
This article was downloaded by: [101.5.72.15] On: 16 November 2021, At: 22:16
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Information Systems Research

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

Human–Robot Interaction: When Investors Adjust the
Usage of Robo-Advisors in Peer-to-Peer Lending
Ruyi Ge, Zhiqiang (Eric) Zheng, Xuan Tian, Li Liao

To cite this article:
Ruyi Ge, Zhiqiang (Eric) Zheng, Xuan Tian, Li Liao (2021) Human–Robot Interaction: When Investors Adjust the Usage of Robo-
Advisors in Peer-to-Peer Lending. Information Systems Research 32(3):774-785. https://doi.org/10.1287/isre.2021.1009

Full terms and conditions of use: https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-
Conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2021, INFORMS

Please scroll down for article—it is on subsequent pages

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations research (O.R.)
and analytics professionals and students. INFORMS provides unique networking and learning opportunities for individual
professionals, and organizations of all types and sizes, to better understand and use O.R. and analytics tools and methods to
transform strategic visions and achieve better outcomes.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

http://pubsonline.informs.org
https://doi.org/10.1287/isre.2021.1009
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
http://www.informs.org


Human–Robot Interaction: When Investors Adjust the Usage
of Robo-Advisors in Peer-to-Peer Lending
Ruyi Ge,a Zhiqiang (Eric) Zheng,b Xuan Tian,c Li Liaoc

aDepartment of Electronic Commerce, Shanghai Business School, Shanghai 200235, China; b Jindal School of Management, University of Texas
at Dallas, Richardson, Texas 75080; cPBC School of Finance, Tsinghua University, Beijing 100083, China
Contact: gery@sbs.edu.cn (RG); ericz@utdallas.edu, https://orcid.org/0000-0001-8483-8713 (ZZ); tianx@pbcsf.tsinghua.edu.cn (XT);
liaol@pbcsf.tsinghua.edu.cn (LL)

Received: January 15, 2019
Revised: December 22, 2019; June 4, 2020;
August 23, 2020
Accepted: December 1, 2020
Published Online in Articles in Advance:
July 20, 2021

https://doi.org/10.1287/isre.2021.1009

Copyright: © 2021 INFORMS

Abstract. We study the human–robot interaction of financial-advising services in peer-to-
peer lending (P2P). Many crowdfunding platforms have started using robo-advisors to
help lenders augment their intelligence in P2P loan investments. Collaborating with one
of the leading P2P companies, we examine how investors use robo-advisors and how the
human adjustment of robo-advisor usage affects investment performance. Our analyses
show that, somewhat surprisingly, investors who need more help from robo-advisors—
that is, those encountered more defaults in their manual investing—are less likely to
adopt such services. Investors tend to adjust their usage of the service in reaction to
recent robo-advisor performance. However, interestingly, these human-in-the-loop inter-
ferences often lead to inferior performance.

History: Hemant Jain, Balaji Padmanabhan, Paul Pavlou, and Raghu Santanam, Senior Editors; Gordan
Burtch, Associate Editor. This paper has been accepted for the Information Systems Research Special
Section on Humans, Algorithms, and Augmented Intelligence: The Future of Work, Organizations
and Society.

Funding: R. Ge received financial support from the Ministry of Education in China Research Program
for Humanities and Social Sciences [Grant No. 19YJC630041]. E. Zheng received financial support
from the National Natural Science Foundation of China (NSFC) [Grants 71850013 and 71532004].
T. Xuan received financial support from the NSFC [Grants 71825002 and 71790591].

Supplemental Material: The online appendix is available at https://doi.org/10.1287/isre.2021.1009.

Keywords: robo-advisor • human-in-the-loop • peer-to-peer lending • augmented intelligence

1. Introduction
Robo-advisor (hereafter RA) is a service that provides
automated, algorithm-based wealth-management advice
without the use of a human financial planner.1 Typically,
these services use algorithms to help investors determine
how to invest based on their risk preference, budget,
and investment goals. In other words, RAs help aug-
ment investor intelligence in a personalized manner.
Compared with human advisors, RAs are more access-
ible (being available 24/7), and they charge less (e.g.,
0.25% compared with the 2–20 standard in the financial
advising industry).2 RAs also require much smaller cap-
ital outlays for receiving personal financial advice—for
example, $500 for Wealthfront compared with $50,000
for Vanguard.3 Since the first RA launched in 2008, the
industry has grown rapidly. As of 2019, the three largest
stand-alone RAs, Betterment, Wealthfront, and Personal
Capital, boast assets under management (AUM) of
approximately $16 billion, $11 billion, and $8.5 billion,
respectively.4 Recently, traditional wealth-management
companies, such as Vanguard and Charles Schwab,
have also started to incorporate RAs into their financial-
advising services. For example, Charles Schwab’s

intelligent portfolio provides clients with robo-advising
services for managing conventional accounts, such as
401(k), IRA, trust, and 529 plan accounts. The total
AUM of the RA industry is expected to increase to $2.2
trillion by 2020 (KPMG 2016).

Most RAs in wealth management are founded based
onMarkowitz’s portfolio-optimization theory (Friedberg
2019), creating a diversified investment portfolio with
the greatest returns for each risk level (Markowitz 1952).
As such, the basic inputs are typically the returns and
variance–covariance matrix of asset returns. RAs then
employ computer algorithms to optimize the risk–return
tradeoff and recommend a diversified portfolio accord-
ingly. Some RAs start by using sophisticated machine
learning algorithms, such as random forest, neural net-
work, and nonlinear shrinkagemethods, in their optimiza-
tionmodel (D’Acunto et al. 2019,D’Hondt et al. 2019).

