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Background

e Undergraduate student attendance far below perfect (UK. Aliev, 2017)

e Learning happens in classrooms
e Attendance raises academic performance
e In class interaction improves students learning

e Why do then students miss classes?


https://www.resakss-asia.org/files/2017/10/Investigation_Relationship-Between-Attendance-and-Performance.pdf

Journey Map of a llITD entrant

| Poct-Entry .
|
|
I
I *
. . Poct-Exit
\
/Dke—ghtl’y { Other \ :
Acad. |
: ‘\ I:;:eac ’
coV “Se\\ ?
1
|
|
@ I
[
: Higher
1 Studies
1
Other
API
Category

Gender
Income



Evidence

1. Anonymized data for 6 different batches of freshman year students

2. 6 core (required) courses in the 1st year. Everyone did all courses

a. Courses grouped into 3:
i. CSE (IP, DC, DSA)
ii. Math (M1, PS)
iii. COM
3. Two time periods 2014 - 2016 and 2017 - 2019 (n = 1228)

Source: Admin section, IIITD1

1 Thanks particularly to Ms. Anshu Dureja for spending time on the data.



Findings in a Nutshell

1. GPA <& (Attendance)

(impact is evident across courses, ~ 10% more' can earn an additional grade point)

2. GPA < (Class XII, Course)

(stronger in CSE, Math courses)

3. GPA « (Caste Category, Course)

(SC/ST < General. Gap large in Math despite similar attendance. Attendance is the first step.)

4. GPA& (Hosteler), Attendance « (Hosteler)

(Peer-group effect on students' learning outcome? Proximity
to campus resources?)

5. Attendance « (Winter/Monsoon)
(9am summer vs 9am winter)

1. Approx. 5 lectures in a 16 week semester.
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Relative Standing: Pre-Entry

Xlith Percentage (by Stream)
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Relative Standing Post-Entry

CSE GPA

CSE GPA (by Stream)
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Relative Standing: Post-Entry

Math GPA

Math GPA (by Stream)
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Not really the same as
pre-entry.

The CSAI folks can’t
replicate pre-entry
stardom in Mathematics.



Relative Standing: Post-Entry

COM GPA

COM GPA (by Stream)
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Clearly not the same as
pre-entry.

Design, ITSS shine. CSE
and CSAI also hold on.
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GPA vs Attendance
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GPA positively correlated with attendance
Significant outliers
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GPA trends by social groups

OBC General category individuals
tend to have higher GPAs as
- compared to SC/STs.

Mﬂﬂ With OBCs, this difference is
” still present but not as stark.

Total

A5

05

Fraction

A5
]

i The probability of lower
grades is higher.

We see a similar pattern in
GPAs for all courses,
= —— - . especially Mathematics.
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Social Groups Findings - Responses

Category n %
SC/ST 173 14.1
OBC 303 247
General 661 53.8
Missing 91 14
Total 1228 100

Social Groupings: Population

The CSE, Math and
COM GPA fail the
Shapiro Wilke’s test
of normality. Thus
we have to correct
for this.



CSE GPA by Social Groups

Table 1: Mean CSE GPA by Social Groupings. General is base category.

Dependent variable:

Mean CSE GPA

10

Mean CSE GPA by Social Grouping

cse_gp
N caste_broadOBC —-1.913***
(0.105)
. caste_broadSC/ST —2.514***
(0.131)
. Constant 7.691**
(0.059)
i Observations 1.119
R? 0.333
- o 12207 — Adjusted R‘ 0.332 .
' ' ! Residual Std. Error 1.508 (df = 1116)
General 0BC SC/ST

F Statistic 278.942%** (df = 2; 1116)

Social Grouping

Note: p<0.1: **p<0.05: ***p<0.01



Mean COM GPA

COM GPA by Social Groups
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Mean COM GPA by Social Grouping

Table 3: Mean COM GPA by Social Groupings. General is base category.

