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Abstract 

The concealed information test (CIT) is a psychophysiological memory detection technique for 

examining whether an examinee recognizes crime-relevant information. In current statistical 

analysis practice, the autonomic responses are usually transformed into Z scores within 

individuals to remove inter- and intra-individual variability. However, this conventional 

procedure leads to overestimation of the effect size, specifically the standardized mean 

difference of the autonomic responses between the crime-relevant information and the crime-

irrelevant information. In this study, we attempted to resolve this problem by modeling inter- 

and intra-individual variability directly using hierarchical Bayesian modeling. Five models were 

constructed and applied to CIT data obtained from 167 participants. The validity of the CIT was 

confirmed using Bayesian estimates of the effect sizes, which are more accurate and 

interpretable than conventional effect sizes. Moreover, hierarchical Bayesian modeling provided 

information that is not available from the conventional statistical analysis procedure.  

 

Keywords: Hierarchical Bayesian model; Concealed Information Test (CIT); physiological 

measure; autonomic response; individual difference; intra-individual variability  
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Hierarchical Bayesian models for the autonomic-based Concealed Information Test 

Introduction 

 The concealed information test (CIT) is a memory detection technique for examining 

whether an examinee recognizes crime-relevant information (Lykken, 1959; Verschuere, Ben-

Shakhar, & Meijer, 2011). In the CIT, an examinee is presented with a series of multiple-choice 5 

questions while his/her physiological activities are recorded. The series of questions consists of 

one crime-relevant item and some crime-irrelevant items that are chosen such that an 

unknowledgeable examinee cannot identify the crime-relevant item. For instance, in the case of 

strangulation, an examinee is asked questions such as “Was the murder weapon a rope?…an 

electrical cord?…a LAN cable?…a belt?…a necktie?” These questions are often repeated 10 

several times (e.g., Elaad & Ben-Shakhar, 1997; Gronau, Ben-Shakhar, & Cohen, 2005; 

Matsuda, Nittono, & Ogawa, 2011; Ogawa, Matsuda, & Tsuneoka, 2013; Zaitsu, 2016). If an 

examinee is unaware of the crime, he/she should not be able to distinguish the relevant item 

from the irrelevant items. On the other hand, a knowledgeable examinee should be able to 

distinguish the relevant item and will show differential physiological responses to the relevant 15 

item. Further details about the CIT and its validity are provided elsewhere (Ben-Shakhar & 

Elaad, 2003; Carmel, Dayan, Naveh, Raveh, & Ben-Shakhar, 2003; Verschuere et al., 2011; 

Meijer, klein Selle, Elber, & Ben-Shakhar, 2014; Zaitsu, 2016). Similarly, information about the 

field use of the CIT in Japan can be found elsewhere (Osugi, 2011; Ogawa, Matsuda, & 

Tsuneoka, 2015).  20 

 In conventional statistical analysis of CIT data, observed data are usually standardized, 

either within each individual or within each repetition of a series of questions, before 

performing the main statistical analysis, such as a t-test or an analysis of variance. Such 

standardization is widely used because individual differences and intra-individual variability of 

autonomic responses interfere with accurate estimation of the test statistics or effect sizes (e.g., 25 

Ben-Shakhar, 1985; Elaad & Ben-Shakhar, 1997; Gronau et al., 2005; klein Selle, Verschuere, 

Kindt, Meijer, & Ben-Shakhar, 2016). However, previous studies (Meijer, Smulders, Johnston, 
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& Merckelbach, 2007; Meijer et al., 2014; Stemmler, 1987) have indicated that this 

standardization procedure causes overestimation of the effect size, which is defined as the 

standardized mean difference in autonomic responses between the relevant item and the 30 

irrelevant items. Overestimation occurs for three reasons. First, the larger the differential 

physiological response becomes, the greater is the increase in the effect sizes, because of the 

confounding of the differential physiological responses in the standardizing measure (i.e., the 

mean and the standard deviation, which are used for standardization) (Stemmler, 1987). Second, 

the larger the differential physiological response becomes, the greater is the deviation of the 35 

average of the Z scores for all of the irrelevant items from zero (even though its expectation is 

zero), because of the linear dependency of the average of the Z scores for all of the irrelevant 

items on the Z score for the relevant item (Meijer et al., 2007). Third, as a consequence of 

averaging the Z scores over all of the irrelevant items, the standard deviation of the distribution 

of the average of the Z scores for all of the irrelevant items becomes smaller than that of the Z 40 

score for the relevant item (Meijer et al., 2007). A simple solution to the first two problems, 

namely the confounding of the differential physiological responses and the linear dependency of 

the Z scores, is to calculate the standardizing measure from the responses to the irrelevant items 

(Gamer, Rill, Vossel, & Gödert, 2006; Gamer, Verschuere, Crombez, & Vossel, 2008; Gamer, 

Kosiol, & Vossel, 2010). However, this approach does not solve the overestimation problem, 45 

because the Z scores are averaged over all of the irrelevant items.  

