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Objective: Reliable and accurate measurement is fundamental to scientific 
progress; however, the dominant measurement practices in psychology, clini-
cal psychology, and prediction research often lack rigor. Improving measures 
using Rasch Measurement Theory (RMT) offers advantages by fulfilling the key 
psychometric properties of unidimensionality, local independence of items, 
ordering of response categories, and invariance. Ordinal-level sum scores can 
be transformed into interval-level latent trait scores, thereby improving the mea-
surement precision. However, the impact of using psychometrically advanced 
questionnaires with latent trait scores, as opposed to traditional sum scores, in 
predictive models is still unclear. This study evaluates whether using latent trait 
scores as predictors and outcomes, in accordance with RMT, improves predictive 
performance compared to using traditional sum scores when predicting treat-
ment outcomes during psychological treatment.
Methods: Self-rated symptom data from three different questionnaires, collected 
over the first 4 weeks of psychological treatment from 6,464 patients undergoing 
a 12-week treatment program, were used to predict post-treatment outcomes 
on the same questionnaires. This was done in two ways: (1) using sum scores as 
the questionnaires were originally developed and (2) using a reformulated, more 
psychometrically robust version of the questionnaires based on Rasch analy-
sis, which was also shorter. The prediction models used were linear regression, 
Bayesian ridge regression, and random forest. Multiple imputations were used to 
address missing data, and nested cross-validation was employed for hyperpa-
rameter tuning and scoring.
Results: Latent scores calculated using the psychometrically optimized shorter 
version, which comprises 23% of the full scale, showed similar predictive perfor-
mance compared to the sum score of the full scale. Overall, there was a statisti-
cally significant but practically negligible difference of 0.007–0.008 in the root 
mean squared error (RMSE) when comparing the original sum score to the latent 
trait scores.
Conclusion: Initial findings comparing psychometrically improved questionnaires 
with the original ordinal sum scores within a predictive framework indicate that 
using latent trait scores derived from these improvements showed the predic-
tive performance similar to the sum score of the full scale. The small differences 
suggest that the improved versions remain valuable owing to their enhanced psy-
chometric qualities and the reduction in response burden by using considerably 
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fewer items. Further research is needed to explore the use of latent trait scores 
compared to ordinal sum scores in predictive research.
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Introduction

Reliable and accurate measurement is the cornerstone of scientific 
progress. The ability to define and, with validity, quantify phenomena 
consistently underpins the development of theories, the testing of 
hypotheses (Michell, 1997), and the application of findings to real-
world challenges (Pendrill, 2018). Although not widely discussed in 
the field of psychological research, there has been a long-standing 
critique of the dominant measurement practices (Michell, 1997) with 
increased attention in recent years (Elson et al., 2023; Flake and Fried, 
2020; Johansson et al., 2023).

Current practices often ignore issues regarding measurement 
(Flake et al., 2022), as exemplified by Lilienfeld and Strother (2020), 
seldom motivate the validity of instruments, and often rely on psycho-
metric evaluations based on small samples (Elson et al., 2023). 
Furthermore, psychometric evaluations often rely on sum scores 
(McNeish and Wolf, 2020b) using Cronbach’s alpha (McNeish, 2018) 
to assess scale properties, an approach that has faced substantial meth-
odological critique (McNeish, 2022). There is no widespread consensus 
on how to assess the psychometric quality; however, four key psycho-
metric properties have been suggested as a minimal framework for 
guiding psychometric analyses: unidimensionality, local independence 

of items, ordering of response categories, and invariance (Christensen 
et al., 2013; Johansson et al., 2023; Kreiner, 2007).

Although these properties can be evaluated through various 
methods, Rasch Measurement Theory (RMT) offers the distinct 
advantage of treating the ordinal sum score as a sufficient statistic for 
measurement (Andrich and Marais, 2019). Rasch analysis models the 
probability of a response to an item based on a person’s ability or trait 
(β) and an item’s difficulty (δ ), and the formulation of the model sug-
gests that these two parameters can be separated, known as “specific 
objectivity.” Figure 1 shows the modeled probability of a correct 
response to a dichotomous item (Equation 1) with difficulty δ = 0,
depending on the varying level of a person’s latent trait β :
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Equation 1 is simplified in terms of notation and subscripts, as 
shown by Andrich and Marais (2019). Figure 1 illustrates that as a 
person’s trait increases, the probability of a correct response also 
increases. When the item difficulty (set to 0 in the figure) equals a 
person’s latent score β δ= = 0 , the probability of a correct answer is 
50% (see dashed lines in Figure 1).

