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Introduction

* large-scale assessments (LSAS)

— examinees actively try to determine the correct answer

— low-stake testing: disengagement

R B0 R B = T 15 2 » randomly guessing
» answering items perfunctorily

» generating no response at all

Purpose: provide a generalized modelling framework
to identify disengagement

(guessing responses + omissions + response times)




Previous approaches for disengaged behaviour

« Guessing and perfunctory answers
— Response-time-based scoring techniques
— Model-based approaches

« Omissions
— Response-time-based scoring techniques
— Model-based approaches



Previous approaches for disengaged behaviour

« Guessing and perfunctory answers (RT-based)

— RTs below a certain threshold

1. define a common threshold for all items
the minimum time needed to engage

2. item-specific thresholds
10% of the average time

bimodal RT distributions for a distinctive gap
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Previous approaches for disengaged behaviour

« Guessing and perfunctory answers (RT-based)
— RTs below a certain threshold

1. define a common threshold for all items
the minimum time needed to engage

2. item-specific thresholds
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Previous approaches for disengaged behaviour

« Guessing and perfunctory answers (model-based)

— apply mixture modelling techniques
two different processes: solution behaviour and rapid guessing behaviour

1. customary item response theory (IRT) models

solution behaviour: examinee ability and item difficulty
exp[aj-(ﬁi — b]>]

P(Yy=1|A; = La;,b,¢) = ¢+ (1 —¢

rapid guessing processes: contain no information on ability
P(Y; =1|A; =0) = g

2. different lognormal distributions
obs
T = (1= Ay)Ty + AyCy

Wang & Xu, 2015 BIJMSP



Previous approaches for disengaged behaviour

« Assumptions and limitations

— Response-time-based scoring techniques

1. heuristic and might considerably disagree in the rate
2. coded as missing and therefore ignored when estimating ability

— Model-based approaches

with strong assumptions
1. mixing proportions

varying mixing proportions at the item level: items vary & examinees constant
varying mixing proportions at the examinee level: items constant & examinees vary

v' examinee characteristics: academic ability or achievement goals
v" item characteristics: response format or position

2. dependency between ability and engagement

vary at the item-by-examinee level + joint modelling disengagement and ability



Previous approaches for disengaged behaviour

* Omissions

— Response-time-based scoring techniques

distinguish item omissions occurring due to processes different from and similar to those
operating when examinees generate (engaged) responses

1. remarkably short RTs: skipped it without trying to solve

2. RTs that do not notably differ from RTs associated with (wrong) observed responses:
occurred for skill-related reasons

v the Programme for the International Assessment of Adult Competencies (PIAAC):
5-s scoring rule



Previous approaches for disengaged behaviour 9

« Omissions
— Model-based approaches

an additional manifest or latent variable: the examinees’ propensity to omit items

- CXp(O,' — b])
~ 1+exp(6; — b))

v Response: p(u; =1)

v’ Omission:  pld;=1) = ixfx(j(g fjl.)
i J

Population
Level 2

[orén; Loren
Level 1

Data (l'r‘z;) Ti_',- Dz’;) S-i‘;r
Ttem Responses Response Times Omission Indicators Nonresponse Times
Response Behavior Nonresponse Behavior

Ulitzsch et al, 2019 MBR



Previous approaches for disengaged behaviour

« Assumptions and limitations

— Response-time-based scoring techniques

1. the probability of solving an omitted item is zero
2. item omissions are ignorable

— Model-based approaches

v’ allow to assess how examinee ability relates to the probability of omitting responses

jointly model disengaged behaviour and ability

omission: disengaged behaviour

observed responses: solution behaviour (examinees do not omit while engaged)

all item omissions / observed responses to stem from the same data-generating processes



Proposed model

1. item-by-examinee specific
2. disengagement: guessing & omission
3. jointly model with ability

 the speed-accuracy + engagement (SA+E) model

Engagement
indicators

Omission
indicators

Item
ui; = NA i =0 gy = 1l ui; =0 ui; =1
responses

Response

times ln(tij) ~ N(BD,O'QD) ln(tij) ~ N(,BJ — T;',O’?:;)

Disengaged Engaged



Proposed model 12

» disengaged behaviour (A; = 0) * engaged behaviour (A; = 1)
1. Omission: 1. Omission:

o — exp(Yo + v19: + 121)
o1+ exp(Yo + v19: + v21:)

2. Response: 2. Response:

s =1|A; =0) = 1) — exp(0; — b;)
pluy=1jA;=0)=c pluy =1) =17 exp(0; — b;)
3. Response time: 3. Response time:

B =By A B,| where ;>0

offset parameter: how much longer examinees need to engage with the item



Proposed model

« Higher-order models

1) eXp((bi_lj)

Py =1)= 1 +exp(d; —|y

engagement: whether examinees tend to approach items engagedly

engagement difficulty: how easily examinees interact with an item engagedly

— person parameters (setting the expectations to zero):

By = (Mg, Ko, He)

