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The response time Concealed Information Test (RT-CIT) can help to reveal whether a 
person is concealing the knowledge of a certain information detail. During the RT-CIT, 
the examinee is repeatedly presented with a probe, the detail in question (e.g., murder 
weapon), and several irrelevants, other details that are similar to the probe (e.g., other 
weapons). These items all require the same keypress response, while one further item, the 
target, requires a different keypress response. Examinees tend to respond to the probe 
slower than to irrelevants, when they recognize the former as the relevant detail. To 
classify examinees as having or not having recognized the probe, RT-CIT studies have 
almost always used the averaged difference between probe and irrelevant RTs as the 
single predictor variable. In the present study, we tested whether we can improve 
classification accuracy (recognized the probe: yes or no) by incorporating the average RTs, 
the accuracy rates, and the SDs of each item type (probe, irrelevant, and target). Using the 
data from 1,871 individual tests and incorporating various combinations of the additional 
variables, we built logistic regression, linear discriminant analysis, and extra trees 
machine learning models (altogether 26), and we compared the classification accuracy of 
each of the model-based predictors to that of the sole probe-irrelevant RT difference 
predictor as baseline. None of the models provided significant improvement over the 
baseline. Nominal gains in classification accuracy ranged between –1.5% and 3.1%. In 
each of the models, machine learning captured the probe-irrelevant RT difference as the 
most important contributor to successful predictions, or, when included separately, the 
probe RT and the irrelevant RT as the first and second most important contributors, 
respectively. 

Introduction 

In the recent decades, machine learning (ML) led to 
groundbreaking advances in applied sciences and engineer-
ing, its ubiquitous use ranging, for example, from medical 
diagnostics (Benjamens et al., 2020) and brain imaging 
analysis (Lemm et al., 2011) to computer applications that 
are by nowadays commonplace (e.g., Deng & Li, 2013) and 
various forensic tools (Carriquiry et al., 2019). Within 
forensics, one very practical ML application is to improve 
the prediction accuracy of computerized deception detec-
tion methods. There is increasing interest in this area, with 
most ML studies utilizing complex large data sets such as 
those from EEG and fMRI testings (e.g., Bablani et al., 2019; 
Davatzikos et al., 2005; Derakhshan et al., 2020; Dodia et 

al., 2019). However, ML can also be applied to comparatively 
simple data such as behavioral response times (RTs). In the 
present study, we assess the potential benefit of combin-
ing variables from RT-based Concealed Information Tests 
(CITs), in a machine learning mega-analysis using data 
from 1,871 individual tests. We do this by creating several 
ML models based on the combinations of up to 12 variables, 
and test whether the classification accuracy in predicting 
deception is better when using any of these models, than 
when using the baseline predictor that is conventional for 
this purpose in the RT-CIT. 

RT-CIT and Feature Selection 

The RT-CIT aims to disclose whether the tested person 
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recognizes certain relevant items (“probes”), such as a 
weapon used in a recent homicide, among a set of other 
objects (“irrelevants”), based on comparatively slower re-
sponding to the recognized probes (Meijer et al., 2016; Su-
chotzki et al., 2017). During the RT-CIT, examinees have to 
categorize items that are presented on a computer screen by 
pressing one of two keys (e.g., either “E” or “I” on a regular 
keyboard). They are asked to press one of those keys (e.g., 
“E”) when they see the probe or one of four irrelevants, 
and they are asked to press the other key (e.g., “I”) when 
they see a certain target item (an additional irrelevant item 
designated for this purpose). It is assumed that knowledge-
able examinees recognize the probe as the relevant item in 
respect of the deception detection scenario, and that they 
generally respond slower to the probe as compared to irrel-
evants. Thereby, based on probe-irrelevant RT differences, 
“guilty” (knowledgeable) examinees can be distinguished 
from “innocent” (naive) ones. Since RT-CIT studies almost 
unanimously use the probe-irrelevant difference as the sole 
(or at least primary) predictor variable, this may here be de-
clared as the baseline to which any modified or model-based 
predictors may be compared in view of diagnostic accuracy 
(regarding the importance of baseline, see e.g., DeMasi et 
al., 2017). 