FIGURE 1

Probability of a correct response to a dichotomous item as a function of persons of varying proficiency. The latent trait β  represents the latent ability of 
a person and varies between −5 and +5 on the logit scale in this figure. δ  is the item difficulty, set to 0 in this figure.
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As a person’s latent trait increases further from the item difficulty, 
β δ> , the probability of a correct answer increases toward 100%, and 
vice versa. Latent traits and item difficulties are both expressed in logit 
units (log-odds) with an arbitrary center or reference point (such as 
0). In clinical psychology, a typical situation exemplified by Figure 1 
could be a dichotomous item that indicates the presence of suicidal 
ideation. This question could be answered as yes or no with a numeri-
cal representation of 1 or 0, respectively. Such an item could be 
included in a questionnaire to measure the trait of depression; as this 
inferred trait increases (a more depressed patient), the probability of 
endorsing “yes” to suicidal ideation also increases. In short, the diffi-
culty or δ  of such an item would indicate that those with more of the 
latent trait of depression would indicate the presence (answer yes) of 
suicidal ideation. Specific objectivity essentially means that differences 
between items’ difficulties (δ ) can be assessed independently of the 
current sample of respondents providing answers. Similarly, differ-
ences between persons (β ) can be assessed independently of the dif-
ficulties of the items. When a set of items fulfills the criteria previously 
listed, Rasch analysis allows the transformation of an ordinal raw sum 
score into an interval-level latent trait score (latent score) for each 
person, with specific measurement error at each level of the scale. This 
represents an individual’s latent trait regarding what is being mea-
sured. In this article, a trait or latent score is the inferred amount of 
what is being measured, not an inherent trait.

In prediction research using self-rated symptom measures, as in 
psychological research, limited attention has been paid to measure-
ment practices. Clinical prediction models for psychological treatment 
have the potential to improve treatment outcomes (Barkham et al., 
2023; Forsell et al., 2019; Hentati Isacsson et al., 2024a). Therefore, 
improving these measures could have a significant impact on patients. 
There are several experiments investigating the impact of measure-
ment error in prediction research involving self-rated symptoms. 
Jacobucci and Grimm (2020) showed using simulations that a predic-
tor’s reliability can heavily influence the prediction performance 
(Jacobucci and Grimm, 2020), and medical prediction models have 
been shown to be less valid as a function of increased measurement 
error in predictors (Luijken et al., 2019). McNamara et al. (2022) took 
this one step further and simulated both measurement error in predic-
tors and varying degrees of outcome misspecification (McNamara et 
al., 2022). The result was that the underlying non-linear relationship 
was not identified by non-linear models (e.g., random forest) or 
regression models, and non-linear models had indistinguishable per-
formance. Furthermore, an attempt to attenuate measurement prob-
lems by increasing the sample size from 4,000 to 100,000 yielded 
negligible improvements in predictive performance. Thus, when the 
measurement error is high, the predictive performance plateaus at a 
low level compared to models using more reliable variables 
(McNamara et al., 2022), indicating heavy influence of reliability for 
both predictors and outcomes. This does not consider the validity of 
measurement. As such, it is perhaps surprising that the recently 
updated TRIPOD+AI statement for research on clinical prediction 
models does not mention measurement practices in relation to predic-
tors or outcomes, except that it should be noted “…how and when 
they (predictors/outcomes) were measured…” (Collins et al., 2024). 
This is especially true in clinical psychology, where measurement error 
is an issue. Although using psychometrically sound measures is 
important and measurement reliability significantly affects predic-
tions, there is limited empirical evidence that psychometrically refined 
measures offer the predictive advantages over summed ordinal scores 

based on a set of items that have not been subject to an adequate psy-
chometric assessment. However, a few studies indicate that a measure 
validated using RMT can outperform a traditional measure in ROC/
AUC classification performance, although these were for pregnancy 
tests and intensive care unit admissions (Fisher and Burton, 2010; 
Pendrill et al., 2023).