Dependent variable:

com._gp
caste_broadOBC —1.095%**
(0.090)
79
77 caste_broadSC/ST —1.472%**
5 66 (0.111)
6.6 o
6.1 N -
Constant 7.825***
(0.051)
Observations 1.137
R? 0.186
o =903 173 Adjusted R* 0.184 |
' ' ' Residual Std. Error 1.299 (df = 1134)
General 0OBC SCIST

Social Grouping

F Statistic

129.143*** (df = 2; 1134)

Note:

*p<0.1; **p<0.05; ***p<0.01



Mean Math GPA

Math GPA by Social Grouping
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Mean Math GPA by Social Grouping

Table 2: Mean Math GPA by Social Groupings. General is base category.

Dependent variable:

i mth_gp
caste_broadOBC —1.905%**
(0.102)
caste_broadSC/ST —2.787***
(0.126)
Constant 7.944*
(0.057)
Observations 1.119
R? 0.377
| F=636 L=l 166 Adjusted R? 0.375
General 0BC scisT Residual Std. Error 1.453 (df = 1116)
Social Grouping F Statistic 336.966%** (df = 2: 1116)

Note: p<0.1: “p<0.05;: ***p<0.01



GPA trends by Gender GPA trends by Hostel

e Females have higher GPAs than males. e Hostlers have higher GPAs than non-hostlers.
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Defining the Problem

What is the impact of in-class attendance on course-specific
GPAs at IlIT-Delhi?

e Do people attending more classes score higher?
o Is attendance equally important for different courses?
e What are the other drivers of GPA?
o Demographics
m Caste Category
m Gender
o Hostellers vs. Day-scholars (peer-group effects)
o Institutional Factors
m Bonus
m Fee-Waiver (indicative of income status)
m Course offered in Winter/Monsoon



Correlation to Causality
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But does higher attendance CAUSE higher GPA? » Econometrics



Exogeneity Assumption

Demographics

GPA = f(Attendance, [EE, ..., Unobserved)

Pre-Entry
Performance

For Causality:
E[Unobserved | Attendance| = 0

Attendance

Blue and green are
Uncorrelated.

Do not want this

Motivation
(Unobserved)

Results are unbiased




Endogeneity

An unobserved (hidden) factor that simultaneously impacts both GPA
and attendance making it appear that attendance causes higher GPA.

Spurious
__________ Attendance

Motivation
(Unobserved)




Attendance as a “Decision”

e Attendance is understood as a decision.
e Attendance percentage is an accumulation of daily attendance decisions.

What drives attendance?

Willingness

Attendance-related grading component

Course instructor

Ability

Time of offering (Morning/Evening, Summer/Winter)
Hosteller or Day Scholar

Participation in extracurriculars

AND MORE

o 0O O O O O O O



Instrument Variable Approach

e To counter the endogeneity problem, we wish to find a variable (z) such that
o zis CORRELATED with Attendance.
o zdoes NOT affect grade point DIRECTLY, but THROUGH attendance.

Instrument

Attendance

e Allows to generate unbiased estimates of attendance.



Selecting the Instrument

e Hostel
o Affects grade point directly through peer-learning
e Surprise Quiz
o Is a component of grade point
e JEE Rank
o Can be proxy of ability as it is the entry criteria
e Twelfth Percentage (XII %)

o Pre-entry performance and not criteria
o  Strong correlation with attendance (Students scoring additional percent in class 12th attend
more classes (V1%***) for all course groups.)
e [ee Waiver
o Affects grade point only through attendance.



2 Stage Least Squares (2SLS) Model

First Stage =+ Modelling Attendance

Attl.’c([) = [, + ,BlFee_WaiverI.,c(t)+ B XlI%,+ p,Cat SC.ST + pB,Cat OBC, +
P.Hostel .+ . Male + [.JEERank + p.Bonus,+ B,Trend .+ u.
5 ic(t) 6 i 7 i 8 i 9 c(1) ic(r)

B, ‘s are the parameters to be estimated. Important to have 8, as significant.

