
Chapter 13
Investigating Rater Effects
in International Large-Scale Assessments

Hyo Jeong Shin, Matthias von Davier and Kentaro Yamamoto

Abstract The present study investigates rater effects in international large-scale
assessments to evaluate the construct validity of constructed-response items scored
by human raters. Using the Programme for International Student Assessment data
collected in 2015, we illustrate the methods and present the findings about rater
effects on constructed-response items in the context of the first fully computer-based
international student skill survey. By comparing the unidimensional and the two-
dimensional multiple-group item response theory model, it was shown that the latent
correlations between human- andmachine-coded itemswere almost perfect. Country
means of human- and machine-coded items were generally similar and their differ-
ences were small. Further investigation into individual rater effects mostly resulted
in small random loadings, which implied that rater effects were negligible in most
countries.

13.1 Introduction

Most cognitive assessments are likely to either include multiple-choice (MC) items,
constructed-response (CR) items, or both. Unlike the process for scoring MC items,
collecting data from CR items often requires human scoring. In the context of inter-
national large-scale assessments (ILSAs), ratings from human coders

1
constitute a

significant portion of the data and are an essential factor for data quality and, eventu-
ally, the reliability and validity of test results. It is common practice to monitor rater
reliability by obtaining multiple scores from different raters for a subset of responses

1 In the context of PISA, human raters are often called “coders.” In this chapter, “coders (coding)”
and “raters (rating)” are used interchangeably.
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and evaluating the level of agreement between multiple human raters. For example,
human raters in the Programme for International Student Assessment (PISA) are
expected to achieve a minimum of 85% agreement with other raters at the item level,
based on the subset of common responses. Within each core domain (Mathematics,
Reading, Science), an agreement rate of 92% across items is expected. Once the
target level of inter-rater reliability is achieved, human-rated scores are assumed to
be valid and reliable, and scores from the lead human raters are then used as the final
scores in subsequent analytic procedures (such as item calibrations) along with MC
item scores (Organisation for Economic Co-operation and Development [OECD]
2017).

Agreement rates between multiple human raters may be sufficient within a given
country for a given assessment cycle to examine whether they understand and apply
the scoring rubric consistently. In the context of ILSAs, however, it is imperative to
also investigate whether raters from different countries and different cycles provide
comparable ratings. The main goal of ILSAs is to compare the skills, knowledge,
and behaviors of various populations across countries, focusing on group-level scores
(Kirsch et al. 2013). This would not be possible without comparability of human-
rated scores across countries and cycles; otherwise, the reliability and validity of the
test results would be threatened within and across countries and cycles.

Therefore, for CR items to be used effectively in ILSAs, studies have emphasized
that raters should be trained to assure that scoring remains valid and comparable
across countries and cycles (Mazzeo and von Davier 2008, 2014). Although con-
cerns regarding the validity of human-rated scores and the potential presence of
rater bias have been raised in the research literature, a comprehensive investigation
has thus far been almost impossible due to a lack of data recording in paper-based
assessments (PBA) from the past. For example, in PISA cycles prior to 2015, only a
subset of CR items was examined for reliable agreement rates among raters. Coding
PBA items in the online coding system was not compulsory. The process saw most
participating countries coding CR paper-based items onmultiple paper-based coding
sheets associated with test booklets, and then entering data into the data management
software (OECD 2014). With the introduction of computer-based assessment (CBA)
in the 2015 PISA cycle, however, test takers’ raw responses to all CBA CR items and
corresponding scores, along with the rater assignments on those scores, have been
recorded and are easily accessible. Switching to CBA opened up the possibility of
investigating the potential presence of rater bias and the reliability and validity of
human-rated scores.