Recently, there has been an encompassing debate about the use of 
sum scores in psychological research (McNeish, 2024; McNeish and 
Wolf, 2020b; Sijtsma et al., 2024; Widaman and Revelle, 2023). In a 
simulation setting, for certain conditions, the sum score can correlate 
to a stronger degree with the true underlying latent score than the 
estimated latent score itself (Sijtsma et al., 2024). Furthermore, Sijtsma 
et al. (2024) showed using a simulation that the sum score can ade-
quately represent the score from each item (similar to an estimated 
latent score). Thus, while the sum score can perform adequately both 
in a predictive context and for inference (Sijtsma et al., 2024), its cur-
rent use of the sum score is seldom motivated properly (McNeish, 
2024) in relation to psychometric properties such as dimensionality, 
validity, and invariance assessments. Therefore, the naive use of the 
sum score has a high risk for bias. However, when the sum score 
shows stochastic ordering, the latent score and sum can have similar 
performances in predicting an external variable (Sijtsma et al., 2024). 
Stochastic ordering means that, as the sum score increases, the latent 
variable also increases when conditioned on the sum score. While sum 
scores have pragmatic uses, a more psychometrically sound latent 
score is expected to improve predictive performance based on previ-
ous simulation studies. At the same time, empirical research on mea-
suring change in psychometrically evaluated standardized tests of 
preschool children shows that the latent and ordinal sum scores show 
marginal differences (Bezruczko et al., 2016). Thus, the overall advan-
tage of using latent scores over sum scores in an empirical predictive 
framework remains largely unexplored.

Objectives

The aim of this study is to evaluate and compare predictive models 
using traditional sum scores and latent scores based on a reformu-
lated, more psychometrically sound version of the questionnaires. 
Specifically, we investigated whether using the latent scores as predic-
tors and outcomes with these reformulated questionnaires increases 
the predictive performance of the models predicting treatment out-
comes in psychological treatment.

Methods

This is a prospective prediction study using longitudinal observa-
tional data from a regular care clinic providing therapist-guided psy-
chological treatment. Ethical approval was received from the regional 
ethical review board in Stockholm (Dnr: 2011/2091–31/3, amend-
ment 2016/21–32, 2017/2320–32, and 2018/2550–32). The supple-
ment contains the results data, code for analysis, and further details of 
the methods.

Setting and participants

The participants (n = 6,464) were routine care patients at an Internet 
psychiatry clinic in Stockholm (Titov et al., 2018). They received 
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12 weeks of Internet-delivered Cognitive Behavioral Therapy (ICBT) for 
either major depressive disorder (n = 2,988), panic disorder (n = 1721), 
or social anxiety disorder (n = 1755). The treatments were guided by a 
licensed clinical psychologist and showed positive results (El Alaoui et 
al., 2015; Hedman et al., 2013, 2014). Each treatment consisted of condi-
tion-specific CBT techniques and weekly self-assessments of the primary 
symptoms. The data from all three treatments were pooled into a single 
dataset because this is beneficial for developing prediction models 
(Hentati Isacsson et al., 2024a; Zantvoort et al., 2024). The predicted out-
come was the last self-assessment of the primary symptoms that occurred 
at treatment completion (post-treatment).

Symptom data

The questionnaires used to assess the symptoms of each treatment 
were the Montgomery-Åsberg Depression Rating Scale-Self Report 
(MADRS-S) (Montgomery and Asberg, 1979) for major depressive 
disorder, the Panic Disorder Symptom Scale-Self Report (PDSS-SR) 
(Houck et al., 2002) for panic disorder, and the Leibowitz Social 
Anxiety Scale-Self Report version (LSAS-SR) (Fresco et al., 2001) for 
social anxiety disorder. These assessments were conducted at screen-
ing, before the start of treatment; on a weekly basis during treatment; 
and post-treatment. The post-treatment time point was the predicted 
outcome. Furthermore, a min-max transformation based on the ques-
tionnaires’ minimum and maximum scores was applied to each inter-
vention sample individually to enable the aggregation of all three 
treatments (Cohen et al., 1999). The minimum ordinal sum score was 
0 for all three questionnaires, and the maximum was 28, 54, and 144 
for the PDSS-SR, MADRS-S, and LSAS-SR, respectively.