Att ) represents the attendance percentage of a given individual in a certain course
offered in a certain year.

c ={IP, DC, DSA, M1, PS, COM}

t = {2017, 2018, 2019)



2 Stage Least Squares (2SLS) Model

Second Stage » Modelling GPA

GPA

o) +AsMale, +

= Ay + /11‘4;’,-;(1) +4,Cat _SC.ST, + 4,Cat _OBC, + A, Hostel,

AsJEERank, + A, Bonus, + A, T rena’c( 2t Vi

(¢)

We will be using unbiased estimates of attendance as generated from the
first stage

Aim is to generate unbiased estimates of A,

A one-percent change in attendance causes A, change in GPA



Results



Modelling Attendance in CS Courses:

Explanatory Variables
Social Group (SC/ST=1)

Social Group (OBC=1)

Hostel Accommodation (Yes = 1)
Gender (Male = 1)
JEE Rank / 1000
Bonus Marks
Trend

Twelfth Percentage (Instrument)

Fee Waiver (Instrument)

Constant

N=1022 | *: p<0.10, **: p < 0.05, ***

Coefficient
(SE)
-5.0*
(2.6)
-3.8*
(1.6)
_7-7##*
(1.6)
-1.9
(1.3)
0.03**
(0.01)
1.0
(1.0)
1.7
(1.9)
0.9# ¥k
(0.2)
1.5
(2.1)
-7.5
(15.0)
:p<0.01

STAGE 1



Modelling GPA in CS (With Attendance Instrumented):

C “. . t
Independent Variables oefticien
(SE)
T T
Attendance in CS 0.1
(0.0)
-0.2
Caste = SC/ST
aste / o
_0-6***
Caste = OBC
= (0.1)
Hostel 0(-(9)‘1")" STAGE 2
0.5#*.
Bonus Marks Awarded (0.0)
0.1
Mal
= (0.2)
- ok
JEE Rank / 1000 0.01
(0.00)
0.0
Trend
i (0.0)
Constant ('é;))

N=1022 | *: p<0.10, **: p<0.05, ***: p<0.01



Hostellers

e Hostellers’ attendance is lower by “8% as compared to their day-scholar
counter parts.

e But, their GPA is higher by 0.8 points.

e Strong peer group effect (?)

e True for Maths and CS courses.



Social Groups (SC/ST)

1. Computer Science:

Lower GPA outcome . Caused by lower attendance (by 1-10%*) + Other factors

2. Maths: (UNRELATED to this
social grouping)
Lower GPA outcome: Not caused by attendance.

3. Communication Skills:

Lower GPA outcome: Caused by lower attendance (by 5-15%*) + Other factors



Social Groups (OBC)

Across all course groups:

Lower GPA outcome: Caused by lower attendance (by 0.5-7%%*) + Other factors

(RELATED to this
social grouping)



Trend over the years:

1.  On average, GPA for Maths courses increased by 0.22*** grade points every
year.
2. For Communication Skills, the GPA has fallen by 0.25* grade points every year.

There are no significant trends in attendance.



Winter v/s Monsoon -- DC

e DC offered in Winter for 2016 batch  40- ]
e Butin Monsoon for 2017 batch - | lm
- : i ey year
5 L[ || 2016
g 20- el Tt
YEAR MEAN S L izl [ -
2016 56.15 10- ( T ol =t =t
2017 74.07 0- — - : L
0 25 50 75 100
*Mean values are statistically different

attendance
p-value < 2.2e-16



Winter vs Monsoon -- 2017 & 2018

e Monsoon Courses considered =1
o IP,DC & M-1 60- il
e Winter Courses considered - 7 N Semester
= o L !
o DSA &PS g A0 I 1 H lj_’ Monsoon
i ! m Winter
20- |
SEMESTER MEAN mﬂﬂ”ﬂ | ﬂ-ﬂ
o I ISR} : .
Monsoon 70.25 | . o — .
0 25 50 75 100
ttend
Winter 60.53 G T

*Mean values are statistically different

p-value < 2.2e-16



Conclusion

Attendance is important but it is only the first step to inclusive learning.