Properly built and cross-validated ML models represent 
a robust way of multivariate data analysis, which can in-
corporate and control for a large number of input variables 
(known as features, or independent variables) while avoiding 
overfitting (Cawley & Talbot, 2010; Hastie et al., 2009). 
Nonetheless, including too many redundant or inconse-
quential features reduces the accuracy of ML-based diag-
nostics: Given excessive possibilities of feature combina-
tions, the model may capture random fluctuations in the 
training set (on which it is built) and, when cross-validating 
it on the test data (previously “unseen”), it will prove less 
accurate (Guyon & Elisseeff, 2003; Theodoridis & 
Koutroumbas, 2009). Therefore, features should be carefully 
selected based on previous knowledge and hypotheses in 
the given domain. 

Regardings the RT-CIT, there have been suggestions for 
certain combinations of features. Firstly, since targets are 
similar to probes in certain important respects (rare, task-
relevant items in the test), and both are, in these respects, 
opposed to irrelevants (frequent, less relevant items). 
Therefore, it has been hypothesized that those who do not 
respond to targets (much) slower than to irrelevants may 
also not respond to probes (much) slower than to irrele-
vants, despite recognizing the probe as the relevant item 
(Noordraven & Verschuere, 2013). Thereby, the prediction 
based on probe-irrelevant difference may be adjusted: In 
case of smaller target-irrelevant difference, one may predict 
guilt (i.e., probe having been recognized) in case of rela-
tively smaller probe-irrelevant difference. Any such advan-
tage can be captured by ML models, if the target (or target-
irrelevant difference) is included as a feature. 

Secondly, probe-irrelevant accuracy rates (ARs; ratio of 
correct responses per all responses) have repeatedly been 
found to also have some degree of predictive power (al-
though generally much lower than probe-irrelevant RT dif-
ferences): Guilty participants tend to have lower accuracy to 
probes than to irrelevants (e.g., Hu et al., 2013; Noordraven 

& Verschuere, 2013). Therefore, if the RT and AR differ-
ences do not strongly correlate, the AR may contribute to 
better predictions (Lukács, Gula, et al., 2017): For example, 
when the RT measure yields ambiguous values (in a “grey 
area” between typical guilty and typical innocent values), 
the AR measure may be given more weight in the decision. 
Again, such possibilities could be captured via ML models. 

Thirdly and lastly, probe-irrelevant RT differences have 
often been divided by the irrelevant SD to obtain a stan-
dardized measure (Noordraven & Verschuere, 2013; Ver-
schuere et al., 2015), although this in itself does not seem 
to improve diagnostic accuracy (Lukács & Specker, 2020). 
Nonetheless, the SDs of RTs could still contribute to better 
predictions in some other specific interaction with the rest 
of the included features, which would then be captured with 
ML models (see also Elaad & Ben-Shakhar, 1997; Hu et al., 
2013). 

Therefore, altogether, it seemed reasonable to include 
each main item type (probe, irrelevant, target), and each 
measured via RT, ER, and SD. The ML models were built 
using these features in specific combinations (see Meth-
ods), and the models were systematically compared to the 
baseline. With this, based on the considerations described 
above, we hoped and expected to improve the diagnostic ac-
curacy of the RT-CIT. Of course, at the same time, we were 
aware of the possibility of no improvement. Notwithstand-
ing its vast impact, ML is not beneficial in every case it is 
applied to: Instances of success are often widely publicized 
and well-known, but, unsurprisingly, instances where ML 
does not prove useful do not usually garner attention (per-
haps with the exception of the notorious failures of eco-
nomic prediction algorithms; López de Prado, 2018; but 
see also, e.g., Matsuda et al., 2019). In the academic world 
specifically, this discrepancy is aggravated by publication 
bias favoring positive outcomes and related conceptual and 
statistical issues (which we committedly aim to avoid; Riley, 
2019). 

Study 1 

In this first study, we focused on RTs and ARs, in combi-
nations of probe, target, and irrelevant items, as suggested 
by some previous papers, including probe-irrelevant as well 
as target-irrelevants differences (Lukács, Gula, et al., 2017; 
Noordraven & Verschuere, 2013), but also each item type’s 
RT mean and AR separately (see below for details). 

Method 

All analyses were preregistered (Study 1: https://osf.io/
gsk89; Study 2: https://osf.io/cph5s) except where we state 
otherwise. We conducted no pilot or any other prior studies 
or analyses not reported in the manuscript; we report all ex-
amined measures and conditions. We had no prior knowl-
edge (e.g., Van den Akker et al., 2019) regarding the charac-
terics of the data relevant to our ML analysis, except for the 
sporadic findings reported in previous individual studies as 
described above in the Introduction. 