 The averaging procedures may cause another problem. In the conventional statistical 

analysis of CIT data, Z scores for the relevant or irrelevant items are averaged within each 

participant, and the main statistical analysis is performed on the basis of these averaged Z scores 

(e.g., Ben-Shakhar, 1985; Elaad & Ben-Shakhar, 1997; Gamer et al., 2006; Gamer et al., 2008; 50 

Gamer et al., 2010; Gronau et al., 2005; klein Selle et al., 2016; Matsuda et al., 2011; Meijer et 

al., 2007; Ogawa et al., 2013; Zaitsu, 2016). However, this approach implies that the averaged Z 

score for each participant has absolute accuracy (Krypotos, Beckers, Kindt, & Wagenmakers, 

2015). In the case of CIT experiments, the number of responses to the relevant item obtained 
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from one participant is typically less than 10, and it is reasonable to assume that the averaged Z 55 

score derived from such a small sample deviates from the true value for each participant.  

 The other problem with conventional CIT data analysis is that individual differences 

and intra-individual variability are not adequately removed from the observed data. Autonomic 

responses to the relevant item differ from those to the irrelevant items in their magnitudes, while 

they are similar in their latency and directions of change (Hirota, Ogawa, Matsuda, & Takasawa, 60 

2009). Therefore, autonomic responses in the CIT can be simply decomposed into two 

components. One is the basal physiological response, which refers to the basal levels of 

autonomic responses. The basal physiological response is common to both the relevant item and 

the irrelevant items. The other component is the differential physiological response, which 

refers to the difference in autonomic responses between the relevant item and the irrelevant 65 

items. The conventional standardization procedure makes no distinction between these two 

components, thereby confounding their variability. On the other hand, calculating the 

standardizing measure by using responses to the irrelevant items ignores the variability in the 

differential physiological response component. To analyze the CIT data appropriately, the inter- 

and intra-individual variability of the differential physiological responses should be separated 70 

from those of the basal physiological responses, because the variation in the differential 

physiological response component is distinct from that in the basal physiological response 

component.  

 Inaccurate estimation of the effect sizes is not desirable for accurate examination of the 

validity of the CIT. To estimate the effect sizes accurately, inter- and intra-individual variability 75 

need to be removed adequately from the observed data without a standardization or averaging 

procedure. In this study, we propose the use of a hierarchical Bayesian model to resolve these 

problems. The hierarchical Bayesian approach models the observed data directly: no 

standardization or averaging is involved in the proposed approach.  

 Recently, Bayesian analysis has become increasingly popular in experimental 80 

psychology (van de Schoot, Winter, Ryan, Zondervan-Zwijnenburg, & Depaoli, in press). In 



Hierarchical Bayesian models for CIT     6 
 

hierarchical Bayesian models, inter- and intra-individual variability of observed data are 

represented as probability distributions, and the posterior probability distributions of model 

parameters are estimated via Bayesian inference (Gelman, Carlin, Stern, Dunson, Vehtari, & 

Rubin, 2013; Kruschke, 2015; Kruschke & Vanpaemel, 2015). Hierarchical Bayesian modeling 85 

has been applied successfully in various fields, especially cognitive science (Lee, 2011; Lee & 

Wagenmakers, 2014). For instance, choice or response time data collected during category 

learning (Bartlema, Lee, Wetzels, & Vanpaemel, 2014), approach-avoidance tasks (Krypotos et 

al., 2015), decision-making in optimal stopping tasks (Lee, 2006), and discrimination and 

change detection tasks (Vandekerckhove, Tuerlinckx, & Lee, 2011) are modeled using the 90 

hierarchical Bayesian approach. Few studies have applied hierarchical Bayesian modeling to 

autonomic responses. Studer, Scheibehenne, and Clark (2016) applied it to the electrodermal 

activity and heart rate during decision-making in roulette betting tasks.  

 Multilevel models and mixed-effects models are also effective for modeling individual 

differences (Bagiella, Sloan, & Heitjan, 2000; Kristjansson, Kircher, & Webb, 2007). For 95 

instance, Zaitsu (2016) used mixed-effects models to compare experimental and field CIT data. 

Nevertheless, the Bayesian approach has several advantages over the frequentist approach, 

which is often used not only with multilevel and mixed-effects models but also with t-tests and 

analyses of variance. It is important to note that the posterior probability distribution permits 

direct interpretation of parameter uncertainty (Kruschke & Vanpaemel, 2015). Specifically, the 100 

Bayesian approach enables us to estimate the uncertainty of effect sizes on the basis of the 

Bayesian credible interval. Although the Bayesian credible interval seems similar to the 

frequentist confidence interval, it can be directly interpreted as a high-probability interval 

containing the true effect sizes, whereas the frequentist confidence interval is strictly interpreted 

only in relation to a sequence of similar experiments (Gelman et al., 2013). Moreover, the 105 

Bayesian approach permits visual assessment of the predictivity, i.e., the goodness of fit of the 

statistical model to the observed data, via posterior predictive checks (Gelman et al., 2013; 

Shiffrin, Lee, Kim, & Wagenmakers, 2008). The goodness of fit of the statistical model to the 
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observed data is crucial, especially in the analysis of autonomic responses that do not follow a 

normal distribution, because an ill-fitted statistical model will lead to inaccurate results from the 110 

statistical analysis.  

 As mentioned previously, the hierarchical Bayesian model resolves the problems with 

conventional CIT data analysis and estimates the effect sizes accurately. In this study, we first 

constructed five hierarchical Bayesian models for autonomic-based CIT data. We then applied 

these models to the CIT data for model selection and interpreted the Bayesian estimates of the 115 

selected model mainly in terms of the validity of the CIT. Finally, we discussed the advantages 

of hierarchical Bayesian modeling over conventional statistical analysis.  