Evidence for positive peer learning effects.

Mild evidence for winter and summer timings affecting attendance.



Thank youl!



Extra Slides



Variable

Hostellers

Gender (Males = 1)

Pre-entry Group (SC/ST)

Pre-entry Group (OBC)

Pre-Entry Criteria (Rank)

Pre-Entry Criteria (Bonus)

Pre-Entry Criteria (XlIth %)

Pre-Entry Criteria (Waiver)

Computer Science

Lower attendance (stage 1);

Higher GPA (stage 2)

No impact on attendance or

GPA.

Lower Attendance;
No impact on GPA.

Lower Attendance;
Lower GPA

No impact on attendance ;

Positive impact on GPA

No impact on attendance ;

Positive impact on GPA

Positive impact on
attendance.

No impact on attendance

Maths

Lower attendance :
Higher GPA

No impact on attendance;
Lower GPA.

No impact on attendance;
Lower GPA

Lower Attendance;
Lower GPA

No impact on attendance ;

Positive impact on GPA

Positive impact on
attendance and GPA.

Positive impact on
attendance.

No impact on attendance

Communication Skills

No impact on attendance or
GPA.

No impact on attendance ;
Lower GPA

Lower Attendance;
No impact on GPA.

Lower Attendance;
Lower GPA

No impact on attendance ;
Positive impact on GPA

No impact on attendance ;
Positive impact on GPA

Positive impact on
attendance.

No impact on attendance



PROBLEM Att?n.dan.ce.bemg a continues
Attendance decision is itself driven by a part
of GPA. Say, if a student scores less

in the mid-semester exam, they

could start attending classes more
Pre-Entry Performance diligently to make-up.
Grade Point
_ " Demographics (Caste, Gender etc.)

\|

Un-observables (Ability, Willingness, Motivation etc.)

Generally, we assume that the blue and green portions are uncorrelated. This is crucial for the estimates to be
unbiased, i.e. on - average be equal to the true parameters. But, given that attendance may be driven by GPA, it
would also be related to factors like motivation. So, the correlation between the blue and green is no longer zero.




Endogeneity

~ X

Motivated

GPA: 9
Attendance 95% Attendance 65%

GPA: 6



Computer Science GPA

Independent Variables (Attendance Instrumented)
N=1022
Attendance in CS 0('(1).10*;;*
Caste = SC/ST (‘8_ '2220)
Caste = OBC ")(i‘i:;*
Hostel 0('(9)1*5*
Bonus Marks Awarded 0(3501:*
Male (8:}(6))
JEE Rank - (12’; lx";gf();;
Trend (-8 (())22)
Constant =102

(0.88)




Mathematics GPA

Independent Variables (Attendance Instrumented)
N=1022
Attendance in MTH 0(’8.90*1’;*
Caste = SC/ST ‘(‘(’)tgi;
Caste = OBC ‘O(g é;’;*
Hostel 0(.3.90*63*
Bonus Marks Awarded (0000633
Male 005
JEE Rank “Ex 1006))
Trend 0('(2).20*5*
Constant L

(1.10)




Communication GPA

Independent Variables (Attendance Instrumented)
N=1118
Attendance in COM 0(’3‘.70*;;*
Caste = SC/ST (g:gg)
Caste = OBC (‘(’)3;;
Hostel (8;‘51)
Bonus Marks Awarded 0('3?0*5,;*
Male -0((??):;*
JEE Rank (13 5";23&2;)
Trend '((())21%3
Constant 2.27..

