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Abstract
Background  Computerized adaptive test (CAT) provides individualized measurement, using the patient’s previous 
responses to select the next most informative item. However, the first item, the start item, is usually not individualized 
as no score estimate is available a priori. The European Organisation for Research and Treatment of Cancer (EORTC) 
CAT Core covers 15 health-related quality of life domains. Scores for one domain may be used to obtain initial score 
estimates for another domain. We assessed the potential for using such cross-domain information to individualize 
start item selection for the EORTC CAT Core physical functioning.

Methods  The potential for predicting physical functioning (PF) scores from each of the 14 other domains using 
linear regression was assessed in an international, mixed sample comprising 10,084 cancer patient assessments. 
Using Monte Carlo CAT simulations, the impact of individually selected PF start items vs. fixed start item for CAT 
measurement precision was assessed.

Results  Depending on the domain predicting PF, the correlation of predicted and observed PF scores ranged 
0.25–0.71 and the predicted PF scores were within 1SD of the observed PF scores for 57–85% of the patients. The CAT 
simulations showed that individually selected start items improved measurement precision for the initial steps of 
CATs. The application of individual start items had trivial or no impact on measurement precision when the CAT asked 
three or more items.

Conclusions  Simple linear regression may provide useful cross-domain predictions. Using individualized start items 
may increase measurement precision of the EORTC CAT Core for the initial steps of CAT which may be of relevance for 
short CATs.
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Background
The European Organisation for Research and Treatment 
of Cancer (EORTC) has developed an adaptive instru-
ment, the EORTC CAT Core, covering the same health 
related quality of life (HRQoL) domains as the EORTC 
QLQ-C30 questionnaire [1–4]. Computerized adaptive 
tests (CATs) like the EORTC CAT Core tailor the set of 
presented items to the individual [5, 6]. This has several 
advantages, including more relevant items and increased 
measurement precision, compared to traditional, stan-
dardised questionnaires where everybody is asked the 
same set of items [5, 6].

In CAT-assessment, items are selected and presented 
sequentially. At each step, the CAT uses a score esti-
mate based on responses to the previously asked items 
to assess which item seems most informative to ask. 
This individual item selection can be applied as soon as 
a score estimate is available. However, for the first item, 
i.e., the start item, the individual’s score level is typically 
unknown. Although there are several approaches for 
selecting the start item [6, 7], it is often selected a priori, 
and particularly in HRQoL it is common that the same 
start item is used for everyone completing a specific 
CAT (see e.g [8–11]). This approach is also applied for 
the EORTC CAT Core, i.e., all assessments based on the 
same CAT-setting (the set of criteria defining the CAT-
assessment) are initiated with the same item. However, 
the same item is rarely optimal for all participants in 
a study. If prior information about an individual’s score 
level was available, the start item selection could be tai-
lored to the individual thereby potentially increase the 
measurement precision of EORTC CAT assessments.

Information about an individual’s score level available 
prior to initiating a CAT assessment has been termed 
‘collateral’, ‘empirical prior’, and ‘out-of-scale’ informa-
tion and ‘inter-subtest branching’ [12–16]. Here we will 
refer to such information as prior information. We have 
only identified a limited number of studies investigat-
ing the use of prior information in CAT [12, 14–19], and 
only one within HRQoL measurement [16]. Several of 
the studies used the prior information both for select-
ing start item and estimating domain score [15, 16, 19]. 
Including prior information in the domain score esti-
mation may reduce CAT length and/or increase mea-
surement precision [16]. However, it also means that 
patients responding to the same items in the same way 
will get different score estimates if the prior information 
differs. Here, this could e.g., mean that patients provid-
ing the same responses to the same physical function-
ing items could still get different physical functioning 
scores if they had different fatigue scores. This deviates 
from the current scoring of the EORTC CAT Core, and 
any other EORTC instrument, for which the score of a 
domain depends solely on the responses to the items of 

that specific domain. We retained this scoring principle, 
i.e., prior information was not included in domain score 
estimation but was based solely on responses to items of 
the particular domain. Hence, investigations focused on 
the potential for and impact of using prior information 
for the selection of start item in assessments with the 
EORTC CAT Core.