Therefore, this study aims to investigate the effect of human rating on construct
validity in ILSAs in terms of rater effects that often have been neglected in the past.
We use the 2015 PISA data collected for Science, which was the major domain for
this cycle and included over 50 human-rated CR items along with over 100 MC
items.2 Two research questions are investigated in this study: (a) the extent to which
MC items and CR items similarly measure the underlying latent construct, and (b)

2The major domains for PISA included a large number of both new and trend items. The minor
domains included a small number of only trend items.
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the extent to which individual rater effects exist in the PISA data across countries.
In order to answer these research questions, we first apply and compare unidimen-
sional andmultidimensional item responsemodels using appropriate variants of these
models for analyzing cognitive tests with mixed item types (i.e., MC items and CR
items), with different scoring types (i.e., machine- and human-scored items) while
accounting for the clustering (i.e., participating countries). We then fit multiple lin-
ear regression models specifying rater indicators as input variables to predict the
resultant person proficiencies from the multidimensional item response theory (IRT)
models. This allows estimation of individual rater effects that are comparable across
countries.

13.2 Scoring Human-Coded Items in PISA 2015

13.2.1 Categorization of Items by Item Formats

The definition of item formats can be different and vary by the purpose of the assess-
ment or the target construct. Following the typology of Bennett et al. (1990), an MC
item is defined as any item in which the test taker is required to choose an answer
from a relatively small set of response options. A CR item is defined as an item
that requires the test taker to compose his or her own answer. In PISA, test takers
are given a test form consisting of both MC and CR items organized in groups, or
testlets, based on a common stimulus. Historically, five format types were identified
and initially used in PISA (OECD 2001)3: two types of MC (regular and complex
multiple-choice items), and three types of CR (closed constructed response, short
response, and open constructed response).

Approximately one third of items across the core domains in PISA 2015 were CR
items that required human coding, with nearly 50% of them in the Reading domain
being CR. To investigate rater effects across countries in ILSA, we used the PISA
2015 Main Survey data and focused on the Science domain, which, as the major
domain in the 2015 cycle, had newly developed frameworks and new items (OECD
2016). With the introduction of the CBA mode in PISA from the 2015 cycle, some
of the CR items could be scored by a computer while many of the CR items still
required coding by human raters. Items with numeric responses (i.e., only numbers,
commas, periods, dashes, and back slashes), responses involving choices from a
drop-downmenu (i.e., radio-button-type items), or selecting rows of datawere scored
by computer. All others, typically answered by entering text-based answers, were
coded by human raters. Hence, the item format and the traditional type of scoring did
not necessarily align, so we used “item formats” to distinguish between MC items

3Switching to the CBAmode enabled the development and administration of interactive and innova-
tive item formats, such as simulation-based items. In this study, we focus on the distinction between
CR and MC, but readers can refer to the PISA 2015 technical report (OECD 2017) for such new
item formats.
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Table 13.1 Categorization of
CBA science items from the
PISA 2015 main survey

Machine-scored Human-rated

New 69 30

Trend 57 28

Total 126 58

Table 13.2 Number of
human coders per country in
PISA 2015 science domain

Number of countries Number of coders Sample size

2 4 1501–4000

40 8 4001–7000

4 12 7001–9000

6 16 9001–13,000

5 20 13,001–19,000

1 32 19,001–29,000

1 36 More than 29,000

and CR items, and “scoring types” to distinguish between human-rated items and
machine-scored items. Because human-rated items were a subset of CR items and
machine-scored items included a small number of CR items and all MC items, the
focus of comparison was between “human-rated CR items” versus “machine-scored
CR and (all) MC items.”

There were 184 CBA Science items analyzed in total: 58 human scored (8 poly-
tomous and 50 dichotomous items), and 126 machine scored (5 polytomous and 121
dichotomous items). Ninety-nine items were newly developed items, and 85 were
trend items that had been administered in previous cycles. With about a third of new
items (30 of 99) being human rated, the importance of studying the validity of human
ratings is clear (Table 13.1)

In analyzing the data, we included countries that administered the test via CBA
mode only; information about rater assignment linking to their scores was inaccessi-
ble via PBAmode. Overall, 59 CBA countries were included in the study. Table 13.2
presents the number of human coders per country in PISA 2015 Science. According
to the coding design and procedures (Chapter 13 of the PISA 2015 technical report;
OECD 2017), most countries (40 of 59) followed the standard design with 8 coders
(grayed in Table 13.2). Two countries with smaller sample sizes had 4 coders, while
the 17 remaining countries with larger sample sizes had 12, 16, 20, 32, and 36 coders,
respectively, depending on the increasing size of the sampled language group of the
assessment.