(1.35)




Endogeneity

Circular Causality = Endogeneity

Temporal element to
attendance.

| did well in the mid-sem so | attended fewer
classes after that. GPA impacts Attendance

| attended fewer classes post mid-sem and did
badly in the final. Attendance -> GPA

Attendance

Motivation
(Unobserved)

4

Endogeneity



Pre-Entry Performance (Class Xllth) as an IV:

Students scoring an additional percent in class Xlith also attend more classes
(by “1%***) for all course groups.



2 Stage Least Squares (2SLS) Model

e Stage 1~ Modelling Attendance

Att (t)— B, t B,Fee_Waiver. P B, XIi%. + B,Caste_SC.ST+ B,Caste_ OBCi+

B Hostel ot BsGender_ Male +B, JEERank + BgBonus.+ B Trend Ui

e t={2017,2018,2019 )
e c={IP,DC, DSA, M1, PS, COM}

e Stage 2 » Modelling GPA

GPA, et = =B, * B,Att. et + B, Caste_SC.ST. + B,Caste_OBC. + 3, Hostel.

B;Gender_Male, + B cJEERank. + [37Bonusi + BsTrendc(t)

c(t)

i,c(t)

e Attendance used in stage 2 is unbiased as estimated from stage 1



Dependent Variable = Attendance

Explanatory Variables
Caste = SC/ST
Caste = OBC
Hostel Accommodation (Yes =1)
Male =1
JEE Rank /1000
Bonus Marks
Trend
Twelfth Percentage (Instrument)
Fee Waiver (Instrument)

Constant

ATTENDANCE MODELLING
Computer Science
N=1022 || R?=0.15

Mathematics
N=1022 || R2=0.12

Communication Skills
N=1022 || R2=0.07

Coefficient Coefficient Coefficient
(SE) (SE) (SE)
S5.0* =3:7 -9.9%**
(2.6) (2.7) (2.6)
3.8 * L, 7 e - 34>
(1.6) (1.7) (1.6)
Lr L ke L A 1.0
(1.6) (1.49) (1.6)
-1.9 -1.2 -0.5
(1.3) (1.4) (1.3)
0.03** 0.03 * 0.03 *
(0.01) (0.01) (0.01)
1.0 2.6** 0.6
(1.0) (0.9) (1.4)
1.7* 0.1 0.0
0.9) (0.9) (1.0)
0.9*** 0.9*** 0.7***
0.2) 0.2) 0.2)
1.5 0.2 -5.0
(2.1) (2.5) (3.6)
-7.5 -8.5 20.1
(15.0) (15.0) (16.2)

Significance codes: 0 “** 0.01“* 0.05 ** 0.1 °~’




Independent Variables

Attendance in CS
Caste = SC/ST
Caste = OBC
Hostel
Bonus Marks Awarded
Male
JEE Rank /1000
Trend

Constant

Computer Science GPA
(Attendance
Instrumented)

N=1022
0.1***
(0.0)
0.2
(0.2)
_0’6***
(0.1)
0.9***
(0.1)
0.5%**
(0.0)
0.1
(0.2)
_0.01***
(0.00)
0.0
(0.0)
-1.0
(0.9)

Mathematics GPA

(Attendance
Instrumented)
N=1022
0.1***
(0.0)
_0.9**
(0.4)
_0.7***
(0.2)
0.8***
(0.1)
0.1*
(0.0)
-0.1*
(0.1)
_0.01***
(0.00)
0.20***
(0.0)
0.4
(1:1)

Communication GPA

(Attendance
Instrumented)
N=1118
0.1***
(0.0)
0.1
(0.3)
_0.3**
(0.1)
0.1
(0.3)
0.3***
(0.2)
_0.6***
(0.0)
0.00*
(0.00)
-0.3*
(0.1)
-2.3*
(1.4)

Significance codes: 0 “*“** 0.01 “** 0.05 ** 01’1
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