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Abstract
Adaptive online platforms, powered by artificial intelligence, commonly referred to as
robo-advice, steadily increase their market share. Yet these comparably new financial
services are critically understudied. Little is known about why some investors adopt
robo-advice for something as essential as asset allocation. The current paper tries to
close this gap by shedding light on the causal effect of investor overconfidence on
the propensity of using robo-advice. The study proposes a theoretical framework that
combines the divergence of opinion hypothesis with consumer behavior insights and
information technology diffusion research. The framework is empirically tested on the
Investor Sample of the 2015 National Financial Capability Study, a subsample of 2000
US investors. The results from a series of generalized linear, structural, and semiparametric models show that in a pre-chasm market, overconfident investors have a significantly higher propensity of adopting robo-advice. While higher financial literacy seems
to decrease robo-advice uptake, unjustified confidence in one’s knowledge causally
increases it. Willingness to take financial risk cannot account for the significantly
increased adoption of robo-advice among overconfident investors. The findings help
managers to better position robo-advice by offering behavioral insights into their user
base. In addition, the results outline a managerial tool to take demand-side actions to
increase the likelihood of an end-user innovation crossing the chasm.
Keywords: Overconfidence, Robo-advice, Divergence of opinions, Diffusion of
innovation

Introduction
The financial service industry has seen some dramatic changes over the years. Starting
as a sector that was defined by personal interaction and a low degree of automation, it
saw its first signs of computerization with the introduction of automated teller machines
(ATM) in the late 1960s (Woodyard and Grable 2018, 64). This transfer of simple bank
clerk responsibilities provided consumers with more autonomy (e.g., being able to withdraw cash after business hours) and allowed banks to expand their service network without opening new branches. The second wave of automation came after the rise of the
© The Author(s), 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by/4.0/.
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internet (Jung et al. 2018, 82, 83). Banks digitalized services that were previously offered
by ATMs as well as clerks and made them available through online banking platforms.
This service was later complemented by mobile banking applications. These information technology innovations made banking more convenient for consumers and reduced
staffing costs for financial institutions. Both waves of automatization and digitalization
have received substantial attention from the research community who assessed the role
of consumer behavior in this process (Fain and Roberts 1997).
However, a growing importance of machine learning and artificial intelligence (AI)
paved the way for a third wave of automation (Du and Xie 2021; Kou et al. 2021).
Advanced algorithmic models allow information systems to make limited inferences
about situations that are characterized by some degree of uncertainty. This technology
was applied to the financial service sector to automate one of its core missions: efficient
investment allocations (Abraham et al. 2019). Commonly labeled as robo-advice (also
called digital financial advice or online investment advice), these automated wealth management tools allocate and manage investments based on an individual’s risk profile and
investment goals (e.g., saving for retirement, college funds, etc.) (Jung et al. 2018). The
term robo-advice was first introduced during the Great Recession, mainly in order to
differentiate it from the legal implications of traditional financial advice (Abraham et al.
2019; Ji 2017). Through substantial economies of scale, the absence of any human interaction, and lower barriers to entry, robo-advisors seem to generate market shares in the
segments of millennials and first-time investors with relatively low initial investments
(Becchi et al. 2018, 1). Yet there is some evidence that automated wealth management
may also attract older investors in their 40s with a higher household income and greater
investment capabilities (Kaya 2017, 9).
The discrepancy between a perceived target market and data that illustrate a more
nuanced picture, reveals one of the fundamental issues with the status quo of research
on robo-advice. A considerable number of publications are industry assessments by private companies that focus on specific markets or strategic issues (Jung et al. 2018, 85,
86). In addition, few studies assess the behavioral component of why investors might
use an innovation that saw its first commercial application in 2010, for something as
essential as retirement provisions or college fund allocations (Fernandes and Oliveira
2021; Sironi 2016, 22). Also, there is no theoretical explanation for why investors seem to
overcome algorithm aversion despite a notable absence of any identifiable control over
algorithmic wealth management forecasts (Dietvorst et al. 2018).
There is a growing number of peer-reviewed research on robo-advice (Bhatia et al.
2020; Brenner and Meyll 2020; Lourenço et al. 2020). Yet few available publications shed
light on the new IT services from a managerial perspective. Previous research provides
descriptive evidence of an average robo-advice user (Belanche et al. 2019; Jung et al.
2018, 84; Lewis 2018; Woodyard and Grable 2018). While they provide insightful information on demographics, risk profiles, and invested assets, the current body of knowledge does not explain why someone would adopt robo-advice but rather describes who
uses it. The current paper proposes a theoretical model and empirically tests it to close
this gap. There seems to be consensus that robo-advice is a major innovation in finance
(Kaya 2017). Yet no theoretical model has been brought forward that combines the rich
body of knowledge of financial decision-making with innovation research to explain why

Page 2 of 24

Piehlmaier Financial Innovation

(2022) 8:14

some investors are willing to invest substantial sums of money, using a relatively novel
algorithmic technology (i.e., AI) that they may not fully understand, with start-up companies that have little brand recognition in an industry that used to treat consumer trust
as a necessity rather than a bonus (Kaya 2017; Lourenço et al. 2020).
This paper combines insights from the diffusion of innovation theory (DIT) with the
divergence of opinion (DOO) hypothesis to theoretically explain why some investors are
more likely than others to use robo-advice (Miller 1977; Rogers 2010). The presented
evidence goes above and beyond commonly associated demographics (e.g., young age
and low income). The proposed model is empirically tested by utilizing information
from a representative sample of 2,000 US investors. The results suggest that overconfident investors seem to drive a considerable part of the early expansion of robo-advice
in the US. All measures and findings are checked for robustness and causality is derived
from a structural model and validated with a nonparametric approach. Lastly, the paper
provides insights into the subjective financial consequences of using robo-advice for
investors who adopted the online information service.
The remainder of this paper is structured as follows. The next section discusses the
literature and provides a theoretical framework. The subsequent paragraphs outline
the methodology, including the dataset, measures, missing observations, and stochastic models. This is followed by a presentation as well as a discussion of the results. The
paper finalizes with some concluding remarks, managerial implications, and limitations.

