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Abstract: The increasing presence of computers in society
calls for the need to better understand how diﬀerently the
sociocognitive mechanisms involved in natural human
relationships operate in human–robot interactions. In the
present study, we investigated one fundamental aspect
often neglected in the literatures on psychology and educational sciences: how the source of information, either
human or computer, inﬂuences its perceived reliability
and modulates cognitive and motivational processes. In
Experiment 1, participants performed a reasoning task
that presented cues following participants’ errors, helping
them to succeed in the task. Using two levels of task diﬃculty, we manipulated the source of the cues as either a
human or a computer. In addition to task accuracy, Experiment 2 assessed the impact of the information source on
socially and nonsocially related dimensions of achievement goals. In Experiment 1, participants who believed
that they received cues from a human teacher performed
better on diﬃcult trials compared to those who believed
that they received cues from a computer. In Experiment 2,
we replicated these ﬁndings by additionally showing that
the nature of the source only had an impact on the socially
related dimension of achievement goals, which in turn mediated the source’s eﬀect on reasoning performance. For the
ﬁrst time, the present study showed modulations of cognitive and motivational processes resulting from the manipulation of the type of information source aimed at providing
assistance with a reasoning task. The ﬁndings highlight the
importance of considering the social and motivational
aspects involved in human–computer interactions.

In the next decade, students will increasingly interact
with computers in class, in the form of assistive technologies known as tutoring systems. Tutoring systems
for human learning are computer environments whose
objectives are to promote or encourage learning as well
as to supervise and assess knowledge integration [1,2].
Research in psychology, educational science, and educational technology is very much concerned with the
bottom-up nature of information presentation, asking
questions such as the following: In what form should
the information appear? Is the information eﬃcient
enough for the task at hand? What is the model of adaptation? Paradoxically, this approach has obscured a
fundamental question – which is the other side of the
coin – namely, the question of top-down processes: the
evaluation of the information considering its source.
Indeed, presenting information for the purpose of learning
or helping from a computer or algorithm compared to the
same information from human agents could result in different sociocognitive processing of the information in
terms of reliability evaluation or trustworthiness.
Even considering that people tend to treat computers
as though they were real people (especially when computers respond in an unexpected way)¹ [3], Friedman,
Khan, and Howe assert that “people trust people, not


* Corresponding author: Nicolas Spatola, Department of Education,
University of Potsdam, Potsdam, Germany,
e-mail: nicolasspatola@hotmail.fr
Johann Chevalère, Rebecca Lazarides: Department of Education,
University of Potsdam, Potsdam, Germany


It should be mentioned that Nass and Moon suggest that the social
behavior toward computers could be superficial and not embedded
in individuals as reality per se [3]. Epley and colleagues [4], discussing the anthropomorphism process, argued that one strategy
would be to reduce the uncertainty associated with the situation,
especially (in line with Nass and Moon) when the actions of the nonhuman agent are unexpected.
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technology” [5]. Therefore, the way in which information
is presented and the source of this information could
have a strong impact on how the receiver agrees to rely
on or follow this information, especially in critical situations. In this study, we address this question in the framework of tutoring systems. We examine whether the
integration of information presented by a human or a
computer to individuals can be considered as comparable. Consequently, we aim to evaluate whether the test
performance of human learners diﬀers when additional
information about the task is presented as either human
made (by teachers) or computer made (by algorithms). In
light of the relative agreement among the studies described
in the next section, we assume that perceived reliability of
the source modulates task outcomes through sociocognitive
processing speciﬁc to human–human interactions. In addition, we are interested in the role of motivational factors
that inﬂuence learning processes, such as achievement
goals, that have been an important focus of the achievement motivation literature in educational psychology for
some decades [6,7].

2 Human–computer interaction
When processing information, the source is one of the
main features for the evaluation of the content [8–12].
Depending on the characteristics of the information source,
people may be positively or negatively biased according
to their evaluation of the source itself [10]. In the context
of comparing information from humans and computers,
the social identity approach [13] is a psychological theory
that explains such biases in evaluation processes. Following the social identity approach, individuals rely on
others as a function of their in- or out-group appurtenance [14,15]. When considering information from their
own group members (e.g., humans), individuals are more
willing to evaluate the information as reliable compared
to that same information from an out-group member
(e.g., computers). This process is strengthened by the
level of identiﬁcation with the group of belonging and
perceived distance between the in- and the out-group
[16–18]. This in-group bias may even result in attributing
fewer human characteristics to people from the out-group
and therefore lowering their opinion of them [19,20].
Therefore, the distance that individuals consider between
the source of information and their group (as a symbolic
value) modulates their acknowledgment of this information, especially when the information is ambiguous or
diﬃcult to process [21]. The source of information is also

