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Chapter 1: Introduction
1.1 Online Classes

As there’s been an increase in the number of students taking online classes at universities
across the country, there has been a greater need for instructors to be able to track and
understand the level of engagement students have with online lectures. Figure 1.1.1 is a
Statista figure that shows the massive increase in students who take at least one online
class and students who take exclusively online classes between 2019 and 2020.
Particularly in introductory classes, students who take an online course more commonly
suffer from a few well-known issues: low levels of engagement [6], high levels of
passivity [4], shortening attention spans [2], and the tendency to skip class or to minimize
the online lecture and ignore it [1]. This paper seeks to provide instructors with more
tools to identify which students in their classes are experiencing these issues, in order to

address them earlier in the term.
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® Exclusive distance @ Some distance

Figure 1.1.1 Percentage of students in the United States taking distance learning courses from 2012 to
2020, [3]

We make the observation that for many new university students going forward, there is an
increased likelihood an online introductory class will be their first experience with higher
education. Figure 1.1.2 below showcases the large jump in distance education
enrollments from 2019 to 2020 at SARA-participating institutions. SARA — the State
Authorization Reciprocity Agreement — is an agreement between member states,
territories and districts of the United States of America. As of July 2019, 49 states (all but
California), the District of Columbia, Puerto Rico and the U.S. Virgin Islands have joined

SARA.



930/ ¢ Increase in distance education enrollments at SARA-participating
0 institutions between Fall 2019 and Fall 2020

2019 3,016,944

2020 5,825,723

Figure 1.1.2 Increase in online enrollments to large public institutions between 2019 and 2022, [5]

The quantity of online courses continues to grow in the post-pandemic era of higher
education. As more students are attending classes remotely, instructors are finding ways
to adapt their learning environments for a virtual medium. We will focus specifically on
the aspect of student activity and participation in the class, through their usage of the
public class chat box. The importance of the chat is in its function as the analogue for
students interacting with each other and with the instructor in a physical environment,

such as talking questions or having open discussion periods.



1.2 Automated Analysis

Many instructors already have methods of assigning credit to students for participation,
whether through self sign-in sheets, clicker questions, or having more informal manual
checks. Many teleconferencing apps used for online classes, such as Zoom, already have
built-in class survey and polling features that can be used as a way to track who is present
and get dynamic feedback from the class. Figure 2.1 below is the default poll on the
Zoom mobile application. We found these default options too constricting and simplified
to get the level of insight we were looking for. Students using online courses were much
more likely to be highly active in the public chat box, using it to interact with other

students and to ask questions about the lecture to the professor and the TAs.



i Polls

A healthy discussion in Progress  00:12:53

Attendees are now viewing questions 3 of 3 (100%:) voted

1. What came first

Chicken

Egg

| do not care

2. Are zebras black or white

Black

White

3. What day comes three days after the day which
comes two days after the day which comes
immediately after the day which comes two days
after Monday?

End Poll

Figure 1.2.1 An example of a built-in polling system



In this thesis, we will describe a tool that analyzes the chat logs of each online class to
check for student presence, assign participation points for different levels of engagement,
and identify where there were peaks in student activity. Our tool is a lightweight,
automated alternative to the more involved manual methods of tracking student
participation that are more commonly in use. We will discuss the benefits and drawbacks
of using automated participation algorithms in online courses, methods to identify
naturally occurring polls within the chat log, and present metrics on how chat log data

can be used to predict student performance.

UCR - Zoom Chat Log Analysis (alpha)

We know many classes are being run onling. Having students participate via chat is an effective way to
run an online class. This tool helps instructors gain insight into class behavior by analyzing zoom chat
logs.

Meed help downloading your zoom chat logs?
Questions? Email: analysis-support@cs.ucr.edu

MCTE: This is a beta version with use by invitation only. Please do not circulate this URL without permission. This
tool comes with no warrenties, express or implied.

