JOURNAL of national

EDUCATIONAL council on

£ N measurement
- 5 MEASUREMENT n education

DOI: 10.1111/jedm.12419 Journal of Educational Measurement
Winter 2024, Vol. 61, No. 4, pp. 682—-709

Differences in Time Usage as a Competing Hypothesis

for Observed Group Differences in Accuracy with an

Application to Observed Gender Differences in PISA
Data

Radhika Kapoor and Erin Fahle
Stanford University
Klint Kanopka
New York University
David Klinowski
University of Pittsburgh
Ana Trindade Ribeiro and Benjamin W. Domingue
Stanford University

Group differences in test scores are a key metric in education policy. Response time
offers novel opportunities for understanding these differences, especially in low-
stakes settings. Here, we describe how observed group differences in test accuracy
can be attributed to group differences in latent response speed or group differences
in latent capacity, where capacity is defined as expected accuracy for a given re-
sponse speed. This article introduces a method for decomposing observed group
differences in accuracy into these differences in speed versus differences in capac-
ity. We first illustrate in simulation studies that this approach can reliably distinguish
between group speed and capacity differences. We then use this approach to probe
gender differences in science and reading fluency in PISA 2018 for 71 countries. In
science, score differentials largely increase when males, who respond more rapidly,
are the higher performing group and decrease when females, who respond more
slowly, are the higher performing group. In reading fluency, score differentials de-
crease where females, who respond more rapidly, are the higher performing group.
This method can be used to analyze group differences especially in low-stakes as-
sessments where there are potential group differences in speed.

Introduction

Differences in performance across groups are of persistent interest in education
policy dating back to at least the 1960s (e.g., Coleman, 1968; Darling-Hammond,
2015). Such differences are often identified as group differences in test scores.
These differences in outcomes across various groupings—race (Reardon, Robinson-
Cimpian, and Weathers, 2014), gender (Reardon et al., 2019), or urban-rural set-
tings (Lounkaew, 2013)—may offer information about where policy interventions
are needed. However, observed group differences can be driven by a range of fac-
tors. Especially in low-stakes measures, observed differences in scores cannot be
solely attributed to differences in ability; there may be other systematic differences
between the groups, such as motivation (Soland, 2018a, 2018b) or use of guessing
strategies (Baldiga, 2014). Further, differences in group performance can be a result
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of differences in test and item characteristics, for example, item type such as multi-
ple choice versus open-response items (Solheim and Lundetra, 2020; Reardon et al.,
2018; Shear, 2023), respondent familiarity with chosen item type (Caldwell and Pate,
2013), or other characteristics of how a construct is tested, such as the type of text
used to measure reading literacy (Solheim and Lundetre, 2018; Yousefpoori-Naeim,
Bulut, and Tan, 2023), or paper versus digital medium of delivery (Cho et al., 2024).
Such differences can be captured by systematic group differences in the use of time
(Ercikan, Guo, and He, 2020; Guo and Ercikan, 2020). In this article, we describe an
approach that uses test speed—by which we mean responses produced more rapidly
as observed based on response time—as a means of testing alternative mechanisms
for inducing observed differences in group-level accuracy.

As a motivating example, consider gender differences in the OECD’s Programme
for International Student Assessment (PISA). PISA has consistently reported that fe-
males outperform males in reading (Schleicher, 2019). Gender differences in PISA
reading scores have been interpreted as indicative of differences in reading abilities
and have prompted calls for curricular reform (Brozo et al., 2014). However, there
are also gender differences in test-taking speed and time taken to respond to items
(Schleicher, 2019); these speed differences could be due to gender differences in time
use strategies, motivation, effort, and sustained performance on a test (Gneezy et al.,
2019; Balart and Oosterveen, 2019; Borgovoni and Biecek, 2016; Wise and DeMars,
2006), competitiveness (Niederle and Vesterlund, 2010), exam stress (Cai et al.,
2019), risk preferences (Linn et al., 1987), or anxiety (Hyde, Fennema, and Lamon,
1990). Task characteristics such as use of multiple-choice items or open response
items can also induce gender differences in scores (Solheim and Lundetre, 2020;
Reardon et al., 2018). There are thus many plausible reasons we may observe male-
female differences that are unrelated to ability as it is conventionally understood.

Our article uses response time recorded during the test-taking process to focus on
a particular question: Could differences in test-taking speed be driving the observed
group difference? For clarity of discussion, we will use the term capacity to indicate
accuracy for a given response speed; specifically, for responses produced in the same
length of time, an individual with higher capacity would be expected to produce a
more accurate response. We study capacities via the conditional accuracy function
(CAF) that describes the intra-individual relationship between response speed and
accuracy. After identifying CAFs, we then consider competing rationales for how
observed differences in accuracy may come to be. Are observed differences in accu-
racy more consistent with group differences in capacity (i.e., the groups use similar
amounts of time but one group has higher capacity) or with group differences in
speed (i.e., one group responds more rapidly than the other which has consequences
for observed accuracy)? Performance differences may, of course, be due to a mix-
ture of these mechanisms. Our aim is to illustrate such possibilities and to offer a
methodology for estimating the size of such differences. Note also that we avoided
invoking the conventional idea of “ability”; ability is presumably related to capacity
and speed, but these relationships may be complex. We further discuss these connec-
tions in the discussion.

We proceed as follows. We first describe our approach to studying the role of
test speed in explaining observed group differences. We then perform a simulation
study demonstrating that the approach can parse the role of time and capacity in
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Figure 1. A conceptual overview of our approach. X-axis of the curves represents
response time, and Y-axis represents predicted accuracy.

observed group differences in accuracy when, crucially, we are blind to certain com-
ponents of the data generation process. We then consider gender differences in two
different types of tasks from PISA 2018, scientific literacy and reading fluency, as
illustrations of how our approach can be used to further interrogate the meaning of
observed group differences. Scientific literacy measures knowledge of science phe-
nomena, evaluating scientific inquiry, and interpreting data scientifically (OECD,
2019). Spending more time reflecting on the task could be a result of more cognitive
processing, and successful respondents would be expected to spend more time on
task or be less speedy. In contrast, reading fluency measures respondent ability to
read text automatically and to “comprehend the overall meaning of the text” (OECD,
2019a). Efficient readers are hence expected to spend less time on reading fluency
items. We close with a discussion of how this approach can be further used to im-
prove resulting inferences, as well as how these group differences are understood and
discussed in education policy and classroom contexts.