Psychometric analyses

A prior analysis was conducted using a Rasch Measurement 
Theory (RMT) framework for all three questionnaires (MADRS-S, 
PDSS-SR, and LSAS-SR) separately (Hentati Isacsson and Johansson, 
2025). These analyses primarily used Rasch analysis to reformulate 
each questionnaire into a set of items with adequate measurement 
properties (Johansson et al., 2023; Kreiner, 2007). Consequently, all 
questionnaires were shortened. Measurement properties were assessed 
in an iterative analysis process and focused on scale unidimensional-
ity, local independence of items, ordering of response categories, and 
invariance, which resulted in the elimination of several items from the 
original scales. The reformulated MADRS-S consists of three items 
(originally 9), the PDSS-SR of four items (originally 7), and the 
LSAS-SR of eight items (originally 48). Items were primarily removed 
owing to issues with either multidimensionality or local dependence. 
Thus, 23% of all the original questions were retained (see the 
Supplementary material for the items retained and Hentati Isacsson 
and Johansson, 2025 for item details). The reformulated scale and item 
parameters were used to estimate the transformation of raw ordinal 
sum scores to interval-level latent scores. The optimization process for 
estimating latent score used weighted likelihood (Warm, 1989; see 
Hentati Isacsson and Johansson, 2025 for complete details). A 
Confirmatory Factor Analysis (CFA) is reported in the results to 
exemplify the improved psychometric properties of items in the refor-
mulated “Rasch” versions of the original scales. The questionnaire data 
were obtained from the pretreatment assessment timepoint. This 
analysis proposed one unidimensional underlying factor implemented 
with lavaan (Rosseel, 2012) using oblimin rotation and the Weighted 

Least Squares with Mean and Variance adjustment (WLSMV) estima-
tor. To evaluate model fit, we used scaled fit metrics and dynamic 
cutoffs (McNeish and Wolf, 2020a).

Latent score

The latent scores used were based on the previous RMT reformu-
lation of the questionnaires (Hentati Isacsson and Johansson, 2025). 
In the predictions, the latent scores and their corresponding standard 
errors were used instead of the ordinal sum score from the original 
symptom data. As with the original symptom data, these latent scores 
and their standard errors were rescaled using a min-max transforma-
tion based on latent score tables, making the scale logits range from 0 
to 1. Note that while the scores were rescaled, they were not standard-
ized. See Figure 2 for a scatterplot between the original scales’ sum 
score and the latent scores of the Rasch reformulated scales for post-
treatment time points (outcome). The data are divided based on treat-
ments due to the clinical sample, as each questionnaire is specific to 
the corresponding treatment.

Datasets

Two different datasets were created. The “Base” dataset used only the 
sum score of the original symptom scales for both prediction and out-
come. The “Rasch” dataset used the latent score and its standard error of 
the reformulated symptom scale for prediction and outcome. However, 
the standard error of the outcome was not used, as this was tied to the 
outcome and would have introduced data leakage. For each dataset, the 
weekly symptom variables (sum or latent score) were added as separate 
predictors. For the Rasch datasets, the interaction between the latent 
score and the standard error of the latent score was also added. 
Furthermore, for the Rasch dataset, a weight was added only for use in 
the weighted regression or random forest; therefore, it was not included 
as a standalone predictor in the non-weighted models. This was based 
on the inverse sum of all the standard errors of the latent scores across 
the assessment times. This attempted to incorporate the estimation error 
for the latent variable available from the RMT analysis. Both “Base” and 
“Rasch” datasets used only the data from the assessment times up to and 
including week 4 of treatment to predict the post-treatment symptom 
score. As such, the pretreatment severity of symptoms was also included. 
The cut-off at week 4 was used, as it has previously been shown to be a 
good balance between clinical usefulness and predictive value (Forsell et 
al., 2019; Hentati Isacsson et al., 2024a). Both datasets also contained 
indicator variables for treatment, variables about sex and age, and the 
year of treatment start. These minimal clinical variables have previously 
been found to be useful in a predictive framework. Further statistical 
details can be found in the study by Hentati Isacsson et al. (2024a). 
Furthermore, these variables were included to counteract possible con-
founding in the data due to the different treatments, drift in clinical 
expertise over the years, sex, and age.

