random choice and informed choice. Further, lenders seem to trust the computer more

than a human delegate.

Panel C of Table 2 additionally presents the risk-taking behavior of lenders. Lenders

9All other pairwise comparisons are not significant.

0We find that, despite lacking incentives to deviate from the lenders’ preferences, human delegate often
diverge from stated preferences and chose the low-risk borrowers regardless of lender preferences. This tendency
contributes to higher payoffs for lenders who delegate in the HUMAN treatment compared to lenders who delegate
in the COMPUTER treatment. The computerized agent, in contrast, follows lenders’ preferences more closely.
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indicated their preference for either the borrower with the riskier or the less risky project in
all treatments before deciding whether to invest. The Panel C results show the percentage of
lenders preferring the borrower with the low-risk project, across treatments and conditional
on the lending decision. We find that overall, the low-risk project was substantially more
popular than the high-risk project (79.5 percent of all lenders preferred this borrower type).
Interestingly, lenders seem to be less risk-averse when they have the option to delegate to
a computer in the COMPUTER condition compared with the BASELINE or in the HUMAN
condition (74.4% vs 82.7% (p = 0.02) and 74.4% vs 81.7% (p = 0.02), Ncowpvrer = 320,
NBaseuine = 260, Nuuman = 345)‘11

3.2 Borrowers’ and Lenders’ stated motivations

This section provides suggestive evidence on potential mechanisms. While the experimental
design identifies the causal effect of delegation on repayment and lending, we use stated mo-
tivations as a consistency check. If perceived effort matters, we should observe systematic
differences in how borrowers, for example, describe their decisions across scenarios. The evi-
dence in this section is nevertheless exploratory and intended to shed light on how borrowers

and lenders interpret different lending arrangements.

The correlational evidence presented in this section is in line with an intention-based reci-
procity logic, as considerations of lender intentions and involvement are probable drivers of
borrower reciprocity. We asked borrowers why they defaulted on or repaid the loan in the dif-
ferent lending scenarios. We elicited borrower response after they made their decisions, i.e., we
asked borrowers for their motivation to repay or default in the different situations: receiving
a loan that was extended at random, after receiving a loan where the lender actively bought
information about their type or after receiving a loan where a lender delegated the lending de-
cision to a human or a computerized algorithmic delegate. Table 3 presents summary statistics
of the classifications of these replies. We followed a similar procedure for lenders. We asked
lenders for their motivation after they chose their form of credit provision. Table 4 presents

summary statistics of the classifications of the lender replies.

We instructed three independent coders with no knowledge of the experiment to classify

these replies into different categories.!? Following conventions in experimental economics, we

" There is no difference between BASELINE and HUMAN (p = 0.76, Npaseune = 260, Npuman = 345). One
might think this is due to greater confidence in computerized decisions, which is corroborated by the fact that
conditional on choosing delegation, lenders are more risk-tolerant in COMPUTER than in HuUMAN. However,
we find similar tendencies regardless of the lender’s credit decision. When choosing Random: 67.0% vs 83.0%
(p=0.01) and 67.0% vs 74.8% (p = 0.18), Npaserxe = 103, Noomeurer = 159, Nuuuax = 143. When buying Info:
77.1% vs 82.2% (p = 0.46) and 77.1% vs 86.1% (p = 0.203), Npasene = 48, Ncoomeurer = 101, Nupuay = 72.

12YWe pre-screened replies to define a limited number of distinct themes which we summarized into categories.
Three coders coded the replies into these categories independently from each other and without knowledge of the
research question. The coders who coded the borrower motivations were different from the ones coding lender
motivations. We therefore hired a total of six student assistants as coders. Replies could fall into multiple
different categories and were counted as falling into one if at least two coders agreed on the classification.
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only recorded answers as falling into a specific category if at least two of the three coders

agreed and coded identically.

3.2.1 Borrowers’ motivations: perceived lender effort

Panel A of Table 3 reports reasons given by borrowers who chose to repay. When loans
are allocated at random, lender involvement is minimal. In this case, repayment is mainly
motivated by Ethics, such as fairness concerns, and Obligation, such as contractual norms.
These categories account for 31.73 percent and 25.12 percent of responses, respectively. Both
shares are significantly larger than all other categories, Ethics being the largest (vs. Obliga-
tion, p = 0.01, Nrandom = 832). When the lender makes an informed investment decision,
motivations change. Repayment is now mainly driven by Reciprocity. In this scenario, 40.11
percent of responses refer to gratitude or a personal obligation to reciprocate trust. This share
is larger than any other category within the scenario and larger than the reciprocity share in
all other lending scenarios (all p < 0.01; Ny, p, = 1249).

No single category dominates repayment motivations in the two delegation scenarios.!

However, the importance of Reciprocity follows a clear pattern. The share of repayment mo-
tivations classified as reciprocity lies between the random allocation and informed investment
scenarios for both delegation treatments. This holds for delegation to a human and to a
computer. All differences are significant at the one percent level, except for the comparison
between human and computer delegation (p = 0.38; NHuman = 347, Ncomputer = 395). No

similar pattern appears for other motivation categories.

