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Abstract. Curiosity is the strong desire to learn or know more about
something or someone. Since learning is often a social endeavor, social
dynamics in collaborative learning may inevitably influence curiosity.
There is a scarcity of research, however, focusing on how curiosity can
be evoked in group learning contexts. Inspired by a recently proposed
theoretical framework [30] that articulates an integrated socio-cognitive
infrastructure of curiosity, in this work, we use data-driven approaches to
identify fine-grained social scaffolding of curiosity in child-child interac-
tion, and propose how they can be used to elicit and maintain curiosity
in technology-enhanced learning environments. For example, we discov-
ered sequential patterns of multimodal behaviors across group members
and we describe those that maximize an individual’s utility, or likelihood,
of demonstrating curiosity during open-ended problem-solving in group
work. We also discovered, and describe here, behaviors that directly or
in a mediated manner cause curiosity related conversational behaviors
in the interaction, with twice as many interpersonal causal influences
compared to intrapersonal ones. We explain how these findings form a
solid foundation for developing curiosity-increasing learning technologies
or even assisting a human coach to induce curiosity among learners.

1 Introduction and Motivation

Curiosity is an important metacognitive skill that arises from a strong desire
for learning [2] and leads to knowledge acquisition through coming to one’s
own understanding, rather than “being told” or “instructed”. While there is
an increasing emphasis on the educational benefits of learning in groups, as
co-constructivism and collaborative learning theories argue that knowledge is
jointly constructed through social interactions [5], existing research on curiosity
mainly focuses on investigating its cognitive mechanisms at an individual level,
and often conceives curiosity as an inherently individual and stable disposition
toward seeking novelty and approaching unfamiliar stimuli [15]. Ignoring social
factors in evoking curiosity may prevent us from designing effective forms of
support in learning environments (technological or not), because in group work
the behaviors of each member (both what they say and what they do) affect
the curiosity of others [12]. Prior learning sciences literature on the social and
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technological dimensions of scaffolding emphasizes that “scaffolds are not found
in software but are functions of processes that relate people to performances
in activity systems over time” [27]. It is therefore important to investigate the
dynamics of these fine-grained processes as they happen spontaneously.

The theoretical motivation for studying these “multimodal behavioral
dynamics” (as we will call them) in order to better understand how to design
for social scaffolding of curiosity stems from a fundamental psychological ques-
tion - what causes variations in the curiosity level of children as they engage
in open-ended collaborative problem-solving activities? Patterns of verbal and
nonverbal behaviors comprise salient cues, and can provide valuable insights
into how an individual’s curiosity changes as they progress through the task.
However, looking at summative measures (e.g. - frequency of productive versus
unproductive learning behaviors) alone will not suffice in understanding how
curiosity arises and disappears over time. We believe that studying the social
scaffolding of curiosity therefore requires examining sequential behavioral pat-
terns that co-occur with — or just before — high curiosity moments, and then
explicitly modeling the precise nature of causal relationships among these inter-
personal patterns. Prior work on studying curiosity has not adequately addressed
these behavioral dynamics. Even research that has looked at the effect of peers
on curiosity has looked into mostly dyadic contexts rather than small group,
used a limited strategy repertoire for eliciting curiosity-related behavior based
on theory rather than empirical data, and subjectively assessed success of those
strategies post-hoc using questionnaires [13,14,34].

In this paper, then, we look at the social scaffolding of curiosity in detail,
based on audio and video data of groups of elementary and middle school stu-
dents engaged in informal learning. A subset have been coded for ground truth
curiosity (see below for an explanation of what we mean) and a wide range of
multimodal behaviors, using a mix of manual and semi-automated procedures.
These behaviors are specified in the theoretical framework of curiosity, which we
proposed and empirically validated in other work [30] by articulating the under-
lying functions of these behaviors in contributing to curiosity in group learning.
Building on this theoretical framework, we here address the research question of
how to elicit these behaviors. To that end, we first look into sequential patterns of
behaviors across group members that maximize an individual’s curiosity within
every one minute time frame. These sequential patterns inform what behav-
iors to elicit in increasing or maintaining curiosity level of the target subject,
based on the behavior trajectories recognized so far. We then study causal rela-
tionship between these behaviors to establish strategies of how to elicit certain
behaviors. The main contribution of this work is novel data-driven behavioral
heuristics that we discover for enabling the design of supportive and respon-
sive learning environments that can foster curiosity. In remainder of this paper,
we first describe methods including data collection, annotation and analyses in
Sect. 2, followed by discussion of results in Sect. 3. We end with implications for
designing learning technologies and conclusion in Sects. 4 and 5.
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2 Method

In preparation for analyses of sequential behavioral patterns, we used the same
annotated dataset annotated described in [30], which we summarize here as well.
We then describe the detailed rationale behind our multimodal data analyses.