13.2.2 Coding Design and Procedures

Human coders who evaluate CR item responses and provide scoresmust be trained to
ensure that they adhere to scoring rules, which should be applied consistently for the



13 Investigating Rater Effects in International … 253

given assessment, as well as over multiple assessment cycles and across participating
countries (Mazzeo and von Davier 2008). Scoring of CR items by human raters is
time consuming, expensive, and can be subject to bias, meaning there is potential for
inconsistencies across raters, cycles, or countries. Therefore, coder reliability checks
in PISA 2015 were for the first time designed to evaluate within- and cross-country
levels for all human-rated CR items, facilitated by a coding design that involved
multiple coding, or coding of the same response independently by different raters. In
PISA 2015, it was assumed that the typical number of raw responses to be coded in a
single country-language group was around 180,000. Coding design and procedures
were made assuming that a single human coder could code 1000 responses per day
(it would take 180 days if a single person were to complete the task alone). Multiple
coding of all student responses in an international large-scale assessment like PISA
is labor intensive and costly. Thus, a subset of test takers’ responses was used to
evaluate the inter-rater reliability within and across countries.

Within country, 100 student responses per human-coded item were randomly
selected formultiple coding. The rest were evenly split amongmultiple human coders
for single coding. The within-country reliability of raters (i.e., exact agreement rates
among human raters based on the multiple coding) varied across items and countries.
In PISA2015, 96%of theCBAcountries coded every itemwith proportion agreement
higher than 85% in the new Science items. More than 97% of CBA countries had
five or fewer items with proportion agreements lower than 85% in the trend Science
items. For most CBA countries, the standard inter-rater reliability concerning exact
agreement rate was at least 90% for all domains (90% in new Science, 93% in trend
Science).

Coder reliability was also evaluated across countries to ensure that the scores on
CR items were comparable across countries. In the PISA 2015 cycle, two coders who
were bilingual in both English and the language of the assessment additionally scored
10 “anchor responses” for each item. These responses were written in English and
were used to compare the application of scoring rules across countries.4 In general,
across-country agreement tended to be lower than within-country agreement; while
a mean of 94.2% within-country agreement was observed for trend and new Science
items, slightly lower means of 93.6% for trend Science and 93.1% for new Science
items were observed across countries. Since the number of anchor responses was
only 10 in PISA 2015 and previous cycles, it was increased to 30 for PISA 2018 to
make the comparison more robust.

4“Anchor responses” were called “control scripts” up to the PISA 2012 cycle, with the number of
control scripts varying between 2 and 19 depending on the items (OECD 2014).
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13.3 Construct Equivalence of Different Scoring Types
in PISA

Messick (1993) argued that “trait (construct) equivalence is essentially an issue of
the construct validity of test interpretation and use (p. 61).” With mixed item formats
and diverse scoring types in the test, construct equivalence is critical for using and
interpreting combined scores from items in different formats and different scoring
types as single trait scores. Studies about construct equivalence mostly have focused
on the item format, that is, whether MC items and CR items measure the same latent
trait and whether the scores from different formats are comparable and valid. For
example, Traub (1993) argued “the true-score scales of the MC and CR instruments
must be equivalent for the comparison of difficulty to be meaningful” and concluded
that there is too little sound evidence in hand regarding the equivalence of item for-
mats, adding that it would vary by domain.More recently, Rodriguez (2003) reviewed
the literature and argued that when items are constructed in both formats using the
same stem, the correlation between them is higher than using non-stem equivalent
items, concluding that the equivalence appeared to be a function of the item design
method or the item writer’s intent. In the context of ILSAs, O’Leary (2001) found
that item format could influence countries’ rankings in Trends in International Math-
ematics and Science Study (TIMSS) data and suggested that different experiences of
using MC and CR items in different countries can have even more important impli-
cations for interpreting test scores. Hastedt and Sibberns (2005) presented a similar
conclusion—that there were differences for subgroups of students and for different
countries in achievement by item format on TIMSS.