Time-Based Adjustments to Differences in Accuracy

We offer a conceptual presentation of our approach in Figure 1. On the left, we
show a hypothetical conditional accuracy function (CAF) for an item. The CAF cap-
tures the level of accuracy for an individual were they to answer a question at dif-
ferent speeds (Heitz and Engle, 2007). We emphasize that it is describing a within-
person phenomenon probing the degree to which a person’s speed is associated with
accuracy. Historically, it has been scrutinized in, for example, studies of the speed-
accuracy tradeoff (Heitz, 2014) which suggests that slower responses (i.e., responses
that are less hurried) are more accurate ones. These studies typically use experimen-
tal interventions designed to force respondents to work at different speeds.

More recent work focuses on identification of the CAF in observational settings
(Bolsinova et al., 2017; Domingue et al., 2021, 2022; Kang, De Boeck, and Ratcliff,
2022) of the kind relevant in educational measurement. This work asks whether id-
iosyncratic within-person variation in speed is associated with variation in accuracy.
We build on this approach here. In particular, we make use of the fact that integrating
the CAF with respect to the density of response times provides us with the marginal
accuracy (i.e., the proportion of correct responses).
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Consider the right panels of Figure 1, which depict two hypothetical scenarios
wherein we are studying performance differences between groups. The CAF is up-
ward sloping in both scenarios, showing expected accuracy increase with increasing
response time. In both panels, the blue group has a higher level of overall accuracy
on a given cognitive item. In the top panel, both groups have the same distribution of
response times (the black density), but each group has a distinct CAF. Respondents
in the blue group are uniformly more likely to respond correctly for any given time;
that is, this group has higher capacity in the sense introduced earlier. Observed differ-
ences in accuracy are due to this capacity difference (i.e., the vertical offset between
the two CAFs) rather than due to a difference in speed between groups. The capacity
difference suggests that for a given amount of time spent responding to an item, a
blue respondent is more likely to produce a correct response than a red respondent. In
the bottom panel, we offer an alternative scenario wherein the two groups have dif-
ferent response time distributions but the same CAF. Here, differences in observed
accuracy are due to a difference in speed. The response time distribution for the blue
group is to the right of the red group; that is, a student in the blue group will tend to
use more time (i.e., be slower to respond or be less speedy). Given the monotonically
increasing CAF, this translates into higher accuracy for the blue group.

We make several additional points about this scenario. First, while here we focus
on the upward sloping CAF suggested by the speed-accuracy tradeoff, our approach
is flexible and does not presuppose the shape of the CAF. For example, van der Lin-
den’s hierarchical model (Van der Linden, 2007) builds upon the assumption of a
flat CAF such that no changes in accuracy result for within-person variation in time
usage. Empirically, a range of relationships seem possible (Domingue et al., 2022;
Chen et al., 2018; Mutak et al., 2024), including downward-sloping CAFs or curvi-
linear CAFs where accuracy increases when more time is spent (consistent with the
speed-accuracy tradeoff) but only up to a point and then decreases (possibly due to
disengagement or confusion). Second, conventional ability estimates that are based
purely on observed accuracy would be unable to distinguish between the speed- and
capacity-driven differences in accuracy that we discuss above; identification of these
differences obviously requires observation of time as well. Given that time usage may
differ across groups for reasons unrelated to the construct of interest, attempting to
partition observed differences in this way thus seems desirable. Third, in contrast to
the differences we show here, which are due purely to speed or capacity, empirically
we may observe tangled mixtures of both speed and capacity-driven differences in
accuracy, including cases where both capacity and speed are functions of ability (as
conventionally understood). In these cases, latent speed and capacity together influ-
ence accuracy. The method introduced in this article does not make strong assump-
tions about the relationship between latent capacity and speed. These assumptions
are discussed in more detail in “Simulation Study” section. Our simulation below
helps to clarify how our approach may work in such a scenario. We now discuss the
methodological details of this approach.

Identification of the CAF

In Equation 1, we use a linear probability model to model responses y;; € {0, 1},
where y;; is a response and ¢;; is the time required to respond from student i to item
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Jj, b(log1;;) represents b-splines' of response time 7;;, »; and y; are person and item
fixed effects, and € ~ N(O, 0)2,):

yij =B-blogt;;) +hi+vy;+e ey

h(t;;) = B - b(log t;;). 2

Note that the term b(log?;;) describes the expected accuracy as a function of #;;;
that is, it is the CAF. In Equation 2, we denote this term as A(t;;). Given that the form
of h is unknown, we consider a flexible, spline-based approach (Domingue et al.,
2021, 2022) for identification of h. Note that, as in other studies (Van der Linden,
2006; Chen et al., 2018), we analyze the log of response time.

We make two additional notes about this approach. First, below we will consider
CAFs estimated separately across groups. Doing so will merely require analysis of
responses y;; solely for individual i in a specific group. Second, we rely upon a lin-
ear probability model for computational reasons. In particular, it allows for inclusion
of large number of fixed effects, as our goal is understanding within-person trade-
offs between speed and accuracy; in simulations (Domingue et al., 2022, 2021), this
approach works well in a variety of settings and data generation conditions. This
specification assumes that the functional forms of CAFs are similar across items, so
it is most appropriate in cases where items are relatively homogeneous.

CAFs and Observed Accuracy

Having described the CAF (i.e., ) in Equations 1 and 2, we can now use it to
decompose accuracy differences between groups. Given that we study group differ-
ences, we emphasize that individual respondents i will be denoted as being a member
of group g € {1, 2}. As we are concerned with group-level differences in accuracy,
we denote these as A where A = A, — A; and

J
> i 3)

1 j=l1

Z

A,
JNg,

i

where N, is the number of respondents in Group g where g € {1, 2} and y;; is the
response by person i to item j. Note that the difference A will contain all speed-
and capacity-based differences. Our attempt to untangle speed- and capacity-based
differences will be built on a consideration of group differences in both CAFs and
response time distributions.

We now turn to an approach for estimating observed accuracy that relies on CAFs;
this approach is designed to help partition differences into those driven by time usage
and those driven by capacity. First, we can estimate the CAF for group 1, 4 (¢), using
Equation 2. Next, Group 1 mean accuracy (/Tl) can be estimated by integrating this
CAF h,(t) over the density of the response time distribution for Group 1

A =/ hi(t)dt. “4)
T
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Here, T) represents response time distribution of Group 1 and dt; denotes the re-
sponse time density f(#;)dt;. We can extend this idea to also estimate the group
difference A

2:/ hzdtz—/ hydi, = A — Ay, 5)
T T

where A5 is estimated by integrating h,(z), the CAF for group 2, over the group
response time distribution 7>. Note that A will continue to contain information about
both speed and capacity differences. We now turn to alternative indices that will
allow us to untangle the roles of speed and capacity.