Method 

Model building  

 Notation. Suppose that 𝑦𝑦(cpri) denotes a response to item 𝑖𝑖 (𝑖𝑖 = 1, . . . , 𝐼𝐼) in repetition 120 

𝑟𝑟 (𝑟𝑟 = 1, . . . ,𝑅𝑅) obtained from participant 𝑝𝑝 (𝑝𝑝 = 1, . . . ,𝑃𝑃) in condition 𝑐𝑐 (𝑐𝑐 = 1, . . . ,𝐶𝐶). 

Because all autonomic responses in this study are non-negative, 𝑦𝑦(cpri) may be modeled by the 

truncated normal distribution N[0,∞](α + β𝑥𝑥,σε2), which has location parameter α + β𝑥𝑥, scale 

parameter σε, and support (0, ∞). Here, α denotes the basal physiological responses, β 

denotes the differential physiological responses, σε denotes the measurement errors (i.e., the 125 

variability within each repetition), and 𝑥𝑥 is the indicator variable (when the 𝑖𝑖th item is the 

relevant item, 𝑥𝑥 = 1; otherwise, 𝑥𝑥 = 0).  

 Hierarchical Bayesian models for the autonomic-based CIT. Five hierarchical 

Bayesian models were considered. Graphical representations of these models (i.e., graphical 

models) are shown in Figure 1. Model 1 assumes that the basal physiological responses and the 130 

differential physiological responses vary inter-individually. Because the basal physiological 

responses are non-negative, the values of the basal physiological response for each participant 

were assumed to follow a truncated normal distribution. On the other hand, the values of the 

differential physiological response for each participant were assumed to follow a normal 
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distribution. Models 2 and 3 assume that the basal physiological responses and differential 135 

physiological responses vary inter- and intra-individually. In Model 2, the intra-individual 

variability parameters are shared by all of the participants. On the other hand, Model 3 assumes 

that the intra-individual variability parameters differ among the participants. Models 4 and 5 are 

similar to Models 2 and 3, respectively, except that they additionally assume that the 

measurement error parameters σε differ among the participants.  140 

Application to CIT data  

 Data set. In this study, we reanalyzed the data used by Ogawa et al. (2013). Recent 

examples of reanalysis are also provided elsewhere (Matsuda, Ogawa, Tsuneoka, & Verschuere, 

2015). In the study by Ogawa et al. (2013), 167 participants received the mock theft CIT. 

Further, 86 of the 167 participants constituted the guilty (i.e., knowledgeable) group, and the 145 

remaining constituted the innocent (i.e., unknowledgeable) group. Only the guilty participants 

performed the mock theft (i.e., stole a ring) before the CIT. The CIT items included one relevant 

item (i.e., the ring) and four irrelevant items (i.e., a necklace, earrings, watch, and brooch). 

These five items were presented five times in different orders.  

 During the CIT, skin conductance response (SCR), normalized pulse volume (NPV; 150 

Sawada, Tanaka, & Yamakoshi, 2001), heart rate (HR), and respiration were recorded using a 

polygraph system (PTH-347, TEAC, Japan). Skin conductance was recorded using a constant-

voltage system (0.5 V) with a time constant of 5 s and Ag/AgCl disposable electrodes filled with 

0.05 M NaCl electrolyte. SCR was defined as the maximum increase in conductance occurring 

0–5 s after the stimulus onset. For NPV measurement, a near-infrared light-emitting diode and a 155 

phototransistor were attached to the third fingertip of the non-dominant hand. NPV was 

calculated from the output of the phototransistor, which was amplified with a time constant of 

0.3 s (AC components) and without filters (DC components). For HR measurement, an 

electrocardiogram was recorded with a standard lead II configuration. HR was calculated in real 

time based on R-R intervals of the electrocardiogram. Respiratory movement was recorded 160 

using a carbon film transducer that was positioned around the participant’s abdominal area.  
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 To apply the hierarchical Bayesian models to the CIT data, we square-root transformed 

SCRs larger than 0.01 µS, and calculated the mean NPV over 5–10 s after the stimulus onset, 

the mean HR over 5–20 s after the stimulus onset, and the mean respiration rate (RR) over 5–15 

s after the stimulus onset. These averaging time windows for NPV, HR, and RR were selected as 165 

intervals within which the differential physiological responses typically occur, based on 

empirical knowledge gained from field use of the CIT in Japan and on previous studies (e.g., 

Matsuda, Nittono, Hirota, Ogawa, & Takasawa, 2009; Matsuda et al., 2015; Ogawa et al., 2013; 

Zaitsu, 2016). Some participants’ data were discarded because of failure of the mock theft 

procedure, recording artifacts (e.g., body motion, deep breathing, coughing, or dozing), or skin 170 

conductance non-responders (i.e., participants who showed SCR of more than 0.01 µS in less 

than half of all trials). The resulting number of participants for which complete data (i.e., five 

responses to the relevant item and twenty responses to four irrelevant items) were obtained was 

110 for SCR (63 were guilty and 47 were innocent), 125 for NPV and HR (66 were guilty and 

59 were innocent), and 123 for RR (62 were guilty and 61 were innocent).  175 

 Parameter estimation. The data analysis and modeling were conducted using the 

statistical software R 3.3.0 (R Core Team, 2016) and the R package rstan 2.9 (Stan 

