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Abstract

Compared to traditional discrete response data, response time as continuous
data can provide additional information. Change point analysis represents a
relatively novel technique in psychological and educational research. This paper
provides both a comprehensive synthesis and analysis of change point analy-
sis applications in psychometrics, and extends two change point statistics from
response data to response time data, applying change point methodology to
detect anomalous test-taking behavior: speededness. Two testing methods—
the likelihood ratio test and Wald test—are implemented to detect anomalous
response patterns under conditions of known and unknown item parameters. Re-
sults demonstrate that the proposed methods exhibit high power for detecting
speeded behavior while maintaining adequate control of Type I error rates. Em-
pirical data analysis further substantiates the practical utility of the methods
presented herein.
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Abstract

Compared to traditional discrete response data, response time as continuous
data can provide substantially more information. Change-point analysis (CPA)
represents a relatively new technique in psychological and educational measure-
ment. This paper provides a comprehensive summary and analysis of CPA
applications in psychometrics while extending two CPA statistics from response
data to response time data, applying CPA to detect an aberrant response pat-
tern: test speededness. Two testing methods—the likelihood ratio test and Wald
test—are employed to detect aberrant response patterns under conditions of both
known and unknown item parameters. Results demonstrate that the proposed
methods exhibit high power for detecting speededness while effectively control-
ling Type I error rates. Empirical data analysis further confirms the practical
utility of the methods presented herein.

Keywords: change-point analysis, aberrant response behavior, response time,
test speededness, statistical process control

1. Introduction

High-quality measurement data is essential for accurate assessment of examinee
ability. However, numerous factors can introduce systematic errors that com-
promise data quality, with aberrant response behaviors being among the most
common. Typical aberrant behaviors during testing include warm-up effects
and test speededness (Luo et al., 2020; Zhang et al., 2020). When examinees
engage in aberrant behavior, their response data differ significantly from nor-
mal response patterns. Data generated under aberrant conditions are termed
aberrant response data or aberrant response patterns. The presence of such
data degrades test quality and adversely affects subsequent analyses, causing
model-data misfit, biased estimation of examinee and item parameters (Stefan
et al., 2016), and compromising test reliability and validity (Guo et al., 2009).
Consequently, detecting aberrant response data is critically important, and re-
searchers have continuously sought effective solutions (e.g., Bejar, 1985; Evans
& Reilly, 1972; Shao et al., 2016; Bradlow et al., 1998; McLeod et al., 2003;
Wise & Kong, 2005; Yu & Cheng, 2019, 2020).

Change-point analysis (CPA; Page, 1955; Shao et al., 2016; Sinharay, 2016) is a
widely used method for detecting anomalies in process data, primarily designed
to identify distributional changes in sequential data. Its fundamental principle
states that when samples are ordered chronologically, if the underlying distri-
bution or sample characteristics (such as mean or variance) change significantly
from a certain point onward, a change point has occurred (Hawkins et al., 2003),
indicating a qualitative shift.

Recent research has introduced CPA into psychological and educational mea-
surement to detect aberrant response behaviors or patterns (Zhang, 2014; Shao,
2016; Shao et al., 2016; Sinharay, 2016, 2017a, 2017b, 2017c; Yu et al., 2019,
2020). Studies by Shao et al. (2016), Sinharay (2016), and Yu et al. (2019, 2020)
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have demonstrated CPA’ s advantages in detecting aberrant behaviors. During
testing, examinee responses to each item form unique sequential data that typi-
cally follow a specific distribution; for instance, response time data often follow
a lognormal distribution. When aberrant behavior occurs, the response data un-
dergo a qualitative change, with the location of aberrant behavior (item number)
representing the change point.

CPA can detect aberrant behavior using two data sources: response data (cor-
rect/incorrect) and response time data (duration per item). Response time data,
being continuous, contain information about both examinee ability and item
characteristics (Marianti et al., 2014), thereby improving ability estimation pre-
cision and optimizing test design. With technological advances, computer-based
testing and online assessment have made response time data increasingly acces-
sible and attracted scholarly attention. For example, van der Linden and van
Krimpen-Stoop (2003) used response time data to detect item preknowledge and
test speededness; van der Linden and Guo (2008) and Pan and Wollack (2021)
employed response time data to detect item compromise. Researchers have
also developed various response time models for different applications, demon-
strating that incorporating response time data aids parameter estimation and
expands its utility (Wang & Xu, 2015; Guo & Luo, 2019; Zhan, 2019; Zhan et
al., 2020).