We first study the performance difference due purely to capacity as in the top right
panel of Figure 1. We want a quantity that should index the difference in CAF shown
in that panel; that is, we want an index that conveys information about the observed
difference in performance due purely to capacity. We compute

A\C=/(h2—h1)dt=/hzdt—/h1dt, (6)
T T T

where we are now integrating with respect to the overall time distribution across
both groups (T'). A, is informative about the difference in accuracy due to differ-
ences in capacity, assuming common time usage. Empirically, we analyze demeaned
response time (logt;; — % va: , logt;; for each item j and N respondents) to improve
interpretability of the results.

We next compute group differences due to speed while assuming common capac-
ity as described by the CAF (i.e., the bottom right of Figure 1)

stf hdtz—/ hdt,. (7)
T T

Here, 4 is an overall CAF (as in the bottom-right of Figure 1) estimated using data
from both groups. We then integrate it with respect to each group’s response time
distribution. ;\: is then informative about the difference in accuracy due to different
usage of time while assuming a common CAF. Note that this approach decomposes
group differences A, — Ay, denoted by A, into differences due to speed and differ-
ences due to capacity2

Z€+Xg=(/h2dt—/hldt>+(/ hdtz—/ hdt,)
T T T T
~ (/ hzdtz—/ hldt2>+<[ hldtz—/ hldtl) (8)
T e T T
Zf ]’lzd[z—/ hy dt ZA\est-
Vi3 T

Simulation Study
Data Generation

We describe a simulation study focused on using A, and A, to capture known
differences in speed and capacity under varying assumptions; in particular, we test
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if we can separate group difference attributable to speed and to capacity using these
quantities. For a given number of respondents, N, we simulate item response data for
a 45 item test as follows:

* Individual capacity (8;) and speed parameters (t;) were drawn for the N, (= N/2)
respondents in group 1 from a bivariate normal distribution with mean zero, unit
standard deviations, and covariance p.

* Individual capacity and speed parameters for the N,(= N/2) respondents in

group 2 were drawn from a bivariate normal distribution with mean o) but
T

. . . . . 1
the same variance-covariance matrix as in group 1 (i.e., (p T))

* We draw 45 difficulty parameters (3;) from a Normal distribution
§; ~ Normal (0, .5%). 9)
* Response times for an individual response are generated as
logt;; ~ Normal(.1 + .3(— 1)), .5%), (10)

where the coefficient on T1; is negative so that t; can be interpreted as a person’s
latent speed. This leads to E(#;;) = exp(.1 + %) = 1.3 (IQR = 1.9s).> Note that
all items are assumed to have the same expected response time (i.e., there is no
variation in the time intensity of the items).

* Building on other work (Wang and Hanson, 2005), we simulate item responses
via Equation 11:

Yij ~ Bemoulli( ! ) (11
L+ exp(—1(6; + bty — 5)))

The parameter b, controls the effect of the response time for an individual item

response on accuracy and the shape of CAF; if b, > 0 then the CAF is upward

sloping (as in the left panel of Figure 1) such that more time spent generating a

response for an individual should predict higher levels of accuracy.

Data generation requires specification of parameters (N, |Lg, b+, 0, b; ). Here, we vary
b, € {.5,0, —.5} and fix p = .25. We choose N = 1, 000 to ensure that the approach
works with relatively modestly sized samples. Appendix 2 elaborates on results for
N =10, 000, and other values for number of items and latent capacity-speed covari-
ance p. Results were not sensitive to choice of parameters.* Code to replicate our
simulation results is available.’

We illustrate the effect of Equation 11 on the relevant item response function
(IRF) in the left panel of Figure 2. Under this model, responses that take more
time (emphasized as redder curves) are more likely to be accurate for a given
level of 6. The right panel of Figure 2 considers the CAFs for different values of
0. Note that they are all upward sloping, a consequence of the fact that b, > 0.
CAFs need not have this shape; some models—specifically the hierarchical model
for response time and accuracy (Van der Linden, 2007)—posit no within-person
interplay between speed and accuracy; under the model, the resulting CAFs would
be flat (i.e., within-person changes in speed are unassociated with accuracy).
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Figure 2. Left: IRFs for different response times (7) based on Equation 11. Right: CAFs
for different values of 6. We set 3; = 0 and b, = .5 throughout.

Our approach is flexible and able to identify a range of potential CAFs (Domingue
et al., 2022). Note also one implication of the right panel of Figure 2. Variation
of we will have the effect of inducing variation in the “level” of the CAF along
the lines of the capacity-based difference in the top right panel of Figure 1. In this
sense, capacity differences are due to Ly. However, we have refrained from calling
them ability-based differences here as conventional inferences about observed group
differences have tended to assert that they are “ability” differences. Our point is that
such differences can be due to what we call capacity (i.e., |Lg) or speed (i.e., L), and
we believe the novel terminology helps to emphasize this difference.

Given their relationship with capacity and speed, the g and L, parameters are crit-
ical. As noted above, g will effectively index capacity-based differences; we choose
100 values for pg from Unif(0, .25). Speed-based variation in observed accuracy is
controlled via p.. Note that we can choose one group to have the larger capacity
(which we do here given that g > 0) but still allow for the full range of possibilities
by allowing 1, to be positive, zero, or negative; we thus choose w. € {—.5, 0, .5}.
Variation of both these parameters allows observed accuracy differences to be due to
either speed or capacity; the key question in simulation studies is whether the A: and
A:. estimates can reveal what is known to be happening in these simulations.

Results of Simulation Study

We first consider estimates of accuracy due to variation of key simulation pa-
rameters {j., g, b;} in Figure 3. Dot color represents the value of . throughout,
where slower respondents (., = —.5) are in red, the faster respondents are in blue
(i, = .5). Figure 3 shows the observed differences in accuracy (A) as a function of
io and b,. The observed differences vary widely but note that they are stratified by
L (i.e., similar colors tend to group together along diagonal lines). In the left panel,

slower respondents (i, = —.5) are more accurate (b, > 0); this is reflected in the red
dots generally having the largest A values. This direction is reversed when CAFs are
downward sloping (b, = —.5). In the right panel, note that the blue dots representing

the group with more speed are now on top. In practice, we would not observe . and
so may incorrectly attribute variation in A entirely to variation in capacity. We now
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Figure 3. Results from simulation study for 100 values of .y for each set of simulation
conditions (N, W, b,) Here rows represent N=1,000, columns represent b, € {.5,0, —.5}, .
is represented by the color of the points. Here we focus on estimates of observed differences,
A, as a function of py. Note that a given Ly induces a wide range of A values and these values
are stratified by the level of ju.; it is this stratification that we aim to eliminate. Left: When the
CAF is upward sloping (b, = .5), the slower group (red points; i, = —.5) would be
observed to have a higher score, for the same capacity (jg) level. Middle: When CAFs are flat
(b, = 0), we do not observe a score differential for the same wq. Right: The original order is
reversed when CAFs are downward sloping (b, = —.5); that is, the slower group has the
lower score at the same capacity level.

turn to the performance of the A, indices in decomposing observed differences in A
to group differences in capacity.