Development Team, 2015, 2016). The rstan package provides the function stan( ) for 

implementing the Hamiltonian Monte Carlo algorithm (HMC; Neal, 2011). HMC is a Markov 

chain Monte Carlo (MCMC) method that permits sampling from a posterior distribution. We ran 180 

four independent chains of MCMC draws. In each chain, the first 2,000 samples were discarded 

as burn-in; subsequently, we drew posterior samples of 1,000. Consequently, the MCMC sample 

sizes were 4,000 (4 chains times 1,000 samples) per parameter. The sampling intervals for the 

MCMC draws were set to 10 for Models 1, 2, and 3 and to 50 for Models 4 and 5. For Models 2 

and 4, additional settings of the function stan( ) were applied to improve mixing of the Markov 185 

chains, i.e., stepsize = 0.001, adapt_delta = 0.999, and max_treedepth = 20. The 

convergence of the MCMC was assessed by visual inspection of the trace plot and 
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autocorrelation of the MCMC chains, and by computing the convergence diagnostic statistic 𝑅𝑅� 

(Gelman & Rubin, 1992; Gelman et al., 2013). The point estimates of the parameters were the 

means of the 4,000 MCMC samples. The lower and upper bounds of the 95% credible interval 190 

were the 2.5% and 97.5% quantiles of the 4,000 MCMC samples, respectively.  

 Model selection. Model selection was conducted by means of the information criteria 

and posterior predictive checks. For the information criteria, we computed the widely applicable 

information criterion (WAIC; Watanabe, 2010a, 2010b) for each model. WAIC is applicable 

even to singular statistical models that have a hierarchical structure and a posteriori distribution 195 

that does not converge on a normal distribution. For the posterior predictive checks, we visually 

assessed the correspondence of the posterior predictive samples and the observed data (Rubin, 

1984; Shinharay & Stern, 2003). For this purpose, we superimposed the histogram of the 

posterior predictive samples 𝑦𝑦�(cpri) and that of the observed data 𝑦𝑦(cpri).  

 Additional calculation. Some model parameters were assumed to follow a truncated 200 

normal distribution (e.g., the basal physiological response). The location and scale parameters of 

a truncated normal distribution cannot be interpreted in a straightforward manner, because these 

parameters do not correspond to the expectation and standard deviation of the truncated normal 

distribution. Accordingly, we calculated the expectations and standard deviations of the 

truncated normal distribution to facilitate the interpretation of these model parameters. In 205 

addition, we calculated the effect sizes of the differential physiological responses between the 

guilty and innocent groups and that of the autonomic responses between the relevant and 

irrelevant items in each experimental condition (i.e., the guilty or innocent group).  

 Comparison with conventional analysis. To compare the hierarchical Bayesian 

models with conventional statistical analysis, we also applied non-hierarchical models (referred 210 

to as Models Z and Z-irrelevant) in which the inter- and intra-individual variability was 

removed by standardization. Graphical representations of these models are shown in Figure 2. 

Models Z and Z-irrelevant differ only in their standardizing measures. For Model Z, following 
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the approach of Elaad and Ben-Shakhar (1997), the standardizing measures were calculated 

from all of the observed data, including the responses to the relevant item. On the other hand, 215 

for Model Z-irrelevant, following the approach of Gamer et al. (2006), the standardizing 

measures were calculated from responses to the irrelevant items only. For both models, 𝑧𝑧(cpri), 

which is the standardized 𝑦𝑦(cpri) within each repetition, was assumed to be normally 

distributed. The hierarchical Bayesian models and the conventional statistical analysis models 

(Models Z and Z-irrelevant) were compared by means of posterior predictive checks. To 220 

facilitate the comparison, we first transformed the posterior predictive sample �̃�𝑧(cpri) into the 

predicted value of the observable data 𝑦𝑦�(cpri) by multiplying the standard deviation and adding 

the mean used in the standardization of the observed data. We then plotted the histograms for 

the posterior predictive checks.  

Results 225 

Model selection  

 Convergence of the MCMC. For all models, the 𝑅𝑅�s for each parameter were always 

lower than 1.01, indicating good convergence of the MCMC. Furthermore, visual inspection of 

the trace plot and autocorrelation of the MCMC indicated no issues with convergence.  

 Information criteria (WAIC). The WAICs for each model are listed in Table 1. The 230 

WAICs for Models 4 and 5 were much smaller than those for the other models. Specifically, 

Model 4 for NPV and Model 5 for SCR, HR, and RR yielded the smallest WAICs.  

 Posterior predictive checks. Figure 3 shows the results of the posterior predictive 

checks of the hierarchical Bayesian models (Models 1–5) and the conventional statistical 

analysis models (Models Z and Z-irrelevant). For Models 1–3 for SCR and NPV, the posterior 235 

predictive distributions did not fit the observed data, especially around the peaks of the observed 

data histograms. In contrast, for Models 4 and 5, for all of the physiological measures, the 

posterior predictive distributions fitted the observed data well. For Models Z and Z-irrelevant 

for SCR, the posterior predictive distributions did not fit the observed data, especially around 
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the zero of the observed data. For NPV, HR, and RR, the posterior predictive distributions of 240 

Models Z and Z-irrelevant roughly fitted the observed data, but there were some artificial spikes 

in the distributions. Moreover, Models Z and Z-irrelevant predicted non-existent negative values 

for SCR, NPV, and RR.  