Use entirely at your own risk. Mo chat log files are stored. Created by Joe Michael Allen, Stanley Zhao and Frank
Vahid at UC Riverside

® Upload Zoom chat log:

TR H
: Choose Files | Mo file chosen :
i i
L S —— - |
O Use sample_1.txt (View) (Download)

Figure 1.2.2 The chat analysis tool (CAT) described in this thesis



Chapter 2: Chat Analysis Tool
2.1 Introduction

Our large public university has been teaching online sections of CS1 quarterly since
2013. The volume of students who take CS1 courses in online sections has only risen in
the post-2019 environment. Many instructors who teach online sections make use of a
built-in chat feature inherent in most teleconferencing software to interact with students
during lectures. Zoom, which is most commonly used at our university, allows these chats
to be downloaded as a chat log in a text file format. We use these chat logs to gain more

insight on the characteristics of the class and course overall.



Chat log

(a)

Figure 2.1 Extracting chat logs from Zoom

The record of the active chat log shown in Figure 2.1 (a) is downloadable as a text file,
represented by the image in Figure 2.1 (b). The text file containing the stored chat log is
used as the input into the tool we developed to analyze the activity levels of the class and

its individual students.



2.1.1 The Chat log and it’s Qualities

Chat log

FOOm name Now sal g COrmé Ty

SR22610 good luck)

138047 why my quizbis 0

054928 mine 18 (oo

d 3 5316 af early final

13054928 and they graded my quiz 4 is graded wrong

18 B9922610: “same thing for me @wenjie

5.26 T49635821: is quiz5 not finished yel?

27 13054928: can

have the grade comechion link

545 BE922610: hitps:(orms. gle/SMpWapMNaubmhj&3X8

/

4

Figure 2.2.1 An example raw chat log from a CS1 lecture

Chat logs contain a recording of the entirety of the messages sent into the public chat box

during an online class. Figure 2.2.1 above shows an excerpt from a chat log of a CS1

class, with anonymized student names. Each line of the downloaded chat contains a

student’s name, their message, and the timestamp of the message. We use the chat log as

input to the chat analysis tool (CAT) described below.




2.1.2 Making Use of the Chat Analysis Tool (CAT)

The CAT automates much of the process of tracking and rewarding student participation
in online classes. Previously, TAs of the CS1 courses at our university would manually

look over chat logs and assign participation points to individual students.

Analysis results

= e

Chat log

Chat analysis
tool

o | -hiiunl

l ©

Results
CSWV

(d)

Figure 2.1.2 Flow chart depicting the process of converting recorded class chat logs into analysis results.
The CAT in Figure 2.1.2 (b) takes chat logs as input, and outputs a multitude of analysis
tables, all of which can be downloaded as csv files. The CAT has the option to take
multiple chat logs as input, and outputs tables containing summarized information from

all uploaded chat logs.
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2.2 Table Outputs

Analysis results

Chat
analysis tool

__,_,—o—'—'_'_'____ __\_\_\___‘—‘—\—_
___'_,_,—'—'—'___ / \'—‘—_—‘——_\___\_\_\_
_'_'_,_,_'—'—"_ ———_
" TTT—

Number of messages per user General stats Participation points per user Poll stats

T b
e s L2

¥ M A S -G RS R EERE T =TT

S =

Figure 2.2.1 A chart outlining the outputs

Figure 2.2.1 showcases the four categories of analysis results outputted by the CAT for
each chat log. The CAT allows a quick overview of the general class activity level as well
as deeper insight on individual students. Calculation of participation points is an

automated process.

11



2.2.1 Messages Per User Tables

Number of Messages Per User

T Name Number of messages First message timestamp Last message timestamp
ADURGO003 6 16:23:12 16:49:51
AKATKO003 8 16:23:09 16:49:38
ANGUY295 13 16:23:05 16:50:00
APISU001 5 16:28:52 16:41:22
ASALA135 8 16:22:53 16:49:59

Figure 2.2.1.1 An output table from the chat log in Fig. 2.2 showing number of messages per unique user.

Messages by User by Timestamp

User Message Timestamp
ADURGO003 hii 16:23:12
ADURGO003 no 16:25:07
ADURGO003 yes 16:28:27
ADURGO003 oh wow 16:34:33

Figure 2.2.1.2 An output table showing every message by timestamp from each unique user.

The two messages per user tables allows us to see each student’s number of messages and
personal history of messages in the chat log. Figure 2.2.1.1 is the main table, which gives
us the compiled list of all unique users, their number of messages, and the timestamps of
their first and last messages. Figure 2.2.1.2 shows the history of each individual user’s
activity in the chat log. These analysis results allow instructors to easily tally the activity

levels of each of the students in their class.