Essentially, construct equivalence of different item formats is closely related to the
different scoring types because mostly human raters score CR items. This notion of
construct equivalence of different scoring types—whether machine and human-rated
items provide consistent information—has not been thoroughly studied in ILSAs yet.
Instead, for practical reasons, the focus has been to achieve the operational standards
of inter-rater reliability for the CR subset of item responses. Therefore, to examine
construct equivalence of the different scoring types, that is, to see if both machine-
scored items and human-rated items measure the same construct, we first estimate
the correlations between “human-rated CR items” versus “machine-scored CR and
(all) MC items.”

13.3.1 Methods

We fit multiple-group IRT models (Bock and Zimowski 1997; von Davier and
Yamamoto 2004) the sameway aswas performed operationally in PISA2015 (OECD
2017). Multiple-group IRT models enable the estimation of item parameters that are
common across different populations, as well as unique group means and standard
deviations. Let j denote a person in group k responding in category xi j of item i, and
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suppose there are g groups and a test composed of n items. Assuming conditional
independence of responses, the probability of observing the pattern of response (xj=
[x1j, x2j,…, xnj]) can be written as

P
(
x j |θ

) =
n∏

i=1

Pi (Xi = xi j |θ)

which applies to all groups and persons, given the person attribute θ . More pre-
cisely, the two-parameter logistic model (Birnbaum 1968) for dichotomous items
and the general partial credit model (Muraki 1992) for polytomous items were used
in modeling the item response function.

Based on these IRT models, items are characterized by item slopes and item
locations (difficulties), and the item parameters can be either constrained to be the
same across different groups or allowed to be unique for each group. A latent person
ability, or attribute θ , follows a continuous distributionwith a finitemean and variance
in the population of persons corresponding to group k. With the probability density
function denoted as gk(θ), the marginal probability of response pattern xj in group k
can be expressed as

Pk
(
x j

) = ∞∫
−∞

P
(
x j |θ

)
gk(θ)dθ.

At the item calibration stage in the PISA2015Main Survey, each itemwas allowed
to be either common across countries or unique for a specific country-by-language
group, or unique within subsets of multiple country-by-language groups (OECD
2017). In this study, we only consider international item parameters because the pur-
pose of the study is to examine rater effects that are comparable across countries. Any
systematic rater effect could introduce country-level differential item functioning,
and such systematic effects could be already reflected in the unique item parame-
ters allowed for specific countries. Therefore, during the analyses, we fixed all item
parameters to the international common item parameters obtained from the PISA
2015 Main Survey for all countries.

In this study, two types of multiple-group IRTmodels were fit and the results were
compared: a unidimensional model that assumed all items measured the Science
domain regardless of the scoring type and a two-dimensional model that separated
items by scoring types (the first dimension for “human-rated CR items” and the
second dimension for “machine-scored CR and [all] MC items.”) For this analysis,
we used the mdltm software (Khorramdel et al., in press; von Davier 2005), which
providesmarginalmaximum likelihood estimation via the expectation-maximization
algorithm (Sundberg 1974, 1976; also Dempster et al. 1977).
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13.3.2 Findings

Figures 13.1 and 13.2 show distributions of item slopes and item difficulties that
were used for fixing the item parameters by item formats. As noted earlier, there
were relatively fewer human-coded items (58 vs. 126) in the data. Human-coded
items tended to have higher item slopes (i.e., the proportion of itemswhose slopes are
greater than 1) and appeared more difficult compared to machine-coded items (i.e.,
the percentage of items whose difficulties are greater than zero). This observation is
in line with previous studies in large-scale assessments, such as Dossey et al. (1993),
who investigated the item formats in the 1992mathematics assessment of theNational
Assessment of Educational Progress (NAEP), and Routitsky and Turner (2003), who
studied the item formats in PISA 2003. For NAEP, Dossey and colleagues’ analyses
showed that the extended CR items were much more difficult than MC items and
provided considerably more information per item for more proficient students. In a
similar vein, using PISA 2003 Field Trial data, Routitsky and Turner asserted that the
MC items appeared easier than CR items on average, and CR items showed higher
discrimination (i.e., the correlation between item score and the total score) in general.