 Model selection. Model 5 yielded good results for the WAICs and the posterior 

predictive checks for all of the physiological measures. For NPV, the WAIC of Model 5 was 245 

slightly larger than that of Model 4, but the difference was much smaller than that for the other 

physiological measures. Therefore, we selected Model 5 as the most appropriate model among 

the five models for the analysis of CIT data.  

Parameter estimates  

 Additional calculations. To facilitate the interpretation of the parameters following the 250 

truncated normal distribution, in each step of the MCMC, we calculated the expectations and 

standard deviations corresponding to individual differences or intra-individual variability for the 

basal physiological responses and measurement errors. For the basal physiological responses, 

we first calculated the expectation and standard deviation of the truncated normal distribution of 

γ(cp) for each experimental condition. Next, we substituted the expectation of γ(cp) into the 255 

location parameter of the truncated normal distribution of α(cpr). Then, we calculated the 

expectation and standard deviation of α(cpr) for each experimental condition. Here, the 

expectation of α(cpr) corresponded to that of the basal physiological responses, and the 

standard deviations of γ(cp) and α(cpr) corresponded to the amount of individual differences 

and intra-individual variability in the basal physiological responses, respectively. The 260 

expectation and standard deviation of the measurement errors were calculated in the same 

manner. Because the differential physiological responses were assumed to be normally 

distributed, the location and scale parameters corresponded to the expectation and standard 

deviation of these distributions (the expectation was δ(c), and the amount of individual 

differences and intra-individual variability were σζ(c) and σβ(c), respectively). In addition, 265 



Hierarchical Bayesian models for CIT     13 
 

using Equations (1) and (2) below, we calculated the effect sizes 𝑑𝑑group (the standardized 

mean difference of the differential physiological responses between the guilty and innocent 

groups) and 𝑑𝑑item (the standardized mean difference of the autonomic responses between the 

relevant and irrelevant items for each experimental condition).  

 270 

𝑑𝑑group =
δ(c=guilty) − δ(c=innocent)

��σζ(c=guilty)
2 + σζ(c=innocent)

2 � 2⁄
 

 

𝑑𝑑item =
µrelevant − µirrelevant

��σrelevant2 + σirrelevant2 � 2⁄
 

 

Here, µrelevant/irrelevant and σrelevant/irrelevant denote the expectation and standard 275 

deviation of the autonomic responses to the relevant item or irrelevant items, respectively. These 

were calculated by substituting the expectations of the basal physiological responses, the 

differential physiological responses, and the measurement errors into the location and scale 

parameters of N[0,∞](α + β𝑥𝑥, σε2), which is the truncated normal distribution of the autonomic 

responses.  280 

 Autonomic responses. Table 2 lists the expectations and amounts of individual 

differences and intra-individual variability of the basal physiological responses, the differential 

physiological responses, and the measurement errors. The expectations of the basal 

physiological responses in the guilty group were larger than those in the innocent group for all 

of the physiological measures. However, the differences between the two groups were negligible 285 

for NPV, and the 95% credible intervals overlapped for all the physiological measures. The 95% 

credible intervals of the expectations of the differential physiological responses did not overlap 

between the guilty and innocent groups for any of the physiological measures. In addition, the 

differential physiological responses to the relevant item in the guilty group were in the positive 

(1) 

(2) 
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direction for SCR and in the negative direction for NPV, HR, and RR. The results for the 290 

individual differences and intra-individual variability revealed that the amount of individual 

differences in the basal physiological responses and the differential physiological responses 

were larger than the amount of intra-individual variability, except for the differential 

physiological responses for the innocent group. Because the differential physiological responses 

were expected to be zero for the innocent group, the individual differences and intra-individual 295 

variability of the differential physiological responses were extremely small.  

 Effect sizes. The posterior distributions of 𝑑𝑑group and 𝑑𝑑item are shown in Figure 4. 

The absolute values of 𝑑𝑑group were larger in the order of NPV, HR, SCR, and RR. However, 

the 95% credible intervals for 𝑑𝑑group overlapped among all of the physiological measures. In 

addition, the 95% credible interval for 𝑑𝑑group of NPV was much wider than that for the other 300 

physiological measures. This result indicated a high uncertainty of 𝑑𝑑group of NPV. The 95% 

credible intervals for 𝑑𝑑item did not overlap between the guilty and innocent groups for any of 

the physiological measures. Furthermore, the 95% credible intervals for 𝑑𝑑item for the guilty 

group did not include zero, whereas those for the innocent group included zero for all of the 

physiological measures.  305 

Discussion 

 In this study, we examined whether hierarchical Bayesian models are advantageous for 

use in the statistical analysis of CIT data. Five hierarchical Bayesian models were applied to a 

set of experimental CIT data. As described below, the results of model selection and the 

Bayesian estimates obtained using the selected model (Model 5) revealed significant advantages 310 

of hierarchical Bayesian modeling over conventional statistical analysis and yielded information 

that is not available from conventional statistical analysis.  

Appropriate statistical analysis  
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 Compared with the conventional statistical analysis procedure, hierarchical Bayesian 

modeling offers the following advantages: bias-corrected effect sizes, interpretability of effect 315 

sizes, and illustration and improvement of the model fitting.  