2.1 Data Collection

Audio and video data was collected for 12 groups of children (aged 10-12, 3—4
children per group, 44 in total) engaged in a hands-on activity commonly used
in informal learning contexts - collaboratively build a Rube Goldberg machine
(RGM). A RGM includes building chain reactions that are to be triggered auto-
matically for trapping a ball in a cage. This paper describes fine-grained analyses
of the first 30 min (out of 35-40 min given each group) of the RGM task for half
of the sample; that is, 22 children across 6 groups.

2.2 Data Annotation

Ground Truth Curiosity: Person perception research has demonstrated that
judgments of others based on brief exposure to their behaviors is an accurate
assessment of interpersonal dynamics [1]. We used the Amazon MTurk to obtain
ground truth for curiosity via such a thin-slice approach, using the definition
“curiosity is a strong desire to learn or know more about something or someone”,
and a rating scale comprising 0 (not curious), 1 (curious) and 2 (extremely
curious). Amazon MTurk is a crowdsourcing platform that allows online workers
to complete tasks that computers are currently unable to do, for a monetary
payment. Our previous research has successfully deployed thin-slice coding for
other social phenomena like rapport using this platform [31]. Four naive raters
annotated every 10s slice of videos of the interaction for each child presented
to them in randomized order. We post-processed the ratings by removing those
raters who used less than 1.5 standard deviation time compared to the mean
time taken for all rating units (HITs). We then computed a single measure of
Intraclass correlation coefficient (ICC) for each possible subset of raters for a
particular HIT, and then picked ratings from the rater subset that had the best
reliability for further processing. Finally, inverse-based bias correction [19] was
used to account for label overuse and underuse, and to pick one single rating of
curiosity for each 10s thin-slice. The average ICC was 0.46.

Verbal and Non-verbal Behaviors: We used semi-automatic (machine learn-
ing + human judgment) and manual (human judgment) annotation procedures
to code 11 verbal behaviors of interest in our corpus that came from our review
of prior research in psychology and learning sciences, and our hypotheses about
how these behaviors fulfill putative functions of curiosity. In other work, we
have described details of the coding procedure, empirical validation of these
hypotheses, and confirmation of positive predictive relationships between these
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behaviors, functions (that, because they cannot be directly observed, were our
latent variables) and thin-slice curiosity [30]. Here, in Table1, we provide a
summarized description of the verbal behaviors of uncertainty, argument, justi-
fication, suggestion, question asking (on-task, social), idea verbalization, sharing
findings, hypothesis generation, attitude/sentiment towards task (positive, neg-
ative) and evaluation (positive, negative) that were coded at the clause level,
and agreement that was coded at the turn level. A clause contains a subject (a
noun or pronoun) and a predicate (conjugated verb — that says something about
what the subject is or does). During a full turn, a speaker holds the floor and
expresses one or more interpretable clauses (propositions). Inter rater reliability
(Krippendort’s alpha) for each of these annotations was above 0.7. It is impor-
tant to note that the above annotation categories are not mutually exclusive,
and can co-occur. In addition to these verbal behaviors, we also used automated
visual analysis to construct five facial-landmark feature groups corresponding to
emotional expressions that provide evidence for the presence of affective states
of joy, delight, surprise, confusion and flow. More details are described in [30].

2.3 Multimodal Data Analyses

We now describe our data-driven approach for discovering behavioral sequences
that maximize curiosity and causal relationships between these behaviors.

