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Process Data

Education & Skills Online
Unité

You ordered a desk lamp from KE-
Lamps.com.

©>p (B Y P e —

The desk lamp arrived, but it was not
the color you ordered.

Using the company's website, arrange
to exchange the lamp you received for

the ono you ordorod. KE-Lamps.com
::e:".yw have finished, click Next to The best way to light your life
Bedroom Lamps
Desk Lamps
Floor Lamps
Table Lamps
New Arrivals

SALE!
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Process Data Research
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Four aspects

v

Research objective

v

Empirical findings

v

Technical details: references
http://www.scientifichpc.com/processdata/pub.html
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Implementation: sessions 3 and 4
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Embedding

N & CUEREEEEIRRED

» Process response:
action:Start, Click_cs, Click_ObtNo,
time: 0.0 , 2.9 , 12.1

H

» Summarize the process to (61, ...,0x) € RX.

., Next,
., 60.4,

Next_0K
62.2
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A large variety of items
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» Email handling/classification, spread sheet handling, scheduling,
web browsing/comprehension, etc.

» Learning/interactive with a system, designing experiments, etc.
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Process Data

TICKETS

A train station has an automated ticketing machine.
You use the touch screen on the right to buy a
ticket. You must make three choices.

The cost of your ticket is:

o Choose the train network you want
(subway or country).

o Choose the type of fare (full or concession)

Choose a daily ticket or a ticket for a
specified number of trips. Daily tickets give
you unlimited travel on the day of
purchase. If you buy a ticket with a
specified number of trips, you can use the
trips on different days.

The BUY button appears when you have made
these three choices. There is a CANCEL button that
can be used at any time BEFORE you press the
BUY button.

Question TICKETS

You plantotake fou trips around the city on the subway today. You ae astudent, 50 you can use concession are.
Use the ticketing machine to find the cheapest ticket and pre:

Once you have pressed BUY, you cannot return to the quesuun.
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Objective
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» Denoising: aggregate the process to strengthen the signal

» Formatting: 6 € R¥, for K > 100.

» Dimension reduction.
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Latent structure extraction

N &R R RE
ar a as ...... ajeA:{l,...,m}

> Process length varies among individuals in the range of [3,1000]

» The number of possible actions m varies among items in the range of
[20, 300].

> (31, ...,a,,,) = (91, ...,9;()
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Evaluation criteria

> Process features: (a1, ..., an) = 0 = (01, ..., 0k)
» Benchmark: (ai,...,an) = r € {V, x}: task accomplishment

» Does # contain more information than r? How much information do we
loose?

Qe
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Assessing latent variable
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» y: a different variable, such as literacy score

» {y: prediction based on 6
versus

» .. prediction based on r
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Figure: cor?(y, 7,) versus cor?(y, )
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Literacy

OSR?

0.4

—— Response
—¢— MDS
T T T T
2 6 8 10 12 14
Number of items

Figure: cor®(y, ¥n....n) versus cor®(y, Yo,...0,)
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Latent

structure extraction

Multidimensional scaling

Tang, X., Wang, Z., He, Q., Liu, J., and Ying, Z. (2019) Latent Feature Extraction for Process Data via
Multidimensional Scaling. Psychometrika.

Autoencoder

Tang, X., Wang, Z., Liu, J., and Ying, Z. (2019) An Exploratory Analysis of the Latent Structure of Process
Data via Action Sequence Autoencoder. British Journal of Mathematical and Statistical Psychology.

R package

Tang, X., Zhang, S., Wang, Z., Liu, J., and Ying, Z. (2021) ProcData: An R Package for Process Data
Analysis. Psychometrika. To appear.
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Multidimensional scaling
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Multidimensional scaling
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Multidimensional scaling

&2 COLUMBIA UNIVERSITY
IN THE CITY OF NEW YORK
> Two response processes: a; = (i1, .-, ain;), 3 = (3j1; -+, 3jn;)

(a,-,aj) — d,'j = d(a,-,aj)

28 /62



Multidimensional scaling

&2 COLUMBIA UNIVERSITY
IN THE CITY OF NEW YORK
> Two response processes: a; = (i1, .-, ain;), 3 = (3j1; -+, 3jn;)

(a,-, aj) — d,'j = d(a,-, aj)
» The distance Gémez-Alonso and Valls (2008)

d(a;, aj) _ f(a,-, aj) + g(ai»aj)

nj + nj
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» The distance Gémez-Alonso and Valls (2008)

d(aia aj) -

_ f(ai,a)) +glaia))

nj + nj

» Common actions:

)

f(ai7aj) =

» Uncommon actions:

,<Ia a a
D accy 2akmn |87 (K) — 57 (K)|

max{n;, n;} ’
glana)=> ni+ > n,
IS
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Multidimensional scaling
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> Two response processes: a; = (aj1, ..., din, ), aj = (j1, -, Ajny)
(ai7 af) - dl'j7

1<ij<n
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(ai7aj) - dl'j7

> Two response processes: a; = (aj1, ..., din, ), aj = (j1, -, Ajny)
» Distance matrices D = (djj)nxn

1<ij<n
> Latent variable 6; € R¥.

dij - <,0(0;,9j) +€ij
where ©(60;,0;) = |0; — 6;|.
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Multidimensional scaling
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> Two response processes: a; = (aj1, ..., din, ), aj = (j1, -, Ajny)
(ai,aj) > dj, 1<i,j<n

» Distance matrices D = (djj)nxn

> Latent variable ; € R¥.