Although most RAs operate in the conventional
wealth-management domain and help their clients build
a portfolio of traditional assets—for example, stocks,
bonds, and commodities—others explore new territories
such as peer-to-peer (P2P) loans. Until July 2018, more
than $23 billion in loans originated in the two largest
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U.S. P2P lending platforms, Prosper and Lending Club,
while more than $1,080 billion in loans have been trans-
acted on Chinese P2P lending platforms (Jiang et al.
2020). A lender (i.e., investor) on a typical P2P platform
usually needs to choose among hundreds of available
loans to invest in at any time. These loans have different
interest rates and default probabilities, and every loan is
unique with limited information (e.g., loan descriptions)
for lenders to evaluate. It is, therefore, challenging for
lenders to optimize their loan investment in such an en-
vironment. Given this, most mainstream P2P platforms
(e.g., Lending Club, Prosper, and PPdai.com) have
started providing RA services to help lenders choose
loans worthy of funding. For example, a third-party com-
pany, Fastbacker, builds a robo-advising application that
monitors Kickstarter projects and notifies investors when
suitable projects become available. LendingRobot RAs
help lenders automate the management of their accounts
across multiple P2P platforms, such as Lending Club and
Prosper. Some RAs even help lenders design investment
strategies. For example, Lending Club collaborated with
InterestRadar to offer a robo-advising service that helped
lenders scan available P2P loans and assisted them in
choosing appropriate investment strategies for loans that
met their prespecified criteria. These RAs gained popu-
larity among lenders quickly. For example, at PPdai, the
first P2P lending platform in China, automated invest-
ments through RAs have outnumbered manual invest-
ments since it launched the RA service in 2015.

As these intelligence-augmentation tools become in-
creasingly popular in people’s daily lives, it is important
to understand how humans and algorithms should col-
laborate. The nascent literature on human-in-the-loop
(e.g., Dietvorst et al. 2016, Xu and Chau 2018, Fügener
et al. 2019) highlights the importance of having humans
engaged in designing, implementing, and refining algo-
rithms. We draw on this body of literature in the context
of human–RA interactions. Specifically, we are interested
in how investors use RA services in their investments and
whether having humans in the loop of RA deployment
augments investment performance or not.

Researchers and practitioners, however, have little
understanding on these issues. This study attempts to
fill these gaps by examining the human–RA interaction
through collaboration with a leading P2P lending com-
pany publicly traded on the NASDAQ.5 Lenders there
can easily access the RA service and activate it by sim-
ply clicking a specific button on the company’s home-
page (see Online Appendix 1 for a screenshot). Once a
lender decides to use an RA, they configure their risk
preference and investment amount. Lenders can turn
off the RA service at any time they deem necessary.

The company provided us with the data on the com-
plete transaction history of a random sample of lenders,
including all the loans each lender funded, detailed in-
formation on each loan transacted (e.g., investment

amount, date, maturity, interest rate, and payment sta-
tus), and, most distinctively, the information on whether
the lenders invested in the loans manually or through
an RA. We observed a mix of lender populations. Some
relied totally on RAs for choosing loans, some used the
service occasionally, and others never tried the service
at all.

This data set provides us with a unique venue to
investigate the interwoven effects of investors’ use of
RAs and the corresponding performance of invest-
ments. Specifically, we study the following three
research questions:

1. How does investors’ investment performance in
the past influence their RA adoption when the service
becomes available?

2. How do investors adjust their usage of RAs ac-
cording to the RA’s investment performance?

3. How does the adjustment affect investment
performance?

Taken together, the answers to these questions will
help us answer the overarching question pertaining
to how investors interact with RAs and whether hav-
ing humans in the loop of using RA helps improve
P2P investment.

We find that investors who encountered more de-
faults in the past are less likely to try RA when the ser-
vice becomes available. RA usage is positively influ-
enced by recent RA performance: When recent RA
performance is lower, investors decrease their usage
of RA immediately, and vice versa. However, such
swift adjustment in RA usage often leads to worse in-
vestment performance, especially when the adjust-
ments are frequent and substantial.

Our research makes several contributions. It repre-
sents one of the first attempts at investigating RA-
augmented intelligence in P2P lending investments.
It also provides the first empirical evidence demonstrat-
ing how investors’ investment performance influences
RA adoption. This finding can help RA marketers target
certain customer segments to improve adoption rates.
Moreover, as the first study on human–RA interaction,
our results show that users are subject to the recency ef-
fect when evaluating RAs. They experience more losses
due to being too reactive to recent RA performance.
This presents a new, but negative, use case for human–-
artificial intelligence (AI) symbiosis, where leaving too
much control to humans over when to use an RA may
be counterproductive. This result reflects investors’ pos-
sible misunderstanding and misuse of RAs. They may
not always have proper knowledge of RA systems and
may intervene counterproductively. It suggests that
such RA systems need to offer more transparency in
their services (Friedberg 2018), for example, by commu-
nicating with investors on their RA’s objective and in-
ner-working mechanisms. Conversely, it also suggests
that a well-designed RA should anticipate the possible
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adjustments lenders may make and factor in such reac-
tions in their algorithms' design.

2. Background and Research Context
2.1. Literature Review
We first briefly review the nascent body of literature on
robo-advising. The scant literature largely focuses on de-
scribing the features of RAs (e.g., Lopez et al. 2015, Park
et al. 2016, and Jung et al. 2017) or the IT components in-
side RAs (e.g., Musto et al. 2015 and Jung et al. 2018).
Recently, a few studies have assessed the benefits of
robo-advising in terms of reduced fees, easy onboarding
processes, and investment performance (D’Acunto et al.
2019, D’Hondt et al. 2019). We extend the RA literature
by examining how human beings and RAs interact and
how such interactions help augment or hamper invest-
ment performance. Context-wise, we also extend the lit-
erature’s predominant focus on traditional assets to P2P
loan investments.

Our paper extends the P2P lending literature. Prior
P2P lending studies mainly focus on the borrower’s
side, considering factors that influence funding success
and loan risk (e.g., default or delinquency), including
borrowers’ credit ratings (e.g., Iyer et al. 2016), demo-
graphic characteristics (e.g., Duarte et al. 2012), friend-
ship with others (e.g., Lin et al. 2013), and social media
communications (e.g., Ge et al. 2017 and Xu and Chau
2018). Only a few studies investigate lenders’ behavior
and performance (e.g., Paravisini et al. 2016 and Jiang
et al. 2020). However, none of these studies have ex-
amined investors’ interactions with RAs, which have
become a dominant investment channel (in addition to
human investing) in many P2P lending platforms. Our
work is the first to shed light on lenders’ usage of RAs
and the corresponding performance.