suﬃcient to bias decisional processes, even when the
information is not accessible. For instance, when individuals are asked to choose between envelopes containing
a certain amount of money, without the knowledge of
the contents that were previously allocated by an ingroup or out-group member, they are more willing to
select the in-group envelope, arguing that group membership is suﬃcient to bring about group-based reliability
[22]. Sharing traits or characteristics with others results in
a more positive assessment of their behavior toward the
observer.
Now considering human–robot interaction in this
framework, researchers have already demonstrated the
dichotomy between humans and computers as a cognitive reality; people conceptualize artiﬁcial (e.g., robots
and algorithms) and natural agents (e.g., human and nonhuman animals) as two diﬀerent clusters [23] and as a potential basis for human social evaluation processes [24]. For
instance, based on this human–computer dichotomy,
people declare more trust in human drivers than in autonomous vehicles [25]. This positive bias toward human
agents is generalizable to various automation contexts
[26]. Apart from the diﬀerence in type between humans
and computers, another hypothesis to explain this prohuman bias is the lack of potential feedback in decisions
involving autonomous agents [27]. Feedback plays an
important role in computer–human interactions to maintain the user’s feeling of control, a central predictor of
human motivation [28]. Therefore, individuals may not
consider information coming from humans and nonhumans as equally reliable, and this diﬀerence comes
from the perceived nature of the entity rather than the
informational content or form. In other words, this diﬀerence in the extent to which people will rely on computers
compared to humans will depend on their in-(human) vs
out-(robot) group bias and their identiﬁcation their (human)
group. Little is known about such biases in terms of human
cognitive performance, although computers have been
introduced in various sectors of human life, including
educational learning environments.

3 Motivation in learning:
students’ goal orientations
Another determinant that can explain how individuals
understand and use information, especially in learning or
performance contexts, is their achievement goal orientation.
Achievement goal orientations are important motivational
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factors that aﬀect individuals’ cognitive, motivational,
and aﬀective learning outcomes [29,30]. Achievement
goal orientations have been deﬁned as students’ general
orientation toward learning, that is, the kinds of goals
they tend to choose and the kinds of outcomes they
prefer in relation to studying [31]. The achievement
goal orientations have been diﬀerentiated into approach
and avoidance goals [30]. In approach goal orientations,
behavior is directed by a positive event or possibility
(e.g., mastery-approach goals: striving to gain knowledge), whereas in avoidance goal orientations behavior
is directed by a negative event or possibility (e.g., performance-avoidance goal orientation: avoiding failure).
This theoretical conception is closely related to Atkinson
and colleagues’ [32] theoretical conceptualization of achievement motivation, which postulates the existence of a motivation linked to the attraction of success (approach motivation) and another linked to the avoidance of failure
(avoidance motivation). Elliot et al. [5] developed the
theoretical concept of achievement goal orientations
further and proposed a 3 × 2 achievement goal model
in which the authors distinguish between the following six goal orientations: task-approach, task-avoidance,
self-approach, self-avoidance, other-approach, and otheravoidance. Task-based goals use the demands of the task
as the evaluative referent, self-based goals use an individual’s own prior accomplishments and competence development as the evaluative referent, and other-based goals
use the accomplishments and competence of others as the
evaluative referent.
Taking account of achievement goals is fundamental
regarding the incentive to introduce assistive technology
in contexts such as schools, because achievement goals
are a key factor in predicting students’ performance, academic engagement, and well-being [33,34].
Achievement goals might diﬀer according to the
representation of the task as fully abstract (computer version) or anchored in a more standard educational context
(teacher version), and the sensitivity of users in terms of
their use of a speciﬁc learning method could depend on
their current achievement goal. The reason is threefold.
First, social constructivist theory [35] posits that, in
the context of social learning, motivation is inseparable
from the instructional process and the social environment. For instance, the social nature of the context
results in an internal state of interest and cognitive and
aﬀective engagement. Also, motivation is increased in
learning situations that involve social settings [36]. However, research has already demonstrated that humans
and computers are considered as entities of a diﬀerent
nature [23] – even though people may relate to computers
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in the same way as to social agents [3] – reducing the
degree of social nature primarily associated with computers compared to human agents. Therefore, humans and
computers could diverge in terms of their likelihood of
creating or maintaining the social characteristic of a setting, resulting in a diﬀerent level and type of contextual
motivations. Second, individuals tend to trust computers
less than they trust other humans, even when experiencing cooperative attitudes exhibited by these computers,
impairing human willingness to cooperate on the task
[37]. Therefore, sourcing information as human or computer-generated modulates the social nature of this information as well as the motivation to work on the given
task. Processing social vs nonsocial information engages
more neural reward circuitry and particularly the striatum,
which is also involved in the motivation of processing
social information [38].² Third, with respect to their goal
orientation, individuals may not consider a task, a lesson,
or a learning method in the same way and with the same
eﬃciency. Individuals who tend to compare themselves
and feel threatened by social comparison, impairing their
performance [39], could feel better working with a computer-assistive technology that does not provide any
potentially threatening social feedback. However, the
link between learning technology and goal orientations
remains poorly explored [40]. Consequently, it is important to investigate whether achievement goals are aﬀected
by top-down processing of information displayed by technologies and whether new technologies such as intelligent
tutor systems are perceived as a reliable use context.