Panel B of Table 3 reports motivations for strategic default, i.e., the decision not to recip-
rocate and intentionally default on the repayment obligation. In most lending scenarios, Profit
motives play a central role. In the informed investment scenario, profit maximization is the
dominant reason for strategic default by borrowers. Its share is significantly larger than in all
other scenarios (all p < 0.01; Nrandom = 879, Nimfo = 459, NHuman = 177, Ncomputer = 274).
Differences between the remaining scenarios are not statistically significant, except for human
delegate vs. random allocation (p = 0.07). In contrast, Lack of Effort is an important motive
for default when lender involvement is low. In the random allocation scenario, Lack of Effort
is the most frequent reason for default and is more common than profit motives (47.55% vs
33.45%, p < 0.01; NRandom = 879). More generally, the importance of Lack of Effort declines

monotonically across lending scenarios. It is highest under random allocation, followed by

We present Krippendorfl’s o as a measure of coder agreement (Hayes and Krippendorff, 2007). Krippendorff
proposes an « cutoff of o = 0.667. Most of our classifications are close to or above that cut-off and are in line
with the levels reported in other experimental papers relying on independent coders; see, e.g., Brandts et al.
(2015); Brown et al. (2024); Cason et al. (2017); Leibbrandt and S&éksvuori (2012). Coder instructions are
available in Section 4 in the Appendix Click here.

13 Bthics, Obligation, and Reciprocity are the largest categories in both scenarios. Differences between these
categories are not statistically significant within scenarios (all p > 0.10), except for Ethics versus Reciprocity in
the human delegate scenario (p = 0.06, Ngyman = 347).
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Table 3: Classification of Borrower Motivations

Panel A: Repayment Panel B: Default
Random Info Human Computer Random Info Human Computer
Ethics 31.73 20.50 18.16 23.54 Profit 33.45 59.26 40.68 37.96
(0.67) (0.71) (0.69) (0.72) (0.86) (0.82) (0.78)  (0.81)

Reciprocity ~ 7.57 40.11 24.78  22.03 Lack of 47.55 6.32 28.25  39.42
(0.45) (0.77) (0.67) (0.72) Effort  (0.82) (0.32) (0.79)  (0.77)

Atruism 865 592 634 633 Account. 7.62 9.5 565  6.93
(0.43) (0.56) (0.57)  (0.60) (0.80) (0.91) (0.73)  (0.77)
Relationship 13.46 9.77 11.82  11.90 Morality 5.01 7.41 621  4.01
(0.72) (0.67) (0.65)  (0.65) (0.31) (0.46) (0.28)  (0.27)

Obligation 25.12 15.93 23.63 21.01
(0.75) (0.75) (0.78)  (0.79)

Other 1418 1073 17.87 1519 Other  10.92 19.61 18.08  14.23

(0.58) (0.63) (0.63)  (0.52) (0.70) (0.65) (0.69)  (0.63)
N 832 1249 347 395 879 459 177 274
N-words 16.04 1534 14.26  14.04 16.03 11.89 13.13  14.27
N-content  6.28 6.04 573  5.72 6.20 450 4.99 559
Avg Alpha  0.60 0.68 0.67  0.67 0.70 063 0.65  0.65

Note: Summary statistics for coded survey replies. Values describe the share of replies coded as belonging to the
respective category, per repayment scenario, in percent. Replies were coded by three coders and assigned to categories
if at least two coders agreed on the coding. Krippendorff’s alphas are shown in brackets. Note that replies may
contain multiple reasons for defaulting. N-words and N-content are the average number of words and content words
per reply, respectively. Other includes replies that do not fit into any other category. For Repayment: Ethics contains
replies related to morality, ethics, or fairness, Reciprocity includes replies that indicate personal obligation or gratitude,
Atruism counts replies related to altruism, kindness, or mutual benefit, Relationship refers to trust, credit history, or
future investments, Obligation refers to contractual, financial responsibility, or social norms. For Default: Profit includes
replies on personal profit maximization and self-interest, Lack of Effort includes doubts about the lender’s commitment
or effort, Account. counts replies relating to accountability, showing lack of consequences or anonymity, Morality refers
to considerations of morality or obligation.

computer delegation, human delegation, and informed investment. All pairwise differences are

statistically significant (p < 0.02).

Taken together, these patterns are consistent with a simple interpretation. When lenders
exert visible effort by acquiring information and making an active decision, borrowers are more
likely to frame motivations for repayment in terms of reciprocity. When lender effort is per-
ceived as low, borrowers are more likely to justify default by pointing to a lack of involvement.
Differences between human and computer delegation suggest that the delegation to the algo-
rithmic agent is perceived as requiring less effort than delegation to a human, which is logical
given the automated investment by the computerized agent versus the active investment by
the human delegate. This perception may help explain why strategic default is more common

and repayment rates are lower when lenders delegate in the COMPUTER treatment.

