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Process Data

* The use of computers as a delivery platform not only enables the
development of innovative item types but also facilitates the
collection of a broader range of records in log files throughout
human-machine interactions.

* These granular records, often referred to as process data, are
typically stored as an ordered sequence of multi-type, time-
stamped events.

* This rich source of data supports the exploration and
identification of informative features from problem-solving
processes beyond response data.
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PISA 2022 [[II]}

Sclence Fair Poster
Question 2/2

Use the drawing tools on the right and the text box below to
answer the question.

Improve the poster on the rght to make it relevant o the
theme of Life in Deep Space. Your improvements should be
original in the sense that not many people would tink of
changing the poster in this way. Make sure that the exising
poster design s stil visible in the final design.

Describe your design in one sentence in the box below.

We recommend that you spend no longer than § minutes on
this question.

Description

Avalable Stamps:

[
1

v Scionce Fairl
Life in Deep Space
i

pisazo22 | HEBNEN

‘Space Comic

Question 1/2

Refer to the comic st on the ight. Use the fext boxes to
answer the question.

The text ina comic stipisintendad to convey the diaiogue
between characters. Wrte a comic st using the llustrations
and text boxes on the right. Your comic stip should be.
original in the sense that not many people WouId thnk of .
Use as many of the avalable text boxes on the right as
needd.

We recommend that you spend no longer than & minutes on
this question.

PISA 2022 Creative Thinking
Example Item

O Experimental Set-up: Fertilizer

Your experiment should be a fair test of whether adding fertilizer to the
soil helps the plants produce more peppers and of whether Fertilizer A or
Fertilizer B helps the plants produce the most peppers.

Now decide the amount of fertilizer to add to each tank. You can add:

e Fertilizer A only

o Fertilizer B only

o both Fertilizer A and Fertilizer B
e no fertilizer

Click each tank to choose the amount of fertilizer to add.

Tank 1 Tank 2 Tank 3
Fertilizer Fertilizer Fertilizer
(ml) (ml) (ml)

When you are finished setting up the fertilizer in all three tanks, click

TIMSS 2019 Scientific Problem-
Solving and Inquiry Example Item

pisaz022 | HENEEN

Spinners

SPINNERS

Question2/3 sactions, cach a difierent colour.

» How to Run the Simulation

Refer to *Spinners”on the right. Uso the simuator o help you Number of Spins

Th thocretcl probatyht o arow il st anan ne
ol s ot s shown o o 5. o s 1o sGw 10k
PO v —
nes o row e on o4 ot ol voion S
s oy o

~—_|

e 5 8 15

P P P e e

Explain your answer.

0 7 81 o 105 %0 6
(1420%) | (16.20% | (16:80%) | (2100%) | (18.00%) | (13.80%)

o0 164 | 0 | a7 | 164 | te0 | tes
(16.40%) | (17.00%) | (17.80%) | (16.40%) | (16.00%) | (16.40%)

s | e | s | sos | @8 | a5
(17.12%) | (17.36%) | (16.78%) | (16.08%) | (16.56%) | (16.10%)

w3 | s | ss | ss | ws | s
(16.66%) | (17.06%) | (16:12%) | (1626%) | (17.06%) | (16.84%)

pisazozz | HENEEN [ [<]>]

pram— FORESTED AREA
Practse

the otal
Iand area In each of the 15 couniries n tis data set. Data are shown for the years
You e now going o practise using the spreadsheet before 2005, 2010, and 2015,
continuing on o the questons.
ComnA  CowmnB CokmnG ColmnD Cowmnf CoumnF CokmnG

Use the spreadsheet 1o complete the folowing three actions. - ~ - ~ & ki E

ox | ox ox
052
0

3. Display the moan (average) of a column

- Select a column from the drop-down menu nextto
Mean, located below the spreadshee.

+ Glck on "Run.”

- The resut il dispiay In he cell below that column.

nteg sites

Calculate

[coume~]  (wwy <] [cowme~] (N

Column B +

PISA 2022 Mathematics
Example Item

Examples from Different Subjects



P|SA Dataset 90 countries X 5000 students X 100 items X 10

transitions X 20 (actions and time point per item)

=9,000 million

45 countries X 5000 students X 100 items
=22.5 million

®

PISA 2012 PISA 2022
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Why Does Response Process Matter?

Task Invariance
construction

Defining
invariance
between
group not
only by item
difficulty but
also problem-
solving
process and
strategies

explorations

Richer

description

Investigating
if examinees
could solve a
given task
and how
efficiently
they did

Refining
theories

Providing
evidence for
cognitive
process that
could not be
captured
from paper-
pencil based
assessments

GEORGETOWN UNIVERSITY

Tailored

interventions

Identifying
subskills or
meta
competencies
that
D CINIEES
are lacking




Prepare for Digital Age

e Changes in society, environment, and
technology are shifting the emphasis of
education from equipping students with
routine skills to empowering them to
confront and overcome complex
challenges in a digital world.