Temporal Behavioral Relationships that Maximize Curiosity: To dis-
cover the temporal relationships among multimodal behaviors that maximize
curiosity, we needed to specify how these behavioral states change over time. We
therefore used sequential pattern mining approaches to find productive high-
curiosity conversational episodes in the group interaction. Traditionally, the
selection of such interesting sequences is based on the frequency/support frame-
work, where sequences of high frequency are treated as significant. However,
this often leads to many patterns being identified, most of which are may not
be informative enough for choosing precise forms of scaffolding. Some sequential
patterns, despite occurring rarely (having frequencies lower than the given min-
imum support), might still be useful since they co-occur with episodes of high
individual curiosity. On the contrary, there might be other sequential behavioral
patterns that occur frequently, but mostly co-occur with episodes of low individ-
ual curiosity. This motivated our current approach of incorporating utility in the
classical sequential pattern mining framework. Our objective was to find what
sequence of group member’s behaviors maximize an individual’s curiosity.
Towards this end, we leveraged the USpan algorithm [35], which uses lexi-
cographic quantitative sequence tree to extract the complete set of high utility
sequences, and includes efficient concatenation mechanisms and pruning strate-
gies for calculating the utility of a node and its children. Formally, in our work, we
represented an input behavioral sequence using 6 itemsets X, X5, ...X¢g, where
each itemset represented an unordered set of distinct co-occurring behaviors from
group members within a 10s span, and therefore each input sequence spanned
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Table 1. Definition & Examples of Curiosity-related verbal behavior coded. Detailed
coding scheme can be found at http://tinyurl.com/codingschemecuriosity

Verbal behavior Definition and Corpus examples

1. Uncertainty Lack of certainty about ones choices or beliefs, and is verbally
expressed by language that creates an impression that something
important has been said, but what is communicated is vague,
misleading, evasive or ambiguous. e.g. - “well maybe we should use
rubberbands on the foam pieces”, “wait do we need this thing to
funnel it through?”

2. Argument A coherent series of reasons, statements, or facts intended to support
or establish a point of view. e.g. - “no we got to first find out the
chain reactions that it can do”, “wait, but anything that goes
through is gonna be stuck at the bottom”

3. Justification The action of showing something to be right or reasonable by making
it clear. e.g. - “oh we need more weight to like push it down”, “wait
with the momentum of going downhill it will go straight into the
trap”

4. Suggestion An idea or plan put forward for consideration. e.g. - “you could kick a
ball to kick something”, “you are adding more weight there which
would make it fall down”

5. Question asking Asking any kind of questions related to the task (e.g. - “so what’s
gonnna..what will happen like after the balls gets into the cup?”,
“why do we need to make it that high?”, “do you want to build
something like a chain reaction or something like that?”) or
non-task relevant (e.g. - “do you two go to the same school?”, “who
else watched the finale of gravity falls?”) aspects of the social
interaction

6. Idea verbalization Explicitly saying out an idea, which can be just triggered by an
individual’s own actions or something that builds off of other peer’s
actions. e.g. - “yeah that ball isn’t heavy enough”, “so it’s like tilted
a bit up so it catches it instead of tilted down”

7. Sharing findings An explicit verbalization of communicating results, findings and
discoveries to group members during any stage of a scientific inquiry
process. e.g. - “look how I'm gonna see I'm gonna trap it”, “look I
made my pillar perfect”

8. Hypothesis generation | Expressing one or more different possibilities or theories to explain a
phenomenon by giving relation between two or more variables. e.g. -
“we could use scissors to cut off the baby’s head which would cause
enough friction”, “okay we need to make it straight so that the force
of hitting it makes it big”

9. Task sentiment A view of or attitude (emotional valence) toward a situation or event;
an overall opinion towards a subject matter. We were interested in
looking at positive (e.g. - “oh it’s the coolest cage I've ever seem, I'd
want to be trapped in this cage”, “ok so I'm gonna try to find out a
way for the end to make this one go and fall”) or negative attitude
(e.g. - “I'm getting very mad at this cage”, “but I don’t know how to
make it better”) towards the task that students were working on

10. Evaluation Characterization of how a person assesses a previous speaker’s action
and problem-solving approach. It can be positive (e.g. - “oh that’s a
pretty good idea - that was a good idea”, “let’s make this thing
elevated and make it go down”) or negative (e.g. - “oh wait this
doesn’t- you’re not pushing anything over here”, “no it can’t go like
that otherwise it will be stuck”)

11. Agreement Harmony or accordance in opinion or feeling; a position or result of
agreeing. e.g. - “But we need to have like power, and weight too”
(Quote) — “Yeah we need more weight on this side” (Response),
“And we put the ball in here..I hope it still works, and it goes..so it
starts like that, and then we hit it” (Quote) — “Ok that works”
(Response)
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one minute. Every behavior displayed by a group member in each itemset was
associated with an additional utility value, which we defined as the ground truth
thin-slice curiosity for that particular group member for the corresponding 10s
slice. For each group, we ran multiple passes of the USpan algorithm, varying
the objective function each time to be the overall curiosity of each individual
group member within the minute span. The overall utility O of curiosity of a
sequential behavioral pattern S was the sum of utilities associated with S in each
of the input sequences where it appeared. The final output of USpan algorithm
in each pass therefore comprised all high utility sequential patterns above an
overall threshold utility value of O.