 Bias-corrected effect sizes. The selected model estimates bias-corrected effect sizes by 

eliminating the problems associated with the conventional standardization procedure, as 

described by Stemmler (1987) and Meijer et al. (2007). Furthermore, the selected model 

estimates effect sizes that do not depend on the structure of the experiment (e.g., the number of 320 

questions or the number of repetitions of a series of questions). In conventional statistical 

analysis of CIT data, the Z scores are usually averaged within each participant. In this case, the 

effect sizes depend on the structure of the experiment, because an increase in the number of 

questions or the number of repetitions results in a smaller variance in the dataset used for the 

statistical analysis. On the other hand, effect sizes that do not depend on the structure of the 325 

experiment permit reasonable comparison of the effect sizes between two or more CIT studies 

involving differently structured experiments.  

 Interpretability of effect sizes. Note that it is difficult to compare effect sizes directly 

between hierarchical Bayesian modeling and conventional statistical analysis. The effect sizes 

estimated by the selected model are interpreted easily, because these effect sizes purely and 330 

simply represent the distance in the differential physiological responses between the guilty and 

innocent groups (𝑑𝑑group) or the distance in the autonomic responses between the relevant and 

irrelevant items (𝑑𝑑item). On the other hand, the conventionally estimated effect sizes are 

difficult to interpret. For instance, the conventionally estimated effect sizes between the guilty 

and innocent groups represent the distance in the Z scores for the relevant item between the 335 

guilty and innocent groups. The confounding of the differential physiological responses with the 

standardizing measure occurs only in the guilty group, because the participants in the innocent 

group cannot distinguish the relevant item from the irrelevant items and because they do not 

show differential physiological responses to the relevant item. Consequently, the autonomic 
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responses, which are the basis for the calculation of the standardizing measures, are essentially 340 

different between the guilty and innocent groups, and the quantitative meaning of the Z scores is 

also different between the two groups. In addition, the conventionally estimated effect sizes 

between the relevant item and the irrelevant items must be interpreted carefully, because these 

effect sizes are overestimated, as indicated by Stemmler (1987) and Meijer et al. (2007).  

 Illustration and improvement of the model fitting. Hierarchical Bayesian modeling 345 

permits visual checks of the goodness of fit of statistical models to the observed data via 

posterior predictive checks. The results of the posterior predictive checks shown in Figure 3 

indicate that the selected model fit the observed data well for all of the physiological measures, 

whereas Models Z and Z-irrelevant predict non-existent negative values for SCR, NPV, and RR 

and do not fit the observed data well. Checking the model fitting is crucial for statistical 350 

analysis, because an ill-fitted statistical model will lead to inaccurate results.  

Differential physiological responses  

 The main focus of the CIT study is often the magnitudes of the differential 

physiological responses to the relevant item for each experimental condition. Hierarchical 

Bayesian modeling allows us to estimate the differential physiological responses appropriately 355 

because Bayesian estimates of the effect sizes are more accurate and interpretable than the 

conventional effect sizes. From the 95% credible intervals for 𝑑𝑑item, it is clear that the typical 

differential physiological responses (i.e., larger SCR, greater decrease in NPV, and lower HR 

and RR; Osugi, 2011) occurred in the guilty group. It is also clear that the differential 

physiological responses did not occur in the innocent group, because all of the 95% credible 360 

intervals in the innocent group included zero and because their ranges were narrow. Based on 

Cohen’s criterion (Cohen, 1988), 𝑑𝑑item for the guilty group exhibited a moderate or large 

effect for SCR, a small or moderate effect for NPV and RR, and a large effect for HR. 

Furthermore, 𝑑𝑑group exhibited a large effect for all of the physiological measures. Thus, the 

validity of the CIT was confirmed by the Bayesian estimates of the effect sizes. In addition, the 365 
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selected model provided information about the amount of the differential physiological 

responses in terms of the original unit of measurement (i.e., the expectation of the differential 

physiological responses shown in Table 2). This information is lost in the conventional 

standardization procedure.  

Basal physiological responses  370 

 Comparison of the basal physiological responses between different groups or different 

situations of the CIT is one of the main aspects of studies that focus on the effects of arousal 

level or stress on differential physiological responses (e.g., Hira & Furumitsu, 2009; Ogawa, 

Tsuruga, Kobayashi, Matsuda, Hirota, & Suzuki, 2007; Verschuere, Meijer, & de Clercq, 2011). 

In such studies, the observed data are conventionally analyzed by null hypothesis significance 375 

testing, without standardization of the observed data. However, it is difficult to obtain valid 

results from such tests, because non-standardized data include inter- and intra-individual 

variability, which interferes with accurate estimation of the test statistics. On the other hand, 

hierarchical Bayesian modeling permits appropriate comparison of basal physiological 

responses because the observed data are treated as raw data and because inter- and intra-380 

individual variability are separated adequately from the observed data. In this study, the basal 

physiological responses of SCR/HR for the guilty group were larger/higher than those for the 

innocent group. The larger SCR and higher HR in the basal physiological responses for the 

guilty group imply that the arousal level during the CIT was higher for the guilty group than for 

the innocent group. However, these differences should be interpreted with caution, because the 385 

95% credible intervals for the expectations of the basal physiological responses overlapped 

between both the two groups.  

Inter- and intra-individual variability  

 Modeling inter- and intra-individual variability of autonomic responses in the CIT is 

one of the features of hierarchical Bayesian modeling. The results of the model selection and 390 

Bayesian estimates of these variability components yielded the following findings on the 
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complexity of inter- and intra-individual variability and the reliability of physiological measures 

in the CIT.  