Gﬁ) Cpo Opr
273 = OCho Gg OCor

2
OCpr Gor G

— item parameters are modelled as fixed effects



Proposed model

* The proposed model’s likelihood

N K
L=1]]1I (]p(Agf = 1|d;, 1;)(1 — dy)p(uy)0:, b,)f (4], B, 07)+

i=1j=1

(1 — p(Ay = 1y, y)Wp(dyly, 0, 7)p(etg|e) T~ f (2|Bp, 52)) - g(b, 8, Tlpp, Tp)

exp(gpi—tj)
1+exp(¢;—1tj)

Engagement
indicators

Omission
indicators

7 1
)
big ij %
exp(6; —bj) exp(8;—bj;)
1 1 _/ \ 1- l+eXD(9;JbJ,)/ \}exp(etjbj)

Uij = NA Uij = 0 Ui — 1 Uis = 0 Ui5 = 1

Item
responses

Response
times In(ti;) ~ N'(Bp,05) In(ti;) ~ N(8; — 7, 0%)

Disengaged Engaged



Proposed model

* The proposed model’s likelihood

L= ﬁ ﬁ (P(Aif = 1|¢;, ‘f)l(l — dy)]

i=1j=1

(1 = p(Ay = 1)¢y, 1))l dilly, 01, w)p 2ty

Engagement
indicators

Omission
indicators

Item
responses

Response
times

D(ulj

0, b;)f (2|7, By, 05)+

Uij = 0

exp(gpi—tj)
1+exp(¢;—1tj)

1
A
exp(6; —b;) exp(0:—b;)
1 —/ \ L= W \fexp(efbn

=) 41By 52)) - (0, 8, Tlip, Ep)

Ui — 1 Uis = 0

In(ti;) ~ N(Bp, o)

Disengaged

Ui5 = 1

].Il(tz'j)

~ N(BJ - Tiao-.QE)

Engaged



Prior distributions

* person parameter variance—covariance matrix:

Yp = diag(Sp deiaggl) standard deviations
correlation matrix

v’ circumvent the dependencies between variances and correlations
inherent to inverse Wishart priors

Qp: LKJ prior with shape 1 (a uniform distribution)

Sp : half Cauchy priors with location 0 and scale 5

* item parameters:
Y
b;

B; Bo

normal priors with mean 0 and standard deviation 10

O Op half Cauchy priors with location O and scale 5

c beta priors with B(1,1)

// prior person parameter
PersPar~ multi_normal(Zero,SigmaP);
sigmaP ~ cauchy(0,5);
correlP ~ lkj_corr(1l);

// prior item parameter
iota ~ normal(0, 10);

b ~ normal(0, 10);
diffbeta ~ normal(0, 10);
pCorrNE ~ beta(l,1);
gamma® ~ normal(0,10);
gammal ~ normal(0,10);
gamma2 ~ normal(0,10);

muC ~ normal(0, 10);
sigmaE ~ cauchy(0,5);
sigmaD ~ cauchy(0,5);



Parameter recovery

« Simulation purpose

1. whether true parameter values can satisfactorily be recovered under
realistic conditions

2. Identify boundary conditions concerning the sparseness of information
on examinee disengagement for the detection
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Parameter recovery

« Data generation (the SA+E model)

— the number of examinees (per item): 250, 500, 1000

— the number of items: 10, 20

— the rate of disengaged behaviour: 5%, 10%

— the percentage of omissions (opposed to guessing): 10%, 50%, 90%

- variances of ¢, 6, and 7: 3.50, 1.00, and 0.05 — the logistic regression parameters:
cor($,0): 0.55 Y. =—10 7vo=—1
cor(¢p,0): 0.20 the intercept
cor(0,7) : -0.40 Yo=3 Yo=—=3 Y% =0
— item parameters: — logarithmized disengaged RTs
{10 +0.51};_, for engagement difficulties (y=-5, -4.25) Bb=3 o2 =0.15

{3+ 0.251},_, for difficulties
{—1+0.51},_, for time intensities
c=.25 for guessing

engaged RTs

oz =1.95



Parameter recovery

« Estimation procedure

— the No-U-Turn sampler (an adaptive form of Hamiltonian Monte Carlo sampling)
— each data set: four Markov chain Monte Carlo (MCMC) chains

— 10,000 iterations each chain
(first 5,000 employed as warm-up)

 Evaluation indexes

— potential scale reduction factor (PSRF) values

— effective sample sizes (ESSs)



Results

Table 1. Proportions of replications with PSRF values < 1.10 and ESS > 400 for all parameters after

10,000 iterations

K Disengaged (%) Omitted (%) PSRF < 1.10 ESS > 400
250 10 5 10 1.00 94
50 | 84 74 |
90 96 96
10 10 92 82
50 86 B4
90 92 92
20 5 10 96 96
50 1.00 1.00
90 96 96
10 10 1.00 1.00
50 98 98
90 1.00 1.00
500 10 5 10 92 88
50 98 94
90 03 0%
10 10 96 96
50 98 98
90 | .82 82 |
20 5 10 1.00 1.00
50 98 98
90 94 94
10 10 1.00 1.00
50 98 98
90 94 92
1,000 10 5 10 1.00 1.00
50 96 96
90 88 86
10 10 98 98
50 98 98
90 92 92
20 5 10 98 98
50 1.00 1.00
90 1.00 1.00
10 10 98 98
50 98 98
90 98 98

Note. Omissions give the percentage of item omissions on disengaged behaviour.