Our study is also relevant to the broad literature on
financial technology (fintech) adoption. Early studies
have examined ATM adoption (Hitt and Frei 2002),
online banking-service adoption (e.g., Campbell and
Frei 2010), and mobile-payment adoption (e.g., Schierz
et al. 2010, Srivastava et al. 2010, and Zhou 2013).
We only find one study, D’Acunto et al. (2019), that
performs a simple cross-sectional comparison of RA
adopters’ characteristics versus nonadopters’. They note
that users and nonusers are indistinguishable based on
demographic characteristics such as gender, age, and
trading experience. We extend this literature by analyz-
ing how users adopt and adjust the use of RAs and, con-
sequently, how the adjustments augment or hinder in-
vestment performance.

Finally, our study is related to the human–AI collab-
oration literature. As AI becomes increasingly inte-
grated into our lives, people begin to view AI systems
not only as applications, but also as collaborators
(Fügener et al. 2019). The literature has investigated

different scenarios of how humans and AI should be
in each other’s loops to fulfill a task. For example, hu-
mans and AI can work together to effectively manage
crowd-labeling quality (Wang et al. 2017, Yin et al.
2021) or improve the effectiveness of customer-service
chatbots (Schanke et al. 2021). Humans can also help
identify cases that may cause the predictive model to fail
(Attenberg et al. 2015), and a human-in-the-loop system
can be used to shorten the time to build deployable ma-
chine learning models (Xin et al. 2018). The experiments
of Dietvorst et al. (2015, 2016) and Germann and Merkle
(2019) further examine humans’ attitudes toward the
performance of algorithms, while the experiments of
Fügener et al. (2019) investigate human collaboration
with deep-learning methods to produce the best image-
classification accuracy. Our research contributes to this
literature stream by examining a new form of human-in-
the-loop case—that is, the case of having humans adjust
the usage of AI by enabling or disabling AI.

2.2. Research Context
We collaborate with one of the earliest and largest P2P
lending companies in the world. As of 2019, the com-
pany has attracted more than 70 million borrowers
and investors and has successfully facilitated more
than $110 billion in loans.

To seek funding on the platform, a borrower must
first go through a verification process, authenticating
her demographics, financial status, and credit history.
Once verified, the borrower becomes eligible to post an
online listing, specifying her desired loan amount, inter-
est rate, and description of the loan purpose, etc. The
platform assesses the loan’s credit quality and assigns
the loan a credit grade from AAA (the highest quality)
to F (the lowest). The loan is fully funded only when
the total bid amount reaches the sought amount. Other-
wise, the request fails, and no funds will be transferred.

To bid on loans, lenders first need to transfer ad-
equate money to their accounts. They then decide which
loans to bid on and how much to invest. Borrowers are
not allowed to reject lenders’ bids. After a loan is fully
funded, funds are collected from the lender’s accounts
and transferred to the borrower’s account after deduct-
ing a transaction fee. Loans are repaid in equal install-
ments monthly, and the repayments are distributed to
lenders’ accounts automatically. If a monthly payment
is made on time, the loan status is shown as “normal,”
and otherwise “delayed.” The platform does not guar-
antee loan repayment, and, therefore, lenders will bear
the potential loss of loan defaults themselves.

The platform launched a free RA service in April
2015 to help lenders bid. The RA worked in two steps:

1. First, it employed an ensemble of various machine
learning methods, including decision tree, support vec-
tor machine, and shrinkage estimation, to assess the
risk (e.g., default probability) of each loan. The inputs
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to these machine learning methods consist of loan char-
acteristics (term, amount, loan description, etc.) and
borrower characteristics (education, employment sta-
tus, financial status, social network features, borrowing
history, online behavior, mobile communication fea-
tures, etc.). A sample screenshot detailing the main var-
iables is presented in Online Appendix 2.

2. Next, building on Markowitz’s portfolio-optimiza-
tion approach, the RA chooses and invests in the loans
that meet the lender’s risk preference.

The RA service became very popular among lend-
ers; more than half of the bids were conducted by RAs
after one year of release.

3. Data Description
We obtained a random data sample of 4,374 lenders
from the company with the complete history of their
bids across 18 months, from January 2015 to June 2016.6

The descriptions of the sample are presented in Table 1.
In our sample, 73% of the lenders were male, and the

average lender was 37.6 years old, with 1.25 years of
investment experience on the platform.7 On average, a
lender invested 251.2 renmibi (RMB) per bid and
138,555 RMB in total. The means of lenders’ annualized
interest rates and terms were 15.96% and 8.94 months,
respectively. During the 18 months, 63% of lenders
used the RA service to invest in at least one loan, and
the lenders’ average monthly return rate was 1%.8

It is noteworthy that the means of BidAmount and To-
talAmount are much larger than their medians, which
implies positive skewness. Therefore, we use the natural
logarithm of these variables in the following analyses.

4. RA Adoption
Our first research question (RQ1) asks how investment
performance in the past affects investors’ RA adoption.
RQ1 investigates the human–RA interaction from the
adoption (i.e., first interaction) perspective as a function
of investors’ past performance. Past performance may
affect RA adoption through two possible underlying
mechanisms. First, investors’ previous investment per-
formance will affect the perceived usefulness of RAs.
An investor whose past performance was inferior is

more likely to count on RAs to improve their perform-
ance; that is, RAs’ perceived usefulness turns higher.
There has been abundant information systems literature
documenting that users’ perceived usefulness or per-
formance expectancy concerning a technology increases
the likelihood of technology adoption (e.g., Venkatesh
et al. 2003). This suggests that investors experiencing in-
ferior performance should be more likely to adopt RAs
when the service becomes available.