3.2.2 Lenders’ motivations: decision quality and profit

This subsection reports lenders’ stated motivations for their credit decisions. Table 4 sum-
marizes the classification of lender replies for random investment, informed active investment,

and delegation decisions across treatments. Panel A shows the stated motivations for the
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Table 4: Classification of Lender Replies

Panel A: BASELINE Panel B: HUMAN Panel C: COMPUTER

Random Info Random Info Delegate Random Info Delegate
Risk & Certainty 29.56 53.00 23.08 34.72 30.77 2233 50.00 30.77
(0.64) (0.69) (0.51) (0.66) (0.68) (0.66) (0.72) (0.66)
Cost, Effort & Profit 61.64 15.00 55.94 18.06 52.14  65.05 16.67 45.56
(0.64) (0.29) (0.59) (0.31) (0.60) (0.67) (0.47) (0.68)

Control & 126 11.00  7.69 9.72 11.11 583 417 7.69
Avoiding Responsibility (0.27)  (0.62)  (0.73) (0.71) (0.35) (0.39) (0.41) (0.40)
Decision Quality 0.00 2600 000 43.06 1453 194 1875 31.95

(-0.01)  (0.57) (-0.01) (0.68) (0.39) (0.66) (0.74) (0.46)
Other 9.43 800  17.48 833 11.11 1359 14.58 6.51

(0.62)  (0.63)  (0.62) (0.63) (0.67) (0.64) (0.59) (0.54)
N 159 100 143 72 117 103 48 169
N-words 1915 1632 20.88 16.69 20.84 20.70 15.33 17.89
N-content 7.68 6.90 842 711 858 826 629 7.87
Avg Alpha 0.43 0.56 049 0.60 054  0.60 059 0.55

Note: Shares (in percent) indicate the fraction of replies assigned to a category when at least two of three coders coded
the category as present. Numbers in parentheses are Krippendorff’s alpha. Negative alphas indicate agreement below
chance in low-prevalence categories. Replies may contain multiple categories. N-words and N-content are the average
number of words and content words per reply, respectively. Risk € Certainty contains replies emphasizing risk attitudes;
either seeking less risk/more certainty or embracing risk and uncertainty. Cost, Effort & Profit refers to reduction in
the cost or effort involved and/or maximizing ones profit. Control € Avoiding Responsibility refers to wanting to being
in control or offloading responsibility by letting someone else decide. Decision Quality focuses on improving decision
quality via information or expertise. Other includes replies that do not fit into any other category. See appendix D for
disaggregated coding results.

BASELINE treatment. Panel B for the HUMAN treatment and Panel C for the COMPUTER
treatment. As for borrower motivations, this evidence is descriptive and intended to provide

insight into how lenders interpret the available decision options.

Across treatments, lenders who invest at random mainly cite Cost, Effort, and Profit
(61.64%, 55.94%, and 65.05% in BASELINE, HUMAN, and COMPUTER, respectively; all
p < 0.001; Npasprne = 159, Npuman = 143, Ncowpurer = 103). These replies emphasize
low effort or convenience, while references to Decision Quality are rare (0, 0 and 1.94 per-
cent of comments in BASELINE, HUMAN and COMPUTER, respectively). This suggests that
random investment is perceived as a low-involvement option. When lenders invest actively,
motivations shift toward Risk and Certainty and Decision Quality (53 & 26, 34.72 & 43.06
and 50 & 18.75 percent in BASELINE, HUMAN and COMPUTER, respectively). Lenders em-
phasize reducing uncertainty and improving decision quality, and references to cost and effort
decline. This indicates that active investment is perceived as an intentional decision. Dele-
gation decisions combine cost considerations with perceived decision quality. In both delega-
tion treatments, lenders frequently mention saving cost and effort while relying on informed
decision-making. In the COMPUTER treatment, references to Decision Quality are particularly
prominent, suggesting that lenders view computerized delegation as an efficient and compe-
tent substitute for active decisions (31.95% vs 14.53% in COMPUTER and HUMAN, p < 0.001;
Ncowmpurer = 169, Niguuan = 117); no difference for Cost, Effort & Profit (45.56% vs 52.14%,
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p = 0.28; Ncompurer = 169, Ngyman = 117))‘

Taken together, these patterns suggest that lenders perceive delegation, especially to com-

puters, as high-quality substitute to active decision making.

3.3 Realized outcomes and profit

We report realized outcomes after the matching of borrowers, lenders, and delegates. Because
of occasional dropouts and the need to ensure enough delegates and lenders to match borrower
decisions, there were cases in which more lenders and delegates were recruited than borrowers.
This was mainly due to role assignment in Qualtrics and the difficulty of recruiting exact
numbers when some participants left or timed out while their responses were still recorded.
For this reason, the previous sections report all data on intended behavior before matching.
Participants who were not matched because of excess recruitment received the maximum
possible payment. Since extreme outcomes can arise within a single matching, we report

realized outcomes based on repeated rematching with 10,000 iterations.