Prediction models

The following models were used for analyses: A dummy regressor 
(DR) only predicting the mean of the outcome, Linear regression 
(LR), Bayesian ridge regression (BR), and a Random Forest (RF) 
model. No longitudinal model was used because previous findings 
suggest that these models do not improve predictive capability com-
pared to their non-longitudinal counterparts (Hentati Isacsson et al., 

https://doi.org/10.3389/fpsyg.2026.1654996
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Hentati Isacsson et al.� 10.3389/fpsyg.2026.1654996

Frontiers in Psychology 05 frontiersin.org

2024b). These models were chosen based on Hentati Isacsson et al. 
(2024a) and Hentati Isacsson et al. (2024b), who found no differential 
impact of predictive models on this prediction problem, and ergo 
these models were all found on par with other, more computationally 
complex models. Furthermore, because the main objective of this 
study was not to determine the differential impact of predictive 
models on this problem, we deemed a limited number of models to 
suffice. All models were implemented in Python 3.10.12 (Python 
Software Foundation, 2023) using scikit-learn (Pedregosa et al., 2011).

The DR predicts only the mean of the outcome and represents a 
model that is not trained at all (a null model). LR is considered the 
benchmark method representing the predictive capabilities of a simple 
model. Bayesian Ridge Regression is a more complex model that 
incorporates uncertainty and regularization (Tipping, 2001). Finally, 
Random Forest is a machine learning model that combines multiple 
decision trees to improve predictive performance, reduce overfitting, 
and capture non-linear relationships (Breiman, 2001).

Hyperparameters

We tuned the following hyperparameters using a grid search 
inside the nested cross-validation loop. BR models considered alpha_
[1,2], lambda_[1,2] of [1e-6, 1e-4, 1e-2], the RF models considered all 
variables with 100 or 300 estimators, a minimum sample split size of 
[2,5,10], and a minimum sample leaf size of [1,2,5,10].

Imputation

We imputed the missing data before cross-validation (Jaeger et 
al., 2020). Imputation was carried out in accordance with a multi-
level imputation (Grund et al., 2018) with 20 imputations for each 
type of dataset using MICE implemented in R (van Buuren and 
Groothuis-Oudshoorn, 2011; R Core Team, 2024). Imputation 
allows the estimation of our models to also model the variability 
due to missing data, and a complete case analysis could bias our 
results despite our sample size (van Ginkel et al., 2020). Due to the 
online format of the self-rated data collection, no single items were 
missing, but entire questionnaires, and thus, the sum score was 
imputed (see Supplementary Table 1 for the number of missing data 
points). For the Rasch dataset, the latent score of each symptom 
measure was used and imputed instead of the ordinal sum of the 
reformulated measure. This resulted in 40 imputed datasets. The 
imputation was performed using a linear mixed model with predic-
tive mean matching (2 L.pmm) (Van Buuren, 2018). To combine the 
results from the different imputations, Rubin’s rules were used (Van 
Buuren, 2018), which included the modified standard errors and 
degrees of freedom of the mean prediction across imputation sets 
to correct for the variance due to the imputation. Comparisons 
between models (including Welch’s t-test) were performed based on 
these means and standard errors with an alpha level of 0.05 and 
using two-sided tests.