Social Influence of Curiosity-Related Behaviors: To examine how social
interaction evoked curiosity, we needed to find the interdependence among
behavioral signals at a fine-grained level. In many situations of interest, symmet-
ric measures of behavioral coordination aren’t satisfactory to tear apart which
signal is coordinating towards which. In our work, we therefore leveraged the
notion of causal influence proposed by Granger [9], which states that if the pre-
diction of one time series could be improved by incorporating the knowledge of a
second one, or, if variance of the autoregressive prediction error of the first time
series at the present time is reduced by inclusion of past measurements from the
second time series, then the second series is said to have a causal influence on
the first. For three or more simultaneous time series, a pairwise analysis can be
performed to reduce the problem to a bivariate problem, the limitation however
being that the causal relation between any two of the series may be direct, medi-
ated by a third one, be a combination of both. This situation can be addressed
by the technique of conditional Granger causality.

Formally, to determine whether causal influence of behavioral time series Y
on X was mediated by Z, we created two ordinary least square auto-regressive
models - (i) Restricted (RR), where we predicted X using past values of X and
Z, (ii) UnRestricted (UR), where we predicted X using past values of X, Y and
Z. The conditional granger causality magnitude (G-ratio) of Y influencing X,
given Z (Y—X|Z) = log (variance(Residualgr)/variance(Residualyr)), which is
essentially ratio of the log of variance of errors in the restricted and unrestricted
regression. If G-ratio <= 0, no further improvement of X can be expected by
including past measurements of Y (full mediation). If G-ratio is > 0, there is
still a direct causal influence component from Y to X, and the inclusion of past
measurements of Y in addition to that of X and Z results in better predictions
of X (partial mediation). Maximum lag length was set to 6 (we looked back at
most 6*10=60s in the behavioral time series X, Y and Z), and the optimal lag
length M was the one that minimized the Bayesian Information Criterion (BIC)
obtained by fitting the restricted and unrestricted regression models to the data.
Statistical significance was computed using an F-test under the null hypothesis
that one time series does not granger cause the other, where F(M,n —k—1) =
((Sum of Square Residualgr — Sum of Square Residualyg) *x(n — k — 1)) /
((Sum of Square Residualyr) * M), where n is the number of observations, k is
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the number of explanatory variables in the unrestricted regression, and n —k — 1
refers to the residual degrees of freedom. We acknowledge that our notion of
influence is based on cause-effect relations with constant conjunctions and is
only a limited view of causation, and we invite future work to build upon this
approach.

3 Results and Discussion

This section discusses representative behavioral patterns and causal relationships
that resulted from our described analyses in Sect.2.3. To reiterate, our goal
behind running these analyses was to inform the social scaffolding of curiosity
by discovering what behaviors to elicit in increasing or maintaining curiosity
level of the target subject based on the behavior trajectories recognized so far,
and then discovering strategies of how to elicit these particular behaviors.

3.1 Temporal Behavioral Relationships that Maximize Curiosity

We synthesized representative sequential behavioral patterns across group mem-
bers with high utility of individual curiosity by selecting those patterns that had
a curiosity utility higher than 35 (where 35 was the average utility across all pat-
terns discovered). For clarity, we explain these patterns along 5 themes based
on the behaviors involved (Table2). Each pattern spans a total of 60s, and
comprises multiple co-occurring behavioral itemsets. Each of these individual
itemsets, although unordered, is linked sequentially across time with a subse-
quently occurring itemset. For e.g., a pattern B,(other), By(other)— B.(own)
means that a behavioral itemset comprising behaviors A and B done by a dif-
ferent group member within a 10s span are followed by a behavioral itemset
comprising behavior C done by the target individual within the one minute
span, and the pattern maximizes curiosity of this target individual.

