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ABSTRACT
This work investigates relationships between consistent attendance
—attendance rates in a group that maintains the same tutor and stu-
dents across the school year— and learning in small group tutoring
sessions. We analyzed data from two large urban districts consisting
of 206 9th-grade student groups (3 − 6 students per group) for a
total of 803 students and 75 tutors. The students attended small
group tutorials approximately every other day during the school
year and completed a pre and post-assessment of math skills at the
start and end of the year, respectively. First, we found that the at-
tendance rates of the group predicted individual assessment scores
better than the individual attendance rates of students comprising
that group. Second, we found that groups with high consistent
attendance had more frequent and diverse tutor and student talk
centering around rich mathematical discussions. Whereas we em-
phasize that changing tutors or groups might be necessary, our
findings suggest that consistently attending tutorial sessions as a
group with the same tutor might lead the group to implicitly learn
as a team despite not being one.

CCS CONCEPTS
• Applied computing → Collaborative learning; • Social and
professional topics → Student assessment; K-12 education; •
General and reference→ Empirical studies; •Mathematics
of computing → Probability and statistics.
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1 INTRODUCTION
Learning in isolation could hinder the benefits of feedback and im-
provement, whereas working in collaboration bolsters productive
thoughts and mutual gains. Substantial research has supported the
benefits of collaborative learning by showing that students can
achieve considerable learning gains by collaborating and working
in teams [17, 57, 59]. These findings are significant when students
collaborate with each other [63, 66, 70] or use intelligent team tu-
toring systems [13, 51]. Nevertheless, these investigations typically
occur within learning environments that have been developed for
collaboration or studies where students are explicitly assigned to a
team with a shared interest in team (vs. individual) success. In this
work, we focus on students attending small group tutoring sessions
with a human tutor and investigate whether they implicitly learn
as a team despite not being explicitly designated as one (i.e., having
shared goals).

For traditional classrooms, decades of prior work have investi-
gated attendance as one factor that distinguishes high-performing
students and positively impacts their learning outcomes [8, 20, 22,
56, 65]. At the same time, considerable research has raised doubts
about the significance of attendance and attendance policies by
finding that they have null, minimal, or a ceiling effect on learn-
ing outcomes [27, 33, 40]. Regardless of the contradictory findings,
attendance has been defined as showing up to class without tak-
ing into consideration external factors that contextualize whether
attendance is meaningful or not.

In this work, we focus on students attending with a “consistent
tutor” and a “consistent group,” that is, attending tutorial sessions
throughout the school year with the same tutor and students (i.e.,
without changing to another tutor or switching groups). Moreover,
we compare group attendance rates —measuring the extent to which
students in a group attend together— on predicting students’ math
assessment scores versus attendance rates of individuals (students)
comprising that group.

We also examine the quality of student-tutor discourse during
the tutorial sessions. Productive discussions and dialogues between
teachers and students have been shown to facilitate collaborative
learning compared to direct instruction methods [16, 53, 68]. The
richness and quality of instructional discourse have been associated
with the diversification of talk, whether between a teacher and
students or students with each other [18, 46, 52]. However, as far
as we know, no empirical studies have investigated the factors
that might influence the diversity of discourse in tutorial sessions.
We hypothesize that consistently attending as a group might be
associated with more diverse discourse as it facilitates the creation
and maintenance of common ground among participants [28].
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1.1 Collaborative Learning & Teamness
Based on the improbability of continuous learning in isolation, it
is widely acknowledged that humans learn from interacting with
others [29, 39]. Collaborative (or Cooperative) learning is an in-
structional approach in which students complete a task where they
can share ideas, think, or discuss with each other [15, 23, 38, 61].
Teamness is slightly different as it explicitly involves a unified
outcome, shared interest in success, and the possibility of having a
team leader [17, 36, 57]. Additionally, teamness extends the tradi-
tional notion of teams by focusing on how a team functions rather
than the individuals comprising it [17].

Considerable research has shown the impact of collaborative
learning on students’ achievement and learning outcomes [63, 66,
70]. Terenzini et al. [66] conducted a widescale study on 480 un-
dergraduates from six campuses to compare the performance of
students who were taught 17 courses via active and collaborative
instructional approaches relative to their peers who were taught six
courses via conventional instructional methods of lectures and dis-
cussions. The results showed that the former students self-reported
significantly higher gains in design, communication, and group
skills, even after controlling for a variety of student pre-course
characteristics. Yamarik [70] tackled students’ learning outcomes
more objectively by evaluating exam scores for 57 undergraduates
who were taught via collaborative learning against their 59 control
peers who were provided with the traditional lecture format. They
found that students in the experimental group scored five to six
points higher on midterm and final exams than those in the control
group. More recently, Stump et al. [63] surveyed 150 engineering
students to examine the relationship between self-reported infor-
mal collaboration and course grades. The findings revealed that
students’ reported use of collaborative strategies for learning course
material was significantly predictive of course grades. In essence,
a common feature in prior research studying effective collabora-
tive learning is that the learning environments and collaboration
activities have been designed for students to work together.