FIGURE 2

Scatterplot of sum scores and latent scores for the post-treatment self-rating. Scatterplot shows sum scores on the y-axis from the original 
questionnaires and latent scores of reformulated questionnaires on the x-axis. Marginal y-axis shows the histogram over the original sum scores, and 
the marginal x-axis shows the histogram over the latent scores from the reformulated questionnaires. A smooth curve was fitted for each treatment. 
Questionnaires were: Montgomery-Åsberg Depression Rating Scale Self-report for MDD, Panic Disorder Symptom Scale-Self Report for PD, and 
Leibowitz Social Anxiety Scale-Self report for SAD. MDD, Major Depressive Disorder, PD; Panic Disorder, SAD; Social Anxiety Disorder. This analysis was 
based on complete data without imputation for the post-treatment assessment, which was the predicted outcome. Pearson’s correlation was 0.92 for 
MDD, 0.95 for PD, and 0.90 for SAD.
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Validation

We used nested cross-validation (NCV). An NCV procedure in con-
junction with multiple imputations improves the validity of confidence 
intervals (Bates et al., 2021). All hyperparameters were tuned in the inner 
CV loop to prevent overfitting (Bates et al., 2021; Cawley and Talbot, 
2010). The outer CV loop consists of 10 splits, and the inner of five. Each 
of the 2 × 20 imputed datasets underwent the 10 × 5 CV loops. The inner 
CV loop determined the hyperparameter tuning, whereas the outer CV 
loop was used to compare the model performances.

Prediction metrics

Primary evaluation was performed using the Root Mean Squared 
Error (RMSE). Based on the scaling of the symptoms 0–1 the RMSE 
can be interpreted as the mean percentage error in the prediction. An 
RMSE of 0.1 would equal, on average, 10 percentage points from the 
true outcome in the prediction of the continuous outcome score.

Results

The differences between the Base and Rasch datasets were very small, 
with less than a 0.0081-point difference in the RMSE score for each 
model in favor of the Base dataset (Figure 3). Thus, the Rasch dataset 
models had only a marginally worse score in RMSE, 5% (0.1389/0.1318) 
higher compared to the Base dataset models. For LR, the Base dataset had 
an RMSE of 0.1318 (95% CI, 0.1284, 0.1353), and Rasch had an RMSE of 
0.1389 (95% CI, 0.1359, 0.1418) with a mean difference = −0.0070, 
t(198.57) = −3.09, p = 0.0023. For BR, the Base dataset had an RMSE of 
0.1318 (95% CI, 0.1284, 0.1352), and Rasch had an RMSE of 0.1388 (95% 

CI, 0.1358, 0.1418), with a mean difference = −0.0070, t(205.44) = −3.04, 
p = 0.0027. For RF, Base had an RMSE of 0.1322 (95% CI, 0.1287, 0.1357), 
and Rasch had 0.1403 (95% CI, 0.1374, 0.1432), with a mean differ-
ence = −0.0081, t(218.02) = −3.51, p = 0.0006. All models were signifi-
cantly better than the null model of the dummy regression.

Using the standard errors as weights did not improve the predic-
tive performance of the Rasch models, having an identical perfor-
mance for each of the models (Figure 3).

While the original questionnaires were less psychometrically 
robust (Hentati Isacsson and Johansson, 2025) than the shortened ver-
sions based on Rasch Measurement Theory, they maintained strong 
stochastic ordering, with higher sum scores reliably indicating (cor-
related) higher latent scores, as evidenced by correlations of 0.90–0.95. 
Table 1 shows the superior fit of the one-factor CFA for the shortened 
version of each questionnaire based on the RMT. We note that while 
some minor misspecifications also exist for the shortened version, it 
is always superior to the original version of the questionnaire, and the 
fit metrics for the shorter questionnaires had a much larger margin 
than the cutoffs. Thus, this CFA supports the unidimensional quality 
of the reformulated questionnaires but not the original versions.