Group 1 comprises patterns following the general theme of ideation that
are linked to high curiosity. In this group, justification comes up as a frequently
co-occurring and contingent behavior with idea verbalization and together maxi-
mizes the utility of curiosity. Justification attempts to establish an idea’s validity
by linking it to evidence. This in turn helps identify errors in group problem solv-
ing, and clarifies relationships among task subcomponents to trigger creation of
new ideas [4]. For example, in the RGM task, group members often initially
start working on different parts needed to assemble a complete RGM, and sub-
sequently engage in justifying why and how their solution sub-pieces can be
integrated. We also see that contingent occurrences of idea verbalization done
by group members maximizes curiosity. Prior work [26] has posited that group
members may build on one another’s diverse perspectives to create new ideas via
underlying mechanisms such as activation of related concepts (sparked ideas),
engagement into putting together pieces of a solution (jigsaws) and creative
misinterpretations of incorrect ideas.
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Table 2. Salient sequential behavioral pattern groups that maximize the utility of indi-
vidual (own) curiosity for the pattern. Each pattern spans 60s. Flow of time between
subsequent behavioral itemsets within the pattern is depicted by —

Corpus Examples of Sequential Behavioral Patterns [Utility of Curiosity]
Theme 1: involving Justification (J), Idea verbalization (IV)

1. IV(own) = J(own), IV(own) — J(own), IV(own) — J(own) [129]

2. J(own) — J(own), IV(own) — IV(own) —> Confusion (other) [120]

3. J(other) = J(own), IV(own) — J(own) [108]

4. J(own), J(other) — J(own) — J(own) [94]
5
6

. J(own), IV(own) —> J(own) — J(other) [92]
. J(other) — J(other) — J(own) [67]
Theme 2: involving Neg/Pos Evaluation (NE/PE), Justification (J), Idea verbalization (IV)
1. PE (own), J(own) — J(own) [80]
2. Confusion(other) —* NE(other) [59]
3. NE(other) — PE(own), J(own), IV(own) — J(own), Confusion (own) — PE(own),
J(own) = J(own) [55]
Theme 3: involving Question asking Task (QAT), Justification (J), Idea verbalization (IV)
1. Confusion(other), QAT (own) — Confusion(other) = Confusion(other) [53]
2. J(other), IV(other) = QAT (other) [52]
3. Confusion(own) — QAT (other) [45]
Theme 4: involving Suggestion (S), Idea verbalization (IV)
1. Confusion(other), S(own), IV(own), Confusion(own) — Confusion(other), IV(own),
Confusion(own) — Confusion(other) — IV (own) [67]
Theme 5: involving Positive Emotional states, Positive Task Sentiment (PTS)
1. Joy(own) —> Joy(own) [80]
2. Joy(own), Delight(other) — Joy(own) [55]
3. Confusion (other) — PTS(other) [44]
4. Joy(other) — Flow(own) [42]

Group 2 comprises patterns following the general theme of evaluation that
are linked to high curiosity. Positive evaluations support correct information by
showing solidarity, a desire for cooperation and expressing positive emotions.
On the other hand, negative evaluation is often an expression of disagreement,
where flaws are identified in a peer’s problem-solving approach by being critical
of or even dismissing the peer’s idea. It results in conflict, and group members
are motivated to reduce that conflict via discussion (increased involvement or
commitment), by getting others to change (attempting an influence), seeking
additional social support for the opinion held (adding new ideas that are con-
sonant with one’s own opinions) or by changing their own opinion. All these
tactics for reducing opposing beliefs will involve sequential behaviors of justi-
fication, idea verbalization and further evaluation [6], as we see in Table2. In
addition, even if inaccurate, negative evaluation often stimulates the attention
of group members, and therefore might help them consider more aspects of the
task from different perspectives to aid in creation of new ideas indirectly [24].
The group dynamics literature provides complementary insights to explain the
relationships between ewvaluation and the subsequent discussion trajectory - it
suggests that negative evaluations made by some group members might be com-
paratively more tolerable than if they are made by others. Such evaluations are
likely to be taken seriously (rather than being dismissed or overruled), and there
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will be a high motivation to consider and resolve the obstacle by engaging in
reasoning together, which can trigger curiosity. This can happen, for instance,
because of positive impressions of a group member held by others that accumu-
late as members contribute to progress of the group towards desired goals, or, if
certain group members possess valuable personal characteristics [3].