Theoretical framework
The supporting literature can be broadly categorized into four areas: robo-advice, innovation research, overconfidence, and the divergence of opinion. The interconnections
are laid out to provide a rationale for the theoretical framework of this paper. The following subsection provides a brief description of robo-advice in the context of innovation
research.
Robo‑advice as technical innovation

Robo-advisors are algorithmic wealth management tools. These technical innovations
rely on AI to efficiently allocate investments using exchange-traded funds (ETF) and
index funds due to their simple cost structure and passive approach to portfolio management (Abraham et al. 2019, 2). Their algorithms conceptualize Markowitz’s (1991) portfolio theory and quantify priors based on online investment questionnaires, covering
financial goals, risk preferences, investment knowledge, demographics, as well as firmspecific items (e.g., faith-based investments). This process mimics a simplified version
of traditional client onboarding through a professional financial advisor (Kaya 2017, 2).
Jung et al. (2018, 83 et seq.) structure the procedure for robo-advisors in three phases:
client-algorithm alignment, portfolio fitting and customization according to goals and
preferences, as well as maintenance. The latter can be used to differentiate automated
wealth management tools in either allowing flexible readjustments to individualize the
portfolio throughout the life cycle or through a set of predefined products.
The geographic importance of robo-advisors centers in North America. In 2017, more
than every other dollar that was invested through robo-advice came from the United
States (Burnmark 2017). In addition, the country had by far the largest number of
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robo-advisors with approximately 200 different entities, ranging from small start-ups
(i.e., FinTech firms) to major financial institutions, like Bank of America and Wells Fargo
(Abraham et al. 2019). European robo-advisors are estimated to account for 5–6% of the
equivalent US share of assets under management (AuM), with approximately 75% of it
coming from the UK (Kaya 2017, 8). A possible explanation for this notable disparity
between Continental Europe and the US may be the presence of functioning European
welfare systems with centralized retirement schemes and an atypically large asset management industry that does not rely on external automated wealth management tools
(ibid., p. 9). Nevertheless, due to the dominance of US robo-advisors, the current paper
focuses on US investors to maximize the applicability of the presented results.
Given prior findings, the paper argues that it may be less helpful to ask who is using the
financial service innovation but why they are using it. In order to understand the motivation of these investors and, in fact, the market for robo-advice as a whole, it is essential to consider the nature of AI-powered investment advice in the context of technical
innovations in finance. One of the largest financial service providers in Europe labeled
robo-advice “a true innovation in asset management”. More recent studies have also connected innovation research with robo-advisory (Lourenço et al. 2020). However, they do
not offer any insight into consumer behavioral aspects regarding the motivation behind
using automated wealth management tools.
According to Rogers’ (2010, 257 et seq.) seminal work on the diffusion of innovation,
innovators and early adopters represent 16% of all potential users. Rogers characterized
the former as risk-takers with high socioeconomic status, while early adopters are coined
as trendsetters or influencers with comparably high income and educational attainment. Henceforth, these two groups are called early minority. It is argued that investors
who adopted robo-advice are part of this early minority. As of 2019, robo-advisors have
reached a market penetration rate of 2.5% which would suggest that all current users are
innovators (Statista Market Forecast 2019). However, financial markets usually follow
a different metric, namely assets under management (AuM). In 2018, US-based roboadvisors surpassed the mark of $400 billion AuM with an average annual growth rate of
31% (Abraham et al. 2019, 1). It was anticipated that the sector reaches 10% AuM of the
overall market by 2020 (Jung et al. 2018, 82). These numbers would suggest that current
investors are made up of both innovators and early adopters. Consequently, the remainder of this paper will focus on the early minority to explain why investors might use
novel automated wealth management tools for something as essential as their finances.
Overconfidence among innovators and early adopters

Behavioral researchers have examined the propensity to be excessively confident in one’s
abilities or knowledge for more than three decades (Markovitch et al. 2015). Coined as
overconfidence, it describes the discrepancy between subjective beliefs and objectively
measurable outcomes. Previous research has measured overconfidence as the excess
between an individual’s confidence in one’s knowledge on a particular subject matter
and the observable performance on a set of questions on that same topic (Ortoleva and
Snowberg 2015; Sanchez and Dunning 2018). The finance literature has associated investor overconfidence with other behavioral biases, such as hindsight bias (i.e., the tendency
to describe past events as more predictable than what would have been expected at the
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time), self-serving bias (i.e., attributing success to own actions and blaming others or
external factors for failure), cognitive dissonance (i.e., avoiding conflicting evidence), and
illusion of control (i.e., considering random outcomes as controllable) (Malmendier and
Taylor 2015). While the latter is a consequence of an overconfident perception, hindsight
bias, self-serving traits, and cognitive dissonance may lead to investor overconfidence.
Intuitively, innovators and early adopters should have a higher propensity to illustrate
overconfidence in their abilities. By definition, they invest in new products and services
before they reach the mass market. Such investments may carry substantial risks, as
evidenced by data from the crowdfunding platform Kickstarter (Yu et al. 2017, 1724).
These investors seem overly confident in their ability to predict market success and overestimate the generalizability of their own preferences. Furthermore, the early minority is
strongly associated with a higher tolerance towards risk and uncertainty (Rogers 2010,
279). A combination of these two aspects has been shown to highly correlate with overconfidence, especially in finance (Odean 2002).
Prior research on the diffusion of innovation theory (DIT) and overconfidence seems
to support this intuition. There is evidence that confidence, rational or otherwise, plays
an important role in the adoption and diffusion of innovation (Rogers 2010, 170 et seq.).
This begs the question whether overconfidence drives at least some of the early adoption of new technology. O’Neill et al. (1998, 102–105) argue that innovators underestimate risks and overestimate returns in an organizational context, leaving them with an
overconfident perception regarding their ability to manage innovations. Hirshleifer et al.
(2012) seem to confirm this notion and connect overconfident managers in positions of
power with a more successful corporate research and development strategy. An experimental study with 330 participants provides further support for these findings (Markovitch et al. 2015). The results also suggest that overconfident individuals overforecast
demand for new products. A similar argument can be made regarding a hypothesized
overconfidence among early adopters, e.g., among online traders or players in a gametheoretic scenario (Cutler and Staelin 2013; Daniel and Hirshleifer 2015, 66). Lastly, it
should be noted that while investor overconfidence has been described as a mainly negative trait, the bias can have positive externalities, such as an increased stock market participation, new business ventures, and, as shown in this paper, a greater likelihood of
adopting financial innovations (Daniel and Hirshleifer 2015; Malmendier and Tate 2015;
Xia et al. 2014).
Theoretical model and hypothesis