In Figure 4, we first consider XL as a function of g with color continuing to index
W (top row). We see that A, collapses the previously stratified differences across i,
such that the colored points are effectively overlapping; remaining differences in A,
are due purely to differences in g (note the clear association between gy and ;\\c).
This is due to the fact that A: removes the effect of speed—that is, color in Figure 4—
on the dots’ placement. When ., # O there is a clear variation in the average A value
as a function of . but, as desired, no variation in A\C

The difference between A\F alongside the naive estimate A for N = 1, 000 is em-
phasized in the bottom row of Figure 4. In the bottom left panel, we note that the
blue dots lie above the 45° line; that is, adjusted differences are larger than observed
differences when the higher capacity group is faster (more speedy) and CAFs are
upward sloping. However, if the higher capacity group was already spending more
time on items and CAFs were upward sloping, adjusted differences would decrease.
This corresponds to the red dots in the bottom left panel. Note that these predicted
differences flip if CAFs were downward sloping, shown in the bottom right panel.
The blue dots here represent the higher capacity group which is more speedy. Ad-
justed differences decrease in this case, as the CAF is downward sloping and there
are negative returns to spending more time on items.

The recovery of group difference due to speed, A,, is discussed in Appendix 1.
Specifically, we suspect that interest is typically in the A: quantities that focus on
group differences in g after removing the effect of speed differences. Simulation
results were not sensitive to choice of number of respondents, number of items, and
latent capacity-speed covariance p. These results are discussed in Appendix 2. Note
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Figure 4. Results from simulation study for 100 values of 4 for each set of simulation
conditions (N, i), when N = 1, 000. Top shows the association between g4 and the adjusted
score AAC, for b, € {.5,0, —.5}. Note that after adjusting the score for CAF differences, the
score difference g: is still highly associated with g, but not with ., for all values of b,. The
bottom row column shows the association between observed difference A and A\( Note that
with A, adjusted scores are higher for the slower blue group when CAFs are upward sloping
(b, > 0in Left), and lower when CAFs are downward sloping (b, < 0 in Right)

that this setup also assumes that individuals are attempting the same set of items,
that groups have similar CAFs, and groups are relatively well-balanced. If groups
are not well balanced, the behavior of the aggregate CAF (4 in Equation 7) and
aggregate time density (dt in Equation 6) would be overly influenced by one group;
we comment further on this matter in the discussion. Given that this simulation study
shows that we can reliably detect speed- and capacity-based differences when these
assumptions are met, we move to an empirical analysis focusing on these quantities.

Empirical Analysis
PISA Data

We use publicly available data from PISA 2018° scientific literacy and reading
fluency assessments from 71 countries to showcase the approach described here.
Data processing and analysis is conducted separately for each country.” Table 1
gives an overview of the data. As expected, roughly half the respondents were
female (corresponding to the simulation where group sizes N; and N, were equal
sized). Response time for an item is defined as the total time respondent spent across
multiple “visits” by a respondent.® To minimize noise due to, for example, rapid
random guessing or responses that involved technology issues, we exclude responses
from the first and hundredth percentiles. Given the skew in time, we analyze the
log of time (in seconds). For the analysis, log response time was centered at zero,
following Chen et al. (2018). We focus interpretation on A, values.
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Table 1
Descriptive Summary
Science Reading Fluency

PISA 2018 PISA 2018
N items 83 65
N respondents 109,506 545,756
N countries 71 71
% Female 50% 50%
Accuracy 49 .88
Mean score difference (female-male) .00% 2.34%
Median score difference (female-male) —.07% 2.12%
75th quantile score difference (female-male) —1.31% 1.50%
25th quantile score difference (female-male) .88% 2.77%
Median time (seconds) 49.8 3.6
Mean Kullback-Leibler (KL) distance .026 .034

Note that accuracy and response time behaviors are different for reading fluency
and scientific literacy items. Reading fluency items were relatively easy (average
accuracy of 88%) while scientific literacy items are much more difficult (average ac-
curacy of 49%). Females outperformed males on reading fluency items in all coun-
tries while the direction of the performance gap was more mixed across countries
for scientific literacy. As we may anticipate, respondents spent more time on scien-
tific literacy items; respondents spent median response time of 49.8 seconds on the
scientific literacy items as compared to 3.6 seconds on reading fluency items. How-
ever, gender differences in response time distributions were slightly bigger in reading
fluency when compared to science, as measured by the KL distance between male
and female response time distributions.’ To clarify the key ideas from this analysis,
we focus on results from four countries for illustration: Brazil (BRA), Netherlands
(NLD), Moscow Region of Russia (QMR), and the United Arab Emirates (ARE).!°

Empirical Study 1: PISA 2018 Science Items

Data. This section uses publicly available data from the PISA 2018 Science
assessment. [tems in this domain assess if students can interpret and make inferences
about scientific phenomenon, while focusing on a range of science competencies
(OECD, 2019). Correct responses to science items require understanding of items,
recall of relevant scientific knowledge, as well as higher order cognitive reasoning.'!
As respondents would need to spend time on reading and reasoning about the
problem, we anticipate that more careful responses (i.e., slower responses) will
generally be more accurate.