2.2.2 Chat Log Metrics Tables

SeeHe——————

T Mirue Number of messages Mumbser of messages Unbgue users

] 2 462 89 {b}
1 34

2 il

a 32

] 1 (a)

Figure 2.2.2.1 An output table from the chat log in Fig. 2.2.1 showing number of messages per minute of
the recorded chat log

The chat log metrics tables gives us general information on the activity levels of class as
a whole. Figure 2.2.2.1 (a) is the number of messages recorded each minute in the chat
log, and (b) in the same figure is the sum of all messages and sum of all unique users in
the chat log. These analysis results are used to calculate local minimums and maximums
in the frequency of messages throughout the chat log. We use this data in our

participation point and poll identification algorithms, described below.

2.2.3 Participation Points Tables

Final Score
Time] /[0.30] (Message Score * Penalty Multplier)

Figure 2.2.3.1 An output table from the chat log in Fig. 2.2.1 depicting the participation point calculation
process for each unique user in the uploaded chat logs.

The participation point table contains all of the data used in our automated algorithm,
and is adjustable by the instructor using the CAT. Each user’s number of messages and

message timestamps are compared to the general chat log statistics for each chat log.

13



Each user is assigned a participation point score for each uploaded chat log, and the CAT
also outputs a summarized table of each user’s score across all uploaded chat logs. The

participation point system is explained fully in Chapter 3.

2.2.4 Poll Statistics Tables

Furmbsir of Mirsssages. Pad Pol Pl M Soalecln s

1 Pall Massages First Timastamg Last Timasamp 1 Mo Peil Man-Pal T Mgma Pol Mesusges

[E1] by} (=]

Figure 2.2.4.1 An output table from the chat log in Fig. 2.2.1 depicting, for each poll detected in the chat
log, the number of messages and total runtime.

We define a poll as a period in the online class where the students are responding to an
instructor’s question to class, or are otherwise invited by the instructor to use the chat log
en masse. The CAT looks at the number of messages per minute and identifies sections
where the frequency peaks, marking them as possible polls. The results allow instructors
to see how many polls they had conducted, and each individual student’s number of poll
messages. Tracking poll messages is a more specific method of measuring student

engagement and attentiveness.

14



2.3 Conclusion

Using the CAT is a highly lightweight and automated alternative to extract data on
student engagement with online classes compared to manually examining chat logs, or
relying on sign-in forms. The algorithms that automatically calculate student participation
points can be adjusted to each instructor’s preference, and the downloadable results can
be examined further to return insightful information about the level of activity in the class

and the future performance of the students.

15



Chapter 3: Participation Points Calculation
3.1 Introduction

Participation points for each user is calculated based on multiple metrics and two
adjustable variables. As shown in Figure 3.1 (a), each user’s number of messages in a
specific chat log must surpass the minimum message threshold set by the instructor in
order to qualify for full credit. We then apply a penalty to this “unadjusted score”
received for the student, by calculating the difference between their first message
timestamp and last message timestamp, and comparing that “time spread” duration to the

total class runtime in minutes.

Penalty
Raw score (max multiplier
Chat log 1.0) ia) (max 1.0) Final score
Number of
messages
+ Time spread
Message + Panal
threshold Total class ml;ﬂ;g{
time »
-
Last timestamp Spread Raw score
- threshold
j7 First timestamp
For each user Time spread
(minutes) (D)

Figure 3.1 A flowchart depicting how the participation point algorithm generates scores for each user
present in a chat log.

16




Figure 3.1 (b) above shows the time spread calculation process. If the student’s time
spread does not surpass the adjustable spread threshold set by the instructor, then the CAT

applies a negative multiplier to their participation score.

3.2 Methodology

3.2.1 Unadjusted Participation Score

Unadjusted score from number of messages

1
e
Q
3 0.8
C
ks)
S 06
o
=
S 04
Ee]
9
3 02
®
c
2 0

0 1 2 3 4 5 6 7 8 9

Number of messages

Figure 3.2.1 A line chart showing the scale between number of messages a student posted and the resulting
unadjusted participation score, before penalties, where the set threshold is 5 messages.