The previous subsections shed light on why investors might use automated wealth management, the relevant market reach of the online service innovation, and the tendency of
its early users to illustrate excessive confidence in their consumer behavior. However, this
does not answer the question of why overconfident investors would adopt robo-advice.
After all, one might assume that those who think they know more than they actually do
would fail to seek financial advice due to precisely those overly confident tendencies. Yet
there is little empirical evidence that this argument holds (Kramer 2016). More importantly, however, the subsequent theoretical model does not treat automated wealth management as advice per se, but rather as an innovative financial product. Robo-advisory,
despite its name, is not meant to mimic human advice (Ji 2017). The AI-powered service
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is a financial tool to efficiently allocate assets without emotions and investor biases (Bhatia et al. 2020; Brenner and Meyll 2020). It is argued that the novelty of robo-advice and
the associated uncertainty regarding reasonable performance expectations drive the
adoption of the new service among overconfident investors, not the perception that it
could be seen as a form of financial advice.
Aspects of the Divergence of Opinion (DOO) hypothesis are used to explain why the
early minority invests through robo-advisors (Al-Nasseri and Menla Ali 2018; Miller
1977). In line with standard financial theory, it is assumed that agents maximize the
present value of their investment, with each investor making their best estimate of the
expected return. However, due to uncertainty in the system, “potential investors make
different estimates of expected returns from the investment” (Miller 1977, 1151, 1152).
This divergence of opinion (DOO) increases with risk and uncertainty but narrows over
time as the future of robo-advice materializes. Furthermore, Miller hypothesizes that “a
badly informed or excessively optimistic small group of investors” drive demand in a market defined by limited supply (pp. 1154, 1166). The current study theoretically argues
and empirically shows that this ill-informed or overly optimistic minority consists of
overconfident innovators and early adopters who enter the pre-chasm robo-advice market that is characterized by limited relative supply, compared to traditional financial
advice because of DOO (Burnmark 2017; Statista Market Forecast 2019).
This theoretical argument can be formalized using Daniel et al. (2018) heterogeneous
agents model as a proxy. Their work discusses the effects of overconfidence and the slow
diffusion of information on the persistence of mispriced assets. Apart from the standard assumption that in period t, agents individually maximize their utility as of period
t + 1, the key component from their model for the current theoretical framework is that
there are two types of agents (ibid., Sec. 4). First, there are the early minority agents who
initially learn of the financial service innovation (i.e., robo-advice) through primary marketing channels and, to a lesser extent, word of mouth (Rogers 2010, 79 et seq.). These
agents receive the signal at the beginning of period t and overreact on it. As per the
DOO hypothesis, the current model theorizes that the early minority agents overreact
because of a lack of objective knowledge or an excessively high level of perceived knowledge (Miller 1977, 1154). The badly informed or excessively optimistic early minority
(EM) agent i forms an expectation in period t of the return r of investing with roboadvice for the following period t + 1, EEMit [rt+1 ]. Then, there are mass-market agents
who also learn of the innovation in period t but do not act on it due to a perceived lack
of information. A mass-market (MM) agent j forms an expectation in period t of the
return r of investing with robo-advice for the following period t + 1, EMMjt [rt+1 ]. Lastly,
all “agents believe that their views are correct, and that others will figure that out sooner
rather than later”, i.e., at the end of period t + 1, when DOO on the perspective of an
investment is assumed to be collectively resolved (Daniel et al. 2018, 24).
The proposed model can be briefly outlined. Without loss of generality, consider a
basic utility function u = E[r] − 21 Aσ 2, with A being the constant absolute risk aversion (CARA) coefficient and σ2 the portfolio variance. In line with the DOO hypothesis, the expected return is the dividing factor between EM and MM agents. Any
changes to A or σ2 that are in line with empirical evidence discussed in Sect. 2 would
further elevate the hypothesized effect of an increased adoption rate of robo-advice
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among the overconfident early minority and are, therefore, kept constant for illustration purposes. Let the expected return be a function of overconfidence oc and information I on, e.g., interest rate, past performance, news coverage, etc., that marginally
increases over time. The two components essentially replace the more basic perceived
probability of a conditional return and conditional returns indicator, respectively. The
functional form of the expected return (whether discrete as a sum of products or continuous as an integral) remains unchanged. Since overconfidence is defined as the
excess between confidence c and knowledge K(I) (i.e., oc = c – K(I)), the bias itself is a
function of information (Parker and Stone 2014). In particular, it is assumed that confidence starts at an agent-specific level (i.e., intercept) and monotonically increases
with knowledge and that the knowledge-deriving process is a standard learning curve,
consisting of information and random error (Hall et al. 2007; Spence 1981). In accordance with innovation and marketing research, innovators and early adopters illustrate
a higher confidence in an innovation but otherwise start with the same limited information (Moore 2014, 244 et seq.; Rogers 2010, 257 et seq.). In other words, given that
information about the online service innovation is initially scarce, and only EM agents
are confident enough to act upon the limited signal, cEMit > IEMit , when they first learn
of the novelty at the beginning of period t. The reverse is true for MM agents because
they are not confident enough to act upon the initial signal as cMMjt ≤ IMMjt . Therefore,
cEMit > cMMjt ∧IEMit = IMMjt ⇒ ocEMit ⇒ ocMMjt ⇔ EEMit [rt+1 ] > EMMjt [rt+1 ] ⇒
c.p., uEMit > uMMjt ∀i, j
in period t ∎. Initially, there is DOO when agents first learn of the innovation because
EM agents have the same set of information but exhibit higher confidence in the prospect of the new service. They act utility-conform and adopt the innovation. MM agents,
on the other hand, do not have the same level of confidence and the given information
is not sufficient to outweigh their required risk premium. Consequently, MM agents do
not adopt the novelty (or, at least, not at the same rate if a spectrum of different MM
agents were to be considered).
The intuition of the model is that innovators and early adopters require little information to act upon. In line with research on the DOT, they invest in new products and
services in situations of great uncertainty regarding the future performance and suitability of an innovation because they expect “an order-of-magnitude return on the investment” (Moore 2014, 244). As argued in 2.2, they falsely extrapolate their own preferences
to predict mass-market success of an innovation. As per the DOO hypothesis, only
the most ill-informed or overconfident investors are willing to invest in such a situation (Miller 1977). At this stage, the average investor remains undecided and requires
additional signals (Rogers 2010, 257 et seq.). However, as time passes, more information
becomes available, uncertainty as well as risk decrease (partially because of a survivor
bias), and the divergence of opinion narrows (Miller 1977, 1155, 1156). The few surviving innovations cross the chasm and reach the mass market (Moore 2014). All remaining
disagreements between agents are resolved by the economic forces that shape financial
markets.
While the proposed model may be applicable to a wide range of innovations, it is
empirically tested in the context of robo-advice. As outlined in the introduction, roboadvice is the latest major innovation in finance (Kaya 2017). Furthermore, automated
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wealth management tools are end-user applications. This aspect reduces statistical noise
from institutional investors who may be present in other FinTech areas. Their absence
is desirable because private equity managers make investment decisions in an organizational setting with different incentive schemes and utility functions. Consequently,
the distinctiveness of the AI-powered technology as a financial service innovation and
the resulting applicability of innovation research, its recency, and the clearly defined
target group of end-users make robo-advice a promising candidate to test the model. If
the theoretical framework holds, overconfident investors should be significantly more
likely to adopt robo-advice in a pre-chasm market situation. This leads to the following
hypothesis:
H: Overconfident investors have a higher probability to utilize automated financial
advice, compared to their calibrated peers in a pre-chasm robo-advice market.
The following section outlines the methodology and describes the data as well as the
measures to empirically test the proposed model.