dij - QO(ai, 91) + Eij
where (6;,0;) = |6; — 6;].
> Optimization

01

i<j

H Prpp— . . 2
min > |dj — ¢(0:,6))".
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Multidimensional scaling

> Two response processes: a; = (aj1, ..., din, ), aj = (j1, -, Ajny)
(ahaj)—)dl'b 1§l7JSn

» Distance matrices D = (djj)nxn

> Latent variable 6; € R¥.
dij = ¢(0:,6;) + €

where (6;,0;) = |6; — 6;].
> Optimization
H o . . 2
i, 2 1 = 05 )

i<j
» Tang, X., Wang, Z., He, Q., Liu, J., and Ying, Z. (2019) Latent Feature
Extraction for Process Data via Multidimensional Scaling. Psychometrika.
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Autoencoder
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Representation
Encoder

Decoder
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Autoencoder

» Autoencoder via tenorflow

» Tang, X., Wang, Z., Liu, J., and Ying, Z. (2019) An Exploratory Analysis
of the Latent Structure of Process Data via Action Sequence
Autoencoder. British Journal of Mathematical and Statistical Psychology.
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Criterion
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> a= 0 c R¥: multidimensional scaling or autoencoder

> a=re{v,x}: task accomplishment

Dae
34/62



Assessing latent variable
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» How much information did we lose to r?

» 7y: prediction of task accomplishment based on 6.

» To what extend 6 captures the information in r.

D¢
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Prediction Accuracy
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Assessing latent variable through prediction

» How much additional information do we gain?

» y: a different variable, such as numeracy score

> ¥y prediction based on 0
Versus

» .. prediction based on r
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cor(y, 9)
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Demographic variables
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Figure: Prediction of age and gender
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Closer look at the latent variables — principle components

1.0

0.5

PC2
0
|

-1.0 -05

PC1

Figure: Principle components of §. PC1 correlation with number of
skipped items: 0.88
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Latent variable in subpopulations

U01b Correct U01b Incorrect
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» Partial score: improving assessment accuracy

» Removing differential item functioning (DIF)
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Partial scores
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>

IRT model

1
j/
I I I
-6 -4 -2 0 2 4 6

P(r=1n) =

e2i(n—=b;)

1+ e3(n=b)
» Assessment (grading/scoring) via maximum likelihood estimate

(71 1) = argmax [ T P(11n)
j
» Process-data-based scores: 7j(a;)
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Partial scores

/ -
- ~literacy

———rnumeracy

v

Difficulty: validity

v

Partial scores based on the entire response process

v

Scores guided by y.

P Generalization: assisting any measurable characteristics
[} = =
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Partial scores guided by response

» Train a scoring rule f(a) towards 7.
> r=g(n)+e~a,cis a-predictable.
> g(n)+e~a

> Proxies

> A(rj)=n+e
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Partial scores guided by response

» Train a scoring rule f(a) towards 7.
> r=g(n)+e~a,cis a-predictable.
> g(n)+e~a

» Proxies
> () =n+e
» a: process features 0
fi(rj)~0
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Partial scores guided by response

1. Extract process feature 6; for each item
2. Compute IRT score 7(r;)
3. Regression: 7) = f(6;)

4. Score: f(6;)

SR = = z 9Dae
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:
» 14 PSTRE items in total

» Randomization

> Session 1 (7 items): 7)1 IRT estimate, 7j; process data
» Session 2 (7 items): 7, IRT estimate

» Compare cor(f1, 7)>) against cor(ij1, 7))

estimate
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Out-of-sample Reliability

Correlation
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Number of items in Set 1
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» About differential item functioning
» Literature: identifying DIF

» Process data: removing DIF
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Framework

» Response Y with item response function
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» Response Y with item response function

F 1)y X1y ey Xm

f("|777X17 '7Xm)
» Assessment model

re~n
» Observed item response function

f(r|n):/f(r|77,x1, oy Xm )T (X1, ooy Xm|1)) A X1 ... d X
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» Response Y with item response function

F 1)y X1y ey Xm

f(r|777X17 '7Xm)
» Assessment model

remn
» Observed item response function
» Two groups: 1 and 2.

f(r|n):/f(r|77,x1, oy Xm )T (X1, ooy Xm|1)) A X1 ... d X
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» Response Y with item response function

F 1)y X1y ey Xm

f(r|177X17 '7Xm)
» Assessment model

remn
» Observed item response function
» Two groups: 1 and 2.

f(r|n):/f(r|77,x1, 3 Xm )T (X1, vvy Xm| 1) dX1...dXm

fg(r|77):/f(r|n,x1, oy Xm) T (X1 ooy Xm M) d X1 ... d X

» DIF: unbalanced distributions 7, (7, x1, ..., Xm) in groups 1 and 2.
[} = =
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> Ideal solution: use the correct item response function f(r|n, xi,
> Xi,...,Xm unobserved

vy Xm)-

P Use process data features as proxies, 01,...,0k
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» Over fitting: including all process feature

f(rln,01,...,0k) = f(rl6s,...,0k)
» Variable selection: minimum amount of process data so that
A (rln, 0,

- 0i) = f(rln, O,

.0) ~0

D¢
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Why are process features good proxies?

» Process features contain sufficient information to remove DIF
r=1f(01,...,0k)

» Overfitting

» No extra information to estimate 7

» DIF versus information: include minimum amount of process data to
maintain non-differentiation of item functioning.

» A forward search algorithm

man”fl(r|T]76i17 .- -70ik70j) - f'2(r|777 9"1» s 70ik79j)||
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Empirical results

Uo1a (0.087)

°

Probability of Y = 1

°
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Empirical results
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Empirical results
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Empirical results
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