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The Concealed Information Test (CIT) is a psychophysiological technique for examining
whether a person has knowledge of crime-relevant information. Many laboratory stud-
ies have shown that the CIT has good scientific validity. However, the CIT has seldom been
used for actual criminal investigations. One successful exception is its use by the Japan-
ese police. In Japan, the CIT has been widely used for criminal investigations, although
its probative force in court is not strong. In this paper, we first review the current use of
the field CIT in Japan. Then, we discuss two possible approaches to increase its probative
force: sophisticated statistical judgment methods and combining new psychophysiological
measures with classic autonomic measures. On the basis of these considerations, we
propose several suggestions for future practice and research involving the field CIT.
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OVERVIEW
The Concealed Information Test (CIT) assesses an examinee’s
crime-relevant memory on the basis of differences in physiologi-
cal responses between crime-relevant and crime-irrelevant items
(Lykken, 1959). Although many studies have supported the valid-
ity of the CIT, it has not been widely used in field situations.
There appear two reasons for its unpopularity. First, some exam-
iners appear to prefer an alternative method termed the Control
Question Test (CQT), even though the validity of the CQT has
been seriously questioned (Ben-Shakhar, 2002). Second, the CIT
is believed to be difficult to apply in non-laboratory field settings.
In Japan, however, the autonomic-based CIT is routinely applied
successfully in criminal investigations. Even so, CIT results have
not been widely influential in court settings.

In this paper, we review the current status of the CIT in the
field and laboratory studies, with the goal of outlining steps that
can contribute to an increased probative value of the CIT in court.
First, we review how Japanese examiners have tried to overcome
the difficulties of the CIT for field application. Second, we review
statistical methods that can be used to support judgments in field
CIT applications, and investigate new measures that can be added
to the current CIT implementations.

Throughout this paper, we will emphasize viewpoints relevant
to field applications. In the field, an examinee is often not willing to
take the test and does not comply with instructions. Therefore, in
Japan, a classic autonomic-based CIT has been used, which simply
consists of one crime-relevant item and several crime-irrelevant
items and does not require an overt behavioral response. This
paper will focus on how this existing field CIT can be expanded,
but it will not review other alternative approaches. For example,
other memory detection or lie detection tests that are still in the

laboratory stage, such as the autobiographic implicit association
test (Sartori et al., 2008), show promise but are outside of the scope
of this paper.

CURRENT STATUS OF FIELD CIT
WHAT IS THE CIT?
The CIT, also known as the guilty knowledge test (GKT; Lykken,
1959), is used in criminal investigations to examine whether a
person recognizes crime-relevant information that innocent peo-
ple would not know. In the CIT, an examiner presents several
items to an examinee, one of which is a crime-relevant item. The
items are selected such that innocent examinees would not be able
to distinguish the crime-relevant (critical) item from the crime-
irrelevant (non-critical) items. Each item is presented once in a
block and this block is repeated several times in different presen-
tation orders. During the CIT, the examiner records physiological
responses to the items. In the case that the responses do not differ
between the critical and non-critical items, the examiner would
infer that the examinee does not recognize the critical item. On
the other hand, in the case that the responses differ between the
critical and non-critical items, the examiner would infer that the
examinee recognizes the critical item. Thus, the CIT can provide
important forensic information for the police and the justice sys-
tem, identifying individuals with key information about the crime.
Such individuals may be guilty of committing the crime, or have
other useful information about the crime if they were not the
perpetrator.

The CIT is considered to have a solid scientific foundation, as
many laboratory studies have demonstrated its effectiveness (for
a review, see Ben-Shakhar and Elaad, 2003). Although published
field data are relatively scarce (Elaad, 1990; Elaad et al., 1992; Hira
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and Furumitsu, 2002; Osugi, 2010), the response pattern of the
various physiological measures in field CITs are similar to those
observed in laboratory CITs (i.e., skin conductance increase, heart
rate decrease, respiration suppression, and finger pulse volume
decrease for critical items as compared to non-critical items; Elaad,
1990; Elaad et al., 1992; Osugi, 2010; Verschuere et al., 2011).