Table 13.3 shows the comparison of model fit using Akaike information criterion
(AIC; Akaike 1974) and Bayesian information criterion (BIC; Schwarz 1978), which
penalizes the number of parameters more strongly than AIC. Bothmodel-fit statistics
favored the two-dimensional model for the data, which suggested potential differ-
ences by scoring types. However, the difference in model-fit improvement based
on the Gilula and Haberman (1994) log-penalty measure was negligible. The unidi-
mensional model reached 99.64% model-fit improvement over the baseline model
(independence) compared to the more general two-dimensional model. Hence, it

Fig. 13.1 Distribution of item slopes by scoring types (human-coded vs. machine-coded)
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Fig. 13.2 Distribution of item difficulties by scoring types (human-coded vs. machine-coded)

Table 13.3 Comparison of model fit statistics

AIC BIC Log penalty Percentage improvement

Independence NA NA 0.6490 0.00

Unidimensional 9,976,816 9,978,691 0.5668 99.64

Two-dimensional 9,972,179 9,975,302 0.5665 100.00

Note Log Penalty (Gilula and Haberman 1994) provides the negative expected log likelihood per
observation; % Improvement compares the log-penalties of the models relative to the difference
between the most restrictive and most general model

seems reasonable to assume that MC items and CR items measure a single identifi-
able latent trait.

Furthermore, the latent correlations were estimated between the two dimensions
of scoring types. These correlations were corrected for attenuation by measurement
error (Fig. 13.3). The lowest latent correlation among 59 countries was 0.937, and
the median latent correlation was 0.974. There were only two countries where the
correlation estimateswere lower than 0.950.Overall, all countries showedvery strong
linear associations in their performances on machine- and human-coded items. This
implies that human ratersmaynot exert significant effects that shouldwarrant concern
about whether human-coded items are considerably different from machine-coded
items. Thus, these very high correlations serve as one piece of evidence indicating
construct equivalence between different scoring types and the construct validity of
the test.

Next, Fig. 13.4 presents the comparison of group-level statistics (gk(θ)) by dif-
ferent scoring types: the left compares the group (country) means and the right
compares the group standard deviations (SD). Regarding the group means, most of
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Fig. 13.3 Histogram of latent correlations between machine-coded items and human-coded items

Fig. 13.4 Comparison of group means (left) and standard deviations (right) between machine- and
human-coded items
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the countries, except for two on the left (solid red dots), showed a consistent pat-
tern in their performance regardless of whether the items were machine or human
coded. The shifts in human-coded relative to machine-coded means seem small for
all countries, while the largest differences by scoring types were observed in the
two lowest-performing countries. Regarding the group SD, there were more notable
differences by scoring type, and interestingly, the two lowest performing countries
(solid red dots) also showed the largest differences in group SDs: Both showed a
higher SD in human-coded items and a smaller SD in machine-coded items. Previ-
ous studies noted that the differential behavior of item formats depends on the level
of student achievement (DeMars 2000; OECD 2014; Routitsky and Turner 2003). In
relation to this, Routitsky and Turner (2003) found a consistent pattern that lower-
achieving students performed slightly better on MC than CR items and concluded
that lower-achieving countries performed marginally better on MC items because
they have a larger proportion of low-achieving students. On the contrary, the OECD
(2014, p. 269) calculated the index that indicates achievement on CR items relative
to the performance on all other items. The results were that the index was higher in
low-performing countries, suggesting that students from low-performing countries
were achieving relatively better on the CR items than students from high-achieving
countries relative to their achievement on all other items. This pattern might well be
attributed to their much lower performance on all other items.