Data 

For all our analysis we used, as a convenience sample, 
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a recently published extensive database with trial-level re-
sults from CIT studies, available via https://osf.io/sfbkt/ 
(Lukács & Specker, 2020). This data includes 12 different 
datasets with different experimental designs (each includ-
ing data from guilty as well as innocent participants), from 
seven different papers (Geven et al., 2018; Kleinberg & Ver-
schuere, 2015, 2016; Lukács, Kleinberg, et al., 2017; Noor-
draven & Verschuere, 2013; Verschuere et al., 2015; for de-
tailed database description, see Lukács & Specker, 2020, pp. 
5–6). 

We excluded (following the criteria by Lukács & Specker, 
2020) all participants with accuracy rate not higher than 
75% for the main items (probes and irrelevants merged), or 
accuracy rate not higher than 50% for (a) target items or (b) 
target-side fillers or (c) nontarget-side fillers. (“Fillers” are 
additional items presented throughout the task, used in one 
of the included experimental designs – Lukács, Kleinberg, 
et al., 2017 – but are otherwise not relevant to the present 
paper.) This left 1,871 participants in the data set: 752 inno-
cent (age = 31.7±11.1 [21 unknown]; 357 male, 375 female 
[20 unknown]), and 1,119 guilty (age = 29.4±10.9 [18 un-
known]; 493 male, 609 female [17 unknown]). For all further 
calculations, responses below 150 ms were excluded. For RT 
measures, only correctly answered trials were used (i.e., we 
excluded incorrect and too slow trials). ARs were calculated 
as the ratio of correct responses to correct, incorrect, and 
too slow responses. 

Procedure 

The ML-based multivariable classification analyses were 
performed in Python (v3.8.3, scikit-learn library v0.23.1; 
Pedregosa et al., 2011) to predict “guilt” or “innocence” 
from the features of the RT-CIT and to identify the features 
relevant for a successful classification. Logistic regression 
(LR; Hastie et al., 2009), linear discriminant analysis (LDA; 
Hastie et al., 2009), and Extra Trees (ET; Geurts et al., 2006) 
were used as methods for machine learning models. LR is 
a generalized linear model that wraps a logistic function 
around a linear regression. LDA is a linear, computationally 
highly efficient classification algorithm that uses linear hy-
perplanes to distinguish between classes. ET is a compu-
tationally efficient and highly accurate nonlinear classifier. 
ETs implement an ensemble of “extremely randomized 
trees”. Ensemble methods improve the performance of base 
predictors, such as decision trees, by accumulating the pre-
dictions of those base predictors via, for example, majority 
voting. However, to obtain diverse predictions from the 
same base predictors, processes that introduce randomness 
when building the base predictors are applied. Hence the 
name “randomized trees.” In general, decision trees can 
capture linear and non-linear relationships between fea-
tures and the prediction targets (Hastie et al., 2009), in this 
case guilt or innocence. 

The model’s classification performances (weighted clas-
sification accuracy) were estimated using a nested cross-
validation procedure (Cawley & Talbot, 2010). Cross-vali-
dation allows to assess the performance of the model that 
can be expected on new, unseen data, hence, the gener-
alizability of the model. Cross-validation implements re-
peated train-test splits of the data, where a separate model 

is trained and tested in each cross-validation repetition. 
In our main cross-validation loop, a shuffle-split data par-
titioning with 10% of the participants in the testing-set 
was repeated 100 times, resulting in 100 models each. In 
each repetition, the training-set was used for data scaling 
(z-scoring and model complexity optimization. Complexity 
optimization is necessary if models allow different regular-
ization strengths or different model sizes (in our case LR 
and ET models) to avoid overfitting the data. Complexity 
optimization was implemented in an inner (nested) cross-
validation procedure. Hence, a separate cross-validation 
was carried out for each repetition of the outer cross-val-
idation loop. The inner cross-validation loop again used a 
shuffle-split partitioning scheme (with 10% of the partici-
pants of the outer training-set in the inner testing set), but 
in these cases with 50 repetitions only, to save computation 
time. To control model complexity, we tuned the regulariza-
tion parameter C and the L1 ratio parameter in the LR clas-
sifier, as well as the maximum number of leaf nodes per tree 
in the ET classifier. The candidates for the parameters were 
randomly drawn (randomized search procedure, 50 random 
draws, via RandomizedSearchCV, scikit-learn, v0.23.1). The 
parameters that led to the highest weighted classification 
accuracy were subsequently used in the outer cross-valida-
tion loop. 