Methods
The methodology is structured as follows. First, the underlying dataset is summarized,
including its source and central tendencies of all utilized variables. Next, the utilization
of robo-advice as the main dependent variable, the primary overconfidence measure, as
well as a secondary indicator to check its robustness are introduced. All models were fitted in Stata SE 16 with a random seed of 12345.
Data

Observations were drawn from the Financial Industry Regulatory Authority’s (FINRA)
Investor Sample of the National Financial Capability Study (NFCS). The dataset is a publicly available randomized subset of the nationally representative NFCS which was collected in 2015 and published in late 2016 (see Lin et al. 2016 for a complete description
of the Investor Sample). The year of data collection guarantees that the investor base of
robo-advice had not reached the mass market as the penetration rate was below 1.5%
with $55 billion AuM in 2015 (Statista Market Forecast 2019). The dataset is frequently
used in financial research studies and its reliability and validity has been extensively
tested (Angrisani et al. 2016). The NFCS subsample consists of 2000 active investors who
held assets in nonretirement funds with 44.95% female, median age 55–64, and a median
annual household income of $50,000–$99,999. Ethnic and racial affiliation were measured with a binary indicator for identifying as non-white/non-Caucasian. Financial risktaking (Q: “When thinking of your financial investments, how willing are you to take
risks?”) was measured on a 10-point Likert scale, ranging from 1 “not at all willing” to
10 “very willing”. No Prediction S&P500 is a binary indicator for not providing a prediction for the average annual return of the S&P 500 stock index over the next 10 years (Q:
“What do you expect the approximate average annual return of the S&P 500 stock index
to be over the next 10 years (without adjusting for inflation)?”). The central tendencies of
all core variables in the dataset are summarized in Additional file 1: Table 1.
Missing data never exceeded 3.85%. This number is too insignificant to notably bias
the reported estimators (Little et al. 2014). Hence, missing observations were listwise
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ignored by default. However, a computationally more demanding approach of multiple imputation chained equation predictive mean matching was applied to check the
robustness of this listwise default. All reported results remain virtually unchanged, and
the imputation results can be found in the Additional file 1.
Main dependent variable: robo‑advice

The main dependent variable is a binary indicator for having used robo-advice (Q: “Have
you ever used an automated financial adviser that provides investment advice and makes
trades on your behalf?”). The majority had not used robo-advice (1,692 investors), 257
answered “Yes”, 48 “Don’t know”, and three “Prefer not to say”. These 51 non-substantive
responses were listwise ignored as outlined in 3.1. A secondary dependent variable was
defined to assess the subjective implications of having used robo-advice. Financial satisfaction (Q: “Overall, thinking of your assets, debts and savings, how satisfied are you
with your current personal financial condition?”) was measured on a 10-point Likert
scale, ranging from 1 (“Not at all satisfied”) to 10 (“Extremely satisfied”). The central tendencies are reported in Additional file 1: Table 1; two responded with “don’t know” and
another two with “prefer not to say”.
Main independent variable: IRT overconfidence

Measuring overconfidence requires further discussion. Overconfidence in one’s information or knowledge is defined as the excess between confidence and accuracy of
answers in a given subject matter. This would imply that one can simply measure the
difference between subjective knowledge (i.e., confidence in one’s knowledge) and the
sum of correct answers to derive overconfidence (or underconfidence if the difference
is < 0). The issue is that this would require both variables, confidence and accuracy, to
be drawn from the same or asymptotically similar distributions. This is unlikely to hold,
especially when both variables were not measured on the same scale (Parker and Stone
2014). In the NFCS, confidence in one’s investment knowledge was measured with a single item (Q: “On a scale from 1 to 7, where 1 means very low and 7 means very high, how
would you assess your overall knowledge about investing?”) on a 7-point Likert scale; nine
respondents did not know and four preferred not to say. Knowledge was assessed with
ten investment-related questions (e.g., Q: “Over the last 20 years in the US, the best average returns have been generated by:” A: “Stock”, “Bonds”, etc. (see Lin et al. 2016, 17 for
a full list of questions and answers)). Responses to these ten questions were coded as
binary variables, i.e., correct (1), incorrect (0), or missing (“don’t know”). Therefore, a
deviation measure is unlikely to yield robust results.
A previously proposed approach to solve the issue of a lack of sufficiently identically distributed measures of confidence and knowledge, is to use (among
other statistical tools) the properties of ordinary least squares (OLS). If confidence in one’s investment knowledge is regressed on knowledge (and its higherorder, e.g., quadratic, cubic, etc., forms), the residual term should accurately
capture overconfidence (Ortoleva and Snowberg 2015, 511). This should hold because
confidencei = knowledgei + biasi ⇔ overconfidencei = confidencei − knowledgei , especially when bias is estimated using a heteroskedasticity robust approach (EHW), following Eicker (1967), Huber (1967), and White (1980). However, there is another, previously
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understudied issue. The residual method assumes that all investment knowledge questions are equally informative. In other words, it assumes that getting a comparably difficult question wrong is just as important in revealing a person’s investment knowledge as
answering an easy question incorrectly. In addition, it assumes that all (in this case, ten)
questions are sufficiently distinct. For instance, if all ten investment questions center
around the issue of stocks, it is questionable whether one can count the number of correct answers to elicit a person’s general investment knowledge. Consequently, the necessary assumptions for the residual approach are unlikely to hold.
The current paper proposes a novel method, combining the benefits of the residual
approach with an advanced psychometric model to solve these issues. It is suggested
that item response theory (IRT) can be utilized to construct a latent knowledge indicator that can be used as a regressor for the residual model. IRT is central to computerized
adaptive testing, such as the Graduate Record Examination (GRE), because of the theory’s reliability, efficiency, as well as its ability to elegantly handle item-construct-independence (Nguyen et al. 2014, sec. 2). Especially the aspect of independence is crucial
to the overconfidence literature because previously employed models (e.g., the residual
approach) would assign two different knowledge scores (and consequently two different overconfidence levels) to a respondent who answered first an easy and then a hard
set of questions about, say, investment, even though that person’s actual subject matter
knowledge has not changed at all. IRT accounts for the levels of difficulty and discrimination (i.e., how “different” items are from one another) of questions and assigns individual latent (theta) scores, independent of whether a person answered an easy or a hard
test (Embretson and Reise 2013, chap. 1).
Binary IRT are latent variable models with likelihood estimators that come with
assumptions. Most notably, unidimensionality (i.e., one, instead of multiple latent variables) and local independence between items after accounting for the latent trait. Prior
research suggests that these are justifiable assumptions given the ten utilized knowledge questions (Knoll and Houts 2012). In addition, all participants of the NFCS had the
option to state “don’t know” which means that no guessing parameter is required. Consequently, a two-parameter IRT (2PL; for location and discrimination, see Nguyen et al.
(2014, sec. 2) for an approachable introduction to IRT) was fitted to estimate a person’s
latent investment knowledge. The results can be found in Additional file 1: Table 2.
The model utilizes all available information, including missing observations. This
should be highlighted because it does not require multiple imputation techniques to
accurately assess a person’s latent investment knowledge. The latent variable was subsequently used to regress confidence in one’s investment knowledge (i.e., subjective knowledge) and to derive overconfidence through a fourth-order polynomial in Eq. 1:

confidencei =β0 + β1 LatentKnowledgei + β2 LatentKnowledgei2
+ β3 LatentKnowledgei3 + β4 Latentknowledgei4 + εi

(1)

with confidence representing the 7-point confidence indicator, latent knowledge the
IRT-derived empirical Bayesian means for theta (henceforth, IRT Knowledge), and ε the
EHW-robust residual overconfidence (henceforth, IRT overconfidence) for participant
i. The estimated IRT overconfidence variable was standardized for interpretability. The
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central tendencies of the variables are reported in Additional file 1: Table 1. The outcome
of the auxiliary regression (i.e., Eq. 1) is reported in Additional file 1: Table 3. Despite
the fact that the IRT model is both theoretically as well as methodologically desirable,
it may be argued that its validity has not been established. Therefore, the robustness of
this overconfidence measure was tested with a secondary indicator that was derived
from a residual approach in accordance with Ortoleva and Snowberg (2015). A detailed
description of this approach can be found in the Additional file 1.