In a parallel vein, research in the field of team science has studied
the notion of teamness and highlighted factors that yield better team
outcomes [17, 43, 59]. Much of the work on teamness has emerged
from non-educational contexts, including military, medical, and
organizational teams [58]. Cooke et al. [17] articulated how a team
differs from a group by having aligned goals and interests. Cooke
et al. emphasized that how a team interacts and thinks —known as
teamness— matters much more than the competence of individuals
comprising the team. In other words, a team of experts is not an
expert team. In the context of small group tutoring, Schmidt and
Moust [59] posited that some factors that consolidate teamness
include the 1) nature of problems posed to students, 2) cognitive
processes elicited by group discussion that activate prior knowledge,
3) students’ intrinsic motivation, and 4) tutor’s expertise.

Prior research has yet to investigate whether students implicitly
collaborate and act as teams during high-dosage, small group tu-
toring sessions. Additionally, if such implicit collaboration exists, a
question arises about the factors influencing it. These are the ques-
tions we examined in the present research with a focus on students
attending tutoring sessions as a group, though not necessarily a
team.

1.2 Student Attendance and Academic
Performance

Attendance and absenteeism are two of many factors that come
to mind when identifying what distinguishes better-performing
students from their less-well-performing peers. Indeed, decades of
research have verified the influence of attendance on academic per-
formance [9, 19, 22, 42, 48, 56, 65]. For example, Romer [56] showed
that attendance in a macroeconomics course accounted for 31% of
the variance of students’ (𝑁 = 116) performance. Specifically, they
found that there was a full letter grade difference between students
who attended classes regularly and their peers with sporadic atten-
dance. Romer [56] further revealed that the significant positive rela-
tionship between attendance and academic performance persisted
after controlling for the prior grade point average and completion
of instructional activities. Devadoss and Foltz [22] found similar re-
sults on the positive influence of attendance on students’ grades by
considering a larger sample of students (𝑁 = 400) and accounting
for other factors such as motivation and aptitude. More recently,
Teixeira [65] found similar results for 190 undergraduate students
after controlling for motivation, aptitude, lecturer quality, and at-
tendance policy. They found that absenteeism considerably lowered
the students’ final grade by about 10%. Furthermore, they argued
that a mandatory yet flexible attendance policy would contribute
to improving students’ academic performance.

In the context of tutorials, substantial work has further verified
the role of attendance in student learning [8, 20, 30]. Alexander
and Hicks [8] investigated associations between tutorial attendance
in introductory psychology courses on the grades of assignments
and lab reports. The study occurred over four academic years with
a total of 14 classes and 383 students. Results revealed a positive
correlation between attendance and grades in all classes, with a
significant correlation achieved in 13 out of 14 classes. Deane and
Murphy [20] found that attendance of tutorial-based activities for
medical students was positively and significantly correlated with
their exam scores. The results persisted after controlling for several
confounding factors, including gender, age, and country of origin.

Interestingly, several studies have suggested that absenteeism
may be caused by class environments rather than students’ aptitude
[21, 49, 50] and suggested that some students can succeed despite
absenteeism [42]. Moos and Moos [50] found that high absenteeism
rates were correlated with highly competitive environments, exces-
sive teacher control, and inadequate teacher support. Demir and
Karabeyoglu [21] revealed that students’ self-reported assessment
of the school environment explained 83% of the variance of their
commitment level to the school. They found that combining the
students’ commitment with parental control explained 22% of the
variance in absenteeism. Lukkarinen et al. [42] found a significant
positive relationship between class attendance and performance on
exams. However, they also identified a distinct group of students
who studied independently, skipped classes, and performed well on
exams. They elaborated that these students had compelling reasons
for absenteeism as well as an ability to learn independently.

There is also considerable work doubting the significance of at-
tendance and attendance policies on learning outcomes [11, 27, 33,
40, 62]. Hyde and Flournoy [33] and Gendron and Pieper [27] found
no correlation between students’ attendance and grades. Credé et al.
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[19] recreated the original data from Hyde and Flournoy [33] and
Gendron and Pieper [27] and found a significant curvilinear rela-
tionship between attendance and grade outcomes in both cases.
Specifically, the data from Hyde and Flournoy [33] showed that the
best-performing students had either very high or very low atten-
dance rates, whereas struggling students were most likely to have
average rather than poor attendance. On the other hand, the data
fromGendron and Pieper [27] revealed a ceiling effect of attendance
on grade outcomes in that the benefits of attendance on grades ap-
pear to diminish once an average level of attendance has been
reached. Berenson et al. [11] found that an enforced attendance
policy was not a significant predictor of academic achievement.
Levine [40] compared the influence of three attendance policies
on academic achievement: one with enforced attendance, another
implicitly not requiring attendance, and a third explicitly not re-
quiring attendance. The results showed that the type of attendance
policy had no significant effect on achievement.