N = number of examinees; K = number of items.

20



Results
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Results

Parameter Estimates — True
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lllustrating the model

« Simulation purpose

— how the SA+E model differs conceptually from current approaches
(disengagement rate: 10%; omissions: 50%)

1. assume all observed responses to stem from engaged response processes:
the speed-accuracy + omission (SA+0O) model (Ulitzsch et al., 2019)

exp(¢i—tj)
1+exp(ds—ej)

Engagement
indicators

Omission /
indicators dij =1 g = ()/ dij =0

exp(6; —b;) exp(8; —b;)
1 1-c 1- 1+;(Hm/ \W

Uij = NA Ui = N = 1 | Uiz = 0 | | Ui = 1 |

Item
responses

Response

times In(ti;) ~ N(Bp,oB) In(ti;) ~ N(B; — 7i,0%)

Disengaged Engaged



lllustrating the model

« Simulation purpose

— how the SA+E model differs conceptually from current approaches
(disengagement rate: 10%; omissions: 50%)

1. assume all observed responses to stem from engaged response processes:
the speed-accuracy + omission (SA+0O) model (Ulitzsch et al., 2019)

2. assume engagement to be unrelated to ability and item omissions to be ignorable:
the mixture model (Wang & Xu, 2015)

Engagement
indicators

Omission
indicators

1 — exp(6; —b;) exp(8; —b;)
1+exp(0;—bj) 1+exp(0;—bj)
Item

©
responses

Response
times In(ti;) ~ N(Bp,05)

In(ti;) ~ N(B; — 7, 0'1%?)

Disengaged Engaged



lllustrating the model

exp(§;—a;) 1— exp(£i—aj)
1+4+(&;—aj;) 1+4(&;—aj)

Omission
indicators dij = 1 dij =0
1 1— exp(f; —b;) exp(f; —b;)
1+exp(6;—b;) 1+exp(8;—b;)
Item .
Ui5 = NA U5 = 0 Ui = 1
responses
Response
times ln(tgj) = N(J:,- — M 0';23} ln(ﬁg'j) ~ N(BJ — Tis U%)
Disengaged Engaged

Figure 5. SA+O model by Ulitzsch et al. (2019).

Engagement
indicators
1— exp(f;—bj)
1texp(#; —by)

Ttem u =0 Uy =1 wij = 0 wij = 1
responses : : '
Response

times In(ti;) ~ N(Bp,0D) In(ti;) ~ N(8; — 7i,0%)

Disengaged Engaged

Figure 6. Mixture model for identifying examinee engagement by Wang and Xu (2015).
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Results
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Results
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Empirical example

* To Illustrate the use of the SA+E model

— data from PISA 2015: Austrian subset (N = 844 examinees)
- 12 items:OR+MC=3+9
— omission rate of 10.40%

— item-level omission rates:
from 0.04% for the MC item administered at position 1
to 34.60% for the OR item administered at position 5

 Estimation and model checking

— different item types
item-type-specific probabilities correct when guessing: Co and Cum
item-type-specific regression intercepts: Yoo and Ymo

— ignore not-reached items



Results

Table 2. Person parameter variances and correlations

32

¢ 0 T
0) 3.25 [2.65, 3.93]
0 .59 [.50, .68] 1.47 [1.23, 1.74]
T —.35 [—.44, —.25] —.36 [—.45, —.206] 0.04 [0.03, 0.05]

Note. Highest density intervals are given in square brackets.
¢ = engagement; O = ability; T = speed.

Yaro = —0.71 [—0.94, —0.471, Y00 = 0.45 [0.26,0.67]
Yo = —0.74 [—0.98, —0.52]; v, = —4.79 [—6.04, —3.70]



Results

Parameter

cor(1, ) = .81
cor(1,b) = .68

10

11
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Discussion

« Compared to RT-based scoring methods:

— less strict assumptions concerning RT distributions

« Compared to previous model-based approaches:
— allow disengaged behaviour to vary across both items and examinees
— jointly model engagement and ability

« Applying the model to smaller data sets (N < 500 or K < 20) only when
omission rates are high (at least 5%)



Limitations and future directions

1. allow for different omission mechanisms

2. non-stationarity of person engagement (by adding additional linear or
nonlinear terms)

3. the probability of omitting: determined by other examinee- or item-specific
factors such as demographic variables or item features

4. integrate research on modelling quitting behaviour

5. use demographic variables or personality to provide additional insight into
possible reasons for examinee disengagement

6. iImplement more complex model instead of a Rasch-like model for response
and RTs

7. consider the feasibility of maximum likelihood estimation
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The End. Thanks

for Listening!
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