Results
The first step is to test the proposed model and the hypothesis that overconfident investors can be associated with a greater propensity of having used robo-advice in 2015, i.e.,
during a time when the market penetration rate was below 1.5% (Statista Market Forecast 2019). This would provide strong initial evidence in favor of the proposed model
that connects pre-chasm adoption with overconfidence among the early minority to predict the utilization of robo-advice. A probit model with a complete set of control variables and heteroskedasticity-robust standard errors was fitted to shed light on this aspect:
�−1 (robo − advicei ) =β0 + β1 IRToverconfidencei + β2 willingness2riski + β3 genderi
+ β4 agei + β5 bachelorplusi + β6 incomei + β7 marriedi

(2)

+ β8 ethnic, racialminorityi + ǫi

Table 1 summarizes the results. Column (1) shows that, ceteris paribus, higher annual
household income and older age are strongly associated with a lower likelihood of having used robo-advice in 2015. This is in line with prior research and matches the perception that wealthier as well as older individuals may be less inclined to use automated
investment platforms (Burnmark 2017; Kaya 2017; Woodyard and Grable 2018). Though
reassuring, the focus of this paper is to examine the affiliation between overconfidence
and the tendency to use robo-advice. The effect is highly significant, even after controlling for an investor’s willingness to take financial risk. This ought to be highlighted
because, as previously mentioned, a lower-than-average risk aversion might otherwise
bias the results and inflate the regressor for overconfidence. Column (2) in Table 1
shows the constant marginal effect sizes for comparison purposes. The finding underlines the theoretical argument that overconfidence is a significant and meaningful predictor for past usage of robo-advice. In fact, excessive confidence in one’s knowledge
outperforms a person’s willingness to take financial risk and is seemingly on par with
the effect of income on utilizing automated wealth management. Lastly, one may notice
the significant effect of marriage on the propensity of having used robo-advice. Everything else being equal, matrimony seems just as meaningful as risk tolerance in predicting the usage of robo-advice (Table 1, (2)). A possible explanation may be the presence
of younger household members, most likely children, who might serve as a proxy for
the adoption of new technology among otherwise unlikely investors. This effect has not
received scientific attention and may be explored in future studies. The following subsection applies the secondary overconfidence measure to Eq. 2 in order to check the
robustness of the presented results.
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Table 1 Probit model estimating pre-chasm usage of robo-advice
Dependent

(1)

(2)

Variable: robo-advice

IRT OC probit

Marginal effects

IRT overconfidence

0.42***

0.07***

(0.06)

(0.01)

Willingness to take risk

0.15***

0.02***

(0.03)

(0.00)

Female

− 0.01

− 0.00

− 0.10

− 0.03

35–44

− 0.39*

− 0.10

45–54

− 0.83***

− 0.18***

55–64

− 0.88***

− 0.19***

65 +

− 1.31***

− 0.24***

Bachelor or more

− 0.04

− 0.01

− 0.18

− 0.03

− 0.52***

− 0.08***

0.19*

0.03*

(0.09)

(0.01)

Age categories
25–34

(0.20)
(0.20)
(0.20)
(0.21)
(0.22)
(0.09)

(0.06)
(0.05)
(0.05)
(0.05)
(0.05)
(0.02)

Household income
$50,000–$100,000

(0.12)
$100,000 or more

(0.14)
Married

(0.02)
(0.02)

(0.10)

(0.02)

Ethnic/racial minority

0.17

0.03

(0.10)

(0.02)

Constant

− 1.51***
(0.28)

Observations

1937

McFadden’s pseudo R
2

0.276

BIC

1201

AIC

1123

1937

Column (2) are marginal effects around the mean of Column (1), hence the absence of a constant term. Robust standard
errors in parentheses
OC Overconfidence, BIC Bayesian information criterion, AIC Akaike information criterion
***p < 0.001; **p < 0.01; *p < 0.05

Robustness check: secondary overconfidence measure

While highly correlated with IRT overconfidence, the secondary measure does not rely
on the same stochastic assumptions and is, therefore, a prime candidate to check the
robustness of the presented results. Table 2 illustrates the outcome of refitting Eq. 2 with
the alternative standardized overconfidence measure (see Additional file 1 for a detailed
description).
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Table 2 Probit robustness checks estimating pre-chasm usage of robo-advice
Dependent

(1)

(2)

Variable: robo-advice

Robustness OC probit

Parker&Stone
probit

Robustness overconfidence

0.42***
(0.06)

Confidence

0.35***
(0.05)

IRT knowledge

− 0.39***
(0.06)

Willingness to take risk

0.14***
(0.03)

(0.03)

Female

0.01

− 0.08

(0.09)

0.11***

(0.09)

Age categories
25–34

− 0.08

− 0.01

35–44

− 0.37

− 0.23

45–54

− 0.82***

− 0.60**

55–64

− 0.87***

− 0.55*

65+

− 1.31***

− 0.97***

Bachelor or more

− 0.06

0.05

(0.10)

(0.10)

− 0.18

− 0.11

$100,000 or more

− 0.52***

− 0.37**

Married

0.20*

0.11

(0.10)

(0.10)

Ethnic/racial minority

0.18

0.10

(0.10)

(0.10)

Constant

− 1.48***

− 3.31***

Observations

1,923

1,937

(0.19)
(0.20)
(0.20)
(0.20)
(0.22)

(0.20)
(0.21)
(0.21)
(0.22)
(0.23)

Household income
$50,000–$100,000

(0.12)
(0.14)

(0.28)

(0.12)
(0.14)

(0.35)

McFadden’s pseudo R
2

0.275

0.318

BIC

1,199

1,145

AIC

1,121

1,061

Column (2) illustrates separate effects of IRT knowledge and confidence in one’s investment knowledge (Parker and Stone
2014). IRT Knowledge (2) are Bayesian mean values of the latent trait. Robust standard errors in parentheses
***p < 0.001; **p < 0.01; *p < 0.05

Column (1) supports the initial findings and the hypothesized affiliation between
overconfidence and the utilization of AI-powered financial advice. The outcome is
virtually identical, both in terms of significance and regression coefficients. A comparison between the reported results and seemingly identical findings, using a naïve
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deviation measure of overconfidence (i.e., confidence – knowledge = overconfidence),
can be found in Additional file 1: Table 5.
Despite the empirical evidence, one may question the very nature of the concept of
overconfidence (Hill et al. 2014). It could be argued that confidence in one’s investment knowledge and investment knowledge are two separate constructs that are fundamentally different (Olsson 2014). The following paragraphs address this concern
and shed light on the diverging affiliations between confidence and knowledge with
robo-advice.
Robustness check: Parker&Stone