In short, there is no consensus on whether attendance is a reli-
able predictor of academic achievement in traditional classrooms
regardless of the students’ age group (undergraduates or K-12).
With respect to the present focus on small group tutoring sessions,
the classic view of attendance —which isolates the student from
their human tutor and group companions— hinders the ability to
contextualize whether attendance is a meaningful construct or not.
In this work, we attempt to address this issue in high-dosage, small
group tutoring sessions by focusing on students with “consistent”
attendance, who stay with their assigned tutor (not changing the
tutor) and maintain their group membership. Additionally, we con-
sider the average attendance rate of the group and compare it to
the attendance rates of individuals comprising the group to inves-
tigate which would better predict student achievement. We also
examine variability in tutorial discourse as one factor that might
be associated with consistent attendance in small group tutoring
sessions, as discussed next.

1.3 Instructional Discourse & Discourse
Diversity

Discussions between students and teachers have long been the ob-
ject of intensive study in educational research. Numerous theories
purport that students learn primarily through collaborative interac-
tions and dialogue, particularly in instructional settings [7, 45, 67].
There is a growing body of empirical evidence to support these
theories, leading to the conclusion that students learn more from
dialogic instruction as compared to direct instruction [4, 16, 53, 68].
For example, Abdelshiheed et al. [4] found that the human tu-
tors’ talk moves that encouraged mathematical reasoning were
significantly predictive of assessment scores of higher-achieving
students, whereas the tutors’ talk moves that revoiced students’
mathematical contributions and ideas were a significant predictor
for lower-achieving students.

Three popular perspectives to understand productive teacher-
student discourse are exploratory [10, 44], transactive [12, 37], and
accountable [47, 54, 55] talk. Exploratory talk involves students
sharing relevant knowledge and information as the dialogue pro-
ceeds critically and constructively while respecting others’ ideas.
Periodically, members try to reach agreement about major ideas

after all ideas are treated as worthy of attention and consideration.
Transactive talk involves students transforming arguments and
building on each other’s reasoning and contributions. This process
involves refuting arguments till the group discussion reaches a final,
convincing argument.

Accountable talk theory defines a set of explicit discursive tech-
niques that can promote rich, knowledge-building classroom dis-
cussions [47, 54, 55]. The motive behind accountable talk is that
everyone should be held accountable for what they say to identify
the type of talk that is most consequential and moves learning
forward. At the heart of accountable talk is the notion that teachers
should organize discussions promoting equitable participation in a
rigorous learning environment where students’ thinking is publicly
and explicitly available to everyone in the classroom. Accountable
talk outlines three general requirements of classroom discussions:
they should be accountable to the learning community, to content
knowledge, and to rigorous thinking [52, 69]. In this work, we focus
on talk moves, which is an application of accountable talk.

Talk moves represent the micro-level details of discourse within
each accountability category, helping to ensure that instructional
conversations will be productive in nature [4, 35, 52, 64]. Their use
indicates that teachers are actively working to ensure the class-
room culture encourages equitable participation, forefronts student
contributions, and values student reasoning. Teachers skillful in
facilitating rigorous, student-led discussions employ a variety of
talk moves as tools to support participation, engagement, and learn-
ing [46, 52]. Researchers have argued that attending to talk move
patterns and diversity is particularly instructive when evaluating
the quality of instructional discourse [4, 18].

In essence, improving the quality of instructional discourse has
been established as a promising approach to enhance students’
learning outcomes. One way of enriching instructional discourse
quality is through richness and diversity of learning discourse [46,
52]. In addition, attendance has been shown sometimes to positively
impact learning outcomes [8, 20, 30]. However, prior work has yet to
connect attendance with discourse (i.e., talk moves) diversification.
This work investigates whether attendance in tutoring sessions as
a group is associated with diversification of talk moves (i.e., using
a variety of talk moves categories).

1.4 Present Study
We analyzed attendance and discourse in the context of small
group tutorial sessions. We examined whether group-level atten-
dance rates better predicted individual student achievement than
individual-level attendance rates and how group attendance was
a predictor of the diversity of tutorial discourse. We drill into the
notion of attendance as follows:

• Staying with the originally assigned tutor, referred to as
“consistent tutor .”

• Maintaining group membership by not switching groups,
referred to as “consistent group.”

• Focusing on groups that include at least two students satis-
fying the previous two criteria on every tutorial session in
the year, referred to as “consistent attendance.”