 Complexity of inter- and intra-individual variability. The selected model assumed 

that the basal physiological responses and differential physiological responses vary inter- and 395 

intra-individually and that the measurement errors differ among the participants. Because this 

model was the most complex model considered in this study, the result of the model selection 

revealed the complexity of the individual differences and intra-individual variability of 

autonomic responses in the CIT. Expansion of the model would provide a deeper understanding 

of inter- and intra-individual variability (e.g., the correlation between the basal physiological 400 

responses and the measurement errors).  

 Reliability of physiological measures in the CIT. The comparison between the 

expectations and the individual differences in the differential physiological responses for the 

guilty group revealed the reliability of the physiological measures in the CIT. For NPV and HR, 

the amount of individual differences in the differential physiological responses was half of the 405 

absolute value of the expectation. For these physiological measures, most of the participants 

showed the same directional differential physiological responses to the relevant item (more than 

95% of the participants showed lower NPV and HR because the differential physiological 

responses of each participant were assumed to be normally distributed). The very large 𝑑𝑑group 

of NPV and HR resulted from the directional consistency of the differential physiological 410 

responses for the guilty group. On the other hand, the 𝑑𝑑item of HR was twice as large as the 

𝑑𝑑item of NPV for the guilty group. The large 𝑑𝑑item of HR may be attributed to the directional 

consistency of the differential physiological responses and the small measurement error in 

comparison to the absolute values of the expectations of the differential physiological responses. 

The directional consistency and small measurement error imply that HR is very sensitive to 415 

crime-relevant information. In contrast, the measurement error of NPV was larger than the 

absolute values of the expectations of the differential physiological responses. This is why 
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𝑑𝑑item of NPV showed a small or moderate effect. Furthermore, this result implies that NPV is 

not more effective than HR in detecting crime-relevant information, despite exhibiting the 

largest 𝑑𝑑group among the four physiological measures. Similarly, modeling individual 420 

differences and intra-individual variability can facilitate a deeper understanding of the reliability 

of physiological measures in the CIT, which may be overlooked by standardization of the 

observed data in conventional statistical analysis.  

Future directions  

 In this study, we assumed that the measurement errors vary inter-individually to 425 

represent the heteroscedasticity of the observed data. The hierarchization of the measurement 

errors (Models 4 and 5) improved the goodness of fit of the statistical models to the observed 

data for all of the physiological measures. The heteroscedasticity can be effectively treated if the 

measurement errors are assumed to follow Student’s t-distributions (Geweke, 1993). However, 

the assumption of individual differences in the measurement errors enables us to examine 430 

research questions such as “Are the basal physiological responses correlated to the measurement 

errors? (or Do the relationships differ between each physiological measure? ”), by expanding 

into models that assume a correlation between the basal physiological responses and the 

measurement errors. Another direction for model expansion is application to time-series data. In 

this study, HR and RR data were averaged over long time windows (15 s for HR and 10 s for 435 

RR) to simplify the modeling of the autonomic responses. Although the selected model 

provided various psychophysiological information about the autonomic responses in the CIT, 

expanding the model into time-series data (by assuming autocorrelation of the basal 

physiological responses and the differential physiological responses) would enable us to carry 

out interesting and important analyses that reveal the time-series changes of the basal 440 

physiological responses and differential physiological responses. However, in that case, more 

data points than those of the current dataset may be needed to fully exploit the dynamic 

properties of physiological time series.  



Hierarchical Bayesian models for CIT     20 
 

Conclusion  

 In this study, we built hierarchical Bayesian models for use in the analysis of 445 

autonomic-based CIT data and examined the advantages of these models over conventional 

statistical analysis models. The advantages of hierarchical Bayesian modeling are (1) estimating 

effect sizes with greater accuracy and interpretability in CIT studies, (2) illustrating and 

improving the goodness of fit of the statistical models to the observed data, which are non-

negative and sometimes not normally distributed, (3) enabling appropriate comparison of the 450 

basal physiological responses between different experimental conditions, and (4) providing 

various psychophysiological information about the autonomic responses in the CIT (e.g., the 

amount of the differential physiological responses in the original units of measurement, the 

complexity of inter- and intra-individual variability, and the reliability of the physiological 

measures). In addition, hierarchical Bayesian modeling can provide richer information about the 455 

CIT by assuming that the basal physiological responses are correlated with the measurement 

errors or by expanding the models into time-series data. Thus, hierarchical Bayesian modeling 

has many advantages over conventional statistical analysis with regard to the CIT, and it is 

expected to facilitate rapid progress in CIT studies.  

  460 
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Table 1. WAICs (and their standard errors) for Models 1–5.  

 SCR NPV HR RR 

Model 1 1822.3  ( 97.9)  3476.7  ( 127.3)  14359.5  ( 107.4)  13889.9  ( 119.3)  

Model 2 1728.2  ( 98.8)  2082.2  ( 125.1)  13992.3  ( 99.7)  13895.6  ( 105.0) 

Model 3 1560.0  ( 98.2)  2014.4  ( 124.8)  13766.2  ( 103.0)  13640.1  ( 113.3)  

Model 4 1086.3  ( 98.1)  839.2  ( 100.6)  13527.3  ( 91.6)  13292.4  ( 94.4)  

Model 5 971.5  ( 100.5)  877.5  ( 101.7)  13321.5  ( 94.7)  13048.6  ( 102.1)  
Note. SCR = skin conductance response; NPV = normalized pulse volume; HR = heart rate; RR 
= respiration rate.  
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Table 2. Parameter estimates for Model 5 fitted to the CIT data (posterior means and their 95% credible intervals).  