The obtained models were then tested on the respective 
hold-out set of the main cross-validation loop. The hold-
out set (10% of the participants) were not used in the inner 
cross-validation loop. In each repetition of the main cross-
validation loop, model prediction accuracy was computed. 
To counter unbalanced classes (more samples in one class 
than in the other, e.g., more guilty than innocent partici-
pants) weighted accuracy was used (Hastie et al., 2009). For 
prediction accuracy, higher values indicate a better model 
fit. Classification accuracy values lie between zero (a model 
that classifies every participant incorrectly) and one (per-
fect model that gets all classifications right). The theoreti-
cal chance level is 0.5. However, in the case of unbalanced 
classes and limited number of repetitions, the chance level 
varies substantially and needs to be assessed. For that, an 
additional model was trained and tested on a shuffled ver-
sion of the data in each cross-validation loop. 

The contributions of single features to the models’ per-
formance were also assessed. For non-linear classification 
models (e.g., ET classifier), this is not as straightforward 
as for linear models. One procedure that can be applied to 
all kinds of models is permutation feature importance test-
ing, which works as follows. First, a baseline accuracy score 
is computed by passing a testing-set through the model. 
Second, the values of a single factor are permuted and the 
testing-set is passed again through the model. Third, the 
accuracy score is recomputed. Fourth, the importance of a 
factor is the difference between the baseline accuracy and 
the accuracy score after permutation (Molnar, 2019). The 
permutation thus disentangles the relationship between a 
factor and the prediction, that is, the drop in the model 
score (classification accuracy) is indicative of how much the 
model depends on that factor (Molnar, 2019). The statistical 
significance of the features’ importances were assessed us-
ing a shuffle (randomization) testing procedure (Edgington 
& Onghena, 2007; Ojala & Garriga, 2010). The null hypoth-
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esis was that there is no relationship between the features 
(independent variables) and the prediction target. There-
fore, following the evaluation of the features’ importances, 
the model was refitted using the same training-data, but 
with shuffled targets (to fulfill the null hypothesis) and the 
features’ importances were assessed again. The shuffling 
was repeated 64 times in each main cross-validation loop 
(hence, 6,400 times in total). To reject the null hypothesis 
at 95% confidence, no more than 5% of the features’ impor-
tances obtained with shuffle data should be more extreme 
than the features’ importances obtained by the original data 
(Edgington & Onghena, 2007; Ojala & Garriga, 2010). This 
percentage of more extreme values is equivalent to the p 
value that our results occurred under the null hypothesis. 
Subsequently, the obtained p values were Bonferroni-cor-
rected for multiple comparisons. This whole analysis (com-
puting the models and the importance of features) was car-
ried out for each method and each feature set separately. 

In Study 1, we ran five separate analyses with different 
sets of features (independent variables): 

In total we computed a total number of 1,500 analyses 
(100 repetition, 3 models, 5 sets of features) in Study 1. 

Model Comparison. Having obtained the results (100 
classification accuracy scores per method and set of fea-
tures) of the 100 repetitions of the main (outer) cross-val-
idation loop, the last step was to assess whether any of 
our four multi-factor models (2 - 5) performed better than 
the single-factor baseline (model 1). In our preregistration, 

we specified a bootstrap procedure (Efron, 1992) and rank-
based Bayes factors (BFs; Van Doorn et al., 2020) as statis-
tical significance tests. However, this was a mistake: These 
tests are actually not applicable in this context (notwith-
standing their widespread use in other papers, which are 
also erroneous), because the scores obtained in the ML pro-
cedure are based on the same underlying data, and there-
fore the assumption of independence is violated, and the 
comparisons would result in a very high Type I error rate 
(false positives). How to solve this problem is not straight-
forward, and no well-established procedure exists. It has 
been suggested to just report 95% confidence intervals (CIs) 
of the scores of each model (Mitchell, 2013) – which is what 
we preregistered for Study 2 (see below). This however pro-
vides no formal assessment of whether there is a statisti-
cally significant difference. One solution has been offered 
by Nadeau and Bengio (2003), which is a variance correc-
tion applied to Student’s t-test. This yields a conservative 
p value (low chance of false positives, but relatively higher 
chance of false negative) that takes into account the re-
duced variability due to the choice of the training sets and 
the choice of the test sets. This Nadeau-Bengio correction 
has since been suggested by several other authors for ma-
chine learning procedures such as ours (Bouckaert & Frank, 
2004; Witten et al., 2011). 

We therefore report the means and 95% CIs of the scores 
for each model method and feature set, and, exploratorily, 
Nadeau-Bengio corrected p values for each comparison to 
the baseline. For completeness however, we do report the 
outcomes of the pre registered tests in an online Appendix 
(available via https://osf.io/zhmb2/), although these are, as 
explained above, not to be relied on. 