• Considering the attendance rate of the group and comparing
it to that of the individuals comprising the group.
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Note that we are not claiming that changing tutors or switching
groups is by itself problematic. Rather, if staying with the same
tutor and maintaining consistent group membership were found to
have positive outcomes on learning, then more attention and future
research should be directed towards the assignment and allocation
of groups and tutors. Hence, students who attended with more than
one tutor or group are not included in our analyses, enabling us to
disregard irregularities in attendance patterns that may hinder the
generalizability of our analyses and results. This work addresses
two Research Questions (RQs):

• (RQ1): Relationship between attendance rates (individ-
ual vs. group) and learning outcomes. How do individual
attendance rates of students versus that of their group predict
individual learning outcomes?

• (RQ2): Relationship between group attendance and
talk moves diversification. Based on RQ1 findings, do
the groups’ attendance rates predict the diversification of
tutor and student talk moves?

Table 1: Distribution of Students’ Tutorial Attendance Rates:
Overall (Regardless of Tutor and Group) and Consistent At-
tendance (Including Students Only Attending with Original
Tutor and Group)

Attendance % Overall Attendance Consistent Attendance

# Students # Cumulative # Students # Cumulative

[0, 10] 23 23 8 8
[10, 20] 61 84 23 31
[20, 30] 124 208 43 74
[30, 40] 145 353 81 155
[40, 50] 181 534 128 283
[50, 60] 225 759 159 442
[60, 70] 233 992 161 603
[70, 80] 178 1170 94 697
[80, 90] 131 1301 64 761
[90, 100] 85 1386 42 803

2 PARTICIPANTS AND PROCEDURE
The participants in this study were 9th-grade students from two
large urban (a Northeastern and a Midwestern) public school dis-
tricts. Students received high-dosage tutoring approximately every
other day as part of their regular school day (i.e., a second math
period). They worked in a small group setting with a human tutor,
where each group consisted of at most six students.

Tutors were assigned a coach who provided supervision and
helped to ensure alignment between the tutoring materials and the
students’ classroom learning. We note that there was no overlap
in the group-tutor-coach assignment. In other words, each group of
students was assigned to a single tutor, and each tutor was assigned
to a single coach. Tutors and coaches were provided as part of a
partnership between the participating school districts and Saga
Education, a non-profit tutoring service provider.

The frequency and duration of tutorials depended on many fac-
tors, such as the school schedule, the teacher’s pace, the tutor’s
pace, and the group’s pace. Typically, the tutorial lasted for 30 to

60 minutes, and students received 2 − 3 tutorials a week, yielding
roughly 70 − 85 tutorials in the school year. Tutorials were audio
and video recorded as part of the standard protocol used by Saga
Education.

At the start of the school year, the learning coordinators at
Saga Education considered the students’ schedules, classroom math
teacher, and student group preferences when assigning students
to tutorial groups. Students might change tutors or groups for sev-
eral reasons. Additionally, groups might be assigned new tutors
in case of tutor absences or attrition. During the school year, stu-
dents completed five rounds of a math skills assessment. In this
work, we focus on the first and last assessment rounds as they
occur at the start and end of the year, respectively. This allows us
to maximize the number of tutoring sessions between assessment
periods, yielding the largest possible sample size of tutorials per
group. Specifically, the first assessment round is treated as the pre-
assessment, the sessions are regarded as the tutoring intervention,
and the last assessment round is treated as the post-assessment. The
pre- and post-assessment each consists of 30 questions that are
graded in a binary manner, resulting in integer scores within the
[0, 30] range.

We combined students from the two districts to maximize the
sample size. Initially, we analyzed data from 1386 students across
the two school districts. While we had no access to their school
attendance rates, we accessed and analyzed their tutorial attendance
rates, as shown in the first three columns of Table 1. We found that
many students changed tutors, which would hinder our goal of
assessing group behavior of students attending with a fixed tutor.
Hence, students were included in our analyses only if they met all
these conditions:

(1) Assessment Scores Availability: must have pre-assessment
and post-assessment scores (no missing data).

(2) Consistent Tutor and Group: must attend with the same
tutor and maintain group membership during the entire
school year. Therefore, we excluded students who changed
tutors or groups and excluded any group of students whose
tutor changed regardless of the reason (e.g., schedule change,
illness, attrition).

(3) Consistent Group Attendance: must be a part of a group
where, in every tutorial, there are at least two attending
students who satisfy the previous two conditions. This con-
dition guarantees that we analyze students who were always
part of a group during the year. In other words, this condi-
tion ensures that an included student will always have at
least one more student with consistent attendance in any
given tutorial. Based on this criterion, the only way to in-
clude a group that has a maximum of 2 students is for those
two students to attend all tutorials during the year, which
never happened in our data. Therefore, as shown in the first
column of Table 2, the minimum number of students in a
group was three, as we analyzed only groups where each
tutorial had at least two attending students with consistent
attendance and available assessment scores.