In principle, any prior information providing knowl-
edge about a domain may be used to estimate an indi-
vidual ‘a priori’ score. The prior information available will 
differ across studies and most cannot be obtained within 
a CAT-assessment but needs to be supplied by external 
sources. Within the EORTC CAT Core, 14 symptom and 
functional domains plus overall health/quality of life can 
be assessed. Thus, when at least two domains are mea-
sured, score estimates from other domains are available 
prior to all but the first domain assessed. That is, in a 
multi-domain assessment, estimates for other domains 
may be used as prior information to select start item and 
this prior information can be obtained entirely within the 
CAT-assessment. To be of practical relevance, it must be 
possible to predict scores with ‘reasonable’ precision, and 
this would be particularly useful if it could be done in a 
simple and efficient way.

The aim of this study was two-fold: (1) to evaluate 
whether scores on one domain can be predicted from 
scores on another domain, and (2) to assess whether indi-
vidually selected start items may improve measurement 
precision with the EORTC CAT Core.

This study explores a novel approach to start item 
selection in the context of HRQoL CAT assessment. 
Hence, the study should be viewed as a proof-of-concept, 
exploring the feasibility and potential advantages of this 
approach within the specific framework of the EORTC 
CAT Core. While the primary focus is on this instru-
ment, our findings may provide a foundation for future 
research on start item selection in other CAT systems.

Methods
The EORTC CAT core
The EORTC CAT Core is a CAT system including item 
banks for the five functional and nine symptom domains 
of the QLQ-C30 questionnaire [3] plus the two QLQ-C30 
items on overall health/quality of life [20]. The EORTC 
CAT Core and its customised software allows for flex-
ible assessment of these domains, i.e., users of the system 
may design CATs matching their needs, including select-
ing which domains to assess, how to select items, and 
how many items to ask (for more detail on the use of the 
EORTC CAT Core, visit the EORTC QLG website ​h​t​t​p​s​:​​​/​​
/​q​o​​l​.​​e​o​r​​t​​c​.​​o​​r​g​​/​q​​u​e​s​​t​i​o​n​​n​a​i​​r​​e​​s​/​c​​o​r​e​/​c​a​t​/). Each of the item 
banks comprises between 7 and 34 items, with a total of 
260 items, and includes the items of the QLQ-C30. All 
items of the 14 banks apply the response options: ‘not at 

https://qol.eortc.org/questionnaires/core/cat/
https://qol.eortc.org/questionnaires/core/cat/
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all’, ‘a little’, ‘quite a bit’, and ‘very much’. The EORTC CAT 
Core measures are scored on T-score metrics, scaled so 
that the European general population has a mean of 50 
and a standard deviation of 10 for all domains [21]. This 
means that for functional domains like physical function-
ing scores > 50 reflect better functioning than the average 
of the European general population while for symptom 
domains (e.g., fatigue) scores > 50 reflect worse symp-
toms than the average of the European general popula-
tion. Similarly, scores < 50 reflect poorer functioning/
less symptoms than for the European general population 
average.

We focused on the selection of start item for the 
physical functioning domain and used this to pilot test 
whether ‘cross-domain’ predicted start items may be a 
viable way of improving measurement. Physical func-
tioning is a key aspect of HRQoL [22] and is generally 
assessed with high precision in our sample (see below). 
The physical functioning item bank consists of 31 items 
of which five originate from the QLQ-C30. A plot of the 
physical functioning item bank information function is 
shown in Fig. 1.