* Computational thinking and adaptive
problem-solving skills in digital tasks
have been recognized across countries as
among the most important skills in the
21st century.




Case study: International
Computer and Information
Literacy Study (ICILS)

e The ICILS 2018 organized by the IEA extends
the evaluation of students’ computer and
information literacy (CIL) skills and
introduces a novel assessment of students’
computational thinking (CT) skills.

* CT is defined as the ability to recognize,
analyze, and describe real-world problems so
their solutions can be operationalized within
programming tasks (Fraillon et al., 2019).

 Students in the 8t year of schooling

9 countries and regions



Instrument: Farm Drone CT Module

e Correctness: Degree to which the farm drone (under programming
code control) performs as required and presence or absence of
any unrequired actions.

» Efficiency: Programming code is compared with the number of
codes in minimum to achieve a fully correct solution, unnecessary
longer code sequences corresponding to lower scores.

Number  Average Average Average

Task of Time Number  Average Average Nonresponse

No. Task type Target layout  Targets (Seconds) Command Reset Correctness  Percentage
Task 1 Warm up N/A N/A 76.9 3.5 2.0 95.1% 1.8%
Task2  Creation single 1 40.9 4.0 0.9 88.3% 3.3%
Task3 Debugging single row 4 119.0 8.1 2.6 84.8% 4.0%
Task4  Creation single row 4 99.4 10.0 1.5 85.6% 3.0%
Task 5  Creation double row 8 236.1 16.6 4.1 76.7% 3.9%
Task 6 Debugging single row 6 127.9 8.9 2.5 62.3% 17.8%
Task 7  Creation double row 12 195.6 16.4 3.6 50.9% 14.4%
Task 8 Debugging quadruple row 16 120.4 16.7 3.9 26.7% 40.8%
Task 9 Configuration quadruple row 16 78.9 NA 3.3 35.5% 49.0%
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Missing Responses

Missing Response Percentage

0.7

0.6

0.5

0.4

0.3

0.2

0.1

O - — — — — - 4
iteml item2 item3 itemd item5 itemb item7 item8 item9

e DEY == DNK FIN FRA e===KOR ====|UX e===PRT e=——lSA

Among the 31,344 students, 11,468 (36.6%) students gave full responses to all the nine
tasks, while 19,876 (63.4%) students had at least one missing response in the 9 tasks.
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Research Questions

* Where the students were blocked Clustering students’

to give responses? Are there any ::> missing response patterns

mfaar\mgful pa’;terns for the (with 19,876 students who had at
missing values? least one missing response in the 9
CT tasks)

* Could we use process data to help Predicting missing responses

recover missing values to improve :’> with process data

. . -
the CT latent trait estimation (with 11,468 students who gave full
responses throughout the 9 CT tasks)

GEORGETOW UNIVERSITY




* Sequential pattern mining is a topic
of data mining concerned with
finding statistically relevant patterns
between data examples where the
values are delivered in a sequence.

Sequence

* Sequence mining techniques include
building efficient databases and
indexes for sequence information,
extracting the frequently occurring
patterns, comparing sequences for
similarity, and recovering missing
sequence members.

Mining

Dong & Pei (2007)

Dong, G., & Pei, J. (2007). Sequence data mining (Vol. 33). Springer Science & Business Media. 11



Sub-Study 1: Clustering Missing Response Patterns with
Dynamic Time Warping (DTW) Method

* Dynamic time warping (Sakoe &
Chiba, 1978) is a distance measure
that searches the optimal warping

path between two series. : '
; i 42

* (Given sequences e )
X ={x1,%,,...,x,} and
Y = ‘b’l: yZI e ym} Wlth the same or 'Any di§lancc' (liuclidt.:an. M.unhatlan. V 'Anon-lincur(cla§lic).u»ligm‘ncAnl A

. . ...) which aligns the i-th point on one produces a more intuitive similarity
different lengths, a warping path /%4 time series with the i-th point on the measure, allowing similar shapes to
iS an alignment between X and Y, :):‘I‘])ir‘.\\'ill produce a poor similarity E::(:.llllnt\:iml:tllmy are out of phase in

involving one-to-many mappings for
each pair of elements.