Parker and Stone (2014) question the approach of naïve overconfidence measures. They
propose separating knowledge as well as confidence and call average residual confidence
(i.e., a significant confidence regressor after controlling for knowledge) “unjustified confidence”. This critique does not directly affect the reported IRT and residual overconfidence variables in 4.1. Yet the conceptual dispute of treating confidence and knowledge
as independent confounders within a system of regressions requires further attention.
Thus, the second robustness check was designed to (1) address the theoretical and methodological disagreement as well as (2) isolate the associations of knowledge and confidence with the propensity of having used robo-advice in a pre-chasm market.
Column (2) in Table 2 summarizes the findings. After controlling for investment
knowledge, confidence in one’s subject matter knowledge remains highly significant.
Contrary to previous research, higher investment knowledge seems to have a negative
relation with the usage of robo-advice (Woodyard and Grable 2018). However, this finding is very much in line with the DOO hypothesis and the proposed theoretical model
in this paper that only the most ill-informed and excessively confident investors would
invest in an online service innovation that comes with a high level of uncertainty regarding a reasonable expected return (Miller 1977). The outcome shows a consistent and
highly significant presence of what Parker and Stone labeled “unjustified confidence”. All
other implications and associations remain unchanged to previous models.
Lastly, it should be noted that McFadden’s Pseudo R2, Bayesian (BIC) and Akaike (AIC)
information criteria suggest a somewhat superior model fit of the Parker&Stone probit
link. The central model in Table 1 and the robustness check applying a residual overconfidence indicator are indistinguishable in terms of their goodness of fit (McFadden 1974;
Posada and Buckley 2004). In conclusion, overconfidence remains a highly significant
and meaningful regressor for the usage of robo-advice, independent of its conceptualization or measurement. These findings strongly support the hypothesized affiliation and
the theorized omnipresence of overconfidence among the early minority of robo-advice
users in a pre-chasm market.
Causality check

Despite the fact that Tables 1 and 2 illustrate a coherent picture, the models cannot
claim a causal interaction between overconfidence and robo-advice. One might say that
the results are driven by causal selection (i.e., reversed causality). A plausible argument
would be that unobserved prior usage of robo-advice led to increases in financial returns
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(likely due to the more favorable fee structure) which, in turn, inflated an investor’s ego
and resulted in an illusion of high (subjective) investment knowledge. This line of reasoning would assume that it is unlikely that objectively measurable investment knowledge would increase solely because someone uses a fully automated wealth management
tool. Therefore, the difference between subjective and objective investment knowledge
might be driven by the usage of robo-advice, not vice versa.
One way to test this conflicting hypothesis would be to design a randomized controlled
experiment. However, modeling an expanding market for a new financial service would
require several simplifications that undermine the external validity of a study aiming to
empirically assess a theoretical model. Consequently, a structural approach was chosen
to examine the causality of the presented finding. Specifically, a simultaneous equation generalized probit model was fitted to solve the issue of causal selection (Amemiya
1978). The approach is essentially a generalized linear instrumental variable (IV) model
using a likelihood estimator. Formally, this instrument needs to satisfy the same requirements that were conceptualized for a simple two-stage least square IV model (Wooldridge 2010, chap. 5.1).
The instrument under consideration is a binary indicator for whether an investor was
willing to provide an estimate for the average annual return of the S&P 500 over the
next ten years; “don’t know” responses were coded as 1. This IV elicits metaknowledge
(i.e., knowledge about one’s knowledge and its limits), a concept that has been associated with lower levels of overconfidence (Malmendier and Taylor 2015). Specifically,
people with higher metaknowledge seem to be less likely to express excessive confidence because they are aware of the limits of their knowledge. However, providing or
not providing an estimate for the average annual return, should not relate to the propensity of having used robo-advice, beyond its implications for overconfidence. In other
words, apart from the metaknowledge component that influences overconfidence, there
seems to be no conceptual link between automated financial advice and the willingness
to provide a performance estimate (r = − 0.13). The exact nature of the question is not
the primary focus of this instrumental approach as metaknowledge does not and should
not measure objective knowledge. Instead, a reliable metaknowledge indicator should be
theoretically related to the overconfidence measure (here, both are about investment),
offer a way to express metaknowledge (here, “don’t know” option), and be of high perceived difficulty to provide an opportunity to reflect on one’s knowledge (here, 56% of all
sampled investors were unable to correctly answer at least half of the 10 investment literacy questions and should find it comparably hard to predict the average annual return
of the S&P 500 over such a long time span) (Lin et al. 2016, 18). Methodologically, the IV
behaves as expected and negatively correlates (r = − 0.30) reasonably well with IRT overconfidence. The F-statistic of the first stage linear equation is 70.39. This vastly exceeds
the somewhat arbitrary threshold of F < 10 for weak instruments (Stock and Yogo 2002).
Therefore, the auxiliary hypothesis that the proposed instrument is weak can be comfortably rejected. All these aspects provide evidence that the selected instrument may be
appropriate to address the causal link between overconfidence and robo-advice. Equation 3 conceptualizes the first-stage linear equation of the structural model:
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Table 3 Generalized linear instrumental variable model and first stage equation
(1) IRT OC
No prediction S&P500

(2) Robo-advice

− 0.53***
(0.06)

Fitted IRT overconfidence

0.75**
(0.24)

Willingness to take risk

0.15***

0.08

(0.01)

(0.06)

Female

− 0.17***

0.07

(0.04)

(0.10)

− 0.04

− 0.07

35–44

− 0.09

− 0.32

45–54

− 0.14

− 0.72**

55–64

− 0.08

− 0.79***

65+

− 0.10

− 1.19***

Bachelor or more

− 0.04

− 0.03

0.05

− 0.20

Age categories
25–34

(0.12)
(0.12)
(0.12)
(0.12)
(0.12)
(0.04)

(0.19)
(0.21)
(0.23)
(0.23)
(0.26)
(0.09)

Household income
$50–$100 K

(0.06)
$100 K or more

0.16*
(0.06)

Married

0.04

(0.11)

− 0.56***
(0.13)
0.17

(0.05)

(0.10)

Ethnic/racial minority

0.14**

0.11

(0.05)

(0.11)

Constant

− 0.82***

− 1.11**

Observations

1,937

1,937

(0.14)

(0.43)

Column (1) illustrates the first stage in Eq. 3. Robust standard errors in parentheses. Z-score of “No Prediction S&P 500”
equals − 8.39. Column (2) is a simultaneous equation generalized probit model, replacing IRT OC with its estimated values
from the first stage
***p < 0.001; **p < 0.01; *p < 0.05

IRToverconfidencei =π0 + π1 NoPredictionS&P500i + π2 willingness2riski + π3 genderi
+ π4 agei + π5 bachelorplusi + π6 incomei + π7 marriedi