The unadjusted score for participation is based on the number of messages per student
and is calculated as a fractional percentage. The CAT algorithm does not reward students
for messages submitted after reaching the instructor’s set message threshold. The default

value used in our CS1 class was 5 messages. Students can earn partial credit on their

17



unadjusted score, as seen on the vertical axis in Figure 3.2.1 above. This partial credit is

awarded on a linear scale, set according to the adjustable message threshold.

3.2.2 Factoring Message Spread into Participation

In the initial stages of developing the CAT, we relied on only the unadjusted score to
assign participation points. We noticed that students had the tendency to submit a large
number of messages in a short span of time, usually clustered near the start of class. The
time spread variable, threshold, and associated penalty multiplier was introduced to the

algorithm to account for this behavior.

Chat log text file Chat log text file
15:30:D0 15:30:00
153206 153090292; hi 15:32:13 S58498455: hera
A [ 15:33:41 508895455: yas
15:45:38 153020292; good B

15% 15:368:54 5080959455 ¢

15:508:15 568898455: for loop
0%

16:50:00 % 16:50:00 JZ

a0 minules

Figure 3.2.2 An example of the time spread of student A (red) and student B (blue).
Student B reaches the minimum value of 30% of the total class length, student A’s time
spread only reaches 14.8%. The spread penalty multiplier is calculated as a fractional

percentage. We take the time in minutes between a student’s first and last timestamp, and

18



divide the value by the total class runtime in minutes. We then take the resulting dividend
and divide it by the adjustable spread threshold. The default used in our CS1 class was

30%, expressed in the formula in Figure 3.2.2.1 below as the decimal value 0.30.

3.2.2.1 Participation Breakdown for Student A

Raw score o )
(max 1.0) Penalty multiplier Final score
(max 1.0)
2+5=
0.4
13.32-90+0.30 = | 05x04=
U.5 U.z
15:45:38 -15:32:06 =
13.32
Time spread 20%
(minutes) participation

Figure 3.2.2.1 An example of a weak spread and low message count, student A’s first and last message
cover 15% of the total class time

In Figure 3.2.2.1, student A (red) only submitted 2 total messages, giving a unadjusted
score of (0.4) and achieved a spread of 15%, in which case our algorithm described in the
earlier chapter will give a penalty multiplier of 0.5, reducing student A’s unadjusted score

by half. Their final score would be 0.2, 20% participation credit for the lecture.

19



3.2.2.2 Participation Breakdown for Student B

Raw score
{max 1.0) Penalty multiplier Final score
(max 1.0)
4 +5=
0.8
27.02 -90 +0.30 = 1.0x08=
1.0 ] 0.8
15:59:15 -15:32:13 =
27.02
Time spread 80%
(minutes) participation

Figure 3.2.2.2 An example of an average spread and message count, student B’s first and last message
cover 30% of the total class time

In Figure 3.2.2.2, student B (blue) submitted 4 total messages, giving an unadjusted score
of (0.8) and achieved the minimum spread of 30%, meaning the history of all messages
they had sent in the chat log covers at least 30% of the total chat log length. They receive
a penalty multiplier of 1 (no penalty), which is the maximum multiplier. The final score

would be 0.8, 80% participation credit for the lecture.

20



3.2.2.3 Full Breakdown for Student C

Chat log text file

15:30:00
| 15:31:00 325186531: hi
15:33:01 325186531: lol Unadjusted score
15:34:56 325186531 getline BI5=10 Penalty multiplier Final score
15:37:34 32518653 1: veclar=slring= 78.37 /30 ,0.30 = 10=10=
a9 : 10 1.0
. 15:39012 325186531: push_back —— g
16:49:37 - 15:31:00 =

16:32:20 325186531: normal 83T

16:39:47 325186531: me
16:47:04 325186531 lal
16:49:37 325186531: thank you!

- 16:50:00 V
(aj

90 minutes

(b}

Figure 3.2.2.3 An example of a strong time spread and message count, student C’s first and last message
cover 78% of the total class time.

In Figure 3.2.2.2, student C submitted 28 total messages in the chat, giving them full
unadjusted points (1.0) and also achieved a spread of 78%, in which case our algorithm
described in Figure 3.1 would give a multiplier of 1 (no penalty). They would receive

100% participation credit for the lecture.