POTENTIAL PROBLEMS IN THE FIELD APPLICATION OF THE CIT
To date, the CIT has not been widely used in field settings. This
may reflect, in part, the belief that the CIT is difficult to apply
in field settings for a variety of reasons (Krapohl, 2011). First,
the CIT can produce false positive cases. Critical items that only a
guilty person knows are sometimes difficult to find. Some innocent
examinees may know the details of the crime through any num-
ber of means, including media reports and rumors (i.e., informed
innocent examinees; for a review, see Bradley et al., 2011). Other
innocent examinees may, via repeated interrogations or repetitions
of crime details, come to have false recollections for crime-relevant
items (Allen and Mertens, 2008). If these innocent examinees take
the CIT, they would show different responses for critical and non-
critical items, resulting in false positive outcomes. Second, the
CIT is vulnerable to false negative outcomes. If critical items are
selected that are not memorable to the perpetrator of the crime,
it is unlikely to be recognized, thus producing a false negative
outcome. Even if examinees do have crime-relevant memories
and recognize the crime-relevant item, physiological differences
sometimes might not be observed. For example, although skin
conductance is typically measured in the CIT, one study reported
that approximately one out of four people were electrodermal non-
responders to orienting stimuli (Venables and Mitchell, 1996).
Third, some studies have shown that the CIT is vulnerable to
physical countermeasures (e.g., pressing the toes against the floor
when non-critical items are presented) as well as mental counter-
measures (e.g., counting numbers each time a non-critical item
appears; for a review, see Ben-Shakhar, 2011). In the next section,
we will introduce how Japanese CIT examiners have attempted to
overcome these three problems.

CURRENT FIELD USE OF THE CIT IN JAPAN
In spite of the three problems outlined above, the CIT has been
officially and systematically used in Japan for the last 50 years.
About 100 trained examiners perform about 5,000 CITs per year
(Osugi, 2011). All examiners (who are not investigators) belong to
a forensic science laboratory of a prefectural police headquarter.
The CQT (Reid, 1947) is no longer used. The results of the CIT
have been accepted as evidence in court since the 1960s. Although
Japan’s successful application of the CIT in the field has attracted
attention from foreign researchers and examiners, not much has
been written about how the potential problems for field use of the
CIT have been addressed in Japan. Therefore, potential solutions
are reviewed briefly below, and more details are available from
Osugi (2011).

Prevention of false positive cases
Japanese CIT examiners make every effort to prevent false positive
cases through every step in the process, from pre-exam prepara-
tion to the actual administration of the CIT. On a routine basis,

an examiner advises criminal investigators to conduct the CIT at
an early stage of the investigation in order to make it less likely
that crime-relevant items become known to a wider audience over
time. When an examiner is requested to conduct the CIT, he/she
first consults with investigators. An examiner also checks media
reports related to the crime and to the record of investigation.
Furthermore, before conducting each CIT, an examiner presents
all the items in the CIT to an examinee, and asks the examinee if
there are items that he/she recognizes or feels different from the
others. If the examinee points out the crime-relevant item, the
examiner would not administer the CIT question about that item.

Prevention of false negative cases
Japanese CIT examiners strive to select critical items that a guilty
person should remember. They try to avoid using peripheral fea-
tures of the crime, and instead use central features as critical items
(Carmel et al., 2003; Gamer et al., 2010; Nahari and Ben-Shakhar,
2011). In addition, before each CIT, an examiner explains the
meaning of each question item to an examinee, in order that the
examinee will understand what the examiners are asking.

However, even when an examinee might recognize a critical
item, he/she sometimes may not show a different physiological
response between the critical and non-critical items. One of the
strategies to avoid this type of false negative case is the simultane-
ous measurement of multiple validated responses. In Japan, a new
polygraph system has been used since 2003, which simultaneously
records skin conductance, heart rate, pulse volume, and respira-
tion. These measures are thought to reflect the different aspects of
a physiological response. Laboratory studies show that combining
these multiple measures could reduce false negative rates while
maintaining low false positive rates (e.g., Gamer et al., 2008a).