On the other hand, ceteris paribus, underperforming
means that the investor has encountered more defaults
than others. The investor would then have a stronger
perceived risk regarding P2P loans on the platform and
would thus be less certain about RA performance in such
cases. Prior studies have shown that investors are less
likely to adopt a new technology when the perceived risk
of using it is high (Featherman and Pavlou 2003). When
performance risk is high—for example, the possibility of
technology malfunctioning or technology not performing
as designed or advertised—the technology will fail to de-
liver the desired benefits (Featherman and Pavlou 2003).
This suggests that investors with inferior past performan-
ces would be less likely to adopt RAs because of their
higher level of perceived RA performance risk.

Because these two potential effects may counteract
each other, our research question sets out to answer
which one dominates in our study context.

4.1. Empirical Specifications
Our data sample began in January 2015, and the RA
service launched in April 2015. In our sample, ap-
proximately 1,000 lenders had investment transactions
both before and after April 2015, which provides a
good setting for examining how lenders reacted to the
service's launch. We find that more than 50% of the
first tryouts occurred in the first month, and nearly
75% of tryouts occurred within the first three months.
We examine the effect of lenders’ previous investment
performance on their RA adoption behavior using the
following two cross-sectional models:9

Prob(RAAdoptedi,T � 1 |X)
� Logit(α0
+α1Previous Investment Performancei
+α2Previous Investment Characteristicsi
+α3Controlsi), (1)

RASharei,T � β0 + β1Previous Investment Performancei
+β2Previous Investment Characteristicsi + β3Controlsi + εi:

(2)

We consider two alternative dependent variables,
RAAdoptedi,T and RASharei,T, to measure lenders’ adop-
tion behavior. RAAdoptedi,T denotes whether a lender
has ever used the RA service during a period of T
months after the service becomes available; it equals
one if the lender has used the service to invest in at

Table 1. Sample Description

Variable Mean S.D. Min Median Max N

Gender 0.73 0.45 0 1 1 4,370
Age 37.62 9.68 20 35 75 4,340
Experience 1.25 1.19 0 1 9 4,374
BidAmount 251.2 608.9 10 111.4 13698 4,374
TotalAmount 138,555 477,683 50 32,916 1.2e+07 4,374
InterestRate 15.96 3.75 7 16.35 23.64 4,374
Term 8.94 2.54 1 9.41 19.45 4,374
RAAdopted 0.63 0.48 0 1 1 4,374
ReturnRate 0.01 0.003 −0.03 0.01 0.02 4,374

Note. The units of BidAmount and TotalAmount are Chinese RMB.
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least one loan during the period, and zero otherwise.
RASharei,T is the proportion of RA bids among all the
bids a lender invested during the period, capturing the
intensity of a lender’s RA usage. In both models, i in-
dexes lender; T equals one or three, standing for one
month or three months after the RA launch (i.e., April
2015). In other words, if T � 1, we calculate RAAdoptedi
and RASharei based on the data from May 2015; if T �
3, we calculate RAAdoptedi and RASharei using the
three-month data fromMay to July 2015.10

Previous_Investment_Performancei takes two measures:11

ReturnRatei and ln(#Defaulti), representing lenders’
average monthly return rate and (the natural logarithm
of) the number of defaulted loans that lenders encoun-
tered before the launch of RA, respectively. The vector
Previous_Investment_Characteristicsi includes the average
interest rate, the average terms of a lender’s investment
(i.e., InterestRatei and Termi), and the natural logarithm
of the lender’s bid amount and the total amount (i.e.,
ln(BidAmounti) and ln(TotalAmounti)) before the RA
launch. Because our data sample began in January
2015, Previous_Investment_Performancei and Previous_
Investment_Characteristicsi are calculated based on Janu-
ary, February, and March 2015 data. The vector Controls
contains lender characteristic variables, including gen-
der, age, and experience.

4.2. Results
In Table 2, panel A reports the results from the above
logit specification. The coefficients for ReturnRatei are in-
significant, whereas those for ln(#Defaulti) are signifi-
cant. Specifically, columns (1) and (2) suggest that when
#Defaulti increases by 1%, the odds of RAAdoptedi,T�1
decreases by 39.3% (odds ratio � 0.607), and the odds of
RAAdoptedi,T�3 decreases by 38.5% (odds ratio � 0.615).

These results indicate that a lender experiencing a higher
level of loan defaults is less likely to try the RA service.
Columns (3) and (4) in panel B report the Tobit regres-
sion results with the dependent variable RASharei,T. The
results show that ln(#Defaulti) exhibits a significant and
negative effect on RASharei,T, which is consistent with
the results of panel A.

Taken together, the results in Table 2 suggest that in-
vestors’ past investment performance affects their adop-
tion of RAs. In other words, a human’s own past per-
formance may well be in the loop regarding the first
interaction (adoption) decision with RA services. Inter-
estingly, it is the number of defaulted bids, rather than
bid return rates, that influence lender adoption behavior
significantly, possibly because #Default conveys a clear-
er and more straightforward risk message, as opposed
to ReturnRate. Loan defaults are painful, salient events
for investors. According to prospect theory (Tversky
and Kahneman 1974), salient instances affect people’s
assessments of the probability of an event occurring the
most. Lenders experiencing more defaulted loans are
more likely to perceive the P2P market to be risky and,
thus, tend to rely more on their own judgment rather
than an RA’s, echoing the findings of Featherman and
Pavlou (2003), who show that risk perceptions exert a
negative impact on the use of e-services.