21



3.2.3 Reasoning for Default Participation Thresholds

Average Number of Messages Per User

3/31/22 (Week 1) 7.916
4/21/22 (Week 5) 20.717
6/2/22 (Week 10) 5.128

Table 3.2.3 A table showing the change of average number of messages per user

The number of messages that a student must surpass to qualify for full participation credit
can be decided by the instructor and adjusted for each class in the CAT, but we found that
the minimum average of messages per student over the course of a standard 10 week

quarter never fell below 5 messages.
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3.2.4 Non-class Related Messages

16:23:11 242730445:
16:23:12 229281161:

16:23:12 477069889:
16:23:12 500301058:
16:23:12 528686563:
16:23:12 469273293:
16:23:12 496143076:

16:49:44 619984826:

hello

hi

hiyaa
helo
hii

hi

hiii

Thank you professor

16:49:44 604461273: Thank youlllllll

16:49:44 500301058 thank youll

16:49:44 792808796- Thank you for everythingl
16:49:45 198274055 Thank you

16:49:45 700698565 THANK YOUI

16:49:45 435632611 Thank youl

Figure 3.2.4.1 Excerpts from a CS1 class chat log showing the non-class related messages

The CAT currently does not look at the contents of the student messages in the chat log,
only username and timestamp. Figure 3.2.4.1 shows common non-class related messages
present in many chat logs, where students greet the instructor at the start of class and
thank them at the end. As we do not differentiate between messages based on content,

these messages are included in our raw message count and time spread calculations.
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3.3 Discussion

The lecture participation points keeps me more engaged

125 responses

® Strongly disagree
@ Disagree

@ Neutral

® Agree

@ Strongly agree
_

%

22 4

Figure 3.3.1 A pie chart depicting student opinion on how much the participation points system kept them
engaged with the class

The lecture participation points stress me out

125 responses

@ Strongly disagree
® Disagree

@ Neutral

® Agree

@ Strongly agree

Figure 3.3.2 A pie chart depicting student opinion on how much the participation points system caused
extra stress

The automated algorithm that calculates participation points is a large part of why the
CAT is a very lightweight option for instructors to assign credit for class attendance and
engagement, as well as track the performance of both the overall class and individual

students. Surveys conducted on the students in our CS1 class revealed that the system can
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also cause undue strain in a subset of the student population. In Figure 3.3.2 above, 34%
of the students in the class answered with “Agree” or “Strongly Agree” when asked

whether the automated participation points caused stress.

3.4 Conclusion

The usage of participation points as a way to incentive student attendance and track
engagement is already in common use in both in person classes and in pre-2019 online
and hybrid courses. Sign-in sheets, clicker questions, and discussion boards are all used
as ways to foster attentiveness in university students. Using the CAT allows us to have
greater insights into the engagement level of students in an online class, using automated
methods. The major parameters taken into account for deciding which students are active
participants are their total number of messages and the amount of time that those
messages cover across the duration of each class. The CAT does not look at message
contents, only the message’s timestamp and the frequency of each user’s submissions to

the chat log.
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Chapter 4: Identification of Polls and Poll Messages
4.1 Introduction

We defined polls as sections of the chat log where students are responding to a question
from the instructor asked to the class, or are otherwise invited to be active in the chat for
a period of time. Figure 4.1 below is an excerpt of a manually identified poll in a CS1
chat log, a response to an instructor asking the question “What type of variable should we
make on line 10?”. The CAT uses a poll detection algorithm that automatically looks

through uploaded chat logs and flags messages that are considered possible polls.