Table 14 in Appendix E reports the realized outcomes. These results are qualitatively the
same as the intended behavior shown in Table 2. Borrowers are more likely to repay when the
lender invests actively. Repayment rates fall when the decision is delegated. Repayments are
higher when the delegate is a human rather than a computer, by nine percentage points, with

59.9 percent in the COMPUTER treatment and 68.9 percent in the HUMAN treatment.

Our main focus is on behavior, and payoffs depend on the cost of information and dele-
gation. We report realized payoffs in Table 15 in Appendix E. After matching decisions and
accounting for forced defaults, the payoff patterns remain consistent with the results from
intended and realized behavior. Borrower payoffs are highest in the COMPUTER treatment,
while lender payoffs are lowest in this treatment. Lenders earn the highest payoffs in the Hu-
MAN treatment. In particular, borrowers earn the highest payoffs when the lender delegates
the investment in the COMPUTER treatment. Because repayments are higher when the lender

invests actively, borrower payoffs are lowest in this case across treatments.

For lenders, choosing to invest actively may increase utility, for example due to a preference
for making decisions (Bartling et al., 2014). However, the higher cost of acquiring information
about borrower types means that this choice does not lead to higher payoffs in the experiment.
The highest lender payoffs therefore occur when investment is random in all treatments. Im-
portantly, the main results on delegation also appear in lender payoffs. Using an algorithmic
delegate significantly reduces repayment rates and lowers lender payoffs relative to using a

human delegate (all pairwise comparisons p < 0.01, N = 846).
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4 Discussion and Conclusion

We analyze how the delegation of trust to a human or computerized, algorithmic agent affects
the relationship between trustworthiness and trust in financial interactions using a controlled
economic experiment. We demonstrate that delegation and the nature of delegation signifi-

cantly affects borrower behavior.

Borrowers are significantly less likely to repay when lending decisions are delegated than
when they are made actively by the lender. Moreover, the medium of delegation matters.
Computerized delegation exerts an even more negative effect on reciprocity than human del-
egation. In addition, and in line with the theories on intention-based reciprocity (see, e.g.,
Dufwenberg and Kirchsteiger, 2004; Falk and Fischbacher, 2006; McCabe and Smith, 2000;
McCabe et al., 2003; Toussaert, 2017; Von Siemens, 2013), we find that borrowers evaluate
trust relative to the alternatives available to the lender. Active investment elicits the highest
repayment when the lender chooses it over the option of human delegation, suggesting that

borrowers reward the lender’s specific choice to remain personally involved.

Beyond borrower behavior, we document a potential strategic mismatch in lender behavior.
While lenders favor computerized agents for their perceived efficiency and informed decision-
making, lenders fail to anticipate the subsequent erosion of reciprocity. This suggests that
delegation introduces a distinct behavioral risk that exists independently of fundamental credit
risk. As the financial industry moves toward increasing automation, managers must recognize
that relying too heavily on computerized or Al agents may inadvertently increase default risk
by undermining reciprocity. Our results therefore have important implications for managers in
the financial industry. Relying too heavily on computerized agents may undermine reciprocity.
Depending on the cost and stakes involved, human involvement may still be beneficial and
could be preferred over full automation. Our study suggests that in financial environments,

human involvement remains a strategic asset for sustaining trust and trustworthiness.

While our laboratory environment allowed us to isolate the causal effects of delegation on
reciprocity. The anonymous, one-shot nature of the interactions thereby serves as a boundary
condition for our findings. Real-world credit relationships often involve repeated interactions
and reputation-building, which may either mitigate or amplify these effects. In addition,
borrowers faced a binary decision to repay or not. In reality, however, repayment decisions
may not be binary. Future research should explore how these dynamics evolve in long-term

relationships and with continuous repayment decisions.
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A Results, Disaggregated by Information Variant

In the main text, we pooled treatments by information variants. In this section, we present
disaggregated results, where, for each treatment, we show both the results where the third
party (delegate/owner of computer) is either informed or not about the borrower’s choice. In
the following, we denote the variant where the third party is informed with a suffixed “2”
(CoMPUTER2, HUMAN2). BASELINE2 is identical in design to BASELINE but refers to the
baseline sessions that we ran concurrently to COMPUTER2 and HUMAN2 as a control. Unless

otherwise stated, all tests in this section are equality of proportions tests.

A.1 Summary Statistics

Table 5 presents the disaggregated summary statistics (see Panel D of Table 2 in the main
text). We still find no substantial differences across treatments in sociodemographic variables

and exposure to debt.