4.3. Robustness Checks
4.3.1. Alternative Explanation. One potential alternative
explanation is that investors’ capability, rather than in-
vestment performance, drives investors’ RA adoption.
However, we do not directly observe investors’ hidden
abilities. To alleviate this concern, we replace ln(#Default)
with ln(#Default_Ultimate). The former records whether a
loan was defaulted before the RA launch, while the latter

Table 2. The Effect of Previous Investment Performance on RA Adoption

Variable

Panel A: Logit specification Panel B: Tobit specification

(1) (2) (3) (4)

RAAdoptedi,T�1 RAAdoptedi,T�3 RASharei,T�1 RASharei,T�3

ReturnRatei −52.979 −119.361 −15.934 −27.746
(76.178) (79.433) (20.159) (21.655)

ln(#Default)i −0.499** −0.487** −0.106** −0.180***
(0.210) (0.208) (0.049) (0.060)

InterestRatei −0.080 −0.042 −0.025 −0.016
(0.062) (0.066) (0.017) (0.018)

Termi 0.306*** 0.265*** 0.087*** 0.088***
(0.041) (0.039) (0.010) (0.010)

ln(BidAmount)i −0.078 −0.057 0.029 0.011
(0.127) (0.126) (0.032) (0.036)

ln(TotalAmount)i 0.195*** 0.136** 0.005 0.012
(0.059) (0.058) (0.016) (0.017)

Lender characteristics Controlled Controlled Controlled Controlled
Observations 924 984 924 984
R2 0.077 0.066 0.083 0.057

**p < 0.05; ***p < 0.01.
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is a forward-looking metric capturing whether a loan ul-
timately defaults. Obviously, the latter is a more accurate
proxy for investors’ capabilities. This renders a different
result: The coefficients for ln(#Default_Ultimate) are not
statistically significant (see Table 3), whereas those of
ln(#Default) remain significant. This test alleviates the
concern that the capability of investors is the more likely
driver behind RA adoption.

4.3.2. Coarsened Exact Matching. We then use the
coarsened exact matching (CEM) approach to alleviate
the above endogeneity concern further. CEM coarsens
each covariate into meaningful bins, matches observa-
tions based on these bins, and then retains the covari-
ates’ original values for analysis (Blackwell et al.
2009). Compared with some other matching methods,
such as propensity score matching, CEM can generate
matched data sets with lower imbalance (Iacus et al.
2012). To make full use of the data, we use the T � 3
data set, which has more observations than T � 1 for
the matching procedure. We divide lenders into two
groups: One group of lenders encountered no defaults
(i.e., control group) before the RA launch. The other
group of lenders encountered at least one default (i.e.,
treatment group) before the RA launch. We match
these two groups with two sets of covariates, previous
investment characteristics and lender characteristics,
with a CEM procedure. In total, 126 lenders are
matched. The logit regression results of the covariates
before and after matching are shown in Table 4.

Then, we use the matched samples to regress lend-
ers’ adoption outcome on the treatment. Table 5 shows
that the treatment exerts significant and negative ef-
fects on RAAdopted and RAShare, consistent with the
main model’s results.

5. Adjustment of RA Usage
Our second research question (RQ2) studies how in-
vestors adjust their RA usage based on recent RA per-
formance. RQ2 looks at investor interaction with RAs
during the phase of using RA services in investments
as a function of past RA performance. The investor is
allowed to enable or disable RA services at any point
in time.

We explain how RA usage is adjusted from the lens
of the recency effect, which is the tendency of an indi-
vidual to recall or emphasize the most recent events.
This effect was first discovered in cognitive science
(Deese and Kaufman 1957, Murdock 1962) and then
applied in finance (e.g., Cushing and Ahlawat 1996,
Arnold et al. 2000, and Pompian 2011). Pompian
(2011) points out that a manifestation of the recency
effect among investors explains their misuse of invest-
ment-performance records for mutual funds. Invest-
ors tend to analyze a small data sample, such as the
fund performance of recent periods, and then make in-
vestment decisions based on such recent experiences
without paying attention to the cyclical nature of asset
class returns. RA services in P2P lending are designed
to select suitable loans from all the listed loans on the
platform, so as to build a portfolio that meets an invest-
or’s long-term risk and return objectives. However, P2P
lending platforms typically release the performance of
RA investments to investors monthly. Thus, it is interest-
ing to investigate whether RA users are subject to the re-
cency effect, adjusting their RA usage mainly based on
RAs’ recent and short-term performance.

5.1. Empirical Specification
In order to examine how recent RA investment per-
formance influences investors’ usage of the RA service,

Table 3. The Effect of Investors’ Capability on RA Adoption

Variable

(1) (2) (3) (4)

RAAdoptedT�1 RAAdoptedT�3 RAShareT�1 RAShareT�3

ReturnRate −52.634 −118.154 −15.678 −27.049
(76.233) (79.469) (20.257) (21.756)

ln(#Default_Ultimate) 0.018 0.064 0.015 0.033
(0.138) (0.140) (0.031) (0.037)

ln(#Default) −0.514** −0.540** −0.118** −0.207***
(0.241) (0.243) (0.053) (0.066)

InterestRate −0.082 −0.050 −0.027 −0.021
(0.064) (0.067) (0.018) (0.019)

Term 0.305*** 0.263*** 0.086*** 0.087***
(0.041) (0.039) (0.010) (0.011)

ln(BidAmount) −0.073 −0.039 0.034 0.021
(0.136) (0.135) (0.034) (0.039)

ln(TotalAmount) 0.190*** 0.119* 0.001 0.003
(0.070) (0.070) (0.018) (0.020)

Lender characteristics Controlled Controlled Controlled Controlled
Observations 924 984 924 984
R2 0.078 0.066 0.083 0.058

*p < 0.1; **p < 0.05; ***p < 0.01.
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we construct a one-year panel starting from May 2015
(immediately after RA became available), with which
we estimate the following model:

RASharei,t � β0 + β1RA Performancei,t−1
+ β2Manual Performancei,t−1
+ β3Controlsi,t + Lenderi + Montht + εi,t:

(3)

The dependent variable RASharei,t is the proportion of
RA bids among all the loans in which a lender invested
in month t. RA_Performancei,t−1 represents the RA invest-
ment performance of month t − 1, measured by
RA_ReturnRatei,t−1 and ln(RA_#Defauti,t−1). Manual_
Performancei,t−1 is used to control for manual-bidding
performance that may also affect a lender’s RA usage.
Controlsi,t contains the investment characteristics of a
lender in month t. Both lender and month fixed effects
are included.