Previous CPA-based research on aberrant behavior detection has primarily fo-
cused on response data, yet the advantages of response time data are now ev-
ident. Integrating response time data into analyses represents an important
trend. Moreover, test speededness is among the most common and prevalent
aberrant behaviors (Goegebeur et al., 2008), significantly impacting data quality
and attracting considerable research attention (e.g., Bolt et al., 2002; Oshima,
1994; Suh et al., 2012; Yu et al., 2020). This study therefore focuses on re-
sponse time data, applying CPA methods to detect aberrant response patterns
caused by speededness under both known and unknown item parameter condi-
tions. Notably, while CPA is fundamentally a method for detecting anomalous
data, it can also detect aberrant patterns caused by other behaviors such as
item preknowledge or warm-up effects. We now introduce CPA technology in
detail.

2. Change-Point Analysis (CPA) Technology

CPA is widely applied in biology, statistics, and economics. Although intro-
duced to psychometrics, it remains underdeveloped. Key CPA-based studies
for aberrant behavior detection include Zhang (2014), Shao et al. (2016), Shao
(2016), and Sinharay (2016, 2017a, 2017b, 2017¢c), Yu et al. (2019, 2020).

Zhang (2014) addressed item compromise due to preknowledge, proposing a
real-time sequential item monitoring method. Shao et al. (2016) employed CPA
with likelihood ratio tests to detect speededness, enabling classification of exam-
inees into speeded and non-speeded groups while accurately locating the onset
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of aberrant behavior. This capability allows test administrators to improve abil-
ity estimation accuracy by removing suspected speeded responses and provides
references for setting appropriate test lengths. Shao et al. (2016) used test statis-
tics Al; = 2(151“ — liHO)7 where lf{“ and lfo represent log-likelihood values under
speeded and normal response conditions, respectively. For a given examinee ¢’
s score data, MLE (Baker & Kim, 2004) can estimate ability 6,, yielding liHO.
Under H,, lfl“ = I/ 417", where I/~ and /" are likelihood functions for two
subtests split at change point j (subtest 1: items 1 to j; subtest 2: items j+ 1
to n). The location where Al; reaches its maximum indicates where speeded-
ness begins. Its null distribution and critical values can be obtained through
permutation distributions (Shao et al., 2016), empirical distributions (Yu et al.,
2020), or theoretical approximations (Sinharay, 2016).

Sinharay (2016) used three CPA statistics to examine person-fit in CAT, com-
puting Type I error rates and power. Approximate null distributions were used,
revealing good performance in detecting examinees with aberrant behavior. The
three CPA statistics are:

L;=—2{L(0y;Y,,Ys,....Y,) = L(0,; Yy, Yy, .. ,Y;) — L(033 Yy g, Yoo oo, Y s

(0, b,
W;=— ’ T T,
Ilj<é()> 12]‘(é0)
S. = (V(éO;YhY%'“’Yj))Z + (v<éO;Yj+17Yj+2"“7Yn))2
’ 1,5(6,) 15;(6o)

Since the change point is unknown, the three test statistics become:

max max max

L = max L, Wg,,,= max W, S, .. = max S,
1<j<n—1 1<j<n—1 1<j<n—1

Here, Ilj(éo) and Izj(éo) are Fisher information estimates based on items 1 to j

and items j41 to n when 6 = 50. V(éog Y}, Y, ..., Y;) is the first derivative of the
log-likelihood for Y}, Y5, ..., Y, at 6 = f,. Sinharay (2016) also used ROC curves
to compare CUSUM and CPA methods, showing CPA’ s superiority under many

conditions.

Sinharay (2017a) proposed likelihood ratio test (L) and Lagrange multiplier
(score test) statistics (R) to detect item preknowledge. The test was divided
into parts s and 5. For normal examinees (without preknowledge), posterior
distributions and ability estimates based on s and s are similar, but differ sig-
nificantly when preknowledge exists.
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Here, és, 55, and 50 are ability estimates based on s, 5, and all items (j =
1,2,...,n). y; represents scores, L(f;y;,j € s) is the log-likelihood for part s,
V(éo; y;,J € s) is the first derivative of log-likelihood (Baker et al., 2004), and

I, (50) is the sum of item information for part s at ability éo.