Domain score prediction
Sample
For the evaluations of cross-domain prediction we com-
bined the empirical data collected for the development 
and validation of the EORTC CAT Core [3, 4]. These 
datasets were international, mixed samples comprising a 

total of 10,084 cancer patient assessments with T-score 
estimates of all 15 domains [3, 4, 21]. Depending on the 
study they had participated in, patients had answered 
different subsets of the total 260 items and hence, scores 
were based on different subsets of items (full item bank, 
QLQ-C30 items only, or CAT assessment). Specifically, 
physical functioning had been assessed with between five 
and 31 items. To reduce the risk of overestimating the 
performance of the prediction models, we split the sam-
ple in a training dataset for fitting the prediction models 
and a testing dataset for evaluating the prediction. We 
randomly allocated 80% of the data to the training set 
and 20% to the testing set [23].

Prediction of domain score
When using expected a posteriori (EAP) estimation of 
the domain score, it is standard to assume that the scores 
a priori follow a normal distribution [24, 25]. EAP is the 
standard scoring for the EORTC CAT Core and also the 
one applied in this study to obtain the T-score estimates. 
Linear regression, which assumes normally distributed 
residuals, is a straightforward approach for predicting 
a continuous outcome. Regressing the domain score on 
a set of predictors (e.g., other HRQoL scores or patient 
characteristics) was also suggested by Van der Linden 
as a simple approach to obtain an initial domain score 
estimate [14]. When a score for domain X has been esti-
mated, a score for physical functioning (PF) may be pre-
dicted using the simple Eq. 

Fig. 1  Bank information function for the physical functioning (PF) item bank
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	 PF = α + β ∗ X � (1)

Where α and β are regression parameters which have 
been estimated beforehand (in the training set). The 
regression prediction may easily be extended to include 
two or more domains as predictors, however, here we 
aimed for a simple prediction that could be used as soon 
as one EORTC CAT Core domain had been assessed, 
therefore, we focused on predicting PF by one domain at 
a time.

Domain scores were estimated based on all avail-
able items for each individual. For each of the 14 other 
domains the regression model (1) was fitted in the train-
ing dataset to obtain estimates of α and β. These mod-
els were used to produce 14 predicted PF scores for each 
individual in the testing dataset.

Evaluations of predicted PF scores
For each patient in the testing dataset the differences 
between the ‘observed’ PF score estimated based on the 
available PF items and the PF score predicted from each 
of the other domains, respectively, were calculated. The 
mean difference and correlation between predicted and 
observed PF scores, and the percent predictions deviat-
ing < 5 points (=½SD) and deviating < 10 points (= 1SD), 
respectively, for the 14 cross-domain predictions were 
estimated and plotted.

Impact of individually selected start items
Simulation sample
To evaluate the impact of individually selected start 
items versus fixed start item, we conducted a series of 
Monte Carlo CAT simulations. When a specific popula-
tion distribution is simulated, the choice of distribution 
will affect findings and conclusion. As no population was 
of specific focus but we wanted to assess the impact of 
individually selected start items generally, we simulated 
uniformly across the continuum of possible PF scores. 
The original calibration sample had mean = 47 and had 
scores within 47 ± 30. To cover this range sufficiently, 200 
sets of responses to the 31 PF items were simulated for 
each PF score in the range 17–77 with increments of 0.5 
(17, 17.5,…). That is, for each sampled PF score the prob-
ability of the four response options ‘not at all’, ‘a little’, 
‘quite a bit’, and ‘very much’ to each item were estimated 
using the established item parameters for the generalized 
partial credit model calibrated for the PF item bank [26, 
27]. Based on these item response probabilities, a ran-
dom item response was selected. From these responses, 
fixed length CAT-assessments asking 1 to 10 PF items, 
respectively, were simulated. In each step of the CATs, 
the PF score was estimated using EAP based on the items 
asked so far and the item providing the maximum Fisher 
information in this PF score estimate was selected for 