Figure 5 describes scientific literacy response and time data from 71 countries.
To avoid item order effects, we include dichotomous, multiple-choice items from
Booklet 13 to 18.'> We discuss the panels in the figure from left to right. Panel 1
shows the density of observed score differences between female and male groups
across countries. Note that the density distribution is centered around zero and is

692

5UB0117 SUOLILIOD AIIES.ID) 3101 ke 8} Aq PRUBACE B8 SOOI YO (98N JO 3N 10} AIRIGITBUIIUO A3 1A UO (SUOIPUOO-PUE-SWLBIAWIO0™Ad 1 ARe.q 1PU1IUO//'ScIY) SUOIIPUOD PUE SWL L 841 885 *[9202/0/ET] U AeIqiT8uliu0 MM ‘AISBAIUN PIOJUIS AQ BTYZT WPSI/TTTTOT/I0pA00" A3 |IMARIq][BU U0/ SNy WO} PAPEOIUMOQ Y V202 ‘VBEESYLT



Accuracy difference Median log response time Q-Q plot: log time CAFs
E(y)=0

4.5

Median= 3.91 log secs;
=49.84 secs

0.6
L

males
.
males
0
L
Accuracy offset

04

35
L
.

0.2

0
4

0.0

3
T T T T T T T T T T T T T T T T T T T T
-0.15 -0.05 0.05 0.15 3.0 3.5 4.0 4.5 -4 -2 0 2 4 -4 -2 0 2
Accuracy diff: females-males females females Response time (log seconds)

Figure 5. Gender difference in time usage, score, and CAF shape for PISA Scientific literacy.
From left to right—Panel 1. Accuracy difference: Density distribution of difference of female
and male observed accuracy scores (averaged across items at the country level). Vertical line
is added at x=0. Panel 2. Median log response time: Each point represents a country. Y-axis
represents median log response time for males and X-axis for females. Panel 3. Q-Q plots:
Quantile-quantile (Q-Q) plots of male and female log response time. Panel 4. CAFs: Blue
lines show country-specific CAFs, mapped for 1st-99th percentile of each gender’s centered
log response time distribution. Overall CAF is shown in black along with indications of where
certain percentiles of the complete response time distribution occur.

roughly symmetric, that is, countries in which males outperform females are roughly
equal in number to the countries where females outperform males.

Panel 2 plots the median response time for males (Y-axis) and female gender (X-
axis), where each point represents a country. The points largely lie below the 45°
line, showing that on average, males are spending less time on science items when
compared to females. Panel 3 shows quantile-quantile (Q-Q) plots of response time
distributions for female and male groups. Each blue line in the plot represents the
Q-Q plot for one country. A blue line lies along the diagonal when male and female
response times have similar distributions. In Panel 3, blue lines lie along the diagonal
for the lower and middle ends of the response time distributions, and dip below the
diagonal on the right end for some countries. This dip represents a relative right skew
for male response time distributions compared to females. Panel 4 shows CAFs for
all countries in light blue, with an overall CAF shown in black for emphasis. CAFs
are generally upward sloping implying that less rapid responses are more accurate.
However, as response time increases, there are reductions in gains associated with
increases in marginal time.'3

Country-level adjusted differences. Figure 6 shows the adjusted scores A,
mapped against observed scores A. The mean change in scores (A — A.) across
countries is .15% (SD = .35%). To avoid confusion, results are split by values
of A such that the left panel focuses on countries where males are the higher
performance group and the right panel shows countries where females are higher
performing. Country-level CAFs and response time distributions for the selected
four example countries (Brazil, Netherlands, Moscow Region of Russia, and United
Arab Emirates) are shown in the Appendix 4. Note that the CAFs are largely upward
sloping for scientific literacy, corresponding to the left panel of Figures 3 and 4.
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Figure 6. Graph shows group difference estimates corrected for speed A, compared to
observed scores A. Observed score differences A were biased estimates of capacity. Each
point represents a country. Dashed diagonal line is the 45° line, where A = A:; horizontal line
is at A, = 0. Selected countries for deep dive are highlighted in blue. Left: Graph shows
results for countries where males had scored more than females, where adjusted score largely
increases. Right: Graph shows results for countries where females had scored more than
males, where adjusted scores largely decreased.

If the group with faster respondents was also performing worse, we would expect
observed scores to overestimate group capacity differences; that is, group scores
after adjusting for speed differences would reduce (A, < A). However, note that
group differences in accuracy and speed are relatively small. We discuss in turn the
range of possible scenarios.

Turning to the A, values (results related to A, are reported in the Appendix 1), we
observe that adjusted scores increase for most countries when males are the higher
performing group (Figure 6a). Consider Brazil: males are the higher performing
group but also respond more rapidly (i.e., this scenario is similar to the blue group in
the left panel of Figure 4). Adjusting for time usage differences should thus increase
A, relative to A the difference, corresponding to the bottom left panel in Figure 4.
For Brazil, relative to an observed group score difference of A = 1.06%, we estimate
A, = 1.42%. From this perspective, the observed score difference is a potential un-
derestimate of the difference in capacity. The second observation in the left panel is
Moscow, where observed score differences decrease from 3.7% to 2.7%. Males are
again the higher performing group but they respond more slowly; that is, they spend
more time on the item. This corresponds to the red group in the lower left panel of
Figure 4.

In the right panel (Figure 6b), we observe that adjusted scores decrease for most
countries when females are the higher performing group. We focus on results for two
countries: Netherlands (NLD) and United Arab Emirates (ARE). In both countries,
females are the higher performing group that also spend more time on the item. This
again corresponds to the bottom left panel of Figure 4, where females correspond to
the red dots. Hence, observed group differences are expected to decrease. In Nether-
lands, group differences decrease from 1.4% to almost 0%; in United Arab Emirates,
differences decrease from 4.8% to 4.6%. Details of country-level results for these
four countries are discussed in Appendix 4.
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Figure 7. Gender difference in time usage, score, and CAF shape. Vertical line is plotted at x
= 0. From left to right—~Panel 1. Accuracy difference: Density distribution of difference of
female and male observed accuracy scores (averaged across items at the country level).
Vertical line is added at x = 0. Panel 2. Median log response time: Each point represents a
country. Y-axis represents median log response time for males and X-axis for females. Panel
3. Q-0 plots: Quantile-quantile (Q-Q) plots of male and female logged response time. Panel
4. CAF’s: Blue lines show country-specific CAFs, mapped for 1st-99th percentile of each
gender’s centered log response time distribution. Overall CAF is shown in black along with
indications of where certain percentiles of the complete response time distribution occur.

In both panels, we also observe some countries lie along the 45° line, where ob-
served and adjusted differences are very close. In these cases, observed group score
differences can be attributed to group differences in capacity; that is, there is no ob-
servable impact of adjusting for group differences in speed. In the next section, we
discuss the results for PISA reading fluency items.

Empirical Study 2: PISA 2018 Reading Fluency

Data. We now discuss analysis of the PISA 2018 for Reading Fluency.'* The
PISA 2018 reading framework organized the cognitive processes involved in reading
as: (1) reading fluently and (2) locating information, understanding, and evaluating
and reflecting (OECD, 2019a). We focus on reading items written to target the first
process; we will henceforth refer to these as Reading Fluency or Fluency items.