These statistics apply to adaptive and non-adaptive tests with dichotomous and
polytomous items, following asymptotic standard normal distributions—highly
advantageous for practical application. Results showed controllable Type I error
rates and relatively high power.

Sinharay (2017b) provided a general CPA detection framework, discussing statis-
tic selection, critical value acquisition, and related issues, offering solutions. Us-
ing the Rasch model, three real-data examples demonstrated CPA’ s application
to psychometric problems.

Sinharay (2017c) compared two CPA statistics—likelihood ratio statistic L, and
posterior shift statistic PSS (Belov, 2016)—for detecting item preknowledge un-
der the three-parameter logistic model (3PLM; Birnbaum, 1968). The detection
principle mirrors Sinharay (2017a): when examinees benefit from preknowledge,
ability estimates or posterior distributions differ substantially between com-
promised (¢) and uncompromised (u) sections, with ¢ section estimates being
higher /right-shifted. |L,| equals the square root of L (Sinharay, 2017a). PSS
quantifies the distance between posterior distributions. Results showed similar
Type I error rates and detection rates.

Yu et al. (2019) proposed a CPA statistic based on weighted residuals, comparing
it with three other CPA statistics (Sinharay, 2016) for detecting back random
responding (BRR). The weighted residual statistic accurately detected BRR in
tests with 204 items, controlling Type I error while achieving 17%-42% higher
power.

Yu et al. (2020) compared 12 CUSUM statistics with 3 CPA statistics for de-
tecting speededness. To evaluate robustness and flexibility, they simulated two
acceleration mechanisms: gradual speed change and abrupt speed change, using
the graduate change model (GCM) and hybrid model (HM). Variables included
test length, prevalence of speeded behavior (proportion of speeded examinees),
and severity (proportion of items affected).

To provide a concrete understanding of CPA applications in psychometrics, Ta-
ble 1 summarizes relevant studies from multiple perspectives. Notably, all stud-
ies used response data; regarding critical values, only Shao et al. (2016) used
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permutation distributions and Sinharay (2016) used approximate values, with
others employing empirical critical values. Empirical critical values are advanta-
geous due to simple implementation and universal applicability across statistics,
unlike approximate values (limited to certain statistics) or permutation methods
(computationally intensive).

Although Table 1 contains no CPA studies based on response time data, re-
lated research exists. Choe et al. (2018) used sequential analysis to detect
compromised items based on response data, response time data, and combined
data. Their results showed that: (1) response-time-only methods had substan-
tially higher power than response-only methods at the same Type I error rate;
(2) combined-data methods showed mixed results—one approach had slightly
higher power than response-time-only, while another was far inferior. Response-
time-based detection also showed the smallest detection lag. Choe et al. (2018)
demonstrated that response time data indeed provides more test information,
yielding substantial power improvements.

With response time data increasingly accessible and offering inherent advan-
tages for detecting aberrant behavior over response data, response-time-based
detection shows excellent research prospects. For example, when an examinee’
s response pattern is [1111101010], speededness is difficult to detect from scores
alone, but combined with response time data [57, 48, 51, 36, 42, 23, 18, 13, 7,
6], acceleration becomes evident as speededness directly manifests in response
times.

3. CPA-Based Statistics

Table 1 identifies four common CPA statistics: likelihood ratio test statistics
(L;), score test statistics (Vi;, Ly,ay, Lg), Wald test statistics (W, W;), and
residual test statistics (Rg, Sinaxs Bmax)- All test the null hypothesis of no signif-
icant change in latent traits or response data to detect aberrant behavior. This
study focuses on response time data for aberrant behavior detection, selecting

likelihood ratio and Wald test statistics.

We specifically examine speededness, using one-tailed tests. After speededness
onset, examinee response speed increases. When change point k is known, the
null hypothesis states that examinee i’ s speed parameter equals before and after
item k: 7, = 7, ;. The alternative hypothesis posits that speed increases:
Tik— < Tik- We now introduce the two statistics for response time data.