3.1 The present study
The ﬁrst objective of this study was to evaluate whether
the source of information (human or computer) may bias the
processing of information, as indexed by performance
on a reasoning task, which is widely used in IQ assessments and is involved in learning. Because the scarcity of
cognitive resources available for a given task increases
the saliency of the information source under evaluation,
we contrasted diﬀerent levels of task diﬃculty with the
hypothesis that source eﬀects should be most pronounced when the task is diﬃcult [41–44]. In addition,
considering that the usefulness of pedagogical agents


2 Even considering that information generated by a computer could
be considered social in certain context, it would remain less social
than the same information provided by a human agent [45].
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(human or computer) is particularly relevant in school
contexts, our second objective was to examine the inﬂuence of the source of information on learners. Finally,
given that the social dimension is crucial in explaining
the inﬂuence of the information source on performance,
our last objective was to determine whether diﬀerent
types of achievement goals, which rely more or less on
social comparison, would mediate the inﬂuence of the
information source on test performance. We assumed
that achievement goal orientations related to social comparison (other-goal orientation), would be particularly
strongly aﬀected by the source of information, and would
in turn be particularly relevant for participants’ test performance.
To test our assumptions, we conducted two experiments. In our ﬁrst experiment, we tested how the source
of information (computer vs human teacher) aﬀected
test performance and how the information source interacted with the level of task diﬃculty when aﬀecting
cognitive performance (measured via test performance).
In our second experiment, we tested how the source of
information (computer vs human teacher) aﬀected test
performance and achievement goal orientation and how
the information source interacted with the level of task
diﬃculty when aﬀecting motivation, and how motivation (measured via achievement goal orientations) then
in turn related to performance on the test (mediation
model).

3.2 Experiment 1
The ﬁrst experiment aimed to investigate the central
point of our hypothesis: the role of the source of information as a determinant of the use of the information. To do
so, we used a logical reasoning task named “Raven
matrices.” Raven matrices are a family of multiple-choice
intelligence tests originally created by John Carlyle Raven.
Each question includes a series of matrices that need to
be completed by the participant. The task of the participants is to complete the Raven matrices with written support presented as developed by either a human teacher
or a computer. We hypothesized that participants should
be more likely to perform better when assuming that
information about tasks was provided by a human teacher vs computer and expected that a possible explanation of their better performance in a human condition
might be positive human bias [26]. We further assumed

that performance diﬀerences between the teacher group
and the computer group would be more pronounced
when working on diﬃcult tasks because of the higher
saliency of the information source and more stereotypical
processing [41–44].