  Group SCR (�µS) NPV HR (bpm) RR (cpm) 

α 

Expectation 
Guilty .701 [ .588, .845] 1.930 [ 1.737, 2.122] 72.644 [ 70.199, 75.099] 16.003 [ 15.175, 16.826] 

Innocent .553 [ .454, .680] 1.929 [ 1.712, 2.150] 69.502 [ 67.151, 71.826] 15.777 [ 14.920, 16.610] 

Individual 
difference 

Guilty .513 [ .429, .621] .766 [ .644, .909] 10.048 [ 8.473, 11.943] 3.311 [ 2.762, 3.994] 

Innocent .402 [ .326, .501] .856 [ .713, 1.033] 9.003 [ 7.501, 10.810] 3.347 [ 2.805, 4.032] 

Intra-individual 
variability 

Guilty .188 [ .149, .228] .207 [ .176, .242] 1.091 [ .925, 1.264] .790 [ .611, .971] 

Innocent .206 [ .159, .252] .227 [ .189, .269] 1.256 [ 1.069, 1.455] .588 [ .440, .744] 

β 

Expectation 
Guilty .308 [ .223, .396] -.121 [ -.157, -.088] -2.017 [ -2.394, -1.659] -.881 [ -1.278, -.491] 

Innocent -.037 [ -.084, .005] -.012 [ -.039, .015] .009 [ -.223, .247] .013 [ -.201, .234] 

Individual 
difference 

Guilty .254 [ .168, .351] .059 [ .007, .108] 1.124 [ .786, 1.509] 1.195 [ .834, 1.601] 

Innocent .039 [ .002, .104] .020 [ .001, .058] .186 [ .008, .486] .188 [ .008, .491] 

Intra-individual 
variability 

Guilty .122 [ .026, .203] .034 [ .002, .082] .195 [ .007, .534] .289 [ .013, .707] 

Innocent .026 [ .001, .080] .033 [ .002, .080] .301 [ .013, .729] .242 [ .012, .631] 

σε 

Expectation 
Guilty .414 [ .360, .474] .283 [ .246, .325] 1.942 [ 1.786, 2.106] 2.119 [ 1.901, 2.355] 

Innocent .358 [ .305, .415] .300 [ .253, .354] 1.951 [ 1.766, 2.145] 1.866 [ 1.673, 2.062] 

Individual 
difference 

Guilty .206 [ .162, .262] .154 [ .123, .196] .584 [ .460, .726] .848 [ .675, 1.060] 

Innocent .170 [ .129, .224] .191 [ .148, .241] .667 [ .527, .838] .678 [ .538, .851] 
Note. See Table 1. α denotes the basal physiological responses, β denotes the differential physiological responses, and σε denotes the measurement 

errors. The individual difference and intra-individual variability of α are equated with the standard deviations of γ(cp) and α(cpr) distributions in 
Model 5, respectively (similarly for β and σε).  

 



Hierarchical Bayesian models for CIT     29 
 

 
Figure 1.  

Graphical representations of hierarchical Bayesian models for autonomic-based CIT. The black 

nodes represent data and the white nodes represent parameters. Subscript 𝑐𝑐 = condition (guilty 

group = 1, innocent group = 2); 𝑝𝑝 = person (𝑝𝑝 = 1, ..., number of participants); 𝑟𝑟 = repetition 

(𝑟𝑟 = 1, ..., number of repetitions); 𝑖𝑖 = item (𝑖𝑖 = 1, ..., number of items). In the model 

expression, N[0,∞] denotes truncated normal distribution with support (0, ∞), N denotes 

normal distribution, and Cauchy[0,∞] denotes half-Cauchy distribution.  

 

Figure 2.  

Graphical model for conventional statistical analysis. The black nodes represent data and the 

white nodes represent parameters. Subscript 𝑐𝑐 = condition (guilty group = 1, innocent group = 

2); 𝑝𝑝 = person (𝑝𝑝 = 1, ..., number of participants); 𝑟𝑟 = repetition (𝑟𝑟 = 1, ..., number of 

repetitions); 𝑖𝑖 = item (𝑖𝑖 = 1, ..., number of items); 𝑡𝑡 = type of item (relevant item = 1, 

irrelevant item = 2). In the model expression, N denotes normal distribution and U denotes 

uniform distribution.  

 

Figure 3.  

Posterior predictive checks of the hierarchical Bayesian models (Models 1–5) and the 

conventional statistical models (Models Z and Z-irrelevant). The gray histograms represent the 

observed data and the black lines represent replications from the posterior predictive 

distributions.  

 

Figure 4.  

Posterior distributions of the effect sizes between the guilty and innocent groups (𝑑𝑑group) and 

those between the relevant and irrelevant items (𝑑𝑑item). The modes are estimated by kernel 

density estimation. CI denotes Bayesian credible intervals.   



Hierarchical Bayesian models for CIT     30 
 

 
Figure 1.  
 

 
  



Hierarchical Bayesian models for CIT     31 
 

 
Figure 2.  
 

 
  



Hierarchical Bayesian models for CIT     32 
 

 
Figure 3.  
 

 
  



Hierarchical Bayesian models for CIT     33 
 

 
Figure 4.  
 

 
 
 