3.1 Likelihood Ratio Test

Van der Linden’ s (2006) lognormal model is the most widely used response
time model, showing good fit in many empirical studies. This study adopts this
model, assuming examinee ¢’ s response time ¢,; on item j follows:

chinarxiv.org/items/chinaxiv-202205.00105 Machine Translation


https://chinarxiv.org/items/chinaxiv-202205.00105

ftiji 7o 0 85) = . & exp{—[aj(lntij(ﬂjﬁ))] },

or equivalently:

In(t;;) = B; — 7+ €55, €5~ N(O, 04;2).

Here, 3; € (—00, 00) is the time intensity parameter (higher values indicate more
time required); 7; € (—o00, 00) is examinee i’s speed parameter, typically assumed
normal; «; is the time discrimination parameter, analogous to discrimination
parameters in item response models.

From this model, examinee ¢’ s response time data ¢, has likelihood:

L(Tmti) = ﬁ tO\é/J% exp {[ajantzj _Q(Bj B Tl))] } ’

Jj=1 "ij
where t; = (t1,19,...,t,,) is the vector of response times. The log-likelihood is:
l(T’Ut’L) IIlL Tz’tz - Zln Z{[O‘j(lntiji (ﬂji’rz»]z}
j:1

The likelihood ratio test formula follows Shao et al. (2016):

Al (k) =21 (k) — 1),

where [; o — = 1(7;,0;t;) is the log-likelihood using speed parameter 7, , estimated
from all items. Assuming speed changes abruptly after item k, the speeded
log-likelihood is:

1 (k) = U7, sty (k=) + U7 s ti(k)),

Where 7, is estimated from the first k items (¢,(k—) = (;1,t;2, .-, t;,)) and
o from items k + 1 to J.

Since the change point location is unknown in practice, the test statistic is the
maximum Al, (k) across all possible change points:

Al max Al (k).

k=1,2,...,(J—1)

max,i ~
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When Al - exceeds the acceptable range at a given confidence level, we reject

max,i

the null hypothesis, indicating a change point in examinee 7" s response time
data.

3.2 Wald Test
The one-tailed Wald test statistic is:

o G = R
(k) = ek " TS
I _(750) I (T50)

where I} (7, 5) and I} (7, o) are Fisher information estimates based on the first
k and last (J — k) items. When k is unknown, the test statistic becomes:

W opaxi = a W, (k).
max,i =, WAX i (k)
When W, ; exceeds the critical value, we reject the null hypothesis, indicating

a change point. This study uses the item following the maximum of [,(k) and
W, (k) as the estimated acceleration point where examinee i begins speeded

behavior.

3.3 Obtaining Critical Values for CPA Statistics

Like likelihood ratio tests for response data, Al ,. ; based on response time data
lacks a closed-form distribution. As shown in Table 1, critical values can be ob-
tained via permutation distributions, empirical critical values, or approximate
critical values. Permutation methods are computationally intensive, while ap-
proximate critical values are suitable when change points occur near the middle
(e.g., the central 70% of the test; Sinharay, 2016). Since speededness typically
occurs in later test stages when time pressure is greatest, this study employs

empirical critical values.

When k is known, W, (k) follows a chi-square distribution with 1 degree of free-
dom. When k and W;(k) are unknown, W,,.... ; also lacks a closed-form distribu-
tion. Sinharay (2016) noted that W), ;s asymptotic null distribution matches
that of the likelihood ratio statistic. Thus, Wald test critical values also use em-
pirical values. Following Worsley (1979), we generated 10,000 normal response
time patterns for test lengths of 40, 60, and 80 using Equation 11. We calcu-

lated 10,000 values each for Al .. ; and W, ;, sorted them, and extracted the
500th, 100th, and 10th largest values (¢ o5, Co.015 Co.001) @S approximate critical
values for v = 0.05,0.01,0.001. Each condition was replicated 100 times, with

averaged values serving as final empirical critical values.
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4. Response Time Model for Speededness

Speededness typically occurs in time-limited tests. As time expires, unfinished
examinees accelerate, reducing response times. Previous studies have simulated
speeded response times using: (1) fixed time levels (e.g., 10s, 20s, 30s; van der
Linden et al., 2008); or (2) adding a constant L to speed parameter 7; in the
lognormal model (van der Linden et al., 2003 used L = 0.375 and 0.750). Both
treat speededness as a fixed effect, which is unrealistic.