15:37:19 105286020

15:37:24 548618247

15:37:18 831774504
15:37:18 410255600:
15:37:18 163321719:

15:37:19 704551312:
15:37:19 700639285:
15:37:19 404189179:
15:37:20 489453371:
15:37:20 140600331:
15:37.21 751802844
15:37:21 312302536:
15:37:22 815608803:
15:37:22 604534608:
15:37:23 615772639:
15:37:23 719875311:

vector <string> chatheaders
Vector=string=
vector=string>

: vector<string> chatHeaderLines;
vector<string=
vector=string=
vector<string=
vector<string=
vector=<siring=

vector <string=
vector<string=>
vector=string=
vector=string>
vector<string=

vector <string=

- vector <string=>

15:37:26 61353637 Vector<string>

15:37:26 5795039 Vector=string>

Figure 4.1 Excerpt of chat log showing an example of a poll
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4.2 Methodology

4.2.1 How Do We Detect Polls in the Chat Log?

Mean of all For of the
Message Frequency (msg/sec) Moving Averages chat log:
in Chat Log
Simple Moving Average | | | | | |
A+ A+ +A if the frequency is
Ayt Agt e + Ag) c - 2125*C_
N m
e
4 2]
- LT Ll
(b)

Mark the 3 second section

and as
poll

Figure 4.2.1 A flowchart depicting the process used to calculate which sections of the chat log are polls

We identify polls in the chat log by isolating local maximums in the messages per second
(MPS) frequency throughout the chat log. We start by calculating the simple moving
average of the MPS, shown in Figure 4.1 (a), where n = 3. Once the entirety of the chat
log is broken down into windows of moving averages, we calculate the mean of all the
averages, C,,. We then look over each 3-second block of the chat log and compare the
MPS value to check if it surpasses the poll threshold, 125% of C,,. The messages
contained in that block are then flagged as poll messages. We also noted a tendency of
students to “straggle” when answering polls, a behavior noticed during manual analysis
of chat logs. The majority of students will respond to the poll after the local maximum in
MPS frequency, and the first few students who respond will submit before the local

maximum. To account for this, each flagged block of messages also includes the
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preceding second and the following two seconds as part of the poll. Multiple polls can be
adjacent to each other, and when the CAT flags blocks that overlap, they are counted as

one poll.

125
poll = non-poll
100

75

50

Number of messages

25

Il 1|,?|;,‘,1.||2|0||I|lll![lh,h:glll..,.llol..l.llllglljjjl%,ll.‘.Isnolll;g.o

Minute

o

0

Figure 4.2.2 Chart showing number of messages per minute, poll messages marked in orange.

4.2.2 Poll Message Detection Accuracy

n = 1981 messages Poll message Non-poll message
Positive 1212 99
Negative 247 423

Table 4.2.2 An accuracy table for the poll detection algorithm

Table 4.2.2 above is an accuracy table generated after comparing the results of the CAT
automatically flagged poll messages to the manually flagged poll messages in the same
chat log. We notice that our algorithm has an average specificity of 0.81 and average
sensitivity of 0.83, and that the CAT generally ends up with more false negatives than
false positives, due to students who reply to polls too late or too early to be caught in the

windows described in the previous section.
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4.3 Discussion

The poll detection algorithm of the CAT does not look at message content, only
examining message frequencies in order to decide where polls are located. The way we
flag polls involves setting a starting and ending timestamp that establishes the boundaries
of the poll, and all messages contained within are considered poll messages, which
contributes to the false positive count. We also noticed the tendency of multiple polls in
quick succession being detected as one long poll by the CAT. Polls that are very short,
consisting of only 5-10 messages or fewer, are often missed entirely by the detection

algorithm.

4.4 Conclusion

We use poll messages in order to identify the peaks of instructor-student interaction
during online classes, where students are directly interfacing and responding with the
instructor. Knowing when and how often students were reacting to the material taught in
online classes allows us to examine a specific facet of class activeness, and may be used
to further refine the participation point algorithm in the preceding chapter. Poll messages
can also be used as a predictor of future student performance in the class, even when

looking at only the first few weeks of collected data.
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Chapter 5: Predictors of Course Outcomes
5.1 Introduction

The data gathered from the CAT can be used in conjunction with the gradebook data from
our online CS1 sections to create predictors of student performance over the course of the
term, across a variety of course outcomes. We define two main categories of course
outcomes: course totals, which are the weighted letter grades students achieve, and exam
performance, which are midterm and final scores. We specifically look at examining only
the first 4 weeks of data from a standard term, which gives us early insight on a student’s

trajectory and likelihood of achieving certain levels of course outcome.