Table 5: Summary Statistics across Treatments

BASELINE  BASELINE2 CoMPUTER COMPUTER2 HumAN HUMAN2

Age (years) 33 32 33 31 33 32
Female (percent) 48 52 49 52 44 50
Born in US (percent) 96 95 96 95 93 95
Currently in debt (percent) 61 54 64 58 62 61
Ever had debt (percent) 73 71 7 73 75 74
N 480 297 642 685 640 490

A.2 Borrower Repayments

Table 6 is the disaggregated version of Panel A in Table 2. None of the pairwise comparisons
between the information variants within treatments achieves significance (the lowest level is
p = 0.321 when comparing repayment rates after delegation in the COMPUTER and COM-
PUTER2 conditions). That is, borrowers do not seem to make a difference between information
variants (i.e., whether the owner of the computer and the lender were informed about out-
comes (COMPUTER2) vs. only the lender was informed about the outcome (COMPUTER))

when making their repayment decisions.

Table 6: Disaggregated Repayments Rates

BASELINE  BASELINE2 COMPUTER  COMPUTER2 HUMAN  HUMAN2

Repayment info 72.2 71.6 72.4 69.3 75.9 79.0
Repayment random 46.9 44.7 49.1 50.0 50.0 49.8
Repayment delegate NA NA 57.1 60.9 66.6 65.4
N 320 197 322 348 320 205
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The results we present in the main text hold when we look at each condition separately. In
all six conditions, repayment rates are significantly lower after random credit allocation than
after informed credit allocation (all p < 0.001). In all four conditions with a delegation option
( COMPUTER, COMPUTER2, HUMAN, HUMAN2), repayment rates are significantly lower after
random than after delegated credit allocation, and significantly lower after delegated than

after informed credit allocation (all p < 0.020 and p < 0.011, respectively).

The result that borrowers repay more often after delegation to a human than after a
computer is significant in the original information condition ( COMPUTER versus HUMAN,
57.1 versus 66.6 percent, p = 0.007) but, although substantial, fails to reach significance when
the third party is always informed ( COMPUTER2 versus HUMAN2, 60.9 versus 65.4 percent,
p = 0.148). Conversely, the result that repayment rates after the lender bought information
are higher in the HUMAN condition than in the two others is only significant in the conditions
where the third party is informed ( COMPUTER2 versus HUMAN2, 69.3 versus 79.0 percent,
p = 0.0063 and BASELINE2 versus HUMAN2, 71.6 versus 79.0 percent, p = 0.0415) but although
the results directionally hold, they fail to reach significance in the other information variant (
COMPUTER versus HUMAN, 72.4 versus 75.9 percent, p = 0.15 and BASELINE versus HUMAN,
72.2 versus 75.9 percent, p = 0.14). However, as we mention above, the differences between
BASELINE versus BASELINE2, COMPUTER versus COMPUTER2 and HUMAN versus HUMAN2
are not statistically significant. We, therefore, believe that these discrepancies are not due to
a genuine effect of the information variants but due to a lack of power when looking at the

disintegrated data.

A.3 Lender Information/Delegation Choice

Table 7 is the disaggregated version of Panel B from Table 2. We cannot reject that BASELINE
and BASELINE2 or that COMPUTER and COMPUTER2 come from populations with the same
distribution (p = 0.409 and p = 0.475, x? test). However, we find a significant difference
between the distributions of HUMAN and HUMAN2 (p = 0.055, x? test). This is due to a
substantially higher propensity to buy information in HUMAN2 than in HUMAN (25.4 versus
15.6 percent, p = 0.026).

Table 7: Disaggregated Credit Decisions

BASELINE BASELINE2 COMPUTER COMPUTER2 HuMAN HUMAN2

Random 63.1 58.0 35.2 29.2 41.9 41.1
Info 36.9 42.0 15.1 14.9 15.6 25.4
Delegate NA NA 49.7 55.9 42.5 33.5
N 160 100 159 161 160 185

In the main text, we report a higher propensity of delegation in the COMPUTER treat-
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ment than in the HUMAN treatment. When disaggregating the information variants, only the
difference between COMPUTER2 and HUMAN2 achieves significance (55.9 versus 33.5 percent,
p = 0.001) but not between COMPUTER and HUMAN (49.7 versus 42.5 percent, p = 0.198).
Similarly, the correspondingly lower frequencies of both random and informed allocation in
COMPUTER versus HUMAN are only significant in the second information variant (Random:
COMPUTER2 versus HUMAN2, 29.2 versus 41.1 percent, p = 0.021, Info: 14.9 versus 25.4 per-
cent, p = 0.016) but not in the first (Random: 35.2 versus 41.9 percent, p = 0.222, Info: 15.1
versus 15.6 percent, p = 0.895).