Yu et al. (2019) reviewed two potential acceleration mechanisms: abrupt speed
change and gradual speed change, modeled by the hybrid model (HM) and
graduate change model (GCM). HM assumes abrupt speed changes at random
change points, while GCM assumes gradually decreasing correct response prob-
abilities after acceleration.

This study adopts the more plausible gradual speed change approach. Wollack
and Cohen (2004) developed a speededness model for response data where cor-
rect response probabilities “gradually decrease,” with each speeded examinee
having a unique acceleration pattern. Goegebeur et al. (2008) examined this
model’ s parameter estimation. The gradual-change three-parameter model is:

Pij=cj+1—¢)7 ixfi;jtifzéijl]j)] o (1’ {1 R (‘?_Z)]A) |

where c; is the guessing parameter, % is the standard 2PLM, n,

(0 < n; < 1) indicates the acceleration location (e.g., i, = 0.8 means speededness
begins on the last 20% of items), and A, modulates the rate of probability
decline.

Analogously, this study constructs a gradual-decline response time model based
on the lognormal model:

-1

. X,
In(t;;) = (8; — 7; + &;;) X min (1, {1 _ (:7]771 )] ) g~ N(O,a]ﬂ).

Parameters n; and A; have the same meaning as above. Before reaching the
stage indicated by n;, j < n;, so [1 — (%)] > 1 and min(1,-) = 1, meaning
response times follow the standard lognormal model. After reaching n,, j > n;,
the factor becomes < 1, reducing In(t;;) below normal values, indicating speeded

behavior.

To fully demonstrate CPA’ s application and evaluate its performance on re-
sponse time data, we conducted simulation studies and empirical data analysis.
Since item parameters may be known (e.g., in adaptive testing systems) or
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unknown, we examined both conditions. For known parameters, only speed
parameters were estimated using EAP (Shao, 2016). For unknown parameters,
MCMC (Fox et al., 2021) estimated them from all examinee data.

5. Simulation Study
5.1 Simulation Design

The simulation fixed the number of examinees at 1,000, with test lengths of 40,
60, and 80 items and total test times of 60, 90, and 120 minutes, respectively
(Shao, 2016). The proportion of speeded examinees was 10%, 20%, and 30%,
representing low, medium, and high prevalence. Change point locations n; were
generated from four distributions (detailed in data generation). Tests termi-
nated when time expired, with unfinished items receiving response times of 0 and
examinees marked as speeded. The full factorial design yielded 3x3x4x2 =72
conditions, each replicated 50 times. Simulations were conducted in R.

Table 2 presents simulation conditions including test length, proportion of
speeded examinees, change point parameters, and item parameter conditions
(known/unknown).

5.2 Data Generation

Following Patton (2015), item discrimination a and difficulty b were set as a ~
In N(0,0.5), b ~ N(0,1). Response times for normal and speeded examinees
were generated using Equations (11) and (20), with time discrimination a; ~
U(1.75,3.25). Time intensity $; and speed 7; followed Patton (2015): 3; had
mean 4 and SD 1/3, with correlation 0.3-0.5 with a and b; 7, ~ N(0,0.25).
For speeded examinees, speed modulation parameter \; ~ log N(3.912,1) (Suh
et al., 2012). Change point 7, followed beta distributions with medians 0.6
and 0.7 and variances 07271: = 0.001 and 0.04: beta(143.367, 95.689), beta(2.970,
2.091), beta(146.345, 62.910), and beta(3.033, 1.490). Figure 1 [Figure 1: see
original paper] shows these distributions. Note that 7, represents acceleration
location as a percentage. For a 40-item test, ;, = 0.6 indicates speededness
begins at item 25. When U%i = 0.001, change points cluster near the median;
when 021_ = 0.04, they can appear anywhere, even near the test end. We focus
on mid-to-late test stages because speededness typically occurs later, and we
want to examine whether approximate critical values remain applicable when
change points are not central (Sinharay, 2016).

Critical values for both statistics were first generated via Monte Carlo simula-
tion. For known item parameters, calculations used true values; for unknown
parameters, estimates were used. The process then evaluated speededness de-
tection.