Fluency items in PISA 2018 were designed to evaluate if respondents could read
and understand simple text efficiently. Students were presented 21-22 sentences in 3
minutes, and they had to determine if the sentence made sense or not (items had
two possible responses: yes or no). An example sentence is “The window sang
loudly” (OECD, 2019b). Response time is hence small (median time is 3.6 seconds
in Table 1), and faster responses might be expected to be more accurate since this
task requires automaticity in reading.

In Figure 7, Panel 1, we observe that females were the more accurate group across
countries, similar to the findings in Table 1. The percentage change in group mean
score difference across countries was 2.34% (IQR 1.27%). Our findings are consis-
tent with those from the PISA 2018 report (Schleicher, 2019), which reported higher
reading scores for females for most countries.
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Figure 8. Adjusted scores (A:) vs. observed scores (A), each point represents a
country. Dashed diagonal line is at 45°, where A = A... Horizontal line is at A, = 0.

In Panel 2, each point maps median response time for males in a country to the
median female response time. The points lie above the 45° line for most countries,
showing that females spent less time on items compared to males on average. The re-
sponse time distributions also show a bigger skew and more variation in differences
(see Panel 3, which contains Q-Q plots for male and female log response time distri-
butions). The CAFs in Panel 4 are non-monotonic suggesting that returns to increases
in time do not always yield increases in accuracy. In the case of reading fluency, on
average, the CAFs are downward sloping to the right of mean response time; note
that mean response time is centered at 0. As we shall see below, this centering has
important implications for interpreting results.

Country-level adjusted differences. We now consider adjustments in observed
differences in accuracy for differences in time usage. Note that the CAFs have a neg-
ative slope at the mean log response time (Figure 7, right panel). In this case, it seems
that generation of a correct response typically happens rapidly and additional time is
perhaps indicative of wheel-spinning and other unproductive activities (Smallwood
and Schooler, 2015).

We again consider the the A and A, values for each country (Figure 8). Since
females are always higher performing we only need a single panel and the X-axis
represents Agemale — Amale- Females tend to spend less time responding to these items
(note that the blue lines tend to be below the diagonal in Figure 7, middle panel),
and given the shape of the CAFs, we anticipate A, <A (similar to blue points in
the bottom right panel of Figure 4, which are below the 45° line). This is the re-
sult we observe in Figure 8. Adjusting for speed differences reduces observed mean
score differences between groups across countries. Across countries, the mean size
of score adjustment (A — A.) is .51% (SD .21%). Country-level results are shown in
Appendix 4 for Brazil, Netherlands, Moscow region, and UAE. Group differences
reduced from 2% to 1.7% for Brazil, 2.1% to 1.7% for Netherlands, 2.2% to 1.8%
for Moscow, and 5.9% to 5% for UAE.

Discussion

We offer an approach designed to assess the extent to which observed group-level
differences in accuracy may be due to differences in speed. We demonstrate the util-
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Differences in Time Usage as a Competing Hypothesis for Observed Group

ity of this approach in simulations studies and then consider an empirical example
using PISA data. While we consider the case of gender as the grouping variable in the
PISA data, the approach is generic and could be used to study other group-level dif-
ferences. Our approach offers one opportunity for further studying group differences
in low-stakes assessments and also raises interesting questions about the meaning of
“ability”; we discuss both of these matters below.

Our empirical work focused on data from the 2018 PISA from 71 countries, with
focus on results from four countries for exposition: Brazil, Netherlands, Moscow
region of Russia, and United Arab Emirates. We focused on two assessments: (1)
Scientific literacy items and (2) Reading Fluency. In general, previous work sug-
gests that males are less engaged and exert less effort in low-stakes exams like
PISA. We argue that this is observed in the case of scientific literacy as a reduc-
tion in time usage. Our approach offers a means of quantifying the implications of
this phenomenon and adds an alternative interpretative lens that might be impor-
tant as policy makers consider these results. Our findings for the fluency items con-
nect to other results from analysis of similar items (Ranger, Kuhn, and Pohl, 2021;
Goldhammer et al., 2014; Wang and Chen, 2020) wherein spending more time on
items does not result in increased accuracy and may instead reflect confusion or
uncertainty.

The proposed method can be used to adjust score differences for speed without
making any strong assumptions about the underlying relationship between speed
and capacity. This has implications for how group differences in test scores are
interpreted. When the proposed method leads to observable changes in gender score
differences, there would be a need for nuanced interpretation of the test scores.
Similarly, the finding that observed and adjusted score differences are similar
would imply that observed score differences between groups reflect group capacity
differences, and can be interpreted as such. We view this analysis as similar to what
is frequently done with differential item functioning (DIF) studies: null results may
help ensure clarity about the nature of the inference drawn from a given measurement
exercise.

This method also offers a useful tool for interrogating group differences, es-
pecially in low-stakes settings. In doing so, we invoked the notion of “capacity”
and this merits additional comment. Breaking accuracy differences down into
components due to capacity versus those due to speed does not necessarily imply
specifics regarding their meaning. Here, we have discussed reasons for gender
differences in the speed of response—for example, stress (Cai et al., 2019)—that
are potentially unrelated to the cognitive processes that the items seek to discern.
However, in other cases, it may not be so obvious. For example, suppose a student’s
response behavior is governed by a particular CAF and a particular choice of speed.
What would additional instruction related to the relevant skill (e.g., instruction in
reading) change in this scenario? It may change the level of the CAF such that,
for a response generated in some specific length of time, we would anticipate a
more accurate response for the student following the intervention. Alternatively,
this instruction may primarily change the student’s preference with respect to speed.
The instruction could also change both CAF level and speed, and the nature of the
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change could depend on both the construct and the nature of the intervention. These
are complex questions that future research may care to consider. A next step for
such work is to understand how respondent, task and context characteristics result
in group differences in capacity, speed, and shape and level of CAFs, and in turn,
how these differences translate into observed score differences. We think that the
decomposition described here may be useful for describing these differences (espe-
cially when we anticipate groups behaving differently for reasons unrelated to the
construct) even if it does not resolve the conceptual meaning of the differences in all
cases.