the next step [6, 28]. Four different types of start items 
of the CATs were simulated. One used a fixed start item 
where all simulated CATs were initiated with the same 
item: the one most informative at the a priori mean of 47 
(‘fixed’). Three initiations used individually selected start 
items each reflecting different levels of predictive power. 
The first started the CATs with the item most informative 
at the individual’s ‘true’ PF score, i.e., at the sampled PF 
score (‘true’). This reflects the ideal situation where the 
PF score is predicted perfectly from another domain. The 
second started the CATs with the item most informative 
five points =½SD from the individual’s true PF score– half 
the sample five points above and the other half five below 
(‘diff ½SD’). The last started the CATs with the item most 
informative 10 points (1SD) from the individual’s true PF 
score (‘diff 1SD’). The last two initiations reflect situations 
where the predicted score deviates from the true score.

Evaluations of individually selected start items
Since the fixed start item was the most informative item 
at the a priori mean we anticipated that the ‘fixed’ CATs 
would provide efficient and precise assessment near the a 
priori mean, while for more extreme scores we expected 
a larger advantage of individual start items. Therefore, 
we divided the evaluations up in three sections: Low PF 
scores (3SD to 1SD below the mean), middle PF scores 
(1SD below to 1SD above the mean), and high PF scores 
(1SD to 3SD above the mean). Findings for each of the 
three sections may be useful when assessing the effect 
of start item for a specific population. For example, if a 
population with predominantly low PF scores is studied, 
findings for the ‘low PF scores’ section are likely of most 
relevance.

For each of the score sections we calculated and plotted 
the following:

 	• The mean difference between the true PF score and 
scores based on CATs with each of the four types of 
start item.

 	• The percentage differences < 5 points (½SD) between 
true and CAT estimated PF scores.

 	• The mean reliability obtained in each step of CATs 
with the four types of start item. The reliability in 
step k of the CAT was estimated as 1-SE(PF)2/SD2 
where SE(PF) is the standard error of the current 
PF score estimate, estimated from the Fisher 
information function based on the k items asked by 
SE(PF)2= 1/information(PF) [29]

All analyses and CAT simulations were conducted using 
SAS Enterprise Guide software version 7.15.
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Results
Domain score prediction
Characteristics of the N = 10,084 patients in the total 
sample are shown in Table 1. The sample was a mixed col-
lection of cancer patients representing 12 countries and a 
variety of cancer diagnoses and treatments. The training 
dataset included a random subsample of N = 8,068 and 
the testing set included the remaining N = 2,016.

Figure  2 shows that all mean differences were < 1 
(0.1SD), i.e., PF scores predicted with any of the other 
domains were on average close to the observed PF 

scores. Correlations between observed and predicted 
PF scores varied more, ranging 0.25 (using diarrhoea) to 
0.71 (role functioning) with most correlations being of 
at least moderate size (> 0.4) (Fig. 3). Figure 4 also shows 
variation across domains in the percent predicted PF 
scores deviating <½SD and < 1SD, respectively, from the 
observed score. Percent scores deviating <½SD ranged 
from 33% (cognitive functioning) to 50% (fatigue) while 
deviations < 1SD ranged from 57% (diarrhoea) to 85% 
(role functioning).

Impact of individually selected start item
Figure  5A-C summarizes the simulated effect of using 
the same start item for all and individually selected start 
items for CATs asking 1 to 10 items, respectively. Gener-
ally, the effect of the type of start item tapered off after a 
few items. For CATs asking four or more items, there was 
almost no differences between different types of start of 
item, and often differences were trivial already after ask-
ing two items.

For high PF scores (1SD-3SD above the mean) the only 
non-trivial differences across start items were for the reli-
ability when asking one item. Using the same start item 
for all resulted in 0.10–0.15 lower reliability than using 
an individually selected start item. Except for this, using 
individually selected start items did not seem to affect 
estimation of high PF scores. The generally lower agree-
ment between CAT and true scores observed for high PF 
than low and middle PF scores was likely due to a ceiling 
effect as the PF item bank includes few items particularly 
informative for those with very good PF.