After applying the previous inclusion criteria, the last two columns
of Table 1 show the final set of included 803 students. Table 1 shows
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(a) Individual (Student) Attendance Rate (𝑟 = .16, 𝑝 < .0001)

(b) Group Attendance Rate (𝑟 = .22, 𝑝 < .0001)

Figure 1: Relationship between Attendance Rates (Individual vs. Group) on Individual Post-Assessment Scores
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Table 2: Comparing Consistent Attendance (%) and Pre- and Post-Assessment Scores (Out of 30) Across Different Groups

Students per Group # Groups # Students Attendance Rate
of Students (%)
Mean (SD)

Pre-Assess.
of Students
Mean (SD)

Post-Assess.
of Students
Mean (SD)

3 96 288 55.3 (20) 15.8 (5.3) 21.7 (6.8)
4 56 224 57.1 (21) 15.3 (5.8) 21.6 (7.0)
5 33 165 58.3 (20) 15.9 (6.1) 22.2 (7.1)
6 21 126 56.3 (20) 15.5 (5.8) 21.6 (7.3)

Total = 206 Total = 803

that most students had 40 − 80% of “consistent” attendance. Alto-
gether, these students had 75 tutors who, in turn, had 20 coaches.
Therefore, we investigate our two research questions (RQ1 in Sec-
tion 3 and RQ2 in Section 4) on this set of 206 groups with 803
students, 75 tutors, and 20 coaches.

3 RELATIONSHIP BETWEEN ATTENDANCE
RATE (INDIVIDUAL VS. GROUP) &
LEARNING OUTCOMES

3.1 Methods (RQ1: Individual vs. Group
Modeling of Attendance Rate)

Our goal was to investigate the association of two methods of mod-
eling consistent attendance with students’ math post-assessment
scores. First, we investigated the traditional individual modeling,
where the attendance rate of students is considered individually,
disregarding the group they belong to. Second, we investigated the
group attendance rate, where each student in a group gets assigned
the same, averaged attendance rate of individuals (students) who
are members of that group. A high group attendance rate reflects
that students in a given group are attending together more often.
The choice of averaging for the group modeling of attendance rates
was motivated by aiming to investigate whether the group mod-
eling method is appropriate rather than identifying which group
modeling method is better.

Before comparing the two methods for modeling attendance
rates, we investigated whether the number of students in a group
impacted students’ individual attendance rates (referred to as AR)
or their pre- and post-assessment scores (referred to as Pre and
Post, respectively). A Shapiro-Wilk test suggested non-normality
on AR (𝑊 = 0.993, 𝑝 = .001), Pre (𝑊 = 0.994, 𝑝 = .005), and Post
(𝑊 = 0.926, 𝑝 < .0001). Therefore, we compared the four rows of
Table 2 using a Kruskal-Wallis test on each of the three metrics
—AR, Pre, and Post. We found no significant effect of group size on
AR (𝐻 (3) = 4.04, 𝑝 = .26), Pre (𝐻 (3) = 0.91, 𝑝 = .83), and Post
(𝐻 (3) = 0.92, 𝑝 = .82).

3.2 Results (RQ1: Individual vs. Group Modeling
of Attendance Rate)

Figure 1 shows students’ post-assessment scores against the atten-
dance rates of individual students (Fig. 1a) and that of groups they
belong to (Fig. 1b) as a preliminary evaluation of each modeling
method. We found that both significantly correlated with post-
assessment scores, but the group attendance rates had a higher

correlation (𝑟 = .22, 𝑝 < .0001) than their individual counterparts
(𝑟 = .16, 𝑝 < .0001).

To investigate whether the results of group attendance (Fig. 1b)
were observed by chance, we randomly generated 10, 000 pseudo
groupings, each following the same group size distribution in Ta-
ble 2. In other words, we recreated the same distribution of group
sizes and student counts of Table 2 while shuffling students to form
groups that never existed. We computed the correlation between
group attendance and post-assessment scores for each pseudo
grouping, and the highest observed correlation was 𝑟 = .02. This
suggests that the correlation in Figure 1b is not randomly observed.

Hence, we proceeded to analyze the two modeling methods
(individual vs. group) by fitting a Bayessian, Poisson Generalized
Linear Mixed-effects Model (GLMM) with a log link function with
this specification:

𝑃𝑜𝑠𝑡 ∼ 𝑃𝑟𝑒 + 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙_𝐴𝑡𝑡𝑒𝑛𝑑𝑎𝑛𝑐𝑒 +𝐺𝑟𝑜𝑢𝑝_𝐴𝑡𝑡𝑒𝑛𝑑𝑎𝑛𝑐𝑒
+(1|𝐶𝑜𝑎𝑐ℎ/𝑇𝑢𝑡𝑜𝑟 )

where Post is the dependent variable; Pre, Individual_Attendance,
and Group_Attendance are the fixed effects that were centralized to
decorrelate the predictors; and the random intercept of Tutor nested
within Coach. We found a minimal correlation (𝑟 = −.005) between
the two types of attendance and between Pre and Group_Attendance
(𝑟 = −.03). Meanwhile, a higher correlation was found between
Pre and Individual_Attendance (𝑟 = .09).
Table 3 summarizes the main outputs of our model. Pre scores
were not a significant predictor of post-assessment scores: z =

−1.13, p = .26. While both individual and group attendance rates
significantly predicted post-assessment scores, the group atten-
dance rate (z = 9.39, p < .0001) was a stronger predictor than the
individual attendance rate (z = 2.51, p = .01), as confirmed with a
general linear hypothesis test (GLHT) comparing the two estimates:
z = 7.3, p < .0001.