3.3 Method
The participants were recruited online (Mage = 22.3 years,
SD = 5.06, 42 males, 61 females and 3 nondeclared).
Participants were informed about the voluntary nature
of the experiment and performed the task online. At the
beginning of the experiment, participants were instructed
with the following text: In this study you will have to
identify the logical sequence of nine matrices. A matrix is
a grid divided into nine cells where eight of them contain
graphic ﬁgures arranged according to a precise logic. You
must therefore discover what this logic is in order to choose,
among several proposals, the one that can ﬁt into the empty
box. At the end of the experiment you will be able to access
your score which represents your success in the diﬀerent
matrices.
The nine matrices were divided into three levels of
diﬃculty (see Figure 1). The three easy (a), medium (b),
and hard (c) matrices were presented in random order for
all participants.
For each matrix, participants were given two trials.
If the participants failed on the ﬁrst trial, they received
a cue to solve the problem on the second trial. If they
succeeded, the trial ended. For example, on the diﬃcult
trial C presented in Figure 1, the cue after the ﬁrst trial
was whether horizontally or vertically, the third square is
the transformed result of a superimposition. Participants
were randomly assigned to one of our two conditions
(teacher vs computer). For half of the participants, the
cues were presented as emanating from human teachers
who designed these cues to help them solve the present
matrices (i.e., teachers’ cue condition). For the other half
of the participants, the cues were presented as emanating
from an intelligent tutoring system that designed the cues
to assist a better understanding of logic and problem
solving (i.e., computer’s cue condition):
If you make a mistake, you will have a second chance
with a clue that has been deﬁned by [a human teacher/an
intelligent tutoring system] to assist a better understanding
of the logic and a resolution of the problem. We chose a
semantic priming paradigm, as in our experiment it was a
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within factor and the experimental group (teachers’ cue vs
computer’s cue) as between factor. Results showed a signiﬁcant interaction, F(1, 94) = 6.09, p = 0.015, ηp2 = 0.06.
Contrasts showed that no diﬀerence was observed in the
ﬁrst trials, F(1, 94) = 0.05, p = 0.819, ηp2 = 0.01. As expected, in the second trials, participants in the teachers’
cue condition performed better than participants in the
computer’s cue condition, F(1, 94) = 6.62, p = 0.012,
ηp2 = 0.07 .

Figure 1: Example of matrices for easy (a), medium (b), and hard (c)
trials.

reliable way to ensure that experimental conditions were
comparable.³ In both conditions, the cues were strictly
identical. The only diﬀerence was the top-down priming
about the source of the information.

3.4 Variables
We manipulated the type of helping cues presented as
provided by either teachers or a computer as a between
factor. The level of diﬃculty (easy, medium, and hard)
was manipulated as a within factor. We measured the
performance of participants as their accuracy on the task.

4 Results

To further compare the experimental groups on each
level of diﬃculty, we conducted a separate mixed-design
ANOVA on test performance (accuracy scores) in the
second trials as the dependent variable (DV), with the
diﬃculty as the within-participant factor and the source
as the between-participant factor. These separate analyses made it possible to account for the population difference between analyses due to the diﬀerence in accuracy on each diﬃculty level (more participants went to
the second trials in the diﬃcult compared to easy trials).
In the second trials, we did not ﬁnd any diﬀerence
between groups for the easy trials, F(1, 17) = 0.01, p =
0.926, ηp2 < 0.01, or medium trials, F(1, 64) = 0.43, p =
0.516, ηp2 = 0.01. However, we found an eﬀect for the difﬁcult trials, F(1, 93) = 4.93, p = 0.029, ηp2 = 0.05. Participants
in the computer’s cue condition showed a lower performance (i.e., lower accuracy scores) than participants in the
teacher’s cue condition.

5 Discussion
This ﬁrst experiment aimed to compare how the use of
instructions to solve a task presented as generated by
a human vs computer might result in a diﬀerence in
performance on a standard logical reasoning task. Our
results argue for a diﬀerence only in diﬃcult tasks, which
is congruent with the literature on stereotypical processing of information under cognitive load [41–44].

We conducted a mixed-design analysis of variance (ANOVA),
with accuracy in the ﬁrst and second trials (Table 1) as

5.1 Experiment 2


3 A manipulation check asking participants to evaluate the cues as
more machinelike or humanlike on a 7-point Likert scale showed
that in the “teacher” condition, participants attributed more humanlikeness to the cues compared to the “computer” condition,
p < 0.001.

The ﬁrst experiment showed an eﬀect of the source of
information on logical reasoning performance when using
the instructions provided by either a human or a computer. Because performance is not only deﬁned by pure
reasoning cognitive processes, this second experiment
extends our understanding of the eﬀects that computers
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Table 1: Experiment 1: Participants’ test performance measured via accuracy score as a function of diﬃculty and trial session
First trials (control trials)

Computer
Teacher

Second trials (experimental trials)

Easy

Medium

Hard

Easy

Medium

Hard

0.80
0.93

0.71
0.68

0.42
0.42

0.76 (10)
0.70 (8)

0.50 (31)
0.60 (33)

0.34 (46)
0.51 (47)

Note. The ﬁrst trials (in italic) represent the trial without any instruction, p (success), and serve as control measures. The second trials
represent the trial after an error in the ﬁrst trial, p (success/initial failure), and receiving instruction presented as from either the computer
or a human teacher. The number of participants at each level is presented in parentheses. The number of participants failing at the ﬁrst trial
and receiving a cue is the inverse of the p(success) in the ﬁrst trial (e.g., 0.20 and 0.17 in easy ﬁrst trials in computer and teacher
conditions, respectively). p refers to a contingent probability.