A.4 Lender Risk Choice

Table 8 is the disaggregated version of panel C in Table 2. Only one of the eight pairwise
comparisons between information variants achieves a significance level below 10 percent: after
buying information, 91.5 percent of lenders in HUMAN2 choose the low-risk project versus 76.0

percent of lenders in HUMAN (p = 0.070). However, cell size is small (47 in HUMAN2 and 25

in HUMAN).
Table 8: Preferences for Low-Risk Project

BASELINE BASELINE2 CoOMPUTER COMPUTER2 HumMaAN HuMAN2 Total
Random 84.0 81.0 66.0 68.0 76.0 74.0 76.0
Info 86.0 76.0 83.0 71.0 76.0 91.0 82.0
Delegate NA NA 75.0 81.0 87.0 87.0 82.0
Total 85.0 79.0 73.0 76.0 81.0 83.0 79.5
N 160 100 159 161 160 185 925

Regarding our observation that lenders are more risk-tolerant in the COMPUTER condition,
when disaggregating the conditions, we find that the split samples fail to achieve significance
when comparing the two delegation treatments: COMPUTER versus HUMAN, 73.0 versus 80.6
percent, p = 0.105 and COMPUTER2 versus HUMAN2, 75.8 versus 82.7 percent, p = 0.112;
and when comparing COMPUTER with BASELINE, only one information variant is significant:
COMPUTER versus BASELINE, 73.0 versus 85.0 percent, p = 0.008, but not Computer2 versus
Baseline2, 75.8 versus 79.0 percent, p = 0.547.
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B Results, Disaggregted by Borrower Type

Table 9: Summary Statistics by borrower type across Treatments

Treatments
Panel A: Low-risk borrower BASELINE COMPUTER HuMAN Total
Repayment info 74.5 74.0 80.4 76.1
Repayment random 48.7 47.9 49.6 48.7
Repayment delegate NA 60.8 70.8 65.2
N (low-risk borrowers) 263 334 260 857
Panel B: High-risk borrower BASELINE COMPUTER HUMAN Total
Repayment info 69.3 67.6 74.0 70.1
Repayment random 43.3 51.2 50.2 48.5
Repayment delegate NA 474 61.5 59.2
N (high-risk borrowers) 254 336 265 855

Notes: Repayment rates of low (Panel A) and high-risk (Panel B) borrowers in the different treatment conditions
(BASELINE, COMPUTERDEL and HUMAN). Repayment info: repayment rate in case the lender bought information about
the different borrower types and actively invested. Repayment random: repayment rate in case the lender invested
randomly. Repayment delegate: repayment rate in case the lender delegated the investment decision to a computerized
agent in COMPUTER or a human agent in HUMAN.
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Table 10: OLS and Probit regressions: Repayment to lender: random

C Robustness checks and regressions

Dependent Variable: Repayment
OLS Probit
(1) (2) (3) (4)
COMPUTER 0.04 0.04 0.09 0.10
(0.03) (0.03)  (0.07) (0.07)
HumMmaN 0.04 0.04 0.10 0.10
(0.03) (0.03)  (0.08) (0.08)
Current Debt -0.03 -0.08
(0.03) (0.08)
Past Debt 0.09*** 0.23***
(0.03) (0.09)
Gender -0.01 -0.02
(0.02) (0.06)
Born in the USA 0.07 0.18
(0.05) (0.14)
Age 0.00 0.00
(0.00) (0.00)
Constant 0.46*** 0.38*** -0.10* -0.31%**
(0.02) (0.04)  (0.06) (0.11)
Observations 1712 1712 1712 1712
R-Squared 0.00 0.01
Pseudo R-Squared 0.00 0.01
p 0.37 0.04 0.37 0.04

OLS and Probit regressions with robust standard errors in parentheses.
* p<0.10, ** p < 0.05, *** p < 0.01

Note: The dependent variable Repayment is a dummy variable that is equal to one if borrowers decided to repay lenders
who chose whom to lend to at random. In all regressions, the no delegation baseline treatment is the benchmark
condition. HUMAN and COMPUTER indicate the treatments in which lenders could delegate the lending decision to a
human or computer, respectively. Current Debt and Past Debt are dummy variables which are equal to one if subjects
have or had debts. Gender is a dummy variable that is equal to one if the subject is male. Born in the USA is a dummy
variable that is equal to one if subjects were not born in the USA. p indicates the p-value of tests for model validity:
F-test for OLS and Wald Chi-Square for Probit regressions.
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Table 11: OLS and Probit regressions: Repayment to lender: info

Dependent Variable: Repayment
OLS Probit
n @ ® (4)
COMPUTER -0.01 -0.01 -0.04 -0.03

(0.03)  (0.03) (0.08)  (0.08)

HUMAN 0.05*  0.05*  0.16* 0.16*
(0.03)  (0.03) (0.08)  (0.08)

Current Debt -0.03 -0.08
(0.03) (0.08)
Past Debt 0.09*** 0.28***
(0.03) (0.09)
Gender -0.01 -0.05
(0.02) (0.07)
Born in the USA 0.02 0.07
(0.05) (0.15)
Age 0.00 0.00
(0.00) (0.00)
Constant 0.72**  0.65™* 0.58*** 0.37***
(0.02) (0.04)  (0.06) (0.12)
Observations 1712 1712 1712 1712
R-Squared 0.00 0.01
Pseudo R-Squared 0.00 0.01
) 0.03 0.00 0.04 0.00

OLS and Probit regressions with robust standard errors in parentheses.