Regarding random effects, the model had a small residual vari-
ance (𝜎2 = .04), a small, within-coach, between-tutor variance
(𝜏𝑡𝑢𝑡𝑜𝑟 :𝑐𝑜𝑎𝑐ℎ = .01), a minimal between-coach variance (𝜏𝑐𝑜𝑎𝑐ℎ = 0),
and an Intraclass Correlation coefficient (ICC) of 0.13 . This sug-
gests little variability in post-assessment scores was found at the
tutor and coach levels.

To sum up, both individual and group attendance rates signifi-
cantly predicted the post-assessment scores even after controlling
for pre-assessment scores and the effects of tutors and coaches.
However, the group modeling was a better fit for the data than
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Table 3: Bayesian, Poisson GLMM Regression Table of Individual and Group Attendance Rates on Post-Assessment Scores

Term Estimate Std. Error z-value Pr(> |𝑧 |)
Intercept (Post-Assessment) 3.08 0.013 229.8 < .0001∗∗∗∗
Pre-Assessment [fixed effect] -0.001 0.001 -1.13 .26

Individual Attendance Rate [fixed effect] 0.001 0.0004 2.51 .01∗
Group Attendance Rate [fixed effect] 0.008 0.0008 9.39 < .0001∗∗∗∗

the individual modeling of attendance rates, suggesting that group
attendance is a more promising modeling approach to predicting
students’ learning outcomes.

4 RELATIONSHIP BETWEEN GROUP
ATTENDANCE RATE & TALK MOVES
DIVERSIFICATION

The significant relationship between the group attendance rate
and the students’ post-assessment scores inspired us to investigate
factors that may be contributing to such an association. Next, we in-
vestigated whether the group modeling of attendance rate predicted
the quality and richness of discourse during tutorials.

4.1 Methods (RQ2: Group Attendance &
Discourse Richness and Diversification)

The framework of talk moves [35, 52, 64] categorizes an utterance
made by a tutor or student into one of many labels —as shown in
Table 4— capturing different dimensions of communication and
learning. For the purposes of our analyses, utterances that did not
fall into any of these categories were excluded. Table 4 provides
descriptions of the six tutor and four student talk moves included
in this study. Both tutor and student talk moves have three broad
categories: learning community, content knowledge, and rigorous
thinking. The learning community talk moves are mostly non-
content-related icebreakers, the content knowledge talk moves
mainly test knowledge of factual mathematical statements without
involving thinking, and the rigorous thinking talk moves involve
mathematical thinking.

To automatically capture and measure talk moves, we trained a
Robustly Optimized Bidirectional Encoder Representations from
Transformers Pretraining Approach (RoBERTa)[41] model that was
fine-tuned on large data sets of talk in classrooms and a small
number of Saga tutoring sessions. Details on model training and
validation are discussed in Booth et al. [14]. The model was mod-
erately accurate with a macro F1 of 0.77 for tutors and 0.68 for
students.

We used Shannon’s entropy [60] to measure discourse diversifi-
cation, quantified here as uncertainty (i.e., inverse of predictability)
in talk move use. Hence, a higher entropy means a more even dis-
tribution of talk moves (i.e., less predictable), while a lower entropy
suggests focusing on specific talk moves (i.e., more predictable). The
entropy was calculated for Tutor Talk Moves (TTMs) and Student
Talk Moves (STMs) as follows:

𝑇𝑇𝑀𝑠_𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −
∑︁

𝑇𝑇𝑀∈𝑇𝑇𝑀𝑠

𝑝 (𝑇𝑇𝑀) ln(𝑝 (𝑇𝑇𝑀)) (1)

𝑆𝑇𝑀𝑠_𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −
∑︁

𝑆𝑇𝑀∈𝑆𝑇𝑀𝑠

𝑝 (𝑆𝑇𝑀) ln(𝑝 (𝑆𝑇𝑀)) (2)

4.2 Results (RQ2: Group Attendance &
Discourse Richness and Diversification)

We fit two Bayessian, Gaussian GLMMs (one for TTMs and one for
STMs) with log links with these specifications:

𝑇𝑇𝑀𝑠_𝐸𝑛𝑡𝑟𝑜𝑝𝑦 ∼ 𝐴𝑣𝑔_𝑃𝑟𝑒+𝐺𝑟𝑜𝑢𝑝_𝐴𝑡𝑡𝑒𝑛𝑑𝑎𝑛𝑐𝑒+(1|𝐶𝑜𝑎𝑐ℎ/𝑇𝑢𝑡𝑜𝑟 )