vs humans as sources of information have on cognitive
processes by integrating achievement motivation as a
main determinant of performance. To do so, we used
the 3 × 2 achievement goal model proposed by Elliot
et al. [6] in which the authors identiﬁed six goal orientations: task-approach, task-avoidance, self-approach, selfavoidance, other-approach, and other-avoidance.
As far as we know, the relationship between sourcedependent performance cueing and achievement goal
orientations has not yet been explored. Our approach is
therefore exploratory but informed by achievement goal
theory. Students develop their achievement goal orientations based on their perceptions of teachers’ evaluations,
autonomy, recognition, and authority. Presenting instruction as coming from two diﬀerent sources (human vs
computer) should change the saliency of individual goal
orientations. More speciﬁcally, task orientation and selforientation tend to be enhanced by teachers’ provision of
autonomy, recognition, and evaluation [45]. In addition,
because students have an inherent need for relatedness
to teachers, the incentive to outperform others by being
better or not worse than others (other-approach vs otheravoidance orientation) is expected to be higher in the
human compared to the computer condition. As we
already showed in the ﬁrst experiment, the simple nature
of the source of information is integrated as a relevant
dimension in the processing of information. In this second
experiment, we extended this approach to test whether the
nature of the information source is also integrated in
human motivational functioning. We also tested whether
the eﬀect of the source of information on achievement
motivation (operationalized via achievement goal orientations) depends on task diﬃculty. We further expected that
achievement goal orientations might work as a mediator of
the eﬀect of the condition (human vs computer) on test
performance, speciﬁcally in diﬃcult trials that strengthen
the dichotomy between human and computerized information sources.

5.2 Method
The participants were recruited online (Mage = 21.31 years,
SD = 7.05, 302 males, 692 female and 15 nondeclared).
Participants were informed about the voluntary nature
of the experiment and performed the task online. The
procedure was similar to Experiment 1 except for an
Achievement goal orientation questionnaire at the end
of the experiment. The aim of this questionnaire was twofold: (1) to evaluate the diﬀerence in goal orientation as
the function of the experimental condition and (2) to
evaluate whether achievement goal orientation could
bias participants’ performances.⁴

5.2.1 Achievement goal orientation
We asked participants to complete the 3 × 2 achievement
goal questionnaire [6] to evaluate their achievement goal
orientation during the task. Questions were presented
in random order. Participants were informed that they
would be presented with statements representing different types of goals that they may or may not have for
the current task (e.g., “To do well compared to others in
the class on the exams” and “To know the right answers
to the questions on the exams in this class”). Participants
were instructed to indicate how true each statement was
for them on a 1 (not true of me) to 7 (extremely true of me)
scale.


4 Again, a manipulation check asking participants to evaluate the
cues as more machine-like or human-like on a 7-point Likert scale
showed that in the “teacher” condition, participants attributed more
human-likeness to the cues compared to the “computer” condition,
p < 0.001.
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Table 2: Experiment 2. Participants’ test performance measured via accuracy score as a function of diﬃculty and trial session
First trials (control trials)

Computer
Teacher

Second trials (experimental trials)

Easy

Medium

Hard

Easy

Medium

Hard

0.92
0.93

0.75
0.78

0.46
0.49

0.72 (96)
0.78 (93)

0.68 (265)
0.73 (268)

0.59 (423)
0.68 (437)

Note. The ﬁrst trials (in italic) represent the trial without any instruction, p (success) and serve as control measures. The second trials
represent the trial after an error in the ﬁrst trial, p (success/initial failure), and receiving an instruction presented as from either the
computer or a human teacher. The number of participants at each level is presented in parentheses. The number of participants failing at
the ﬁrst trial and receiving a cue is the inverse of the p (success) in the ﬁrst trial (e.g., 0.08 and 0.07 in easy ﬁrst trials in computer and
teacher conditions, respectively).

5.3 Variables of interest
We manipulated the type of helping cues presented as
provided by either teachers or a computer as between
factor. The level of diﬃculty (easy, medium, and hard)
was manipulated as within factor. We measured the performance of participants as the accuracy on the task. We
also measured the achievement goal orientation of participants with a questionnaire.

in the teacher’s cue condition performed better in the
second trials than participants in the computer’s cue condition, F(1, 858) = 11.22, p = 0.001, ηp2 < 0.02 .
Again, we conducted separate mixed-design ANOVA
on test performance (accuracy score) in the second trials
to compare the experimental groups for each level of
diﬃculty. For the second trials, we did not ﬁnd any difference between groups in the easy trials, F(1, 188) = 0.86,
p = 0.355, ηp2 = 0.01, or medium trials, F(1, 532) = 1.80,
p = 0.180, ηp2 = 0.01. However, as in Experiment 1, we

5.4 Results

found an eﬀect for the diﬃcult trials, F(1, 858) = 11.22,
p = 0.001, ηp2 = 0.01, in which participants presented with

5.4.1 Analysis strategy

human cues outperformed those presented with computer
cues.