Discussion

Latent scores calculated using the psychometrically optimized, 
substantially shorter version, comprising 23% of the full scale, showed 
similar predictive performance (although slightly and negligibly worse) 
compared to the sum score of the full scale. Overall, the original ordi-
nal sum scores had a marginally better performance, and there were no 
differences in performance across models. Jacobucci and Grimm 
(2020) showed that varying only predictor reliability, and no other 

FIGURE 3

Root mean squared error for predicting symptom outcome. The root mean squared error (RMSE) mean and 95% CI were based on 20 imputed datasets 
for each dataset type. The RMSE can be interpreted as the mean percentage of incorrect predictions. The base dataset used the original ordinal sum 
scores of the questionnaires. The Rasch datasets used latent scores from psychometrically reformulated questionnaires. DR, Dummy regression, LR, 
Linear regression, BR, Bayesian ridge regression, RF, random forest. Weight corresponds to the weighted models using the inverse sum of the standard 
error for the latent scores, which was only available for the Rasch dataset.
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psychometric criteria, had a large impact on predictive performance, 
with underfitted models as a function of decreased reliability, and they 
did not simultaneously modify the outcome. McNamara et al. (2022), 
who modified both predictors and outcome at the same time, showed 
that there was no difference between predictive models, as was found 
in our results. At the same time, they showed that less reliable predic-
tors and outcomes showed decreased predictive performance. Again, 
this result pertains only to modifying the noise or reliability of the pre-
dictors and outcome. Meanwhile, this study was reformulated accord-
ing to four psychometric criteria using empirical data, and we do not 
have the same reliability estimates or control as in the simulation stud-
ies (Jacobucci and Grimm, 2020; McNamara et al., 2022).

As shown in Figure 2, the reformulated questionnaires’ latent 
scores have a largely simple linear relationship with the original ordinal 
sums. While the reformulated questionnaires are more psychometri-
cally robust and retain essential information, the original sum scores 
could contain useful predictive signals despite a greater amount of 
noise. The results are in line with those of Sijtsma et al. (2024), which 
indicate similar performance between sum scores and latent scores in 
a predictive framework. This suggests that while the reformulated ques-
tionnaires provide a more streamlined, unidimensional measure of the 
trait, as shown by the CFA, some variability present in the original 
scores may contribute to predictive performance. This is supported by 
the fact that the original sum scores show stochastic ordering with 
largely high correlations to the (what we assume to be) underlying 
latent trait, as estimated using Rasch analysis. While it is not perfectly 
linear at the periphery of the latent continuum (Figure 2), which a non-
linear model such as random forest could detect, it remains largely 
linear overall, reminiscent of the empirical findings of Bezruczko et al. 
(2016). Consequently, because the format of the outcome variable in 
each case aligns with the format of the predictors, the predicted rela-
tionships remain largely linear and unchanged. Thus, based on both 
the experimental setup in this study and previous studies, it is not 
entirely unexpected that the predictive performance is similar.

However, we did not interpret the higher predictive performance 
of the sum score as reflective of a more truthful way of handling self-
rated data. As clearly argued for and shown in the study by Shmueli 
(2010), predictive results cannot be used to draw inferences about 
which models are more truthful, but rather about which could be 
more predictive. Another possibility is that the Rasch-improved 
models improved precision and reduced overfitting. This resulted in a 
lower predictive performance but could be more generalizable (e.g., 
in overpredictive or other psychiatric settings) compared to the 

original sum scores. This hypothesis would need to be tested with 
other datasets from different settings.

Furthermore, while there was a statistically significant difference 
in the predictive performance, the absolute difference in the RMSE 
score was negligible. In addition, the latent scores used only a fraction 
of the original questionnaire items. This was an unintended conse-
quence of the psychometrically valid versions of the questionnaires. 
The latent scores’ performance was worse by 5% relative to the sum 
scores, corresponding to an RMSE difference of 0.70%, which is a con-
siderable retention of information considering that only 23% of the 
items were retained across all questionnaires. Fewer items could be 
beneficial because it could significantly reduce the response burden for 
patients and reduce the risk of missing data, which in turn could facili-
tate repeated and more widespread measurements within routine care.

While we also trained models that weighted their predictions 
based on the inverse sum of the standard errors of the latent scores, 
the information from this weight did not improve the prediction com-
pared with not using the weights. While not explicitly containing the 
weight variable in the non-weighted models, the non-weighted models 
did have access to the standard errors, which composed the weights, 
and these possibly had a larger influence than the composite. Future 
studies could explore other ways to utilize the standard errors, perhaps 
using another predictive framework that implements the standard 
error explicitly in the model (Kurz, 2023).