Secondary analysis. To demonstrate how the outcomes 
may differ in case of using single experimental designs, 
we repeat the exact same model preparation and analysis 
(1,500 analyses), but add, for each method and feature set, 
experimental design (datasets 1-12) as a factorial feature. 
This may show whether there are any predictive features 
specific to experimental designs, although such predictors 
would not necessarily be generalizable to other or new ex-
periments or designs. For the rest of this paper, we denote 
this feature as Experiment, although, technically, some of 
the experimental designs were originally reported within as 
a single “experiment” (or “study”) using two or three differ-
ent RT-CIT designs (e.g., Verschuere et al., 2015; again, for 
details, see Lukács & Specker, 2020). 

Results 

All statistical results are reported in Table 11 for the ML 
without Experiment as feature, and in Table 2 for the ML 
with Experiment as feature. None of the model comparisons 
yielded statistically significant results. The nominal gain 
using multiple features, as compared to baseline, was also 

1. Baseline models with the conventional “probe-mi-
nus-irrelevant RT mean difference” predictor only. 

2. Two features included in the models: Probe-minus-
irrelevant RT mean differences; probe-minus-irrele-
vant AR differences. 

3. Five features included in the models: Probe-minus-
irrelevant RT mean differences; target-minus-irrele-
vant RT mean differences; probe RT mean; irrelevant 
RT mean; target RT mean. 

4. Twelve features included in the models: Probe-mi-
nus-irrelevant RT mean differences; probe-minus-ir-
relevant AR differences; target-minus-irrelevant RT 
mean differences; target-minus-irrelevant AR differ-
ences; probe RT mean; irrelevant RT mean; target RT 
mean; probe AR; irrelevant AR; target AR; age; gen-
der. (For this analysis, 39 participants with unknown 
age or gender were removed from the data for this 
analysis, leaving 1,832.) 

5. Models with all six significant features of the 4th mod-
els: Probe-minus-irrelevant RT mean differences; 
probe-minus-irrelevant AR differences; target-mi-
nus-irrelevant AR differences; probe RT mean; irrele-
vant RT mean; age. (Again, those with unknown age 
were removed from the data, leaving 1,832.) 

The achieved classification accuracies reported here may seem relatively low, but this is largely unrelated to our ML procedure (i.e., this is 
simply the accuracy generally provided by the RT-CIT, see, e.g., table 2 in Lukács & Specker, 2020), and it is still superior to human judg-
ments alone, which are generally around chance-level accuracy (e.g., Hartwig & Bond, 2011). Furthermore, recently developed improved 
RT-CIT designs can provide substantially higher accuracies (Lukács, Kleinberg, et al., 2017; Lukács & Ansorge, 2021; Wojciechowski & 
Lukács, 2022). 

1 
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Table 1. Model comparisons (without Experiment as feature) 

Mean 95% CI pN-B 

LR baseline 69.9 [69.3, 70.4] 

LR 2 features 70.9 [70.4, 71.5] .457 

LR 5 features 70.2 [69.6, 70.7] .846 

LR 12 features 70.9 [70.3, 71.6] .500 

LR 6 sign. features 71.0 [70.3, 71.6] .470 

LDA baseline 67.9 [67.3, 68.5] 

LDA 2 features 69.3 [68.6, 69.9] .365 

LDA 5 features 68.0 [67.4, 68.6] .938 

LDA 12 features 68.3 [67.7, 68.9] .770 

LDA 6 sign. features 69.1 [68.5, 69.8] .432 

ET baseline 69.2 [68.6, 69.9] 

ET 2 features 72.3 [71.7, 72.9] .056 

ET 5 features 69.1 [68.5, 69.7] .929 

ET 12 features 71.2 [70.6, 71.9] .211 

ET 6 sign. features 71.6 [71.1, 72.2] .113 

Note. The means and 95% CIs are reported for each model. The Nadeau-Bengio-corrected p values (pN-B) refer to the comparison of the given multi-feature model to the baseline of 
the same ML method (LR, LDA, or ET). The baseline always refers to the model with the sole probe-irrelevant RT mean difference feature. The multi-feature models include the fea-
tures described under Procedure, in the same order. 