First, we replicated the analysis of Experiment 1 (i.e.,
Performance section). Second, we controlled for the
achievement goal orientation scale reliability and evaluated whether the experimental condition (human vs computer) could inﬂuence participants’ achievement goal
orientation using a MANOVA (i.e., Achievement goals section). Finally, to investigate the (mediating) inﬂuence of
the achievement goal orientation and the eﬀect of the
experimental condition on performance, we conducted
mediation analyses (i.e., Mediation section).

5.4.2 Performance
As in Study 1, we ﬁrst conducted a mixed-design ANOVA
on test performance (accuracy scores), with the ﬁrst and
second trials (see Table 2) as within factor and the experimental group (teacher’s cue vs computer’s cue) as between
factor. Results showed a signiﬁcant interaction, F(1, 858) =
7.74, p = 0.005, ηp2 = 0.01. Contrasts showed that while no
diﬀerence was observed in the ﬁrst trials, F(1, 858) = 0.40,
p = 0.528, ηp2 < 0.01, similar to Experiment 1, participants

5.4.3 Achievement goals
We ﬁrst controlled the reliability of the scale by processing a conﬁrmatory factor analysis. Originally the scale
consisted of six constructs (three items each); however,
in our data, the conﬁrmatory factorial analysis showed
a three-factor solution (the factorial analysis is available
in the Appendix, https://osf.io/8xjev/), with no diﬀerence
between task-approach and task-avoidance goal constructs (10.30% of explained variance, α = 0.90), selfapproach and self-avoidance goal constructs (18.35% of
explained variance, α = 0.93), and other-approach and
other-avoidance goal constructs (47.38% of explained
variance, α = 0.97). Therefore, we used these three factors
as the task-goal, self-goal, and other-goal constructs at
continuation.
We processed a MANOVA including the three taskgoal, self-goal, and other-goal achievement constructs as
DVs and the experimental group as the IV. No diﬀerence
was observed on the task-goal dimension, F(1, 1009) =
0.19, p = 0.660, ηp2 = 0.01. However, participants in the
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computer’s cue condition declared higher self-goal orientation, F(1, 1009) = 16.42, p < 0.001, ηp2 = 0.02 , and lower
other-goal orientation on the task, F(1, 1009) = 6.75, p =
0.010, ηp2 = 0.01, compared to participants in the teacher’s cue condition. To assess the independence of two
dimensions, we examined the correlation between self- and
other-goal orientations. The results indicate a mediumsized positive correlation between two goal orientations,
implying that including both goal orientations in the analysis would not lead to confounding results due to high
multicollinearity, r = 0.39, p < 0.001.

b = −0.08, t(854) = −1.91, p = 0.058, CI95% [−0.040, 0.001],
task-goal orientation was positively, b = 0.14, t(854) = 3.29,
p = 0.001, CI95% [0.016, 0.061] and other-goal orientation
negatively, b = −0.10, t(854) = −2.74, p = 0.006, CI95%
[−0.035, −0.006] related to performance. Consistent with
the previous analysis, only the other-goal achievement mediation was signiﬁcant, b = −0.01, CI95% [−0.021, −0.002]. In
sum, participants receiving human cues compared their performance on the “other” dimension to a greater extent than
participants receiving cues from a computer; also, the higher
the other goal orientation was, the lower the participants
performed on diﬃcult trials. All other p > 0.05.

5.4.4 Mediation analyses
Finally, we conducted mediation analyses including the
group (human teacher vs computer) as the IV (X), the
three achievement goal dimensions (task goal, self-goal,
and other goal; M), and the test performance (measured
via accuracy scores) on easy, medium, and hard second
session trials as DVs (Y). For each mediator, we controlled for the two other achievement dimensions as covariates. Results were only signiﬁcant for the diﬃcult trials
(Figure 2). First, the mediation analysis conﬁrmed that
participants in the teacher’s cue condition declared lower
self-goal achievement orientation, b = −0.12, t(855) =
−4.65, p = 001, CI95% [−0.301, −0.122], and higher othergoal achievement orientation, b = 0.10, t(855) = 3.29, p =
001, CI95% [0.077, 0.321], compared to participants in the
computer’s cue condition on the task. Still no diﬀerence
was observed in the task-goal achievement orientation,
b = 0.04, t(855) = 1.57, p = 0.118, CI95% [−0.016, 0.141].
While self-goal orientation was not related to performance,