He, Q., Borgonovi, F., Suarez-Alvarez, J. (2023). Clustering Sequential Navigation Patterns in Multiple-Source Reading Tasks with Dynamic
Time Warping Method. Journal of Computer-Assisted Learning, 39(3), 719-736.
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Dynamic Time Warping Algorithm

* The initial step of DTW algorithm is

defined as:
DTW(, [) = o if i=00rj=0)andi #j 5 I-@G 311124 |3
] = 0 ifi=j=0 4 @_g 1|0 |1(3 3
A|l3 |3 101 (1|2 (4
* The recursive function of DTW is 2 11 lol1131ala |7
defined as 1 |0 [1[3]68]9 |13
DTW (i — 1,j) + w,C(i,)) 1 |2 |3(4 |32 |5
DTW(i,j) = min{ DTW(i,j — 1) + w,C(i, ) B
DTW(i —1,j — 1) + waC(i, ))
A={1,2,3,4,5}

where (wp, wy, wy) are weights for the B(12.3.4525)

horizontal, vertical and diagonal dtw(i,j) = |4; - )| + min(Dli ~ 1,j ~ 1], D[i - 1,71,D[ij — 11)
directions, respectively. DTW (i, j) denotes —5—2[+3

the distance or cost between two sub-
sequences {xq, X, ..., X;} and {y1, ¥, ..., J},
and DTW (N, M) indicates the total cost
of the optimal warping path.

Recode categorical variables to numeric
variables (item response score=[0,4],
missing response=9)
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Reasons to Use DTW

Yield curve inversions, recessions & U.S. stocks

The 2-years/10-years Treasury curve inversion has preceded U.S. recessions
4000

SU0d IINIUINNG

1985 9 995 2 2005 2010

e 10-years yield minus 2-years yield (RHS) = S&P 500 Index (LHS)
Recession
Source Refinv Datastream Reuters graphic/ Sagid Ahmed®/142019 @ SaqibReports

14



Use of DTW: Visit-Revisit (Navigation)

Sequence Distance

eeeeeeeeeeee

double review pattern

eeeeeeeeeeee

quickly skip pattern




Response Time

Use of DTW: Time Sequence Distance
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Process Data Support CT Skills
Measurement (He & Gonzalez, 2023)

Time
Remaining

e 00 mins

repeat [PJED) times

do | move forward

(TN right © - |

Code Blocks

move forward
L left o - |
drop FERS

repeat [EJ@) times
do

L]
L
L]
|
L
L]
L
L
L]

Use the ‘repeat do’ code block to make the drone drop water on the four dirt tiles with seeds. | Use as few code blocks as possible to complete the task.
The drone should not drop water on any grass tiles. Click u to see the results.
Click - when you are ready to continue.

19,876 students (over 2/3 of the
total sample) who had at least
one missing response
throughout the Farm Drone
module with the aim to extract
the nonresponse sequential
pattern and pinpoint the
potential reason for the missing
responses.

Recode score sequence e.g., (1,
2,3,0,9,0,1,3,9)

Dynamic Time Warping (DTW)

Sequence clustering based on
pairwise sequence distance
matrix, the maximum value of
Silhouette index to determine
the optimal number of clusters.



Nonresponse Patterns

CLUSTER 1 CLUSTER 2 CLUSTER 3
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Sub-Study 2: Predicting Missing Responses with Process
Data via Machine Learning Methods

e This study used 11,468 students who gave full responses throughout the
9 CT tasks, with the aim to get “gold standard” to evaluate the prediction
performance

e Two machine learning methods: Random Forest (RF) and Support Vector
Machine (SVM)

e To predict the missing response by each item using the rest 8 items’
process data and response data both. 80% training and 20% test, with
cross validation.

* Multiple class prediction: each item has multiple but unequal classes
(partial credits may differ across tasks), min =0, max =4

GEORGETOWN UNIVERSITY



Variables

Number of Tasks Involved

variables

Description

Algorithms

Commands

Irrelevant
Targets

Remaining
time

Reset

Task Time

6 3.,4,5,6,7.8

8 1,2,3,4,5,6,7,8

6 3.,4,5,6,7.8

9 1,2,3,4,5,6,7,8,9

9 1,2,3,4,5,6,7,8,9

The programming coding strategy that is
chosen by student, either by straightforward
move codes or by nested codes. There are 6
levels predefined in this variable. Only one
algorithm strategy could be labeled per student
per item.

Level 1: move with turn/drop

Level 2: nested move in a repeat

Level 3: nested move with drop in a repeat
Level 4: nested if do in a repeat

Level 5: nested repeat in a repeat

level 6: nested if do in a repeat nested in
another repeat

The number of command lines recorded in the
item (the final commands shown on screen
only. The adding or removing commands
during the problem-solving process are not
counted.

A binary indicator to record “one or more
irrelevant target” (label 0) and “No irrelevant
targets” (label 1)

The time remaining in the Farm Drone module
after submitted responses to all 9 items. A total
25 minutes is set for the whole module.
Number of clicks on Reset button to restart the
Farm Drone simulation. (Only the Reset button
in the simulation space is counted.)

Total time spent on an individual task.
Students are allowed to get back and forth to
different task within one module. The task
time is a sum of time spent in every visit|

Process Variables
Captured in ICILS
CT module

Process data were collapsed during
the data collection process.