Since both the predictor and outcome changed simultaneously in 
the two conditions, a future study might investigate an independent set 
of predictors to predict the two different types of outcomes instead. This 
could possibly reveal whether a more psychometrically solid outcome 
variable could improve predictive performance. In addition, a future 
study could investigate if latent scores from the original questionnaires, 
without improving their psychometric qualities, have an impact on pre-
dictive performance. Furthermore, previous research has indicated 
improved predictive performance using items as predictors, as opposed 
to their summation (McNeish, 2024). While this is counter to our previ-
ous research in a similar setting (Hentati Isacsson et al., 2024a), it could 
be valuable in a setting that also investigates latent scores compared to a 
simple summation. The similar predictive performance of the latent 
score setup, despite using only 23% of the items, is beneficial. This study 
did not aim to investigate methods of shortening questionnaires and 
their subsequent impact on predictive performance. To investigate these 
aspects, another methodological setup would be needed, e.g., using the 
same subset of items. Such a study could also incorporate the possible 
impact of missing data on the analyses, such as comparisons of the 

TABLE 1  One-factor CFA for original items or shortened versions was based on Rasch Measurement Theory.

Questionnaire Items 2χ
df p CFI TLI RMSEA SRMR

MADRS-S
Org.2 1542.964 27 0 0.975 0.966 0.095 [0.091, 0.099] 0.043

Rasch* 37.94 2 0 0.999 0.997 0.054 [0.04, 0.069] 0.009

PDSS-SR
Org.3 815.2 14 0 0.931 0.897 0.185 [0.174, 0.196] 0.075

Rasch1 44.625 2 0 0.986 0.958 0.113 [0.085, 0.143] 0.03

LSAS-SR
Org.3 64324.799 1,080 0 0.533 0.513 0.191 [0.189, 0.192] 0.192

Rasch2 223.817 20 0 0.96 0.944 0.08 [0.07, 0.089] 0.045

All metrics were scaled. MADRS-S was fit with one additional item to avoid a just-identified model (by adding item 6, see Hentati Isacsson and Johansson, 2025). *123Indicates the level of 
dynamic cut-off for CFI, RMSEA, and SRMR that the model was closest to, with *indicating no model specification and 1, 2, and 3 indicating a small, medium, and large misspecification or 
non-conforming model to the unidimensional factor. MADRS-S, Montgomery-Åsberg Depression Rating Scale Self-report; LSAS-SR, Leibowitz Social Anxiety Scale-Self Report; PDSS-SR, 
Panic Disorder Symptom Scale-Self Report. Org; original items of the questionnaire. Rasch: The shortened version of the questionnaire based on Rasch analysis. 𝜒2, model chi-square; Df, 
model degrees of freedom; p, model p-value; CFI, Comparative Fit Index, higher is better; TLI, Tucker–Lewis index, higher is better; RMSEA, Root Mean Square Error of Approximation with 
95% confidence intervals, lower is better; SRMR, Standardized Root Mean Square Residual, lower is better.
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impact of missing data, where one could simulate missing data and com-
pare complete-case analyses and imputation setups. Additionally, this 
experimental setup could benefit from longitudinal models that take the 
repeated structure of the data into account, despite previous findings. 
Finally, there has been recent progress in predictive models with mea-
surement errors, which indicates that it could be beneficial to predict 
intervals and use these instead of point predictions (Jiang and Ma, 2024).

Conclusion

In conclusion, using empirical data from psychological treatment, 
our findings indicate that using latent scores as predictors and outcomes 
from a psychometrically improved version of the questionnaire showed 
similar predictive performance to the original ordinal sum scores. 
While the psychometric properties were improved by the Rasch analy-
ses, it is inconclusive whether this also improved precision and reduced 
overfitting or if the Base dataset retained useful variability. For the 
models using the latent score, their predictive performance was margin-
ally reduced by 5% (a 0.70% RMSE increase) while using only 23% of 
the original items. This suggests that while reformulated questionnaires 
can streamline measurement and lower the burden on patients, their 
impact on improving predictive performance in this study was limited.
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