Based on the CPA statistics analysis, we applied likelihood ratio and Wald
statistics sequentially to each examinee’ s response time data: (1) compute
likelihood ratios for each item, using the maximum as the statistic (Wald test
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similar); (2) compare statistics to condition-specific critical values, flagging data
as aberrant when exceeded; (3) record aberrant behavior locations; (4) evaluate
detection effectiveness using predetermined metrics.

5.4 Evaluation Metrics

Performance was evaluated using Type I error rate and power (averaged across
replications). We also computed the proportion of students not finishing within
the time limit (%NF) and absolute detection lag (ADL) between detected and
true change points:

Number of normal examinees falsely flagged

Type I error =

Total normal examinees ’

Number of speeded examinees correctly flagged

Power = ,

Total speeded examinees

N |~
> iy [Di — pil
ADL = ==L+~ 1
N
where p; and p, are detected and true change point locations for examinee ¢,
and N is the number of examinees. %NF assesses whether test time and length
settings are reasonable, providing useful design information.

5.5 Simulation Results

Table 3 presents critical values for known and unknown item parameters,
showing means and standard deviations across conditions. Since likelihood ra-
tio and Wald critical values were nearly identical, only likelihood ratio values are
shown. Unknown item parameters had minimal impact on critical values. Crit-
ical values varied substantially with « levels but only slightly with test length,
increasing modestly as length increased. Variances were small for oo = 0.05 and
0.01, indicating stability. Larger variance at = 0.001 is expected given the
10,000-sample distribution’ s tail behavior.

Sinharay (2016) reported approximate critical values ranging 8.45-9.84 for a =
0.05 and 11.69-13.01 for @ = 0.01. Our empirical values differ somewhat, likely
because approximate values suit long tests with central change points, whereas
our simulations used shorter tests with change points anywhere. Stable empiri-
cal critical values across test lengths and replications support their appropriate-
ness. Table 3 values serve as critical values for a = 0.05,0.01,0.001.

Tables 4 and 5 show power and Type I error rates for known and unknown
parameters. Both statistics performed slightly better with known parameters,
but trends were consistent. Power was high (often near 1) across most con-
ditions except test length 80 at o = 0.001. Power increased with test length
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and proportion of affected items. Compared to response-data-based methods
(Shao et al., 2016: power 0.60-0.90; Sinharay, 2016: generally lower; Yu et al.,
2020: lower than our results), response-time-based detection shows substantial
advantages. Type I error rates were well-controlled, slightly exceeding nominal
levels.

ADL means and SDs were small when 7,,, = 0.001. When 7,,, = 0.04 with
test length 80, ADL reached nearly 14. As Figure 1 shows, larger n,,, allows
change points anywhere, including near the end, making accurate detection
difficult. Research (Andrews, 1993; Hawkins et al., 2003) suggests CPA works
best in medium-length tests with change points in the central 70% (Andrews,
1993).

%NTF results showed 3.9%-5% of examinees failed to finish the 40-item test,
5.9%-7.3% for the 60-item test, and 5.9%-8% for the 80-item test when 30%
were speeded. These settings appear reasonable, as most speeded examinees
still finished. Unfinished examinees were flagged as aberrant. Power near 1
indicates CPA detects less severe speededness—examinees who accelerate but
still finish on time.

Table 5 shows results for unknown item parameters. Power remained high
(minimum 0.89) with well-controlled Type I error, though slightly lower than
Table 4. Trends persisted: power increased with test length (40-item average:
0.94-0.93; 60-item: 0.97-0.96). Type I error rates approximated nominal levels
at @ = 0.05,0.01, but were smaller at & = 0.001 due to extreme-condition
empirical critical values. ADL increased with test length (from 3.19 to 5.99)
and was affected by 1,,c4ian a0d 7,,,, With larger n,,,. causing greater delays
(mean 7.92, SD 8.44).

Our conditions resemble Shao et al. (2016) and Yu et al. (2020). Though not
directly comparable, results are informative. For known parameters with 40
items, response-data-based likelihood ratio and Wald tests showed power of
0.50-0.94, lower than our 0.89-0.97.