For middle PF scores (mean ± 1SD) there were only 
trivial differences across start item types when two or 
more items were asked. For the first item, the ‘fixed’, ‘true’ 
and ‘diff ½SD’ CATs resulted in similar performances 
while starting with the item most informative 1SD from 
the true score (‘diff 1SD’) resulted in estimated scores 
deviating slightly more from the true score.

For low PF scores (1SD-3SD below mean) using the 
same start item for all resulted in larger deviations from 
the true score for the first item both at group level (mean 
deviations 2-3.5 points larger) and at the individual level 
(25–30% fewer estimated scores within ½SD of the true 
score) than when individually selected start items were 
used. Asking two or more items there were only trivial 
variation across start item types in the mean score dif-
ferences and percent within ½SD of the true score. The 
most pronounced difference was observed for the reli-
ability of score estimates. For the first item, the CATs 
with individually selected start items provided 0.48–0.68 
higher reliability (increase from 0.21 to 0.69–0.89). Ask-
ing two items the individual start items increased reliabil-
ity with 0.07–0.13 (0.79 to 0.86–0.92) and asking three 
items 0.03–0.05 higher reliability was observed (0.89 to 

Table 1  Clinical and sociodemographic characteristics of the 
N = 10,084 patients in the sample

N percentage
Age, mean year(SD) 10,025 60.4(13.1)

Missing 59
Sex Female 5,437 54.2%

Male 4,599 45.8%
Missing 48

Country Australia 114 1.1%
Austria 374 3.7%
Denmark 2,043 20.3%
France 1,010 10.0%
Germany 300 3.0%
Italy 397 3.9%
Poland 824 8.2%
Spain 407 4.0%
Sweden 282 2.8%
Taiwan 403 4.0%
The Netherlands 129 1.3%
UK 3,801 37.7%
Missing 0

Cancer stage I-II 4,676 50.3%
III-IV 4,616 49.7%
Missing 792

Cancer site Breast 2,088 21.4%
Gastrointestinal 1,370 14.1%
Gynaecological 1,164 12.0%
Head and neck 1,097 11.3%
Lung 577 5.9%
Urogenital 1,523 15.6%
Other 1,911 19.6%
Missing 347

Current treatment Chemotherapy 4,268 43.1%
Other treatment 2,016 20.4%
No current treatment 3,612 36.5%
Missing 188

Employment status Retired 4,788 48.4%
Working 3,500 35.4%
Other 1,601 16.2%
Missing 195

Cohabitation Living with a partner 7,368 74.5%
Living alone 2,517 25.5%
Missing 199



Page 6 of 10Petersen et al. Health and Quality of Life Outcomes           (2025) 23:21 

Fig. 3  Correlations between predicted and observed physical functioning (PF) scores. RF role functioning; DY dyspnoea; FA fatigue; PA pain; SF social 
functioning; QL overall health/quality of life; CF Cognitive functioning; EF emotional functioning; AP lack of appetite; SL insomnia; FI financial difficulties; 
NV nausea & vomiting; CO constipation; DI diarrhoea

 

Fig. 2  Mean differences between predicted and observed physical functioning (PF) scores. RF role functioning; DY dyspnoea; FA fatigue; PA pain; SF social 
functioning; QL overall health/quality of life; CF Cognitive functioning; EF emotional functioning; AP lack of appetite; SL insomnia; FI financial difficulties; 
NV nausea & vomiting; CO constipation; DI diarrhoea
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0.92–0.94). When asking four or more items the differ-
ences in reliability were < 0.02.