(3)

+ π8 ethnic, racialminorityi + νi

Column (1) of Table 3 summarizes the outcome. The estimation results are in line with
prior research on overconfidence. Willingness to take financial risk is positively associated with excessive confidence in one’s investment knowledge (Daniel and Hirshleifer
2015). Similar observations can be made regarding individuals in the highest annual
household income group and investors who self-identify as being part of an ethnic or
racial minority (Bhandari and Deaves 2006). Females, on the other hand, are less likely
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to be overconfident (Ortoleva and Snowberg 2015). While these findings are reassuring, the most important outcome is the significantly negative affiliation of the unwillingness to provide a prediction of the S&P 500 average annual performance over the
next 10 years with overconfidence. This supports the validity of the estimation results in
Column (2).
The generalized linear model (Table 3 (2)) strongly suggests that the fitted overconfidence estimates remain significant even after potential endogeneity of the construct has
been accounted for. All other implications regarding old age and high household income
continue to hold. One may notice that the willingness to take financial risk lost its significance. This may be related to an error rate inflation (i.e., higher standard errors) in these
structural models (Wooldridge 2010, chap. 5.1). Lastly, it should be stressed that a Wald
test of exogeneity (χ 2 (1) = 1.50 ⇔ p > 0.22) fails to reject the auxiliary hypothesis
that IRT overconfidence is an exogenous variable. Strictly speaking, there is no formal
evidence that the procedure in 4.3 is even required as there might not be any endogeneity issue between the chosen overconfidence measure and robo-advice. That said, it
is determined that there is a theoretical rationale for thoroughly addressing potential
causal issues. Results in Additional file 1: Table 6 were derived from the same structural
approach, treating confidence (instead of overconfidence) as endogenous and controlling for knowledge. Overconfidence (or unjustified confidence) continues to significantly
increase the likelihood of using robo-advice. The next subsection sheds light on the
robustness of the causal findings.
Robustness of causality

An issue with structural models is that they rely on a number of parametric assumptions. An alternative way to approach causal inference is through nonparametric matching functions to compare differences in outcome means between sufficiently similar
individuals who received or did not receive a predefined “treatment” (Abadie et al. 2004).
A binary variable is required in order to estimate average treatment effects of overconfidence on the propensity of having used robo-advice in a pre-chasm market, applying a
nearest neighbor matching function (Imbens 2004). Thus, investors were separated into
low (51.18%) and high IRT overconfidence groups by utilizing a median split. The distance metric for the matching function followed a Mahalanobis invert sample covariate
covariance (De Maesschalck et al. 2000).
Exact matches were required for annual household income and age due to their theoretical as well as empirical importance (see Tables 1, 2, 3). The three income and cumulative age categories (Additional file 1: Table 1) were used to account for it. In addition,
willingness to take financial risk, gender, educational attainment, marital status, and ethnicity/race were used for approximate similarity. All stated variables were bias-adjusted
to account for a large sample size and heteroskedasticity-robust standard errors were
applied. The average treatment effect of illustrating above-average overconfidence in
one’s investment knowledge on using robo-advice is 9.27% (robust standard error (rSE)
1.63%; p < 0.0001, 95% Confidence Interval (CI) [6.07%; 12.47%]). In other words, being
excessively confident increases the use of robo-advice by an average of 9.27% for all
investors. The distance measure seems normally distributed, ranging from − 1.07 to 1.09
with a standard deviation (SD) of 0.38. In summary, the outcome of a nonparametric
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matching exercise to estimate the average treatment effect of overconfidence on the
population strongly supports the notion that excessive confidence causally increases the
likelihood of using robo-advice. All previously reported findings seem to support the
proposed theoretical model of an overconfident early minority that drives the usage of
automated wealth management tools in a pre-mass-market situation.
Implications for financial satisfaction

Researchers have associated investor overconfidence with a number of suboptimal financial outcomes and behavioral traits, for instance, excessive trading, stock picking, a lack
of diversification, or failure to seek financial advice (Daniel and Hirshleifer 2015; Lewis
2018). Thus, one may wonder whether overconfidence-driven adoption of automated
wealth management hurts investors. While it is not the primary focus of the current
paper to provide a definite answer to this question, mimicking the previously applied
approach of nearest neighbor matching to calculate average treatment effects may shed
light on a consumer behavioral aspect of choosing vs not choosing to adopt robo-advice
from a proposed utility standpoint.
The variable of interest is satisfaction with one’s personal financial situation, measured on a 10-point scale. This is an arguably crude proxy for an agent’s utility, but it
offers some insight into an investor’s perceived financial situation. Treatment is defined
to be the binary robo-advice variable with exact matches for age and income. All other
covariates remain identical to previous models, except for IRT overconfidence which
was added to the list (and bias-adjusted along with all other variables). The average
treatment effect on the population is insignificant (coefficient 0.12; rSE 0.16; p > 0.45;
95% CI [− 0.19; 0.43]). There is no evidence that using robo-advice would have led to
higher subjective financial satisfaction among all investors. This is a promising first step
as it indicates that mass-market agents seem to behave utility-conform by not adopting
robo-advice in a pre-chasm market, as assumed by the model. The next step is to test
whether having used robo-advice in or before 2015 had an impact on the early minority’s financial satisfaction. If only users of the technological innovation are assessed (i.e.,
the average treatment effect on the treated), an additional layer of empirical support for
the model unfolds (Imbens 2004). Compared to a counterfactual scenario in which no
investor had adopted the technology, robo-advice users experienced a modest but statistically significant increase in financial satisfaction by about 5% (coefficient 0.46; rSE 0.20;
p < 0.019; 95% CI [0.08; 0.84]; distance measure ranging from − 7.54 to 8.96 with 2.65
SD). This suggests that, in line with the model predictions, automated wealth management tools positively impacted the satisfaction levels of early minority agents who chose
to use the innovation in a pre-chasm market situation. This may indicate some form of
utility-conform behavior among innovators and early adopters of robo-advice.