Group 3 comprises patterns following the general theme of closing knowl-
edge gaps [21] and that are linked to high curiosity. These comprise question
asking behaviors that co-occur or are contingent with confusion-related facial
expressions. Prior literature in socio-emotional learning [11] has found confusion
to be a key signature of cognitive disequilibrium, or, a state of uncertainty, and
occurs when an individual faces contradictions or comes across novel stimuli,
both of which are precursors of curiosity [2]. In our work, we coded for questions
belonging to specific task aspects such as how and why things work, what-if
something affects or will affect something else, underlying mechanisms or causal
factors of a process or observation in detail, and other general knowledge (e.g.
fact, terms, classification, or other general information) as on-task questions [22].
Such on-task question asking in group work, which reflects lacunae in under-
standing, reveals uncertainties in front of group members, and can be part of a
think-aloud about the subject matter/specific scientific phenomenon/task that
students are working on themselves. Think aloud in scientific inquiry helps mon-
itor one’s own thinking and understanding, and initiates meta-cognitive reflec-
tion to trigger awareness of knowledge gaps for engaging in further exploration.
When tackling complex tasks in open-ended collaborative learning environments,
thinking aloud together has been empirically shown to regulate co-construction
of knowledge and lead to improvement in the ability to articulate collaborative
reasoning processes [16,23]. On-task question asking can also be part of a ques-
tion asked to another group member regarding what they are working on, how
they act and think, their opinions or requesting suggestions relating to the task.
We find in our RGM corpus that when group members recognize problematic
ideas or flaws in the chain-reaction sub-components made by a peer, they often
ask questions to express these knowledge gaps and elicit more information. These
questions invite further idea verbalization.

Group 4 comprises patterns involving making suggestion to other group
members, where an idea, possible plan or action for others to consider is men-
tioned, or, an opinion about what other people should do and how they should
act in a particular situation is offered. Making suggestions is an evidence that
a shared conception of the problem has very likely been developed, and there-
fore the suggestion is geared towards engaging in cooperative effort to overcome
the obstacle, and joint creation of new interpretations. Thus, at a fundamental
level, it not only signals interest in other’s work, but also a child’s anticipation
to know whether the proposed idea will work or not (impact of the suggestion)
and therefore find out the uncertain/unknown result. Engaging in these socio-
cognitive processes of knowledge acquisition will spur an individual’s curiosity,
as is evident from the high utility sequential pattern shown in Table 2.
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Group 5 comprises the dynamics of positive emotional states [11] that
maximize the utility of curiosity. Delight and joy denote the pleasure associ-
ated with discovering new ideas by oneself or other group members. Emotional
expressions of flow point to spending time and effort in acquiring a solution. It
is indicative of persistence in engaging in knowledge acquisition processes.

3.2 Social Influence of Curiosity-Related Behaviors

To investigate social influence, we first ran the conditional granger causality
algorithm separately for each group. We then synthesized similar causal behav-
ioral influences across groups that were significant at 0.001 level of significance
and averaged their G-ratios for presentation (Tables3 and 4). Overall, we found
~2x higher number of significant interpersonal causal influence involving 2 or
more group members (325) compared to intrapersonal causal influence (154).
This strongly points towards why social scaffolding in group work is necessary,
which corroborates with other work [30], as well as the precise way to provide it.
We describe these significant causal influences at the interpersonal level along 4
themes and explain our interpretation of these results below (see Tables 3 and 4).

Group 1 reflects the theme of behavioral contagion, or the propensity for
certain behavior exhibited by a group member to be repeated in close temporal
proximity by others. The putative mechanism underlying this social phenomena
might be entrainment, which in previous work we found had an impact on rap-
port and learning [31,32], or alternately, can also involve careful evaluation of
conditions under which group members would be willing to be influenced. These
conditions can involve looking at the motivational consequences of accepting or
rejecting the influencing peer’s behavior, such as the desire to receive reward
or avoid punishment, desire to be like an admired person in the group (norma-
tive social influence), desire to abide by one’s values (establishing self-identity),
desire to be correct (informational social influence), other group oriented desires
(such as welfare of the group), or intrinsically rewarding consequences [3].

In particular, in Table 3, we can see a significant causal influence of uncer-
tainty expressed by one child on uncertainty of another child. Looking through
the lens of group dynamics [10], closely contingent expressions of uncertainty
from group members about similar (or related) aspects of the task is a signal of
“joint hardship”, or the experience of common blocking points for the group to
proceed in its task. This causal relationship has been posited to positively influ-
ence the social interaction, since individuals expressing uncertainty will subse-
quently engage in cooperative effort to overcome the cause of uncertainty, often
enhancing acceptance and group attraction because of having coped with the
hardship situation. Moreover, the hope of resolving uncertainty under joint effort
will make children more eager to explore, in turn increasing their curiosity. In
addition, we also see significant interpersonal causal influences along behavioral
constructs such as sharing findings, argument and social question asking (see
Table 3). Such social questions reflect a general interest in gaining new social
information about non-task relevant personal information and feelings, likes,
dislikes, preferences from other group members [20]. They are a motivator for
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joint exploratory behaviors since they increase group member familiarity, build
interpersonal closeness and promote an unconditional positive regard towards
group members [10,29].