Discussion
CAT-assessment adapts the list of asked items to the 
individual. In each step of a CAT-assessment this adap-
tation is obtained by using the current score estimate to 
predict the most relevant next item to ask the respon-
dent. However, in typical CAT-assessments the start item 
is not individualized as individual score estimates are not 
available a priori. We investigated whether scores on the 
EORTC CAT Core physical functioning (PF) could be 
predicted from the other domains covered by the instru-
ment and whether using individually selected start items 
could improve measurement precision of PF CAT-assess-
ment. In short, PF scores could be predicted with some 
variability at the individual level and individually selected 
start items could improve measurement precision, but 
the impact only seemed of practical relevance for the first 
step or two of a CAT-assessment.

As expected, the ability to predict PF scores differed 
across domains. For eight of the 14 domains, > 70% of 
the predicted scores were within 1SD of the observed PF 
score. This implies that in most cases the predicted score 
can be expected to be reasonably close to the true score 
and hence, that a start item selected based on a cross-
domain predicted score often will be relevant. Note that 
the prediction accuracy may rely on the precision of the 

domain score estimate used to predict PF - lower preci-
sion could result in lower accuracy. As our evaluations 
were conducted on a dataset with score estimates of 
varying precision our findings may be viewed as an esti-
mate of the ‘average’ performance of cross-domain pre-
diction of PF. The findings have two other implications. 
First, the order of which domains are assessed matters. 
For instance, if PF is the primary outcome, one should 
measure at least one ‘good’ predictor like role function-
ing, dyspnoea, or fatigue, before measuring PF. That is, 
the assessment order of domains should be selected care-
fully. In general, investigating the ‘optimal’ sequence of 
domains for different settings may be an area for future 
research. Second, for some individuals the predicted 
score may deviate from the true score to a degree that a 
start item of limited relevance is selected. When using the 
same start item for all, the start item will often also be of 
limited information for some. This is particularly evident 
from Fig. 5c which shows that using the same start item 
for all (the most informative item at the sample mean) 
resulted in an average reliability of 0.2 for those with 
low PF scores, while choosing an individual start item 
resulted in an average reliability of at least 0.7 even when 
choosing the item most informative 1SD from the indi-
vidual’s actual PF score. Note that the relatively low reli-
abilities observed for high PF scores (see Fig. 5c) reflect 
a likely ceiling effect in the sense that the item bank may 
lack informative items for very high PF scores. However, 

Fig. 4  Percent differences < 1SD and <½SD, respectively, between predicted and observed physical functioning (PF) scores. RF role functioning; DY dys-
pnoea; FA fatigue; PA pain; SF social functioning; QL overall health/quality of life; CF Cognitive functioning; EF emotional functioning; AP lack of appetite; 
SL insomnia; FI financial difficulties; NV nausea & vomiting; CO constipation; DI diarrhoea
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validation of the EORTC CAT Core found a ceiling effect 
of less than 1% in a mixed sample of cancer patients, i.e., 
ceiling effect is likely a rare problem in real-life use of the 
PF item bank [4].

The CAT simulations indicated that using individual-
ized start items only impacted measurement precision 
of the initial steps of CAT assessments. Few differences 
were observed when asking three or more items, i.e., 

individualized start items may have limited impact on 
measurement precision for CATs asking at least three 
items. This finding reflects the ability of the CAT pro-
cedure to ‘track down’ within a few items the physical 
functioning level of the respondent regardless of the 
starting point. This is reassuring for the cases where a 
CAT is started with a poorly chosen item. Importantly, 
the simulations did not indicate that using individualized 