There are other limitations of the current work that merit attention. First, we have
presumed that the CAFs are common across items; that is, we assume the same func-
tional form for CAFs across items and do not introduce any item-level variation. Our
approach is thus most appropriate for items that are relatively homogeneous. Future
work may wish to probe the degree to which there is such variation and, when it ex-
ists, whether it can be leveraged to refine the resulting inferences. Second, and related
to the notion of group-level variation in the CAF, we rely upon the fact that groups are
relatively balanced (as a function of the design of PISA) in terms of sample size. If
they were not, this would lead to a CAF that was overly reflective of behavior in one
group. Approaches based on this method that allow for unbalanced groups would be
possible; research from the literature on item bias pertaining to sample size concerns
(e.g., Scott et al., 2009) may be useful in developing such extensions. Third, we do
not currently quantify uncertainty in the estimation of the CAF. Fourth, future work
can consider how the nature of CAF and ability estimates change as a function of in-
terventions. Fifth, this work uses linear probability models with b-splines to flexibly
estimate the relationship between response time and accuracy; while the assumptions
of the linear probability model are violated in the case of dichotomous responses, we
think this is defensible (see arguments in Domingue et al., 2022, 2021). However,
other approaches may be considered in subsequent work. Finally, the method could
potentially be extended to the study of more than two groups to examine intersec-
tionality in group differences.

Across the globe, educational outcomes are widely used to understand educa-
tional practice, often with data collected in low-stakes assessments. Group differ-
ences are a critical metric in many settings. The rapid increase in digitally admin-
istered assessments also means that response time is increasingly available. The
approach described here is aimed at using such response time data to further in-
terrogate observed group differences in accuracy. The approach works well in sim-
ulation studies with modestly sized samples. We illustrated its use with an exam-
ple focusing on gender differences on the PISA assessment. However, there is in-
terest in many such group differences; for example, cultural and language groups
may utilize different response processes (Guo and Ercikan, 2020). Such differ-
ences would have implications for how group differences in test scores are inter-
preted, and also for how feedback might be provided to students, teachers, and
schools. Approaches like ours may help add nuance related to readily observed
differences in accuracy that may be useful in the conversations spurred by such
feedback.
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Notes

"We use b-splines which are a map from R' to R, here we use J = 2 (using the
bs function in R), where degree 2 is chosen to describe curvilinear CAFs; this use is
similar to previous work (Domingue et al., 2021). Simulations and empirical work
from (Domingue et al., 2021) suggest that results are robust to the choice of J.

>The first part of the decomposition in Equation 8 considers A, = fT hy dt —
fT hy dt. The key assumption here is that the difference between group CAFs when
integrated over joint time density is roughly similar to the difference when integrated
over group 2 time density. The joint response time density does not have to be the
same as group 2 time density; the requirement is for the difference. The second term
considers A, = sz hdt, — fT] hdt,. Again, we don’t require joint CAF h to be the
same as CAF for group 1 i;. We only need the group differences to be similar after
CAFs are integrated over response time distributions, which is a reasonable assump-
tion. These assumptions were met in the empirical cases we discuss in the article.

3This response time reflects response time for simpler tasks. Simulation results are
not sensitive to the choice of mean response time, since we estimate CAFs with item
fixed effects.

“In preliminary analyses, we verified that if b, = 0 the resulting effect is that val-
ues of . are not associated with group differences in accuracy.

3See https://github.com/rkap786/PIS Ahelper

Shttps://www.oecd.org/pisa/data/2018database/

"We take raw response and response time for items and students. Missing re-
sponses (due to adaptive nature of the test or due to students not responding, etc.)
are dropped from the analysis.

8Tn PISA, respondents can visit an item more than once; that is, they can attempt
it, move to another item in the same booklet, and come back. Response time is ag-
gregated across these visits.

“Computed as difference between response time density for females and males us-
ing KL-distance. Average of female-male and male-female distance for each country

10Supplementary Index in Appendix 3 contains descriptive analysis and results for
science and reading fluency for all 71 countries

""Example of science items can be seen here: https://t.ly/ScienceReleasedItems

2Item order effects in computer adaptive testing can influence item param-
eter estimation (Kanopka and Domingue, 2022; Leary and Dorans, 1982). Pre-
liminary work suggests that order effects can interfere with estimation of the
CAF. This is consistent with observations in other data that time usage can have
different implications as a function of item order (Domingue et al., 2022) or that
order effects can have implications for accuracy (Kanopka and Domingue, 2022).

3Note that response times are centered at 0 in Panel 4.
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“Exemplars of Fluency items are available: https://www.oecd-ilibrary.org/sites/
098babla-en/index.html?itemId=/content/component/098babla-en
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Appendix 1: Score Differences Adjusted for Capacity Differences: Simulation
and Empirical Results

Simulation Results

This section presents results for accuracy differences due to speed (A;), that is,
score differences adjusted for capacity differences. We demonstrate the results here
to complete the intuition of the simulation. Difference in score between groups (A)
are simulated to be a function of latent speed (1), latent capacity (jg), and slope of
the CAF (b,). The top panel in Figure Al considers change in group difference due
to speed, A, over 100 values of capacity pg. As expected, group differences due to
speed (A\ ) is higher for the slower group (red) when CAF is upward sloping (b, > 0
in the rop left panel); when CAF is downward sloping (b; < 0 in fop right panel), the
adjusted difference A, is lower for the slower group. Note that A, is not affected by
change in capacity Ly, it only changes with L.
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Figure Al. Results from simulation study for 100 values of .y for each set of simulation
conditions (N, ), when N = 1, 000. Top panel shows the association between L4 and the
adjusted score A, forb, € {.5,0, —.5}. Note that after adjusting score for differences in
capacity, the score difference AAT is associated with ., but not with ; that is, any
difference in scores is due to difference in latent speed. In the fop left panel, CAFs are
upward sloping (b, > 0), and hence, groups with slower speed (red) have the higher score.
In the right panel, red group has slower speed and lower score as CAFs are downward
sloping (b, < 0). The bottom row column shows the association between Observed
difference A and ;1\‘ Note that with A\S, adjusted scores are the same for all values of A as
capacity differences have been adjusted, similar to the top panel.

We see this relationship in the bottom panel which compares the observed group
score A with scores adjusted for capacity differences (A,). The results show that
variation in A estimates translates to variation due solely to . when we consider
A,. This is as expected given that A, indexes speed-based differences; differences
between similar colored points are minimized as they are due solely to g (to which
A, is insensitive). Similar to the top row, f’\: is centered around a constant value given
the underlying . at all values of group score difference A. In the bottom left panel,
when CAF is upward sloping, the slower red group (. < 0) are centered around
a higher constant A,, and the faster blue group around a lower A,. The direction is
reversed when CAFs are downward sloping in the right panel. Further, if CAFs were
flat, there would be no systematic change from the adjustment (b, = 0 in the middle
panel).