Table 3. Salient examples of direct social influence (~~) along with corresponding
conditional granger causality magnitudes (significant at 0.001 LOS)

Social influence (Direct) ‘ G-ratio

Theme 1: Contagion

1. Uncertainty (other) ~» Uncertainty (own) 0.687
2. Sharing Findings (other) ~» Sharing Findings (own) 0.223
3. Question Asking Social (other) ~ Question Asking Social (own) | 0.379
4. Argument (other) ~» Argument (own) 0.177
Theme 2: Constructive controversy

1. Suggestion (other) ~» Argument (own) 0.176
2. Argument (other) ~ Idea Verbalization (own) 0.160
3. Argument (other) ~» Negative Evaluation (own) 0.138
4. Argument (other) ~» Justification (own) 0.131
Theme 3: Idea/View refinement

1. Hypothesis generation (other) ~ Suggestion (own) 0.256
2. Question Asking Task (other) ~» Hypothesis generation (own) |0.248
3. Suggestion (other) ~~ Negative Evaluation (own) 0.109
4. Sharing Findings (other) ~» Negative Evaluation (own) 0.086
Theme 4: Supportive responses

1. Uncertainty (other) ~» Agreement (own) 0.171
2. Uncertainty (other) ~» Suggestion (own) 0.111
3. Idea Verbalization (other) ~» Positive evaluation (own) 0.098
4. Uncertainty (other) ~» Hypothesis generation (own) 0.086

Group 2 reflects the theme of constructive controversy [17], or group
members’ involvement in seeking out to reach an agreement when their ideas,
conclusions and theories are incompatible with those of one another. Such con-
structive controversy, as instantiated in interpersonal behaviors such as argu-
ment, negative evaluation etc. leads to an active search for additional perspectives
to support correctness of one’s own view. This is likely to improve the quality
of group decision making by providing a medium through which problems can
be aired and tensions released. This environment of self-evaluation and change
will in turn encourage interest and curiosity among group members [25]. For
our corpus, some salient direct interpersonal causal influences from this group
include those of suggestion on argument, argument on idea verbalization, argu-
ment on negative evaluation and argument on justification (see Table 3). Addi-
tional fully mediated causal influences among behaviors in this group are shown
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Table 4. Salient examples of fully mediated social influence (~) along with corre-
sponding conditional granger causality magnitudes (significant at 0.001 LOS)

Social influence (Fully mediated) ‘ G-ratio

Theme 1: Constructive controversy

Argument (pl) ~» Surprise (p2) ~~ Justification (p3) ‘0.251

Theme 2: Idea/View refinement

1. Hypothesis Generation (pl) ~~ Sharing Findings (p2) ~~ Suggestion 0.399
(p3)
2. Hypothesis Generation (pl) ~» Sharing Findings (p2) ~» Negative 0.250
Evaluation (p3)

3. Sharing Findings (pl) ~ Hypothesis Generation (p2) ~~ Idea 0.233
Verbalization (p2)

4. Sharing Findings (pl) ~» Hypothesis Generation (p2) ~» Justification |0.167
(p2)
Theme 3: Supportive responses

Sharing Findings (pl) ~» Hypothesis Generation (p2) ~ Positive 0.148
Evaluation (p2)

in Table4, where we find sharing findings fully mediates the causal influence
of hypothesis generation on suggestion/negative evaluation. In addition, hypoth-
esis generation fully mediates the causal influence of sharing findings on idea
verbalization /justification.

Group 3 reflects the theme of refining a group member’s ideas or views.
This can be seen via direct interpersonal causal influences of hypothesis gener-
ation on suggestion, task question asking on hypothesis generation, suggestion
on negative evaluation and sharing findings on negative evaluation in Table 3.
Prior work has posited that such negative evaluation, as a common expression
of disagreement referring to epistemic (task) content, will enhance an individ-
ual’s curiosity because of enhancement of perceived contribution of the peer [8].
Additional fully mediated causal influences among behaviors in this group are
shown in Table 4, where we find that the causal influence of argument made by
person A on justification done by person B is fully mediated by an emotional
expression of surprise from a third group member person C.