* p <0.10, ** p < 0.05, *** p < 0.01

Note: The dependent variable Repayment is a dummy variable that is equal to one if borrowers decided to repay lenders
who bought information. In all regressions, the no delegation baseline treatment is the benchmark condition. HUMAN
and COMPUTER indicate the treatments in which lenders could delegate the lending decision to a human or computer,
respectively. Current Debt and Past Debt are dummy variables which are equal to one if subjects have or had debts.
Gender is a dummy variable that is equal to one if the subject is male. Born in the USA is a dummy variable that is
equal to one if subjects were not born in the USA. p indicates the p-value of tests for model validity: F-test for OLS
and Wald Chi-Square for Probit regressions.
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Table 12: OLS and Probit regressions: Repayment to lender: human/computer delegate

Dependent Variable: Repayment
OLS Probit
n @ B M
Human 0.07**  0.07*  0.18** 0.18**

(0.03)  (0.03) (0.07) (0.07)

Current Debt 0.02 0.06
(0.04) (0.10)
Past Debt 0.03 0.07
(0.04) (0.11)
Gender 0.04 0.10
(0.03) (0.08)
Born in the USA 0.09 0.25
(0.06) (0.18)
Age 0.00 0.00
(0.00) (0.00)
Constant 0.59***  0.49*** 0.23*** -0.03

(0.02) (0.05) (0.05) (0.13)

Observations 1195 1195 1195 1195
R-squared 0.01 0.01

Pseudo R-squared 0.00 0.01
p 0.01 0.04 0.01 0.04

Note: OLS and Probit regressions with robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable Repayment is a dummy variable that is equal to one if borrowers decided to repay lenders
who delegated their decision to another human or computer. In all regressions, the computer delegate treatment is the
benchmark condition. HUMAN indicates the treatment in which the delegate was human. Current Debt and Past Debt
are dummy variables which are equal to one if subjects have or had debts. Gender is a dummy variable that is equal to
one if the subject is male. Born in the USA is a dummy variable that is equal to one if subjects were not born in the

USA. p indicates the p-value of tests for model validity: F-test for OLS and Wald Chi-Square for Probit regressions.
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D Disaggregated Lender Coding

Table 13: Disaggregated Classification of Lender Replies

Panel A: Baseline Panel B: Human Panel C: Computer

Random Info Random Info Delegate Random Info Delegate

Profit/EV 20.13  15.00 33.57 16.67 14.53  31.07 12.50 10.06
(0.42) (0.29) (0.54) (0.31) (0.69) (0.63) (0.39) (0.45)
Less Risk/More Certainty 10.69  48.00 6.29 33.33 30.77 8.74 37.50 27.81
(0.65) (0.72)  (0.28) (0.71) (0.70) (0.47) (0.82) (0.69)
More Risk/Less Certainty 18.24 4.00 16.08 1.39  0.00 12.62 12.50 2.96
(0.72)  (0.53) (0.65) (0.49) (-0.00) (0.69) (0.58) (0.68)
Decision Quality 0.00 26.00 0.00 43.06 14.53 1.94 18.75 31.95

(-0.01) (0.57) (-0.01) (0.68) (0.39) (0.66) (0.74) (0.46)
Cost, Effort and Time Efficiency 42.77 0.00 23.08 1.39 36.75 33.01 4.17 34.91

(0.61) (0.54) (0.50) (0.73) (0.53) (0.25) (0.77)
Control 0.00 11.00 210 972 769 097 417 3.55
(0.00) (0.62) (0.57) (0.71) (0.30) (0.15) (0.41) (0.20)
Avoiding Responsibility 126 000 559 000 342 485 0.00 4.14
(0.29) (0.82) (0.60)  (0.50) (0.72)
Other 943 800 17.48 833 11.11 1359 14.58 6.51
(0.62) (0.63) (0.62) (0.63) (0.67) (0.64) (0.59) (0.54)
N 159 100 143 72 117 103 48 169
N-words 19.15  16.32  20.88 16.60 20.84 20.70 15.33 17.89
N-content 768 690 842 7.1 858 826 6.29 7.7
Avg Alpha 041 056 050 057 051 053 054 0.56

Note: Shares (in percent) indicate the fraction of replies assigned to a category when at least two of three coders coded
the category as present. Numbers in parentheses are Krippendorff’s alpha®. Replies may contain multiple categories.
N-words and N-content are the average number of words and content words per reply, respectively. Profit contains replies
emphasizing higher payouts/profits. Less Risk/More Certainty contains replies indicating wanting safer more certain
outcomes. More Risk/Less Certainty stresses embracing risk and uncertainty. Decision Quality focuses on improving
decision quality via information or expertise. Cost, Effort €& Time Efficiency emphasizes saving money or mental effort.
Control emphasizes being the active decision-maker/having the final say. Avoiding Responsibility focusses on offloading
responsibility or blame by letting someone else decide. Other includes replies that do not fit into any other category.