In this study, we suspected that the pattern was observedmost likely because these
two lowest performing countries could havemoremissing (omitted) responses onCR
relative to MC items. From existing literature it is known that the nonresponse rate is
relatively higher forCR items compared toMC items, although that could be the effect
of item difficulty or test takers’ characteristics (i.e., gender). For example, Routitsky
and Turner (2003) reported that CR items tend to comprise difficult sets, with the
amount of missing data varying from 9.78 to 57.54% (compared to 1.66–17.62%
for MC items), and that item difficulty accounted for about 25% of the missing data
(11% for MC items), using PISA 2003 Field Trial data.

Therefore, further investigations were carried out as aimed at skipping response
patterns because differences between high and low performers are exaggerated if low
performers did not respond to any CR items due to operational scoring rules (e.g.,
Rose et al. 2017). In present analysis, omitted responses before a valid response were
treated as incorrect5 following scoring rules that have been applied operationally in
PISA since its inception. This affects low-performing countries, in particular, as
they have omission rates on CR items that are much higher than those observed
on MC items relative to other countries. When we calculated the average of the
omission rates for each country by scoring types, all 59 country groups showed
higher omission rates for human-coded than machine-coded items: The difference in
omission rates between human- and machine-coded items ranged between 1.6 and

5In PISA, there were two different categories of missing response. If the missing response was
followed by valid responses (incorrect or correct) in the subsequent items, it was defined as “omit-
ted.” If all the following responses were also missing, it was defined as “not reached.” “Omitted”
responses were treated as incorrect, but “not reached” responses were treated as missing.
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Fig. 13.5 Difference in the country means associated with omission rates

18.4%. Therefore, it was expected that countries with a large number of omits on
human-coded items would also tend to have lower scores on those items. Figure 13.5
shows the relationship between those variables when the average omits per country
were calculated and associated with the country’s performance on the human-coded
items. Although the linear association was not seen clearly, three low-performing
countries (identified as solid red dots) all showed higher omission rates: Two of
them had above 15%, and one had around 10%.

Such a pattern is more apparent when the country means and SDs are sorted
by their performance obtained from the unidimensional model that combined two
different scoring types. As seen in Fig. 13.6, the difference in the country means by
scoring types appears unsubstantial except for the two lowest performing countries.
Interestingly, there seems to be a general pattern that lower-performing countries tend
to show higher SDs on the human-coded items while higher-performing countries
tend to show lower SDs (Figs. 13.6 and 13.7). As shown earlier, this seems to be
an artifact due to particularly high nonresponse rates on CR for low-performing
countries.

In summary, it seems reasonable to assume that machine- and human-coded items
measure the same latent trait, which supports construct equivalence between different
scoring types and the construct validity of the test. The two-dimensionalmodel did not
add substantial value to that provided by the one-dimensionalmodel, and all countries
showed very high correlations of performance measured by human- and machine-
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Fig. 13.6 Comparison of country means by scoring types (sorted by group means from the unidi-
mensional IRT model that combined two scoring types)

Fig. 13.7 Comparison of country SDs by scoring types (sorted by group means from the unidi-
mensional IRT model that combined two scoring types)
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coded items, respectively. Country means of human- and machine-coded items were
generally similar and their differences were small for all but the lowest performing
countries. The two lowest performing countries showed the largest differences in
country means and standard deviations by scoring types, but that pattern seems to
be an artifact of scoring rules due to higher omission rates on CR items among low-
performing countries. In the next step, we aimed to directly estimate individual rater
effects on an internationally comparable scale.