Table 2. Model comparisons with Experiment as feature 

Mean 95% CI pN-B 

LR baseline + Exp. 75.4 [74.8, 76.0] 

LR 2 features + Exp. 76.6 [76.1, 77.2] .402 

LR 5 features + Exp. 75.2 [74.6, 75.9] .919 

LR 12 features + Exp. 75.9 [75.3, 76.5] .740 

LR 6 sign. features + Exp. 76.0 [75.4, 76.7] .686 

LDA baseline + Exp. 72.4 [71.7, 73.1] 

LDA 2 features + Exp. 74.6 [74.0, 75.1] .181 

LDA 5 features + Exp. 73.7 [73.2, 74.3] .409 

LDA 12 features + Exp. 74.5 [73.8, 75.2] .230 

LDA 6 sign. features + Exp. 74.0 [73.4, 74.7] .349 

ET baseline (+ Exp. 74.1 [73.4, 74.7] 

ET 2 features + Exp. 75.4 [74.8, 75.9] .382 

ET 5 features + Exp. 74.1 [73.6, 74.7] .970 

ET 12 features + Exp. 75.6 [75.0, 76.2] .319 

ET 6 sign. features + Exp. 74.5 [73.9, 75.1] .799 

Note. Similarly as in Table 1, the means and 95% CIs are reported for each model. The Nadeau-Bengio-corrected p values (pN-B) refer to the comparison of the given multi-feature 
model to the baseline of the same ML method (LR, LDA, or ET). The baseline always refers to the model with the probe-irrelevant RT mean difference as the only feature apart from 
the Experiment factor. The multi-feature models include the features described under Procedure (in the same order), and the Experiment as feature. 

fairly small in all cases. In the case of models without Ex-
periment as a feature, the average gain was 1.1%, 95% CI 
[0.8, 1.4] (minimum: –1.5%, maximum: 3.1%). In the case 
of the models with Experiment as a feature, the average 
gain was practically the same, 1.1%, 95% CI [0.6, 1.5] (mini-
mum: –0.2, maximum: 2.2). This means that our ML meth-
ods did not find any features that could substantially con-

tribute to better predictions either overall (generalizable to 
all included experiments, and hence likely to the RT-CIT in 
general), or specific to given experiments. 

In every model, the probe-irrelevant RT mean difference 
was found as the most important contributor to correct pre-
dictions. Figures depicting the relative importance of each 
feature, in each model, can be found in the online Appen-
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dix. 

Study 2 

In Study 2, to empirically verify the theory-based “probe-
irrelevant RT difference” feature, we separately included all 
lower-level features (e.g., probe mean RT, probe ER, irrele-
vant RT, irrelevant ER, etc.), with the expectation that the 
ML too would find probe mean RT and irrelevant mean RT 
as the most important contributors, and that, once again, 
the model based on these lower-level features will not out-
perform the baseline of the plain probe-irrelevant RT dif-
ference predictor. Furthermore, here we also included SDs 
per item type as potentially beneficial additional features 
(Elaad & Ben-Shakhar, 1997; Hu et al., 2013; Noordraven & 
Verschuere, 2013). 

Method 

Data 

The analysis was performed on the same data as in Study 
1. 

Procedure 

The procedure was largely the same as in the previous 
analysis, except for the included features. Here, apart from 
the baseline (probe-minus-irrelevant RT mean difference), 
we created only one other model, including the following 
eleven features: probe RT mean; irrelevant RT mean; target 
RT mean; probe RT SD; irrelevant RT SD; target RT SD; 
probe AR; irrelevant AR; target AR; age; gender. 

The ML analyses were again performed in Python (v3.9.2, 
scikit-learn library v0.23.2; Pedregosa et al., 2011). Here 
we only used LR and ET. Classification performances were 
again assessed using a nested cross-validation procedure. A 
shuffle-split scheme with 128 repetitions (20% of the par-
ticipants in the testing-set, 80% in the training-set) was 
applied in the main (outer) cross-validation loop. In each 
repetition, the training-set was used for data scaling (min-
max-scaling) and model complexity optimization. Model 
complexity optimization was carried out in a nested (inner) 
cross-validation procedure using a sequential bayesian op-
timization procedure in combination with a shuffle-split 
scheme (20% testing, 80% training, 64 repetition) to find 
the best complexity parameters (BayesSearchCV, scikit-op-
timize, v0.8.1, LR: C 1e-4 to 1e4, l1_ratio 0.011 to 1, ET: 
min_samples_leaf 1 to 32 log-prior, max_features 1 to total 
number of features). The complexity parameters that lead 
to the lowest squared error in the training-set were sub-
sequently used along with the following constant parame-
ters – LR: penalty=elasticnet, tol=1e-4, solver=saga, 
max_iter=1e4, warmstart=True, and ET: n_estimators=512, 
criterion=friedman_mse – to train an LR and ET classifier 
model in the main cross-validation loop, respectively. The 
models were subsequently tested on the respective testing-
set of the main cross-validation loop. The testing-set was 
not used in the inner cross-validation loop. As in Study 1, 
to counter unbalanced classes (more samples in one class 
than in the other), weighted accuracy was used. The statis-
tical analyses were the same as in Study 1. 