“Categories with a share of 0.00% indicate that no response met the agreement criterion. Krippendorff’s
alpha is reported as a measure of inter-coder reliability. Alpha is undefined and therefore omitted for categories
with no variation across coders (e.g., when all coders assign the same value to all observations). Alpha values
equal to or below zero indicate agreement no better than chance and are reported as estimated.
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E Realized matching based results

Table 14: Summary Statistics across Treatments

Treatments

BASELINE COMPUTER HUMAN ToTAL

Panel Al: Share of Borrowers to Repay (chosen borrower)

Repayment info 73.6 (3.8) 70.7(6.3) 77.4(5.1) 74.0 (2.8)
Repayment random 46.0 (3.3)  49.6 (4.5) 50.1 (4.3) 48.2 (2.3)
Repayment delegate NA 59.9 (3.1) 68.9 (4.1) 63.2 (2.5)
N (borrowers) 259 321 266 846

Panel A2: Share of Borrowers Intending to Repay (all matched borrowers)

Repayment info 71.9 (0.2)  70.0 (0.5)  75.8 (0.3) 72.4 (0.2)
Repayment random 459 (0.3)  49.6 (0.5)  50.2 (0.3) 48.7 (0.2)
Repayment delegate NA 59.0 (0.5)  66.1 (0.3) 62.2 (0.3)
N (borrowers shown) 518 642 532 1,692

Panel B: Share of Lenders Decisions (all matched lenders)

Info 30.2 (0.4)  15.0 (0.0) 21.3 (1.2) 24.4 (0.4)
Random 60.8 (0.4) 324 (0.0) 41.2 (1.5) 43.9 (0.5)
Delegate NA 52.6 (0.0) 37.4 (1.4) 31.8 (0.5)

Panel C: Share of Lenders Preferring Low-Risk Borrower (all matched lenders)

Random 83.1(0.4)  66.3 (0.0) 74.8 (2.0) 76.0 (0.6)
Info 83.5 (0.5)  66.7 (0.0) 79.7 (2.6) 78.5 (0.7)
Delegate NA 84.0 (0.0) 84.6 (1.8) 84.2 (0.7)
Total 83.3 (0.3) 75.7(0.0) 79.5(1.2) 79.2 (0.4)
N (lenders) 259 321 266 846

Panel D: Socio Demographic Variables (all matched participants)

Average Age (years) 32 (0) 32 (0) 33 (0) 32 (0)
Female (percent) 51 (0) 50 (1) 54 (1) 51 (0)
Born in US (percent) 95 (0) 95 (0) 94 (0) 95 (0)
Currently in debt (percent) 58 (0) 61 (1) 62 (1) 60 (0)
Ever had debt (percent) 72 (0) 74 (0) 75 (1) 74 (0)
N (Total Participants) T 1,132 898 2,805

Notes: Shares are means of per-simulation means; standard deviations across simulations are in parentheses. N-rows
report the average per-simulation N. Based on 10,000 simulations. Panel D is computed on matched participants only;

delegates are included only if DelegatelD is non-missing (i.e., a delegate was actually used).
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Table 15: Average Payouts across Treatments and Choices

Treatments

BASELINE COMPUTER HumAN ToTAL

Panel A: Matched Borrower Payout

Payout info 1.19 (0.05)  1.14 (0.09)  1.15 (0.07) 1.17 (0.04)
Payout random 1.19 (0.07)  1.18 (0.08)  1.17 (0.08) 1.18 (0.04)
Payout delegate NA 1.27 (0.05)  1.22 (0.06) 1.25 (0.04)
Payout treatment average 1.19 (0.04) 1.20 (0.04) 1.18 (0.04) 1.20 (0.02)
N (matches) 259 321 266 846
Panel B: Matched Lender Payout

Payout info 0.80 (0.04)  0.75 (0.06)  0.82 (0.05) 0.80 (0.03)
Payout random 1.01 (0.03)  1.02 (0.04) 1.03 (0.04) 1.02 (0.02)
Payout delegate NA 0.93 (0.03)  0.98 (0.04) 0.95 (0.02)
Payout treatment average 0.91 (0.02)  0.90 (0.03) 0.94 (0.02) 0.92 (0.01)
N (matches) 259 321 266 846

Notes: Cells report the mean of per-simulation means; standard deviations across simulations are in parentheses. Values
are in USD. N rows report the mean number of matched lender-borrower decisions per simulation (across all choices).
Based on 10,000 simulations. Human delegates and the owners of the computer delegate all received a fixed income.
Unmatched borrowers and lenders received the highest possible payout for their choices in the case of the lenders and
risk level and most beneficial repayment choice in the case of the borrowers.
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