Discussion
In accordance with prior research, old age seems to be the strongest predictor for not
adopting robo-advice. After all, investors at or close to retirement age are not poised to
be opinion leaders for an AI-powered financial innovation (Moore 2014; Rogers 2010,
89 et seq.). In addition, some sort of wealth management has already been established
at that point in life. Similarly, retirement provisions and college fund allocations are
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less important once an investor retires or is close to retirement age. Furthermore, roboadvice solely relies on online platforms and mobile applications require a certain level
of internet affinity and trust in technological advances (Dietvorst et al. 2018). Both of
these aspects may be diminished among older investors (Lourenço et al. 2020). However, the notion that only highly educated but financially strained millennials use roboadvice cannot be confirmed by the presented findings. Instead, ceteris paribus, investors
between 35 and 44 are not significantly different in their adoption of AI-powered financial advice, compared to the baseline group of digital natives. Likewise, higher educational attainment seems to be unrelated to robo-advice. In fact, when confidence and
investment knowledge are assessed separately (Table 2(2)), higher objective investment
knowledge can be associated with a lower likelihood of having used robo-advice, as predicted by the current model. While income does seem to play a role in this process, it
only significantly matters for annual household incomes of $100,000 and more.
All these aspects indicate that previously associated demographics may not be the
best predictors for the adoption of robo-advice. Instead, the current paper proposes a
theoretical model that outlines who and, more importantly, why investors adopt roboadvice. It empirically shows that those who used the innovation less than five years after
the very first commercial application was launched in 2010, and before most major US
banks invested in the technology, share a much more meaningful behavioral trait (Abraham et al. 2019). They are, on average, overconfident in their investment knowledge.
This is in line with research in finance and innovation and strongly supports the theory
that early users of the novel tool do so, at least in part, because they are overconfident
which materializes in a divergence of opinion among investors (Daniel and Hirshleifer
2015; Hirshleifer et al. 2012; Markovitch et al. 2015; Miller 1977). In addition, overconfidence consistently outperforms an investor’s willingness to take financial risk in terms
of its predictability to adopt robo-advice. This is meaningful insofar as it supports the
theoretical assumption that overconfidence and its impact on expected returns drive
the adoption of the innovation among the early minority rather than the fact that they
seek or shy away from the financial risk of investing in robo-advice. In a pre-chasm market that is defined by DOO, these investors seem to act utility-conform as they expect
higher returns from investing in the innovation compared to mass-market users. Causally traceable increases in subjective financial satisfaction among early users of roboadvice might underline these theoretically assumed positive effects on an EM investor’s
utility function.
The current paper offers two distinct contributions to innovation research. First,
it offers novel insights through a combination of the DOO hypothesis and the DIT to
conceptually explain and empirically test why some investors are more likely to use
robo-advice than others. Early robo-advice users seem excessively confident in their
investment knowledge. They may believe that their information is more precise than it
actually is, overestimating future demand of the financial innovation, and underestimating the impact of individual preferences and market uncertainty (Markovitch et al. 2015;
Miller 1977). The theory of an overconfident early minority may be more widely applicable and could potentially close an important gap in the innovation literature. Namely, the
notable absence of tangible managerial measures that can be taken to increase the likelihood of a mass-market success of a financial innovation by taking demand-side actions
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through targeted marketing efforts to reach overconfident users. This could help to cross
the chasm and decrease DOO. In addition, this paper combines Miller’s (1977) DOO
with insights from Daniel et al. (2018) as well as from Daniel and Hirshleifer (2015) to
provide a theoretical rationale for why some investors adopt robo-advice in a pre-chasm
market while others stay on the sideline. Given that proposed theoretical framework can
be applied to financial innovations more widely, the current paper also contributed to
the diffusion of innovation theory in finance.
Apart from scientific contributions, the current study has several managerial implications. The success of robo-advice crucially depends on growing market shares, relative to professional financial advisors (Burnmark 2017). A larger investor base decreases
average cost due to economies of scale (Kou et al. 2021). Additionally, growth increases
word-of-mouth advertising which supports and accelerates the diffusion of automated
wealth management tools (Agnew and Mitchell 2019, chap. 10; Moore 2014). Given
the omnipresence of overconfidence among investors and gamblers, the findings of this
study can be used to create targeted online campaigns to directly address overconfident
investors, e.g., on online poker or betting sites (Goodie 2005; Merkle 2017; Tse et al.
2004). These investors have a higher likelihood of utilizing robo-advisors, seemingly
independent of educational attainment, gender, or ethnicity/race. In fact, it seems likely
that overconfident investors would disproportionately benefit from automated financial
advice beyond their expected return and perceived financial satisfaction. Automated
wealth management tools prevent, or at least complicate, excessive financial behavior,
such as overtrading and stock picking (Kaya 2017). Both of these traits have been associated with financial overconfidence (Daniel and Hirshleifer 2015).
Similarly, insights from this study can be used to increase marketing efforts and outreach to underprivileged investors. Lower financial knowledge seems to be strongly
associated with the use of robo-advice, at least among the early minority. Therefore,
basic financial literacy courses in community colleges or high schools might offer a platform to market robo-advice to investors who would otherwise be hard to reach. In this
case, algorithmic advice could level the playing field between highly educated and less
educated investors to gain access to competitive wealth management tools. Lastly, investors who self-identify as being part of an ethnic or racial minority seem just as likely to
use robo-advice as white/Caucasian individuals. Investors who would feel underrepresented in the financial service sector could benefit from automated and objective advice
(Lusardi and Mitchell 2007).

Limitations and future directions
The generalizability of the presented findings is constrained by a number of factors.
Though nationally representative, some or all effects may be limited to the NFCS Investor Sample. Replication and cross-validation of the models are strongly encouraged and
actively supported. Future research should include primary data to test the validity of
the proposed theoretical framework. Future studies could also explore how the theory of
cognitive dissonance or opinion dynamics impact the proposed theoretical model (Zha
et al. 2021). Second, overconfidence was conceptualized in terms of excessive confidence
in one’s investment knowledge. However, the bias has been shown to be highly domainspecific (Muthukrishna et al. 2014). Thus, it cannot be concluded that all innovators and

Page 20 of 24

Piehlmaier Financial Innovation

(2022) 8:14

early adopters are overconfident, without validating the proposed model industry-byindustry. Third, the quantity and quality of investment knowledge questions were predefined by the NFCS. Even though every effort in terms of robustness checks and measure
deviations had been made to account for this shortcoming, a more psychometrically
balanced set of questions might reveal a more complex interaction between investment
knowledge, confidence, and robo-advice. Researchers and panel companies might want
to consider including a combination of various established investment question batteries in order to bypass this issue. Lastly, it may be possible that some of the 2,000 active
US investors did not think (or know) that “an automated financial adviser” represents
robo-advice. This might skew the results if a substantial number of investors gave falsepositive or false-negative responses. However, rather than assuming that they blindly
and somehow consistently responded with “yes” or “no” to a question that they may not
understand, a more likely scenario would be that these investors gave non-substantive
responses (i.e., “don’t know”/“prefer not to say”). In fact, 2.55% of all respondents fall
into this non-substantive category. The reported results do not rely on these responses
and the number is too small to skew any prediction. However, even if they are accounted
for by advanced semiparametric modeling (i.e., multiple imputation chain equation predictive mean matching), the results are virtually identical (see Additional file 1: Table 4).

Conclusion
Shedding light on the motivation behind an investor’s decision to adopt robo-advice is
critical in understanding why automated financial advice crossed the chasm while other
financial innovations fail to reach the mass market. This paper provides a theoretical
framework, arguing that investors with the highest confidence in their financial knowledge or their least informed but sufficiently confident peers act on signals despite limited
information. Driven by their overconfidence, these investors expect higher returns than
less overconfident mass market investors and, hence, adopt robo-advice in a pre-chasm
market. The presented empirical findings consistently support this theory though the
generalizability of these outcomes for other financial innovations remains to be assessed
by future research.
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