5.2. Results
Table 6 reports the results under the above specifications
with two alternative RA_Performance measures as inde-
pendent variables. Column (1)measures the performance
with ReturnRate, while column (2) uses ln(#Default) as the
measurement; column (3) uses the combination of both

variables. Similar to the results in Section 4, investors
tend to react to ln(#Default) instead of ReturnRate. The re-
sults show that the number of defaulted loans invested
through RAs that occurred in month t − 1 exhibits a sig-
nificantly negative effect on RAusage inmonth t.

The results in Table 6 demonstrate that lenders do
intervene in RAs’ usage: They tend to adjust their RA
usage based on RAs’ latest performance. Furthermore,
it is not the return rate of bids, but the number of de-
faulted bids that affects RA usage. This suggests that
when lenders encounter more defaults in a recent RA
investment (in the previous month), they tend to reduce
RA service usage; conversely, fewer defaults increase
RA usage. Specifically, column (3) indicates that
when RA_#Defaultt−1 increases by 1%, RASharet de-
creases by 1.4%. Moreover, from the coefficients of
Manual_Performance variables, we find that lenders’ us-
age of RAs is also affected by the number of defaults of
manually bid loans. When lenders experience more de-
faults in their latest manual investments, they go for RA.

5.3. Robustness Checks
5.3.1. Alternative Explanation. An alternative explan-
ation for lenders’ adjustment of RA usage is that lend-
ers adjust their RA usage as a function of their recent
overall investment performance, including both RA
and manual bidding. The above results may be con-
founded with the possibility that lenders’ RA per-
formance is commensurate with overall performance.
To rule out this alternative explanation, we replace
the latest RA performance with the latest overall per-
formance for the previous month in Equation (3). The
results in Table 7 show that neither of the overall per-
formance measures (i.e., ReturnRatet−1 and #Defaultt−1)
exhibit any significant effect on RA usage. Lenders are
more likely to adjust their RA usage based on RA per-
formance rather than overall investment performance.

5.3.2. A Longer Time Window. Moreover, we re-esti-
mate Equation (3) with a longer time window, includ-
ing both t − 1 and t − 2. Table 8 shows that only the
ln(RA_#Default) of the most recent month has a nega-
tive effect on RA usage, which is consistent with the
former result.

6. Performance of RA Adjustment
Our third research question (RQ3) aims to answer the
following question: Does adjusting RA usage pay off?
In other words, can human intervention help augment
the intelligence of RAs conversely? If yes, RA service
providers should learn from human interventions and
incorporate such human intelligence into their RA de-
sign loop accordingly.

Investors make an active adjustment of RA usage
based on recent RA performance with an intention to

Table 4. The Logit Specifications Before and After
Matching

Treatment

(1) (2)

Unmatched Matched

InterestRate 0.751*** 0.020
(0.079) (0.153)

Term −0.177 −0.172
(0.109) (0.166)

ln(BidAmount) −1.583*** −0.917
(0.226) (0.652)

ln(TotalAmount) 1.574*** 0.362
(0.159) (0.288)

Age −0.031* 0.025
(0.016) (0.056)

Gender 0.187 0.341
(0.369) (0.549)

Experience −0.212 −0.455
(0.161) (0.327)

Observations 984 126
R2 0.527 0.046

*p < 0.1; ***p < 0.01.

Table 5. The Effect of Treatment on RA Adoption

Variable

(1) (2)

RAAdoptedT�3 RAShareT�3

Treatment −0.929** −0.352***
(0.454) (0.108)

Observations 126 126
R2 0.032 0.060

**p < 0.05; ***p < 0.01.
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improve their investment performance. However, it is
not clear whether such interference pays off. As pointed
out by Pompian (2011), the recency effect can cause in-
vestors to make suboptimal decisions as a result of rely-
ing on historical data samples that are too small to en-
sure accuracy, which may inadvertently end up in
losses. Our investigation of RQ2 reveals that investors
make adjustments based on RAs’ monthly perform-
ance. RA services in P2P lending typically focus on rela-
tively long-term returns (Ludwig 2020), such as annual
returns. Evaluating RA performance and adjusting RA
usage based on monthly data may thus be suboptimal.
We set out to answer RQ3 by examining the impact of
RA usage adjustment on the return rate of loans.

6.1. Empirical Specifications
The econometrics model we estimate is:

ReturnRatei � β0 + β1RAShare Adjustmenti

+ β2RASharei + β3Controlsi + εi: (4)

We estimate the model using two samples built on the
one-year panel data starting from May 2015. The first
sample only includes the completed loans (those ei-
ther paid off or defaulted) invested during the period.
ReturnRatei is the average return rate of a lender’s
completed loans. RASharei is the RA share among all
the completed loans. RAShare_Adjustmenti is the coef-
ficient of variation of a lender’s monthly RA share
(i.e., RAShare_CoVi), and Controlsi includes the average

investment characteristics of all the completed loans
and lender characteristics.

The second sample uses the aggregated data of lend-
ers’ monthly investment performance and characteris-
tics, including both completed and ongoing loans. Re-
turnRatei here is the average of a lender’s monthly
return rate. RASharei is the mean of the monthly RA
share. Because there exists high multicollinearity be-
tween RASharei and RAShare_CoVi in this sample, we
reconstruct RAShare_Adjustmenti as the standard devi-
ation of a lender’s monthly RA share—that is, RAShare_
Stdi. Controlsi includes the average of monthly invest-
ment characteristics and lender characteristics.