Empirical Results

This section discusses adjusted group score differences due to speed (;\;) as com-
pared to observed differences for PISA scientific literacy and fluency. Figure A2
shows that when males are the higher performing group in science, group differences
(XY) are below 0. Note that males are the higher performing, faster speed group that

703

5UB0117 SUOLILIOD AIIES.ID) 3101 ke 8} Aq PRUBACE B8 SOOI YO (98N JO 3N 10} AIRIGITBUIIUO A3 1A UO (SUOIPUOO-PUE-SWLBIAWIO0™Ad 1 ARe.q 1PU1IUO//'ScIY) SUOIIPUOD PUE SWL L 841 885 *[9202/0/ET] U AeIqiT8uliu0 MM ‘AISBAIUN PIOJUIS AQ BTYZT WPSI/TTTTOT/I0pA00" A3 |IMARIq][BU U0/ SNy WO} PAPEOIUMOQ Y V202 ‘VBEESYLT



(a) Science: Males- Females

0.001

(b) Science: Females-Males

QVR
0.000 0.009
NLD

-0.001

" ,, 0.006 . ARE
(< -0.002 ) < <. ;

00031 7 - BRA 0.003

-0.004

0005 0.000

0.00 0.01 0.02 0.03 0.00 0.02 004 0.06

A (males-females)

A (females- males)

Figure A2. PISA Scientific literacy: Results across countries for differences due to speed,
that is, differences adjusted for capacity. Left: Adjusted differences when males score more
than females. Right: Adjusted differences when females score more than males
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Figure A3. PISA Fluency: Results across countries for differences due to speed, that is,
differences adjusted for capacity. Females scored more than males across countries in
fluency

spend less time on items. In the simulation (Figure A1), this is the bottom left panel,
where males correspond to the blue dots. Females correspond to the red dots in the
panel, where adjusted score increases because the higher performing group has less
speed and spends more time on items.

For reading fluency (Figure A3, females are the higher performing group that have
more speed (less time on items) when CAFs are downward sloping. This corresponds
to the bottom right panel in Figure A1, where females now correspond with the blue
dots. Note that adjusted differences increase for most countries.

Appendix 2: Simulation Results: Sensitivity to Choice of Parameters

Number of Respondents: N = 10,000

Group score differences are adjusted for speed (A;) and capacity (XC) for N =
10, 000. These results are similar to the results for N = 1, 000, but offer more preci-
sion. These results show detail related to, for example, the degree to which increased
sample results in more precise estimates of ;\\C quantities but suggests a similar set of
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Figure Bl. Results from simulation study for 100 values of |1, for each set of
simulation conditions (V, j.), when N = 10, 000. Graphs show relationship between
observed group differences (A) and true group capacity difference jLg. Similar to

N =1, 000, observed group differences are separated by . at the same capacity. The
variance is estimates is lower for larger N
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Figure B2. Results from simulation study for 100 values of 1,, when number of items
€ {20, 45, 100}, for each set of simulation conditions (N, |L.). Left: Graph shows the
association between gy and the adjusted score A,, with the colors showing variation in
number of items. The right column shows the association between Observed difference A
and A\C There is no variation in results based on number of items

facts about their capacity to distinguish between variation in observed accuracy due
to W versus pg. Based on these results, we argue that the ;\: estimates are effectively
able to disentangle the role of speed and capacity underlying naive A estimates for a
wide range of sample size (Figure B1).

Sensitivity to Number of Items and Capacity-Speed Covariance

Figure B2 shows that the simulation results are not sensitive to choice of number
of items between 20, 45, and 100 items. This is shown by the overlapping red, blue,
and black dots when A, is mapped against ability (jug) and observed group score
difference A. Similarly, Figure B3 shows that results are not sensitive to the choice
of covariance between latent capacity and latent speed (p). The figure holds all other
parameters including covariance for group 2 constant (p, = 0), while varying covari-
ance for group 1 (p; € {0, .25, .5}).
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Figure B3. Results from simulation study for 100 values of |15, when latent
capacity-latent speed covariance for group 1 p; € {0, .25, .5}, for each set of simulation
conditions (N, ). Left: Graph shows the association between Ly and the adjusted score
XC, with the colors showing variation in p. The right column shows the association between
Observed difference A and ;\: There is no variation in results based on p

Appendix 3: Country-Level Descriptive Results

Please find country- and subject-level descriptive results in the attached Supple-
mentary Index file, including number of respondents, percent of female respondents,
observed score differences (A), and adjusted differences (A, ).

Appendix 4: Empirical Results: Brazil, Moscow, Netherlands, United Arab
Emirates

PISA Scientific Literacy

This section shows country specific CAFs and response time distributions for
highlighted countries. These countries were selected to offer a glimpse into how
different permutations of the method were working. In the left panel of Figure D1
below, females are the lower capacity group in Brazil (lower CAF) which spend
more time on items. Adjusting for time use hence increases group differences.
In Moscow (right panel), females were the lower performing group that spent
less time on items. In other words, males were the higher capacity group that
spent more time on items. Adjusting for time use differences reduces group
differences.

In Figure D2, females are the higher capacity group for both Netherlands and
United Arab Emirates (UAE) for scientific literacy. Females are also the group that
spends more time on items. Adjusting for time use differences reduces group differ-
ences.

PISA Reading Fluency

In reading fluency, we note that group CAFs intersect for Netherlands, UAE, and
Brazil (Figure D3). CAFs for females rises above the CAFs for males for response
time between —2 and 1 log seconds for Netherlands, between —4 and 1 log seconds for
UAE, and between -3 and 1 log seconds for Brazil. Note that CAFs for females are
more curvilinear; that is, returns to time both increases and decreases more sharply
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Figure D1. PISA Scientific literacy: Results from two countries where males scored more
than females. Score difference between groups decreases for Moscow but increases for
Brazil.
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Figure D2. PISA Scientific literacy: Results from two countries where females scored
more than males. Score difference between groups decreases for both Netherlands and UAE.

for females. CAFs turn downward sloping between —1 and 0 log seconds for all
countries. Note that this is the part of CAFs where the female CAF lies above the
male CAF. Adjusting for time would shift the time distribution for females to the
right; that is, they would be spending more time on items in the region of downward
sloping part of CAFs. This implies that adjusting for time distribution would reduce
group differences, as females are the higher performing group with downward CAFs
and spending less time on items. This is what we observe, as group differences reduce
from 2.12% to 1.73%.

For Moscow Region of Russia, CAF for females is always above the graph for
males, and females spend less time on times. Adjusting for speed reduces group
differences from 2.16% to 1.82%, suggesting that the impact of the adjustment was
in the downward part of the CAF.
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Figure D3. PISA reading fluency: Results from two countries where females scored more
than males. Score difference between groups decreases for both Netherlands and Moscow
Region (QMR).
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