6. Empirical Data Analysis

To demonstrate CPA’ s application to real data, we analyzed mathematics test
data from a regional basic education assessment. One test form contained 30
items with 45-minute time limit and 36,000 examinees’ response times. All items
were multiple-choice, computer-administered. We cleaned the data by removing
examinees with total times <5 minutes and those with zero response times on
end-of-test items (to examine detection of milder speededness). This retained
33,000 examinees; we randomly sampled 5,000 for analysis.

Figure 2 [Figure 2: see original paper] shows the speed parameter distri-
bution histogram. Using the LNIRT package (Fox et al., 2007, 2021), we fitted
the lognormal model to obtain item parameters «;, 3; and examinee speed pa-

. ,
rameters 7; o, 7; ;_,T; j+. LThe 5,000 examinees’ speed parameters had mean 0
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and SD 0.267, showing a negatively skewed distribution.

These parameters calculated likelihood ratio and Wald statistics. Results were
very similar, so we present Wald test results only. Using thresholds 8.068, 11.214,
and 15.702, we identified 675, 361, and 271 speeded examinees, respectively.

Figure 3 [Figure 3: see original paper| shows response times for examinee
#1034 (flagged as aberrant), along with expected times, sample mean times
for aberrant examinees, and overall sample means. The blue line shows #1034’
s times, red shows overall item means, green shows expected times, and gray
shows mean times for all “aberrant” examinees. Examinee #1034 responded
faster than average on the first 18 items but slower thereafter. The last 12 items
were completed in § $30 seconds (some ~10 seconds), a sharp decrease from
earlier items. Both #1034 and the overall sample showed decreasing times near
test completion, but “aberrant” examinees’ times decreased more dramatically.

Average response times were 30-65 seconds per item (except the final item at
~26 seconds). Examinee #1034’ s times matched or exceeded averages initially
but fell below after item 18, diverging increasingly from expected times. This
supports flagging #1034 as aberrant.

7. Discussion

This study applied two CPA test statistics to response time data for detecting
speededness. Simulation and empirical analyses showed both statistics achieved
very high power with well-controlled Type I error, demonstrating CPA’ s high
effectiveness for aberrant behavior detection using response time data.

Response time and response data each have unique advantages. Combining
them could further analyze aberrant behavior types (Wang et al., 2018). Re-
sponse time’ s continuous nature provides richer information and detection ad-
vantages, while response data helps identify behavior types. Future research
should explore combining polytomous response data (Chen et al., 2010; Cheng
et al., 2012) with response time data.

Our finding that fixed critical values work across test lengths simplifies applica-
tion—no need to recompute when adding or removing items. The method should
extend easily to CAT or multistage adaptive testing (Li & Ding, 2018; Xiong
et al., 2018). While we focused on speededness, CPA can detect other aberrant
behaviors (e.g., low motivation in survey data).

CPA also shows promise for multidimensional tests, which are increasingly com-
mon (e.g., math tests in English; Zhang et al., 2020). Multidimensional response
time models are emerging (Zhan et al., 2020), showing multidimensional latent
processing speed structures that match latent abilities, enabling speed parame-
ter estimation in multidimensional contexts.

This research has practical value. Developing aberrant behavior detection meth-
ods is crucial for test quality control. Problems persist due to inaccurate pa-
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rameter estimation, equating bias, and misinterpretation of behavior. In lengthy
summative tests, determining appropriate length to allow most examinees ade-
quate time is essential (van der Linden, 2011; Patton, 2015). Recording item-
level response times enables future CPA-based detection.

Limitations and Future Directions

First, while most tests record response data and some studies detect speeded-
ness using it, our study used response time data. When response-data and
response-time-based detection conflict, additional information (test content
analysis, other statistics, video records, historical data) is needed for careful
evaluation (Wang et al., 2018). Second, we assumed known probability
structures before/after change points, but these may be unknown in practice.
Model-free change-point detection methods need exploration. Third, CPA
cannot determine why data changed—low motivation and speededness both
reduce response times. Expert domain knowledge is needed to identify causes.
Future research should combine response and time data to develop CPA
methods that leverage response time’ s high detection power. For high-stakes
tests, joint inference from both data sources is more appropriate. Finally,
most CPA research uses large samples; future work should examine CPA’ s
effectiveness with small samples.
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