Fig. 5  Mean differences (A) and percentage differences <½SD (B) between true and CAT estimated physical functioning (PF) scores and mean reliability 
(C) with each type of start item. Diff 1SD CATs with individual start item with maximum information 1SD from true PF score; Diff ½SD Individual start item 
with maximum information ½SD from true PF score; Fixed fixed start item, i.e., starting all CATs with the same item; True Individual start item with maxi-
mum information at true PF score
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start items results in poorer CAT assessments. That is, 
it seems a viable alternative to the standard of using a 
fixed start item, with particular relevance for short CATs. 
For example, when assessing several domains, it may be 
judged that only a limited number of items can be asked 
per domain to avoid overburdening patients. With the 
increased precision of individualized start items, asking 
1–2 items per domain may in some cases be enough, e.g., 
when screening for symptoms/problems (although this 
should be verified in the specific applications). This may 
be of particular interest in a busy, clinical setting where 
the interest is on getting a comprehensive picture of pos-
sible symptoms/problems across multiple domains as 
efficiently as possible. With such an approach, an assess-
ment of the 14 domains of the EORTC CAT Core may 
be accomplished within a few minutes by most patients 
[4]. In addition to improved efficiency, well-selected start 
items increase the chance that patients received relevant 
and meaningful questions, even when only a few items 
per domain are asked. This could improve the patient 
experience, and therefore, involve potential benefits on 
patients’ perceived burden and compliance.

Clear strengths of the study are the large sample and 
that both observed and simulated data was applied. 
Cross-domain prediction of PF was evaluated in a large, 
mixed, international sample of cancer patients split in 
a training and testing dataset for maximum generaliz-
ability to assessment in cancer patients in general. A 
limitation of the observed sample is that the majority of 
domain scores were estimated based on QLQ-C30 items 
only resulting in lower score precision than if the full 
item banks had been available. This may have resulted 
in a lower estimated ability to predict scores, i.e., with 
more precise score estimates even better prediction may 
be obtained. Still, the scores are on the same metric, i.e., 
fully compatible with any scores from the item banks. 
Since a CAT can be set up in numerous ways clearly not 
all can be evaluated. In the simulations, we compared the 
impact of individual start items to starting with the most 
informative item at the centre of the score range for fixed 
length CATs asking 1, 2,…, 10 items, respectively. Other 
CAT-settings may result in different findings. It seems 
plausible e.g., that starting with a more ‘extreme’ item 
(e.g., one relevant for high PF scores) would favour the 
use of individualized start items even more for those at 
the opposite end of the score range (low PF).

We used simple linear regression to predict PF scores 
from other domains. This has also been suggested previ-
ously as a straightforward approach to obtain an initial 
domain score estimate [14]. The simple linear regression 
was informative for our purposes, but alternative pre-
diction models are clearly possible and exploring more 
sophisticated approaches to obtain initial score esti-
mates may be an area of future research. We used prior 

information to select start item. Prior information may 
also be incorporated in the domain score estimation dur-
ing a CAT assessment. However, this requires a more 
complex approach, including the use of a generalisation 
of standard IRT models to also obtain estimation of the 
uncertainty/variance [14].

This study focuses specifically on the EORTC CAT 
Core and evaluates the proposed start item selection 
method within this system. While our findings suggest 
that simple linear regression can provide useful score 
prediction to guide individualization of start item selec-
tion, it is important to note that the results are limited to 
the EORTC CAT Core. The performance of this approach 
in other CAT systems, particularly those assessing dif-
ferent domains, having different item bank characteris-
tics, or employing alternative item selection strategies, 
remains an open question and warrants further investi-
gation. Such research would provide valuable insights 
into the generalisability of the method to other domains 
and CAT systems. Despite being limited to the EORTC 
CAT Core, this study serves as an important proof-of-
concept, demonstrating how predictive modelling may 
be used to individualise start item selection and thereby 
enhance measurement precision in the early stages of 
CAT assessments. Furthermore, the simplicity of the pro-
posed method allows it to be implemented in most multi-
domain CAT systems, making it broadly applicable.

Conclusions
The study indicates that simple linear regression may 
provide useful cross-domain predictions of EORTC CAT 
Core physical functioning scores which may be used to 
select more informative start items. Using individual-
ized start items may increase measurement precision for 
the initial steps of CAT but after a few items the impact 
seems trivial. Before implementing cross-domain based 
individualized start items for the EORTC CAT Core, 
the performance of cross-domain predictions should 
be investigated for the other domains covered by the 
EORTC CAT Core.
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