Only aggregate level process data are
available, but not sequential fine-
grained data.
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Prediction Results (1) - Macro-Level Accuracy

Comparison of Accuracy

I Random Forest
s SVM

0.8 -

0.6 -
0.4
0.2 1
0.0

Task 1 Task 2 Task 3 Task 4 Task 5 Task 6 Task 7 Task 8 Task 9
Tasks

Accuracy
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Prediction Results (2) — Micro-Level Accuracy

Precision Recall F1

Task1l Class0 0.960 0.192 0.305

Cl 1 0.648 0.330 0.437 . N

P 0653 0610 06a1 * In the first 7 tasks, the high

Class 3 0.684 0.802 0.738 performance classes are more likely
Task2 Class0 0.731 0.438 0.548 . .

dlsss 0964 0121 O to be correctly predicted, which

Class 2 0.920 0.998 0.957 contribute more to the macro-level
Task3 Class0 0.785 0.594 0.676

Class 1 0.766 0277 0.405 accuracy.

Class 2 0.785 0.828 0.806

Class 3 0.657 0.734 0.693 .
Task4 Class0 0.844 0.629 0.720 * In the last 2 items, the lowest

Glass1 0762 G195 0302 performance classes are more likely

Class 2 0.800 0.874 0.835 . .

Class 3 0.869 0.894 0.881 to be correctly predicted, which
Tasks, ~Glass0 e Q465 0587 contribute more to the macro-level

Class 1 0.624 0.642 0.633

Class 2 0.658 0.584 0.619 daccuracy.

Class 3 0.760 0.875 0.814
Task6 Class0 0.710 0.436 0.539

dlise 0.587 0571 0578 e These results show that the process

Lo 2 L) Lt s information may provide more

Class 3 0.707 0.843 0.769 ) ) ) ]
Task7 Class 0 0.613 0.780 0.687 predictable information to the high

. 1563 Mol —— performance groups in most tasks,

Class 2 0.442 0.353 0.393 . .

Class 3 0.513 0.676 0.583 while approaching to the end of the

flass .72 0Ll 9719 unit, the low performance groups
Task8 Class0 0.668 0.816 0.734 . . .

Class 1 1.000 0.124 0219 have more dominant information.

Class 2 0.578 0.511 0.542

Class 3 0.650 0.598 0.623
Class 0 0.767 0.892 0.825

Class 1 0.969 0.117 0.209 (}EOR(}ETOWJ\C‘UNI VERSITY

Class 2 0.746 0.699 0.721




Prediction Results (3) — Predictable Variables by Task

Top 5 Informative Variables in Missing Value Predictions with Random Forest

Feature 1
Feature 2
Feature 3
Feature 4
Feature 5

Task1 Task2 Task3 Task4 Task 5 Task 6 Task 7 Task 8 Task 9

T2F02T T2F01T T2F04AA T2F05AA T2F04AA T2F07AA T2F06AA T2F09T T2F05AA
T2FO5T T2F05T TFO4TEC TFO5TEC TFO4TEC TFO7EC TFO6TEC T2FO07T TFO5TEC
T2F08T TFO1E T2F04T  T2F03AA T2F04ZA T2F07XA T2F08T T2FO5T T2F03AA
T2F06T T2F04T T2FO05T TFO3TEC T2F07T T2F07T T2F05T T2F04T TFO3TEC
T2F04T T2F09T T2F07T  T2F03ZA T2F04T T2F08T T2F06T T2F T2F03ZA

* Information from response time (T) and command actions (AA) dominate
in the top feature, superior than scores of other items (EC).

* Adjacent items provide more information than other items in missing

value prediction.

GEORGETOW UNIVERSITY




Conclusions and Future Studies

* Process data can provide more information in missing value
prediction, thus, worthwhile to include them for a better
estimation.

 Process variables related to response time and action lengths
can superior than scores of other items in missing value
prediction.

* Process data in adjacent items to the missing items are more
likely to provide higher information than other items.

GEORGETOW UNIVERSITY



Final thoughts for process data studies in the future

* Process data (personalized behavioral data) may add more weights in
assessment model in the future to compensate the risk of Al
manipulation. Behavioral data could be more informative than self-
reported scale.

* One-time assessment is not the target of education, but tracking the
students’ progress and providing timely and helpful supports. Process
data could be given a broader scope for dynamic and longitudinal
study. Sequence methods could also be used in educational policy
tracking.

» Post-assessment process data analysis could be progressed to dynamic
process data analysis throughout the assessment, bringing new meaning
for adaptive testing, not only from responses but also from interactions.

GEORGETOWN UNIVERSITY
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Thank you very much!

Qiwei (Britt) He, PhD
qgiwei.he@georgetown.edu
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