6.2. Results
Columns (1) and (2) in Table 9 present the estimates of
the above specification based on the two data samples,
respectively. Both coefficients of RAShare_Adjustment
in Table 9 are significant and negative, demonstrating
that larger adjustments of RA usage result in a worse
return rate. In other words, human intervention here
leads to worse investment outcomes. Specifically, for
the first sample, a one-unit increase in RAShare_CoV
decreases the average loan return rate by 0.2%. The
average total loan investment amount of the investors
in the first sample is more than 350,000 RMB, and the
average term of their investments is nine months. This

Table 6. The Effect of Recent RA Performance on RA Usage

Variable

(1) (2) (3)

RASharet RASharet RASharet

RA_ReturnRatet−1 1.494 (1.378) 1.078 (1.342)
Manual_ReturnRatet−1 −0.136 (0.243) 0.082 (0.270)
ln(RA_#Defaultt−1) −0.015** (0.006) −0.014** (0.006)
ln(Manual_#Defaultt−1) 0.026*** (0.008) 0.026*** (0.008)
Investment characteristics Controlled Controlled Controlled
Lender & month fixed effects Yes Yes Yes
Observations 12,895 12,895 12,895
Lenders 2,101 2,101 2,101
R2 0.170 0.172 0.172

**p < 0.05; ***p < 0.01.

Table 7. The Effect of Recent Overall Performance on RA
Usage

Variable RASharet

ReturnRatet−1 −0.139 (1.595)
ln(#Defaultt−1) −0.001 (0.007)
Investment characteristics Controlled
Lender & month fixed effects Yes
Observations 12,895
Lenders 2,101
R2 0.169

Table 8. The Effect of RA Performance in Recent Two
Months on RA Usage

Variable RASharet

RA_ReturnRatet−1 1.695 (1.904)
RA_ReturnRatet−2 −0.057 (2.055)
ln(RA_#Defaultt−1) −0.017* (0.009)
ln(RA_#Defaultt−2) −0.003 (0.010)
Manual_Performancet−n Controlled
Investment characteristics Controlled
Lender & month fixed effects Yes
Observations 10,909
Lenders 18,18
R2 0.174

*p < 0.1.
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translates into a decrease of nearly 235 RMB in annual
return for an average investor, when she increases RA
usage by 10% in its coefficient of variation, holding her
mean and standard deviation of RAShare constant at
42% and 43%, respectively. For the second sample, a
one-unit increase in RAShare_Std decreases the average
monthly return rate by 0.1%—that is, a 1.2% decrease
in the average annual return rate. Hence, it seems bet-
ter to let the algorithms do the work; having humans
(lenders) in the decision loop in terms of enabling or
disabling RA services can be counterproductive. RAs
aim to achieve long-term portfolio optimization con-
cerning risk and return, which means there is a long-
term mean that the RA targets. A bad loan is just a
small deviation from the long-term mean. Manually
adjusting the usage of RAs too frequently and substan-
tially may inadvertently disrupt the stochastic process
of RA performance, leading to inferior performance.

6.3. Robustness Checks
6.3.1. Coarsened Exact Matching. Here, we apply a
CEM approach to strengthen identification. We first
divide lenders into two groups based on RAShare_
CoV. Lenders in the top 20% of RAShare_CoV form
the treatment group (n � 241), and lenders in the bot-
tom 20% of RAShare_CoV form the control group (n �
238). We utilize the CEM method to eliminate the dif-
ference caused by the covariates between the two
groups and then regress the outcome variable on the
treatment. We match the two groups with the two sets
of covariates, investment characteristics and lender
characteristics, with two CEM procedures. In the first
procedure, 134 lenders are matched. The matched sam-
ples are mostly balanced, except for experience. In the se-
cond procedure, 59 lenders are matched. The matched
samples are completely balanced. Table 10 tabulates the
logit regression results of covariates before and after
matching. We then use the matched samples to regress
lenders’ ReturnRate on the treatment. Table 11 shows
that the treatment has significant and negative effects
on ReturnRate, consistent with the main models’ results.

6.3.2. Causal Forest. As a sensitivity analysis to further
solidify identification, we applied a causal forest ap-
proach to estimate the treatment effect (Wager and
Athey 2018). Causal forest has been widely used to esti-
mate and infer heterogeneous treatment effects (e.g.,
Davis and Heller 2017 and Luo et al. 2019). In our case,
however, we are not attempting to estimate heteroge-
neous treatment effects. Instead, we use this approach
as an alternative matching method to CEM, where the
samples falling into each leaf are considered homoge-
neous. We treat RAShare_CoV as a treatment variable
and use regression trees to build a causal forest. The re-
sults show that the average treatment effect of RAShare_
CoV is −0.0024, and its 95% confidence interval is
[−0.0045, −0.0003]. This analysis further corroborates
that the adjustment exerts a significant and negative ef-
fect on ReturnRate, consistent with our main results.

6.3.3. Adjustment Direction. In the above analysis,
RAShare_Adjustment only measures the intensity of
adjustments, without considering the direction of

Table 9. The Effect of RA Usage Adjustment on
Investment Performance

Variable
(1) (2)

ReturnRate ReturnRate

RAShare_Adjustment −0.001** −0.002**
(0.000) (0.001)

RAShare −0.000*** −0.013***
(0.000) (0.002)

Investment characteristics Controlled Controlled
Lender characteristics Controlled Controlled
Lenders 1751 1205
R2 0.372 0.354

**p < 0.05; ***p < 0.01.

Table 10. The Logit Specifications Before and After
Matching

(1) (2) (3)

Treatment Unmatched CEM_1 CEM_2

RAShare −11.455*** −0.894 −0.554
(1.927) (1.263) (1.701)

InterestRate 0.063 −0.133 −0.086
(0.077) (0.151) (0.199)

Term −0.405*** 0.026 0.082
(0.118) (0.251) (0.256)

ln(BidAmount) 0.454 0.257 0.227
(0.280) (0.564) (0.702)

ln(TotalAmount) −0.218 0.028 0.127
(0.214) (0.252) (0.289)

Age −0.024 0.031 0.010
(0.023) (0.039) (0.042)

Gender −0.280 1.207 1.252
(0.569) (0.891) (1.124)

Experience 0.469** 1.505*** −0.411
(0.205) (0.523) (1.048)

Observations 479 134 59
R2 0.836 0.240 0.044

**p < 0.05; ***p < 0.01.

Table 11. The Effect of Treatment on ReturnRate

ReturnRate

(1) (2)

CEM_1 CEM_2

Treat −0.007** −0.012*
(0.003) (0.006)

Constant 0.049*** 0.052***
(0.002) (0.003)

Observations 134 59
R2 0.024 0.048

*p < 0.1; **p < 0.05; ***p < 0.01.
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adjustments. Potentially, investors may decrease RA
shares when RAs did not do well in the previous peri-
od or, conversely, increase RA shares when RAs per-
formed well. To determine which type of adjustment
leads to worse return rates, we examine the moderat-
ing effect of the adjustment direction.