6 Discussion
The ﬁrst objective of Experiment 2 was to replicate the
results of Experiment 1 with an eﬀect of human vs computer information source on a diﬃcult item’s accuracy.
Our results conﬁrmed the observations of Experiment 1.
In a second step, we sought to link the source eﬀects on
performance with the nature of the participants’ achievement goals, which is crucial for performance, engagement, and well-being in the academic context. First of
all, our results showed an absence of eﬀect on task-orientation, as we had hypothesized. Contrary to our expectations, however, we found a greater self-orientation when
the source of the information was a computer compared
to a human, but this was not related to performance.
Finally, in line with our hypotheses, participants in the
“human” condition reported higher levels of other-goal
orientation, which in turn mediated the eﬀect of the

Figure 2: Mediation model with the experimental group (human vs computer) as IV, the orientation goal as mediator and the performance on
diﬃcult trials as DV. Green lines present positive β (human > computer) and red lines negative β (human < computer). **p < 0.01 and
***p < 0.001.
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experimental condition on test performance (accuracy) as
it negatively aﬀected test performance.

6.1 General discussion
Any technology that relies on the use of external information in the production of a response, performance, learning,
or any task must address the cognitive processing of this
information. Considering the perception of a message from
the user’s point of view is fundamental if we want to
anticipate the sociocognitive eﬀects that are central to
the evaluation processes of individuals. In this study,
we were interested in the diﬀerences between humans
and computers as a source of instructional support on a
cognitive task, illustrating the processes involved in the
daily lives of individuals. We were able to demonstrate
that cognitive performance depended on three factors:
the source of information, the diﬃculty of the task, and
the achievement goal orientation.
Our ﬁndings reinforce the relevance of current research
into human–computer interactions (e.g., chatbots, intelligent tutoring systems) by highlighting the crucial role of
the top-down nature of information presentation: Whether
the information is perceived as coming from a human
source or a computer agent modulates cognitive and motivational task-related processes in humans. Indeed, if
eﬀects can already be observed on reasoning tasks
that have been shown to predict academic achievement
[47,48], it seems quite likely to ﬁnd similar source
eﬀects on more extended content (e.g., reading and
arithmetic) in educational settings. Likewise, one can
thus imagine that fundamental cognitive processes such
as memorization or comprehension of information could
be modulated through manipulation of the source. Moreover, in our study, the experimental priming (human vs
computer instruction) was intended to be reduced to
ensure a highly controlled paradigm. It would therefore
be interesting to develop this paradigm in a more ecological interaction with a human agent and a computer,
and in particular to look at the long-term eﬀects of information integration.
It is interesting to note that the eﬀect of the source on
performance is dependent on the diﬃculty of the task, in
other words, on the associated cognitive eﬀort. It is under
high cognitive demand that the source eﬀect appears.
These results echo research on stereotypical assessment
in conditions of high cognitive load, where the source
becomes more important than the message [43]. During
a diﬃcult task, a larger part of the individual’s cognitive
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resources, allowing in particular the in-depth processing
of information, is taken up by the task. As a result, the
processing of subsequent information becomes more
superﬁcial due to a lack of resources for deeper processing. An individual unable to process information in a
detailed manner will therefore use the most easily accessible and assessable information, such as the nature of
the source, and rely on its representations, which may be
individual or cultural, to process and use the information. As mentioned above, it seems important to consider
the introduction of assistive technologies within a comprehensive framework of the perception, processing, and
decision processes of individuals. To consider the introduction of assistive agents from the simple technological
perspective only by neglecting the sociocognitive aspects
would mean neglecting the major part of what deﬁnes
individuals in their relationship to this environment.
In order to support our basic argument, particularly
with regard to the school context, we also looked at individuals’ motivation using achievement goal theory [31].
Our data, through conﬁrmatory factorial analysis, allowed
a more marked dichotomy between the nature of the
diﬀerent goal achievement orientations, which are taskorientation, self-orientation, and other-orientation. Interestingly, we found that self-oriented motivation was
higher in the computer compared to the human teacher
condition. However, it was only when considering the
intrinsic need for relatedness, illustrated by the comparison to others, that we found an eﬀect of performance.
Our results argue that the simple top-down inference
about the source of an information may interact with
the dispositional factors of individuals. When the source
is human, people who strive for relatedness also perform
better. If computers are to be considered as a vehicle for
adapting content to the user, we see that we must consider not only the characteristics involved in using a technology but also the psychological characteristics of the
user. More speciﬁcally, we argue that individuals’ social
and motivational needs have to be taken into account
in the context of human–computer interactions. These
needs go beyond the sole consideration of performanceoriented factors, such as memory and working memory
capacity. In addition, goal orientation can change dynamically as individuals progress through a learning or
performance experience and have been shown to vary
over longer time periods (e.g., a semester) [49,50]. Therefore, we could hypothesize that the present results could
vary over time and that a reliable assistive agent should
take into account motivation and emotions of the user.
The mediation analyses also revealed that the use of
computer-assistive devices could reduce the other-goal
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orientation and produce positive eﬀects on performance.
To reason about this result, we have to take into account
social comparison theory [51]. This theory frames the
way humans evaluate their abilities (or opinions) in
(direct or indirect) comparison to others. In particular,
in the absence of objective criteria, the theory details
how people will compare themselves to other individuals.
On performance tasks, because individuals want to maintain their self-esteem [52], they can feel threatened when
they think that they may not reach the expectation or
performance of other individuals. This comparison might
be direct (comparing two scores) but also indirect (comparing one’s score to an abstract prototype or to what is
conceived as the expectation⁵ of others [52,53]) [38].
When this comparison is negative, the result may be a
threatened feeling and an impairment of the performance
due to a depletion of the available cognitive resources.
With respect to the mediation analysis showing that the
use of computer-assistive devices could reduce the othergoal orientation and produce positive eﬀects on performance in diﬃcult trials, we could hypothesize that, when
participants feel threatened by the diﬃculty, they would
consider the human cues as relative to an expectation,
while the computer cues would be decorrelated from any
comparative feature [40]. Therefore, the use of computerassistive tools would reduce the threat to people with a
high other-goal orientation and inhibit the impairment of
performance related to this comparison situation. However, while this explanation is coherent with social comparison theory and previous results in comparison to artiﬁcial agents, this explanation remains conjectural and
further studies will have to investigate this hypothesis.
Our study had several strengths but also some limitations. First, the group sizes varied across task diﬃculty
groups, with particularly small easy task groups. Although
our statistical analyses are somewhat robust against different group sizes, we aim to conduct further research
with larger group sizes in order to replicate our ﬁndings.
Second, our operationalization of the perceived reliability
of the source of information was eﬀective but could
be further elaborated, and future research might want
to add additional measures of reliability, such as perceived stress or exhaustion when working on a test.
Third, the eﬀect size was relatively small. Several factors
could explain this point: In Experiment 2, participants
were recruited online, which increased the betweenparticipants’ variability. Also, the task and the number
of trials had been set for an online experiment, which