Group 4 reflects the theme of supportive responses to uncertainty, which
are more likely when one’s peers either share the uncertainty or at least con-
sider it warranted, reasonable, or legitimate [18]. In particular, for our corpus,
some salient direct interpersonal causal influences include those of uncertainty
on agreement/suggestion/hypothesis generation, and idea verbalization on posi-
tive evaluation (see Table3). Additional fully mediated causal influence among
behaviors in this group are shown in Table 4, where we find that the causal influ-
ence of sharing findings by person A on positive evaluation made by person B is
fully mediated by hypothesis generated by person B.
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4 TImplications for Designing Learning Technologies

In spite of its critical link with learning, curiosity is often found to decrease
with age and schooling, partially because of prevalence of test-oriented educa-
tion strategies that follow from educational policies such as the “common core”
[28]. This effect is even more pronounced in inner city classrooms with lim-
ited teaching resources that are constantly under great pressure to adhere to
academic standards. Understanding how to design computer support to raise
and sustain curiosity will make this important metacognitive skill more accessi-
ble to students from diverse socioeconomic backgrounds. In this paper then, we
claim that such forms of computer support should be equipped with fine-grained
understanding of the unfolding behavioral trajectory, to allow for detection of
behaviors belonging to a larger sequential pattern that maximizes the utility of
curiosity for a target learner. Our work in the first part of this paper can aid in
development of data-driven heuristics for providing a principled way of choosing
the kind of support to be provided (given the observed behavior trajectories).
However, since not all productive conversational behaviors that maximize the
utility of curiosity in human-human interaction might occur naturally in inter-
actions between human and a learning technology, it might be worthwhile to
make some arrangements for the appearance of such behaviors. We can then
leverage insights gained from second part of the work presented in this paper to
decide an action (behavior) to be performed by a learning technology that will
cause/trigger a particular behavioral change in a peer.

Investigation of social influence of curiosity-related behaviors provides a sim-
ple, yet elegant solution to an important and fundamental research question in
human perception and reasoning - given a desired mental state change (curios-
ity), how can a learning technology (for example, in the form of a pedagogical
agent) act to cause that mental state change in a human. For example - let’s sup-
pose we have the sequential behavioral pattern of: Task Question Asking(person
2) — Uncertainty(personl) that maximizes the utility of curiosity of person 1.
On perceiving that person 2 has asked a task-related question, and person 1 is
passive in subsequent time steps, the social influence knowledge database can be
consulted and the specific causal influence rule of: Uncertainty (other) ~» Uncer-
tainty (own) can be picked by a pedagogical agent to verbalize an expression of
uncertainty about some aspect of the task that was related to the question asked
by person 2, along with (maybe) asking person 1’s opinion about the same. This
is likely to capture person 1’s attention, who might express uncertainty about
similar aspects of the task. Such shared uncertainty might make person 1 eager
to reduce their knowledge gap by engaging in joint exploration, in turn maxi-
mizing their curiosity. Furthermore, since data-driven approaches cannot capture
the exhaustive set of productive social interaction practices that educators have
been using for raising children’s curiosity in different learning settings (e.g. - pro-
moting risk taking by rewarding exploration of diverse solutions, helping group
members find causal relationships between processes by asking them to make
an explicit link between learning representations) [7,33], we must acknowledge
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that results derived from this research can be augmented with those top-down
strategies to provide complementary benefits to a learner.

5 Conclusion

In this work, we looked at sequential patterns of multimodal behaviors across
group members that maximize an individual’s utility of curiosity when learn-
ing in social contexts. To provide rich forms of social scaffolding for fostering
curiosity, we further investigated direct and mediated interpersonal causal influ-
ences that can be used to trigger particular productive conversational behaviors
in the interaction. These results draw on various theoretical lenses in learn-
ing sciences and the social psychology of group dynamics, as well as results
from our analyses of small group informal learning. We believe that such a fine-
grained theoretical understanding of the construct of curiosity holds the key
to combating its absence in collaborative learning settings by leveraging sim-
ple, yet powerful insights that we gain from analytical approaches outlined in
this work. The underlying rationale is applicable more generally for developing
computer support for other metacognitive skills as well. Our larger vision is to
develop socially-aware learning technologies [36] that can bring back an indi-
vidual’s curiosity, maintain the momentum ignited by it, and help individuals
engage in task-completion by pooling interpersonal resources when working in a
group, motivated by their intrinsic interest. Through the design of such learning
technologies and confirming their effectiveness, we also hope to provide addi-
tional pedagogical instructions for school teachers to help children with diverse
socio-economical background develop knowledge-seeking skills driven by intrinsic
curiosity.
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