30



Course Total vs. Raw Messages
@® Weighted Total Trendline for Weighted Total R? = 0.131
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Figure 5.1 Graph showing the relationship between number of messages and course grade in a CS1 class.
Figure 5.1 compares student’s raw number of messages to their course total. We note that
the majority of students who earned above 80% in the class submitted more than 60
messages during the term. We put forth the hypothesis that other metrics gained from chat

logs would have correlation with course outcomes, and examined them further.
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5.2 Methodology

5.2.1 Participation Points as a Pedictor

Participation points, despite being only 5% of the course grade in our CS1 class, had a
very positive correlation with course outcomes. The results discussed below were gained
over the course of the entire term, and use the default 5 message threshold and 30%

spread penalty threshold discussed in Chapter 3.

Course Total vs. Participation Points
® Course Total Trendline for Weighted Total R? = 0.656
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Figure 5.2.1 Graph showing the relationship between student lecture participation and course grade in a
CSI class.

The CAT’s automatically assigned participation points are significantly correlated to
course totals in a CS1 class. The weighted R-squared value is 0.65 when graphing
participation from the entire term against course total. Students with higher participation

will do well in the class, and on average students that earned above 70% of the available
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participation points finish the class with a 75% course total or higher. The data is
somewhat unreliable, as the set of students examined includes students who dropped the

class, which skews our correlation in the positive direction.

5.2.2 Poll Messages as a Predictor

Course Total vs. Poll Messages

® Course Total Trendline for Weighted Total R? = 0.171
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Poll Messages

Figure 5.2.2 Graph showing the relationship between student poll messages and course grade in a CS1
class.

The automated poll detection algorithm returns data that can be used as a predictor for
course totals. The correlation of student’s total poll messages to course total grade is not
as strong, but we do see interesting patterns emerge in the graph shown in Figure 5.2.2.
The majority of students who did less than 70% in the class had 60 or less poll messages.

5.2.3 Early predictors
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After establishing that there existed positive correlations between chat log metrics and
course outcomes, we sought to extrapolate useful data about student performance earlier
in the term. The specific goal was to be able to find strong dynamic predictors of student

performance in the midterm by the fourth week of the term.

5.2.3.1 Early Participation Points

The first four weeks of participation data allows us to see the likelihood of a student to

earn above 70% in the midterm.
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Midterm vs. Weeks 1-4 Participation
® Course Total Trendline for Weighted Total R? = 0.327
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Figure 5.2.3.1 Graph showing the relationship between the first four weeks of lecture participation and
midterm score in a CS1 class

Students who earned 85% or higher on their early class lecture participation are much

more likely to do well in the midterm. We note that higher class participation in the first

few weeks of class is impactful on a student’s midterm grade.

5.2.3.2 Early Poll Messages

Early poll message data is used to further refine our predictors of student midterm
performance. Figure 5.2.3.2 shows student performance in our CS1 class clusters
around 85% exam score and 45 recorded poll messages in the first four weeks of the

term.
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Midterm vs. Weeks 1-4 Poll Messages

® Midterm Trendline for Weighted Total R? = 0.192
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Figure 5.2.3.2 Graph showing the relationship between the first four weeks of recorded poll messages and
midterm score in a CS1 class

Poll messages are a better visualizer of student performance then only raw message
counts or participation points. We can also state that students who are active enough to
participate in the majority of polls in the early weeks will have a high likelihood to earn

above 80% in the midterm.
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5.2.3.3 Earnestness

We found that using only chat log metrics were not as accurate as including data gained

from zyBooks, the learning platform used by our CS1 class.

100 |
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Midterm
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75
100 |

=
u

Weeks 1-4 earnestness

Figure 5.2.3.3 Scatterplot showing relation between first four weeks of earnestness data and midterm score
in a CS1 class [7]

Many zyBooks activities require typing a short answer in a text box, which will include a
clickable “show answer” button, which reveals the correct answer. We define an
“earnestness” metric as the proportion of short answer questions that students earnestly
attempted to complete. An earnest attempt is when a student attempts to provide a

response to the question, whether incorrect or correct, prior to clicking "show answer".
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Figure 5.2.3.3 shows that there is a positive correlation of early earnestness to midterm

performance, with an R-squared value of 0.44.