13.4 Rater Effects that Are Comparable Across Countries

13.4.1 Methods

After fitting the two-dimensional multiple-group IRT model separated by scoring
types, we fit two types of multiple linear regressions at the international level to
estimate the individual rater effects that are comparable across countries.We used the
person proficiency estimate as the dependent variable,whichwasweighted likelihood
estimates (WLEs; Warm 1989) based on the second dimension of human-coded

items. Below, we use θ HC
j

∧

to denote the WLE of a person j obtained using only

the human-coded items and θ MC
j

∧

indicates the WLE for the same person j obtained
using only the machine-coded items. To make the interpretation easier, we have
standardized those two WLEs to have a mean of 0 and a standard deviation of
1, respectively. In the first model (M1), independent variables included the person

proficiency estimates based on the machine-coded items (θ MC
j

∧

) and rater-by-country
dummy variables. In the secondmodel (M2), only rater-by-country dummy variables
were specified to predict the performance on the human-coded items.

θ HC
j

∧

= β0θ
MC
j

∧

+
g∑

k=1

Rk∑

r=1

βrk Nr j drk (M1)

θ HC
j

∧

=
g∑

k=1

Rk∑

r=1

βrk Nr j drk (M2)

Regarding the rater effects, r denotes the rater and Rk the total number of raters
in group k. Thus, regression coefficients, βrk , represent the rater effects for rater r
in country k, and they are multiplied by Nr j , indicating the number of ratings for a
person j from rater r associatedwith the dummyvariables (drk). The number of scores
Nr j were required because there were multiple raters for each test taker: Different
raters were assigned to different item sets and each test taker could have taken a
different test form (OECD 2017). In short, each item was coded by a different rater,
and each rater was instructed to score a specific set of items. Thus, we calculated the
number of item ratings evaluated by individual raters and multiplied those number of
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ratings to the rater-by-country dummy variables (drk). These dummy variables take
the value 1 for the rater r from the group k, and 0 otherwise. There were 640 dummy
variables in total in the data. The number of coefficients is small per country (i.e.,
no country has more than 36 non-zero dummy variables), while in total we have 640
parameters; per country the number of regression parameters is comparably small.
Together with Nr j and drk , the regression coefficients (βrk) represent the average
individual rater effects that are weighted by their number of ratings in M2, and
weighted average rater effects controlling for the proficiencies on machine-coded
items in M1. Finally, the intercept was removed to help the interpretation of the rater
effects in a straightforward way, and no country main effects were specified so that
rater effects were not centered.

13.4.2 Findings

The overall explained variance at the international level was 0.562 for M1 and 0.135
for M2. A recent study by Shin et al. (in press) analyzed the PISA rater effects of one
country and found a negligible effect of raters (4.5% of total variance), arguing that
human coding is almost free from subjective bias and that the rater training, scoring
rubric, and reliability checkswere effective. In this study, the estimate of performance
on the machine-coded items (β0

∧

) inM1was 0.705 with the standard error of 0.001 (p
< 0.001), controlling for the individual rater effects. More importantly, the estimates
of individual raters ranged between−0.073 and 0.051 inM1,while the corresponding
range was between −0.222 and 0.101 in M2.

Figure 13.8 presents the distributions of 640 individual rater effects (βrk

∧

) that are
estimated using an internationally comparable scale across countries. The left panel
shows the distribution of estimates obtained from M1 and the right panel from M2.
Small random fluctuations in loadings were expected in most countries where rater
training worked well. On the other hand, mainly positive loadings were expected
in countries where raters tended to be too lenient and negative in countries were
expected where raters were too strict. In both cases, the figure clearly shows a major-
ity of small random loadings around zero, which indicated negligible rater effects,
hence, rater training seemed to work well in most countries. One notable difference
between the two figures was the group of raters with negative loadings (below −0.1)
from M2. Nine raters showed severity (below −0.1), and they were all from three
low-performing countries, two of which were already identified above in Figs. 13.4
and 13.6 as the lowest performing countries. These raters may have seen many non-
responses, particularly in those low-performing countries. Interestingly, when con-
trolling for the performance on machine-coded items, this pattern diminished. Note
thatM1 controls for abilitymeasured byMC items so that the rater effects were based
on differences relative to the conditional expected performance. Thus, the compar-
ison of these figures suggest that the performance of very low-performing students
was attributed to raters’ severe scoring practicewhen performance onmachine-coded
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Fig. 13.8 Histogram of rater effects at the international level (left: M1, right: M2)

items was not controlled for. Taken together, small random fluctuations in loadings
suggest that rater trainingworkedwell inmost countries and that human raters did not
exert significant effects that should warrant concern about differential rater effects
from different countries.