Model Comparison. Same as in Study 1, here in Study 
2 we report the means and 95% CIs of the scores for each 
model (Mitchell, 2013), and, exploratorily, Nadeau-Bengio 
corrected p values for each comparison to the baseline 
(Bouckaert & Frank, 2004; Nadeau & Bengio, 2003; Witten 
et al., 2011). 

Results 

For the LR modelling, the baseline mean score was 
70.0%, 95% CI [69.7, 70.3], while the multi-feature model’s 
mean score was 70.9%, 95% CI [70.5, 71.3], and the Nadeau-
Bengio-corrected p value showed no statistically significant 
difference (pN-B = .363). For the ET modelling, the baseline 
mean score was 70.0%, 95% CI [69.6, 70.4], while the multi-
feature model’s mean score was 68.5%, 95% CI [68.1, 68.9], 
hence the latter actually gave nominally lower accuracy (but 
again with no statistically significant difference, pN-B = 
.148). 

The importance of each feature in achieving the given 
classification accuracies in the multi-feature models (70.9% 
for LR, 68.5% for ET) is shown in Figure 1 (the underlying 
data is available via https://osf.io/zhmb2/). In both models, 
the most important feature is the probe RT mean, and the 
second most important feature is the irrelevant RT mean. In 
the LR model in particular, where learning procedure is rel-
atively straightforward, the contribution of the other vari-
ables is negligible: The ML no doubt found the probe-irrel-
evant RT difference as the main and only important feature 
combination. In the case of the ET model, whose learn-
ing procedure is more complex, other features contribute to 
some degree as well: However, as reflected in the nominally 
decreased classification accuracy, these serve more as con-
founds rather than beneficial contributors. 

Lastly, following the suggestion of an anonymous re-
viewer, we exploratorily performed the same analysis using 
a Random Forest classifier (RF; Biau & Scornet, 2016; 
Breiman, 2001; Geurts et al., 2006; with the relevant pa-
rameters identical to those for ET). The RF is an ensemble 
method very similar to ET. While the ET is more computa-
tionally efficient, the RF may provide better results under 
certain conditions. However, in our experience, the differ-
ence in the obtained results is typically very small and even 
negligible. In the present case too, the RF led to no note-
worthy improvement: The baseline mean score of RF was 
68.3%, 95% CI [67.9, 68.8], while the multi-feature model’s 
mean score was 69.0%, 95% CI [68.7, 69.4] (and the differ-
ence between the two scores was not statistically signifi-
cant: pN-B = .536). 

General Discussion 

Considering all the potential information in the outcome 
of an individual RT-CIT might leave one perplexed at why, 
from all this data, it is only the probe-irrelevant RT mean 
difference that is used for diagnostics – and, in turn, it 
may be very tempting to try incorporating some additional 
characteristics. A well-established way to do this is via ML-
based multivariable models and proper cross-validation 
(e.g., Kleinberg et al., 2018), as we did in the present study. 
However, we found no substantial diagnostic advantage of 
incorporating any of 15 additional variables as potential 
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predictive features. 
A part of the explanation is that the baseline probe-irrel-

evant RT difference predictor is already a fairly good predic-
tor, generally speaking, and provides reasonable accuracies 
in almost all RT-CIT studies. Thereby, even if some other 
features are to a small degree predictive of guilt, they are 
simply dwarfed by the probe-irrelevant RT difference and 
are therefore redundant: Although their contribution to the 
model-based prediction may be significant in some cases, 
their benefit does not sufficiently outweigh the disadvan-
tage of decreasing the contribution of the strongest pre-
dictor, the probe-irrelevant RT difference. Relatedly, there 
is some extent of correlation between probe-irrelevant RT 
differences and other variables that indicate guilt: For ex-
ample, the (Pearson) correlation between probe-irrelevant 
RT differences and probe-irrelevant ER differences is .298, 
95% CI [.243, .350]. Consequently, probe-irrelevant ER dif-
ference may predict guilt in many cases, but the probe-ir-
relevant RT difference also already predicts it in these cases 
(along with cases where the former does not). Therefore, 
the addition of probe-irrelevant ER differences is mostly re-
dundant. 