5.2.3.4 Challenge Activity Struggle
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Figure 5.2.3.4 Scatterplot showing relation between first four weeks of earnestness data and midterm score
in a CS1 class [7]

The second zyBook metric we use is challenge activity (CA) struggle. A zyBooks CA
represents a small homework problem, each requiring perhaps between 1 to 4 minutes,
involving typing the output of a small program, or typing code to complete a small
program to achieve a task, such as "Complete the program to output the maximum of the
three input integers". We define CA struggle using two parameters: number of attempts

and time spent trying to solve the CA. Students may submit multiple submissions before
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achieving the correct solution to a CA. We define a struggling student for a particular CA
as a student who has spent more than twice the average time and attempted more than

double the average attempts.

5.2.4 ITmpact of Previous Experience

Course Total vs. Participation

@ Formal instruction with 2+ programming languages or self-taught with 3+ programming languages
® Formal instruction with a programming language or self-taught with two programming languages
Brief informal experience with a programming language
® Previous experience with a markup language like HTML, but not a programming language
@ Self-taught with one programming language @ No prior experience
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Figure 5.2.4 Scatterplot showing previous experience with programming with regards to participation
predicting course total.

The majority of students with no prior experience ended the course with high overall
participation, and a strong correlation between high participation and high course totals.
Students with formal previous experience or instruction with multiple programming
experience tend to outperform the other categories of students, and in general do not

slack on participation in class.
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5.3 Discussion

The data used for the predictor graphs showcased in the figures above are skewed by the
inclusion of students who dropped the class over the course of the term.

Many of our predictors are not as accurate as some pre-existing methods for dynamic
prediction of student performance. Both the PreSS algorithm and other ultra-lightweight
methods outstrip the methods discussed in this chapter. When gathering data for previous
experience, many students did not respond. Student awareness of the participation

algorithm in our CS1 class may also compromise the validity of the results.

5.4 Conclusion

Chat log metrics can be used to predict the success rates of students early in the term.
Using participation, poll message, and general gradebook data collected from both the
early weeks and over the course of the quarter allows us to make predictions on student
behavior and outcomes.

We were not able to achieve the level of efficacy with our predictors we had aimed for
when starting the project. The algorithms used for calculating participation points can be
further improved, by examining the contents of the messages or by smarter adjustment of
the threshold values used. The poll detection methods used by the CAT can also be
refined by including message content and better identification of when students are
reacting to the same prompt from the instructor. Improvements to the way we collect data

to predict student behavior may yield more accurate results.
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Chapter 6: Summary

The fundamental importance of the chat log is its multipurpose usefulness as a way to
more seamlessly allow student-instructor interaction, while also being a source of data on
student engagement [8]. In addition, we aim to facilitate further interaction between
isolated online students and both their class, professor, and fellow peers. The chat
analysis tool described in this thesis (CAT), shown in Figure 1.2.2, to help instructors and
TAs automatically grade their online classes for participation and to give insight on the
activity and engagement levels of the students in those classes. Currently, the tool is only
available for instructor use by invitation, and has been used by about 5 instructors at 3
different institutions. We plan to eventually release a stable public version for any class to
use.

In Chapter 4.2.2 we discuss how parts of the CAT are not completely accurate,
specifically poll detection which averaged about 82% in overall accuracy. Chapters 5.3
and 5.4 further mention that the graphed data is affected by the inclusion of dropped
students. Our correlation values are positively inflated due to this.

We have tried to improve our online CS1 course, and online courses in general, through
the development and use of the CAT. Many instructors already track class participation as
part of course credit, and the CAT automates much of this process. The CAT allows users

to customize the algorithms used to calculate student participation and poll detection.
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This paper also discusses the possibility of using the data gleaned from the chat log to
make predictions about student performance and course outcomes, such as midterm
scores. We found that there was a positive correlation between student participation in the
chat log to success in exams and in the overall class grade, and that the correlation was
present even when we only examined the first few weeks of the term. However, the
results were not strong enough to form a definite statement on how much participation
impacts increased student success. Finally, we explored various other metrics gathered
from student activity data recorded in the learning platform used by our CS1 class,
zyBooks, as well as examining the impact of previous experience with coding. There is
still space for further improvement to be made on both the CAT, such as adding the
ability to process and categorize the contents of each student’s message. Finding new
approaches to including the chat log as part of courses will allow instructors to create a

much more engaging environment for online classes.
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