13.5 Conclusion

In the context of ILSAs where a mixed item-format test with a significant portion
of CR items is administered, the quality of the scores on the CR items evaluated
by human raters is crucial to ensure scoring remains valid and comparable across
countries and cycles (Mazzeo and von Davier 2008, 2014). This study investigated
rater effects using PISA data collected in 2015when the assessment switched to CBA
as the major mode. Switching from PBA to CBA enabled relatively comprehensive
analyses of all CR items, which was previously impossible. By comparing the uni-
dimensional and the two-dimensional multiple-group IRT model, it was shown that
the latent correlations between human- and machine-coded items were very high and
that the two-dimensional model did not add substantial value to that provided by the
one-dimensional model, providing evidence for construct validity by suggesting that
the single latent trait is measured by both item types. Country means of human- and
machine-coded items were generally similar and their differences were small. Our
analysis showed that the two lowest-performing countries also showed the most sub-
stantial differences in the country means between two scoring types. Interestingly,
larger differences in group SDs were observed as well, and low-performing coun-
tries tended to show higher SDs based on the human-coded items compared to the
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machine-coded items. This seemed to be an artifact of operational scoring rules and
higher omitted rates among low-performing countries because high and extremely
low performances can be exaggerated if low performers did not respond to any CR
items.

Moreover, further investigation of individual rater effects was conducted using
multiple linear regressions specifying rater-by-country interactions. The analyses
resulted in a distribution of small random loadings, which implied that rater effects
were negligible inmost countries. Therewas a group of raters from the three countries
whose rater effects were estimated to be too severe, but this effect was diminished
when test takers’ performance on the machine-coded items were controlled for. In
sum, for most countries, rater training seemed to work well, and rater effects were
negligible, and hence did not appear to pose any threats to construct validity. At
most, two to three countries were identified that might need further investigation on
the human-coded CR scores and a review of the scoring rubric and coder training
materials. To reiterate, these countries were all low-performing countries where a
considerable proportion of students were extremely low achieving, and there seemed
no clear evidence of significant rater effects or quality-check efforts specifically on
the CR items associated with human coders.

For future studies, rater effects can be investigated concerning the current devel-
opments in scoring CR items introduced in ILSAs. For example, the Programme for
the International Assessment of Adult Competencies introduced multistage adap-
tive testing design and a computer-based platform, which automatically and instan-
taneously scored CR items through the longest common subsequence algorithm
(Sukkarieh et al. 2012). More recently in PISA, a machine-supported coding system
was implemented operationally for the 2018 cycle and has so far shown to increase
the efficiency and accuracy of scoring CR item responses (Yamamoto et al. 2017,
2018). These innovations in scoring CR items using machine learning approaches
will reduce the scoring workload of human raters, but it would be worthwhile to
investigate whether these tools have a differential effect on scoring correct or incor-
rect responses, which potentially might affect the estimation of item parameters. A
study of the impact of using these tools would be a worthwhile endeavor to assure
the measurement invariance and the comparability of item parameters of CR items
across countries and cycles.

Finally, systematic rater effects could introduce country-level differential item
functioning or indicate the violation of the measurement invariance across countries
and cycles. In this study, we have used the data from one assessment cycle and fixed
the item parameters using the international parameters obtained at the IRT calibration
stage. This was performed intentionally to estimate and separate rater effects that
are internationally comparable. A more in-depth look into the comparability across
cycles by using multiple cycles of data would be beneficial, and item fit statistics
associated with the rater effects might better help the understanding of country- and
cycle-level rating processes and behaviors.
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