5 These expectations depend on contextual and individual factors.

reduced the number of points to estimate the slope of
each participant. Finally, in the second study, we did
not control for diﬀerences in achievement goal orientation prior to the experiment. While the small sample size
reduces the likelihood that such a random diﬀerence will
occur, we cannot be assertive on this point.
Despite these limitations, this study is unique and
highly important for research in the context of assistive
systems, as it emphasizes the need to take into account
motivational processes when dealing with questions of
interactions between humans and computers. We show
here that to design better assistive tools one has to consider how individuals perceive these tools (in term of topdown attributions) and how these tools ﬁt with their
achievement goals. Therefore, these measures could be
added prior to testing to evaluate their inﬂuence on the
diﬀerent tools that are in development to ensure their
adaptability to each user. Also, our results support the
idea of a complementarity between assistive technology
and humans. In particular, technological tools provide an
interesting adaptation for people who are threatened by
social comparison situations. Assistive intelligent technologies (AIT) and AI will possibly play a more important
role in modern classrooms due to an increasing diversity
of the student population and to large classrooms, in
which teachers have limited resources to address the
individual needs of each learner. AIT and AI oﬀer the
possibility to process information from heterogeneous
students in parallel and to provide individual pedagogical strategies to each student simultaneously, which
is currently limited physically by class size and psychologically by attention. It is therefore important to conduct
research on the topic of AIT in classrooms and related
challenges pertaining to ethics, data protection laws,
and data privacy as well as the complexity of teacher–
student relationships that cannot be substituted by intelligent tutors. Indeed, AI technology is a resource that
should always assist teachers and will be important in
the future of classroom research and practice.
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Forschungsgemeinschaft (DFG, German Research Foundation) under Germany’s Excellence Strategy – EXC 2002/1
“Science of Intelligence” – project number 390523135.
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