𝑆𝑇𝑀𝑠_𝐸𝑛𝑡𝑟𝑜𝑝𝑦 ∼ 𝐴𝑣𝑔_𝑃𝑟𝑒+𝐺𝑟𝑜𝑢𝑝_𝐴𝑡𝑡𝑒𝑛𝑑𝑎𝑛𝑐𝑒+(1|𝐶𝑜𝑎𝑐ℎ/𝑇𝑢𝑡𝑜𝑟 )
where TTMs_Entropy and STMs_Entropy are the tutor and students
talk move entropies computed via Equation 1 and 2, respectively;
Avg_Pre, and Group_Attendance are the fixed effects that were cen-
tralized to decorrelate the predictors; and the random intercept of
Tutor nested within Coach. Specifically, for each model, we had a
total of 206 records, one record per group. Hence, we computed the
average pre-assessment score of a given group to be a fixed effect
in the model. For the tutor talk moves, we computed the percentage
of each move by dividing the count of each move over the sum of
all moves after aggregating across all tutoring sessions. We did the
same procedure for students’ talk moves while also aggregating
the talk moves of all students in a given group. We found a small
correlation between the Avg_Pre and Group_Attendance: 𝑟 = −.034
and 𝑟 = −.035 for the two respective models.

Table 5 summarizes themain outputs of bothmodels. The group’s
Avg_Pre was not a significant predictor of entropies of tutor (t =
0.08, p = .93) and student (t = 1.21, p = .23) talk. However, the
group attendance rate significantly predicted the entropies of the
tutor (t = 56.5, p < .0001) and student (t = 30.7, p < .0001) talk
moves. Very little (close to zero) variance was explained by the
random effects. The ICCs of the two models were 0.12 and 0.14,
respectively. These findings suggest little variability in discourse
diversification (entropy) at the tutor and coach levels.

We additionally investigated whether group attendance pre-
dicted the percentage of each talkmove (tutor or student). Therefore,
we fit a series of Bayessian, Gaussian GLMMs (one per talk move)
with log links using these model specifications:

𝑇𝑎𝑙𝑘𝑀𝑜𝑣𝑒_𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 ∼ 𝐴𝑣𝑔_𝑃𝑟𝑒+𝐺𝑟𝑜𝑢𝑝_𝐴𝑡𝑡𝑒𝑛𝑑𝑎𝑛𝑐𝑒+(1|𝐶𝑜𝑎𝑐ℎ/𝑇𝑢𝑡𝑜𝑟 )
where TalkMove_Percentage is one of the ten talk moves of Table
4; Avg_Pre, and Group_Attendance are the fixed effects that were
centralized to decorrelate the predictors; and the random intercept
of Tutor nested within Coach. Tables 6 and 7 summarize our findings



UMAP ’24, July 01–04, 2024, Cagliari, Italy Abdelshiheed, M., Jacobs, J.K., & D’Mello, S.K.

Table 4: Description of Tutor and Student Talk Moves

Category Talk Move Description
Tutor Talk Moves

Learning Community

Keeping Everyone Together Orienting students to each other
and to be active listeners

Get Students to Relate to Others’ Ideas Prompting students to react to
what another student said

Restating Verbatim repetition of all or part
of what a student said

Content Knowledge Pressing for Accuracy Eliciting mathematical
contributions and vocabulary

Rigorous Thinking

Pressing for Reasoning Eliciting explanations, evidence,
thinking aloud, and ideas’ connection

Revoicing Repeating what a student said while
adding on or changing the wording

Student Talk Moves

Learning Community

Relating to Another’s Idea Using, commenting on, or asking
questions about other students’ ideas

Asking for More Info Asking tutor for help
or more information

Content Knowledge Making a Claim Making a mathematical claim
or factual statement

Rigorous Thinking Providing Evidence Explaining or stating own thinking,
or providing evidence

Table 5: Bayesian GLMM Regression Table of Group Attendance Rate on Talk Moves Diversification (i.e., Entropy)

Term Estimate Std. Error t-value Pr(> |𝑧 |)
Tutor Talk Moves (TTMs)

Intercept (Entropy) 0.17 .0043 39.7 < .0001∗∗∗∗
Avg. Pre-Assessment [fixed effect] 8e-5 .0009 0.08 .93

Group Attendance Rate [fixed effect] .015 .0002 56.5 < .0001∗∗∗∗

Student Talk Moves (STMs)
Intercept (Entropy) 0.11 0.0073 15 < .0001∗∗∗∗

Avg. Pre-Assessment [fixed effect] 0.002 0.0015 1.21 .23
Group Attendance Rate [fixed effect] 0.013 0.0004 30.7 < .0001∗∗∗∗

for the tutor’s and students’ talk moves, respectively. The group
attendance rate significantly predicted the percentage of all talk
moves except for tutors’ Keep Everyone Together (KET) and the
students’ Providing Evidence (PE).