We calculate Direction for lenders who made more
than two adjustments by summing up their adjust-
ment directions. For example, if a lender made 10 ad-
justments in total (e.g., three for increasing RAShare
and seven for decreasing RAShare), then their Direc-
tion value is −4. We add the interaction of Direction
and RAShare_CoV into Equation (4) and present the
results in Table 12. Direction has no significant moder-
ating effect on the relationship between RAShare_CoV
and ReturnRate, which means that when the mean RA
share is the same, regardless of whether a lender in-
creases or decreases the RA share, more adjustments
always mean worse investment performance.

7. Conclusion
Robo-advising has proliferated, becoming a central
topic in fintech. RA services are designed to provide
crowds affordable wealth-management services with-
out human intervention. It is important to understand
how investors interact with RAs and how RAs aug-
ment investment performance in order to improve
their design. However, there are a lack of studies on
investor adoption, usage, and interaction with RAs.
We fill in these gaps by conducting empirical studies
in a setting of P2P lending with RA services.

We find that investors who have encountered more
defaults are less likely to adopt the RA service, sug-
gesting that investors’ adoption of RA is affected by
their past investment performance. For investors who
have adopted RA services, we find that they swiftly
adjust their RA usage based on recent RA perform-
ance, but such interventions undermine their own in-
vestment performance. Our study’s findings help RA
marketers and designers understand and predict user

behavior regarding RA adoption and usage and help
them better design the RAs thereof.

More broadly speaking, due to the complexity of al-
gorithms, most intelligent systems are designed as
black boxes, at least as far as users are concerned. How-
ever, to ensure that the system works orderly and effi-
ciently, the providers of intelligent systems need to of-
fer more transparency of their services, for example, by
communicating with users on system objectives, offer-
ing adequate explanations of the inner-working mecha-
nisms, and providing proper evaluation schemes. Fur-
thermore, a well-designed intelligent system should
anticipate possible user behaviors and account for such
human factors in its system design. It is especially im-
portant to know when it is beneficial to include hu-
mans in the loop of a system’s deployment. All of these
implications require a clear understanding of how
users might adopt and react to the systems.

There are a few caveats one needs to bear in mind
when interpreting or generalizing our results. First, we
do not observe what loans are available to lenders or
what loans an RA recommends at a particular point in
time. It is possible that RAs may recommend the same
loans to different lenders, leading to a correlated and
crowded bidding environment. Consequently, this may
lead to correlated performance among certain lenders.
We believe this should not be a serious problem in our
analysis because the platformwe collaborated with has a
large volume of active borrower requests. However, this
is an interesting future research topic when data on loan
availability and RA recommendations become available.
Moreover, we do not observe these lenders’ financial lit-
eracy, which may affect their reliance on RAs. Finally,
our study only focuses on the effect of investors’ ena-
bling and disabling RA services. It would warrant an in-
teresting future study to examine the impact of humans
in the loop of the RA design phase, where lenders can
reconfigure and tune the investing parameters directly.
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Endnotes
1 See https://www.investopedia.com/terms/r/roboadvisor-roboad
viser.asp (last accessed June 5, 2020).
2 For example, Betterment charges 0.25% for management fee, and
Wealthfront requires a minimum of $500 for each investment; see
https://www.betterment.com/pricing/ (accessed April 1, 2021).
3 See www.financialsamurai.com/personal-capital-investment, last
accessed 12/02/2019.
4 See https://www.roboadvisorpros.com/robo-advisors-with-most
-aum-assets-under-management (accessed December 2, 2019).

Table 12. The Moderating Effect of RA Adjustment
Direction

Variable ReturnRate

RAShare_CoV −0.002**
(0.001)

Direction × RAShare_CoV −0.001
(0.001)

RAShare −0.011***
(0.002)

Investment characteristics Controlled
Lender characteristics Controlled
Lenders 664
R2 0.461

**p < 0.05; ***p < 0.01.
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5 The nondisclosure agreement we signed with the company re-
quires us to ensure anonymity of the name of the company.
6 The company randomly selected these samples according to the
last two digits of lenders’ user IDs. Each user ID is generated based
on lenders’ registration sequences. The random sample accounts for
0.3% of the entire lender population in 2015.
7 The distributions of gender and age in our sample are similar to
the population statistics released by the platform in 2016. A few
lenders did not report their genders or ages, making the number of
records (N in Table 1) of the two variables slightly smaller than that
of others.
8 The monthly return rate is calculated based on the equation speci-
fied by the platform—that is, ReturnRate � (Rinterests obtained in
the focal month − Rprincipal losses in the focal month)/Rprincipals
that were lent out in the focal month.
9 We also model the hazard of adoption as a function of previous
performance. The results, presented in the online appendix, are con-
sistent with the main models.
10 We also estimate Equations (1) and (2) with a larger adoption
window, T � 6, which covers nearly 90% tryouts after the launch of
the RA service. The results are consistent with the results of T � 1
and T � 3. The details are presented in the online appendix.
11 We use these two performance measures because ReturnRatei and
#Defaulti are directly displayed on the monthly report provided by
the platform to lenders. However, %Defaulti is not provided by the
platform. Because the loans defaulted in a month may originate
from loans invested at different months, there is no uniform way to
determine the value of %Defaulti accurately.
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