The ML approaches that we employed (LR, LDA, ET) are 
state-of-the-art and among the best established and most 
widely used binary classifiers, covering all essential feature 
interaction possibilities (e.g., Hastie et al., 2009). There-
fore, it is unlikely that other ML methods on the same or 
similar variables would fare much better – rather, trying 
many more options could misleadingly indicate better re-
sults in some cases merely by chance (Cawley & Talbot, 
2010): Even with a dataset as large as in the present study, 
the potential issues of multiple-testing and data dredging 
have to be kept in mind (Wicherts et al., 2016). 

On the other hand, future ML research could incorporate 
other and more sophisticated data characteristics as fea-
tures, such as those based on the modelling of individual 
trial-level data (e.g., De Boeck & Jeon, 2019). Cross-validat-
ing ML models built on the top of a large number of indi-
vidual-level models, each built on raw data, would require 
extreme computational power – but it seems a worthwhile 
topic for exploration. The only study (Strahm, 2017) to our 
knowledge that so far explored such modelling, though pre-
sented an inspiring introduction and discussion of the 
topic, found no substantial improvement in diagnostic ac-
curacy when using distribution models or explanatory 
process models, as compared to the conventional means 
and SDs (represented by the Gaussian model). Nonetheless, 
the study involved only a small sample (N = 94), and, also, 
that specific dataset’s very high baseline accuracy (97.7% 
for the Gaussian model) may have created a ceiling effect. 
However, whether or not diagnostic improvement can be 
achieved, modelling may still be interesting to help uncover 
the cognitive processes underlying the RT-CIT effect, 
which, in turn, may also have very practical uses: For exam-
ple, Reich et al. (2018) suggested that drift diffusion models 
(Ratcliff, 2002) may help uncovering attempts at faking in 
the RT-CIT. Such analysis may however be hindered by that 
the RT-CIT results typically contain no or only very few in-
correct responses for probes and controls (see supplemen-
tary figure at https://osf.io/unhzx/ for the numbers of par-
ticipants in our study per error RT count, per item type), 

Figure 1. Feature importance per model 
Note. The box plots per feature show the given feature’s importance in the given 
model, calculated as the reduction in classification accuracy (ratio of correct 
classifications) in case the given feature’s values are shuffled (see details in the 
Procedure section). To note, the chance level is 50%, and, therefore, a reduction 
of 17.8%, as in case of the Probe RT in the LR model, would almost completely 
obliterate the original classification accuracy (reducing it from 70.9% to 53.1%). 

such that would be desirable for the process model. Future 
RT-CIT experiments could attempt to increase the propor-
tion of error RTs by, for example, decreasing the time al-
lowed for responding (which may force participants to re-
spond faster and, thereby, more likely incorrectly) – this 
would be particularly interesting in view of speed-accuracy 
tradoff models (let alone the potential practical effects in 
terms of probe-irrelevant differences and related diagnostic 
accuracy; Lubczyk et al., 2022). However, the very contrary, 
removing or greatly lengthening the response time limit, 
may on the other hand allow better fitting for various 
process models (Strahm, 2017, p. 32). What is more, this lat-
ter option might even yield a larger number of error RTs too, 
if it may be the case that a substantial portion of the too-
slow responses in case of a strict time limit, which effec-
tively prevents executing these response at all, would be ex-
ecuted as incorrect responses in case of no or a very long 
time limit. 

Finally, although neither statistically significant nor ro-
bust in magnitude, we did find nominal improvements up to 
2-3% in some cases. It is possible that with more data avail-
able, this improvement can be proven statistically signifi-
cant – especially if the data is from RT-CITs using similar 
task designs, in which case the relation between the vari-
ables may be more consistent. If so, the few percent im-
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provement could still be of practical use: If the RT-CIT is 
eventually applied widely in real life, a 3% improvement 
would essentially mean 3 more correct guilty or innocent 
classifications out of every 100 tests – where each classifi-
cation may have important consequences in investigations 
or court cases. 

Regardless of whether improvements are still possible in 
any of the ways described above, our findings show very 
strong support for the probe-irrelevant RT difference as the 
primary and by far the most robust predictor in the RT-CIT. 
Since the ML did not capture any of the other features as 
having substantial predictive power in the included 12 ex-
periments, it is unlikely that any of them is of great inter-
est as a predictor of guilt (i.e., probe recognition) on either 
practical or theoretical grounds that is generalizable to the 
RT-CIT. 
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