Figure 2 illustrates the relationship between high and low group
attendance rates (using a median split) on the tutor and student
talk moves per hour. Figures 2a and 2b show that having a higher
group attendance generally resulted in more talk moves except for
the Providing Evidence category. Even though the graph shows
differences for the Keeping Everyone Together talks move, this
difference was not statistically significant, as noted above. In brief,
our results indicated that student groups who had a high rate of
consistently attending together had patterns of student and tutor

talk that were more diverse and also quantitatively higher in terms
of most talk moves.

5 DISCUSSIONS & CONCLUSIONS
Our results showed that rates of group attendance in high-dosage
tutoring sessions predict students’ math assessment scores signifi-
cantly better than individual attendance rates. This finding suggests
that consistent group attendance is an important construct to con-
sider when analyzing collaborative learning. We also found that
the more a group of students attended tutorials together and with
the same tutor, the more they engaged in discourse associated with
accountable talk and the more they had diverse tutor and student
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(a) Tutor Talk Moves

(b) Student Talk Moves

Figure 2: Comparing Hourly Talk Moves Mean(SD) across Groups of High and Low Attendance Rates
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Table 6: Bayesian GLMM Regression Table of Group Attendance Rate on Tutor Talk Moves’ Percentage

Keep
Together

Get Students
to Relate

Restating Press for
Accuracy

Press for
Reasoning

Revoicing

Term Est. p Est. p Est. p Est. p Est. p Est. p
(Intercept) -1.13 < .001 -3.51 < .001 -2.57 < .001 -0.91 < .001 -3.35 < .001 -3.02 < .001
Avg. Pre 0.01 .55 0.03 .08 0.01 .5 -0.01 .33 0.01 .66 -0.02 .12

Group Attnd. 0 .99 0.04 < .001 0.04 < .001 -0.02 < .001 0.04 < .001 0.04 < .001

Table 7: Bayesian GLMM Regression Table of Group Attendance Rate on Students Talk Moves’ Percentage

Relating to
Another’s Ideas

Asking for
More Info

Making Claim Providing Evidence

Term Estimate p Estimate p Estimate p Estimate p
(Intercept) -2.17 < .001 -1.74 < .001 -0.83 < .001 -1.56 < .001
Avg. Pre 0.01 .39 -0.02 .15 -0.01 .25 0.01 .33

Group Attnd. 0.02 < .001 0.02 < .001 -0.02 < .001 0.01 .2

talk moves, suggesting that the discussions were likely to be more
collaborative and of higher instructional quality.

Taken together, our results suggest that the students with higher
group attendance were learning as a team despite not being one.
That is, the students in these groups had no unified goal or shared
interest in each other’s success. In other words, our findings suggest
that students implicitly collaborated and learned as a team as they
worked together over the course of a school year, although they
were never explicitly mandated to collaborate or had a shared goal.

Our work contributes to the literature by showing that implicit
teamness and collaboration exist, as attendance could sometimes
predict learning outcomes compared to the substantial work that
considers students’ learning in intelligent team tutoring systems
[13, 51] or e-learning environments [1–6, 24–26, 31, 32, 34]. Finally,
we note that the group modeling of attendance and the exclusion
of students who changed tutors or groups from our analyses do
not imply that students should necessarily stay with the same
group and tutor. Attention, care, and policies are needed to assign
students to the appropriate groups and tutors and make changes
when appropriate.

6 LIMITATIONS & FUTURE WORK
We acknowledge that our work had at least five limitations and
areas for improvement:

(1) The lack of access to school attendance information hindered
comparisons against tutorial attendance. A more rigorous
approach to investigate RQ1 would be adding the model-
ing of school attendance and its impact on predicting post-
assessment scores.

(2) The lack of access to students’ demographics such as gen-
der, race, and ethnic groups. Future work should investigate
whether demographics influence attendance rates and the
means of mitigating such influence if it exists.

(3) The choice of averaging the individual attendance rates of
students within a group to obtain the group attendance rate

has its own limitation by oversimplifying the modeling ap-
proach. In the context of this work, we aimed to test whether
the group modeling works rather than which group model-
ing method is better. Nevertheless, this work is a step toward
future comparisons of many group modeling approaches.

(4) Due to many students missing assessments in the middle of
the school year, we measured attendance only between the
first and last assessment rounds. Future work can investigate
the significance of attendance once considered in shorter
durations between consecutive assessment rounds.

(5) This work would have significantly benefited from the pres-
ence of qualitative analysis, such as surveys or interviews,
that investigateswhether studentswho consistently attended
with the same group and tutor felt implicit teamness or a
formation of community and bond.
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