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1. Background

Previous research has delivered contflicting results on people’s
acceptance of and trust in algorithmic judgement, reaching from
algorithm aversion (Dietvorst, Simmons, and Massey, 2015) to
algorithm appreciation (Logg, Minson, and Moore, 2018).
Nevertheless, these theories focus on user’s trust in a singular
advice and fail to clarify how the behavior of the source of advice
may affect users’ belief updating differently. Among others,
cognitive variables, motivational factors, prior beliefs, valence,
basic human values, knowledge about personal resources, and
estimation errors have shown create biased belief updating
(Kuzmanovic, Rigoux, 2017). Further, emotional persuasion
strategies have been identified, which affect learning rates
(Sharot, Korn, and Dolan, 2011). While these findings shed light on
irrational behavior in human-human interactions, they did not look
at the potential effect of the nature of the message source, being

an artificial agent or a human.

common ground, while the other half received emotionally neutral
advice. Establishing common ground is an emotions persuasion
principle, where personal information is shared by the speaker,
leading to acknowledgement and liking by the user and effecting
changes in the user’s behavior. Hereby, the user is more likely to

accept advice by the speaker.

2. Research Questions

1. How does algorithmic advice affect users’ belief updating?

2. How does the extent to which the advice differs from the user’s
prior beliefs affect belief updating?

3. How does the type of advice affect belief updating ditferently
depending on the person?
How sustainable are the updated beliefs over time?

5. lIs there regret involved in belief updating? Does this regret
depend on the message source?

6. How does emotional persuasion change users’ learning rates

differently if the advisor is Al or human?

3. Research Design

* Asthe domain we chose to test a domain that features a
concrete, external standard of accuracy. For this reason, we
chose the domain of financial advice as our primary matter of
Interest.

» Survey-based study of an online investment game using
Qualtrics and Amazon Mechanical Turk.

* Participants were instructed to play an online investment game.
They were given the movements of three stocks during six
previous periods.

» First, they were asked to choose the best performing share and
estimate the chance that the share they chose is the best
performing one (first estimate).

» Next, they were given financial investment advice, either by Al
or by a human financial advisor. Here the manipulations took
place.

* The participants were then given the chance to re-estimate the
chance of their share to be the best performing one (updated
estimate).

* The participant were told that they could earn bonus payment if

their estimates were correct.

Manipulations:

* Nature of the message source: Half of the participants were
told that they interacted with Al, while the other half were told
that they interacted with a human financial advisor.

* |nformation valence: Half of the participants received advice
which was good news to them (estimation error > 0), while the
other half received advice which was bad news to them
(estimation error < 0).

» Estimation error: Half of the participants received advice that
differed 20% from their prior beliefs, while the other half
received advice that differed 30% from their prior beliefs.

* Emotional persuasion: Half of the participants were tried to be

influenced through emotional persuasion of establishing

4. Belief Update Task

The difference between the first estimate and the advice given to

the participant is defined as the estimation error.

Estimation Error = first estimate — advice given

If estimation error > O, information valence is defined to be positive
(good news). If estimation error < O, information valence is defined
to be negative (bad news). Belief updating was measured by the
learning rate. We defined the learning rate as the amount of

update conditional on the given advice and calculated it as:

. __ first estimate —second estimate
Learnlng Ratenegative valence —

first estimate —advice given

second estimate —first estimate

Learning Rate,,,.;s; =
g positive valence advice given—first estimate

The figure below illustrates the procedure based on an exemplary
case where the participant’s initial estimate was 50%. The red box
illustrates the advice provided in the case where the participant is
in the negative valence group, the green box illustrates the case

where the participant is in the positive valence group.
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Survey 2:

1400 participants played the online investment game
Manipulations: 2x2x2x2 between-subjects

* Al vs Human advisor

= Positive valence vs negative valence

" 20% Vs 30% estimation error

* Emotional persuasion vs no emotional persuasion

Additionally, participants had the chance to earn bonus payments,

causing motivated beliefs.

Results:

* The results of survey 2 confirmed the results of survey 1.

* There is a significant valence dependent belief updating bias
(p=< 2e-16). Participants updated their beliefs significantly
stronger when they received good news (M=0.87) than when
they received bad news (M=0.45).

» For positive information and no emotional persuasion, there is
a significant interaction effect for nature of the message
source and estimation error (p=0.0329). Learning rates for
advice by Al stay stable even when prior beliefs strongly differ
from the advice. However, if the user gets advice by a human,
the learning rate significantly decreases when the estimation
error (extent to which advice differs from prior belief)
increases (p=0.0057).

» For positive info and emotional persuasion the decreasing
learning rate of human advice can be stabilized at a level
which does not significantly ditfer from the learning rate of
advice by Al. Emotional persuasion does not affect the
learning rate it the advice is given by Al.

" |n the case of negative info, there is a main effect for the
nature of the message source (p=0.0022). For any advice
deviation, the learning rate for Al advice (M = 0.58) is
significantly higher than the learning rate for advice given by a

human (M=0.39).

5. Results

Survey 1

600 participants played the online investment game
Manipulations: 2x2x2 between-subjects

* Al vs Human advisor

» Positive valence vs negative valence

B 20% Vs 30% estimation error

Results:

* There is a significant valence dependent belief updating bias
(p=0.0214). Participants updated their beliefs significantly
stronger when they received good news (M=0.84) than when
they received bad news (M=0.73).

» For positive information, there is a significant interaction effect
between nature of the message source and estimation error
(p=0.0247). As the advice moved further away from the users
prior belief, the learning rate for advice by Al stayed stable,
while the learning rate for advice by a human decreased
significantly (p=0.025).

* For negative information, there is a significant main effect for
the nature of the message source (p=0.043). The average
learning rate if advice is given by Al is 0.79, the average

learning rate for if advice is given by a human is 0.66.

6. Conclusion

* This study finds an algorithm appreciation bias for negative
information for financial advice.

* For positive information, the algorithm appreciation bias
increases as the advice deviates further away from the user’s
prior belief.

* Emotional persuasion is only effective if the advice is given by
a human and the information valence is positive.

» DPeople are likely to learn more from good news than from bad
news, leading to asymmetric belief updating. This bias is

increased when beliefs are motivated.
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