Counter-countermeasures
To guard against physical countermeasures, an examiner mon-
itors an examinee’s behavior and his/her physiological responses
carefully during the CIT. When the examiner thinks that the exam-
inee is intentionally applying countermeasures (e.g., frequent body
movements, sighs, or sniffing), he or she would instruct the exami-
nee to refrain from such activities (Osugi, 2011). Although specific
sensors to detect physical countermeasures have not been applied
in Japan yet, it may be useful to introduce, for example, pressure-
based sensors incorporated in the test chair and floor pads, which
have been used in some other countries.

Previous studies have suggested that mental countermeasures
affect skin conductance, but do not affect respiration (Ben-
Shakhar and Dolev,1996; Honts et al., 1996). In Japan,an examiner
measures multiple autonomic indices including respiration, which
can serve to lessen the chance that countermeasures will change
the outcome of the CIT. To measure an examinee’s physiological
response from various response channels can thus contribute to
reducing the effect of unobservable mental countermeasures.

Other attempts
Examiners in Japan also use other procedures to get more accu-
rate and/or informative results. First, examiners always conduct
a pretest before asking about crime-relevant information. In the
pretest, an examiner asks an examinee to memorize a number
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on a card in private and then presents several numbers including
the memorized number. The pretest not only helps the exami-
nee to understand the CIT paradigm, but also helps the exam-
iner to know the physiological response pattern of the examinee
when he or she recognizes an item. Considering the response
pattern, the examiner conducts the subsequent CITs. For exam-
ple, if the examinee showed high reactivity in skin conductance
response in the pretest, the examiner judges the responses of
subsequent CITs paying more attention to the skin conductance
response.

Second, an examiner sometimes uses a searching CIT. The
searching CIT is different from the typical CIT in that an examiner
does not know which item is crime-relevant in advance. For exam-
ple, if a weapon has been missing, an examiner can ask an examinee
about the place where he/she abandoned a weapon, such as “Was
a weapon abandoned in area A, area B, . . ., or area E?” Indeed, the
judgment is more difficult for a searching CIT than for a usual
CIT with known solutions, because the examiner has to judge not
only whether the examinee has recognition but also which item
the examinee recognizes. Additionally, in the case that the question
items do not cover all possibilities, the finding of no physiological
differences between items cannot support an examiner’s conclu-
sion “the examinee does not recognize the crime-relevant item;”
instead, this finding can only support the conclusion that “the
examinee does not recognize any items in this question set.” But
if an examiner develops an appropriate question set, the search-
ing CIT can suggest potential new crime-relevant information of
which even investigators have no knowledge. In the above exam-
ple, if the responses differ between area A and other areas, the
investigators will focus investigation on area A and consequently
may find the missing weapon.

Third, in Japan, an examiner only decides on whether an exam-
inee recognizes each crime-relevant item and never integrates the
results of multiple CIT questions to judge whether the examinee is
guilty or innocent. It is the investigators’ task, rather than the exam-
iner’s task, to integrate the results across the CIT questions and
evaluate the examinee’s likelihood of guilt. Some authors, how-
ever, have argued that examiners should integrate results across
multiple CIT questions in order to obtain more statistically reli-
able and robust results (Ben-Shakhar and Elaad, 2002). However,
Japanese examiners have maintained the approach of only adopt-
ing a judgment for each CIT question. One of the justifications for
conducting the test in this manner is that it allows the examiner
to clarify which items the examinee recognizes and which items
the examinee does not. For example, in the case of a theft that
was conducted by a group of perpetrators, information indicat-
ing whether the examinee knows each crime-relevant item may
become a clue to reveal what role he/she played in the crime
(e.g., a major culprit or just a lookout). Thus, treating results
from each CIT question separately can facilitate investigations of
cases involving multiple suspects, and provide details to guide and
facilitate the investigators’ continuing inquiries for any type of
case. Additionally, as described above, Japanese examiners some-
times use searching CITs; in such cases where an examiner does
not know with certainty which alterative is the critical item for a
given CIT question, it is difficult to integrate CIT results across
questions.

Validity of the field CIT in Japan
One article has reported on field CIT datasets using the current
polygraph system in Japan. Kobayashi et al. (2009) analyzed the
data of 113 CIT questions obtained from 38 examinees (33 men
and 5 women, mean age= 36.4, SD= 12.5). Subsequent inves-
tigations confirmed that all of these examinees recognized the
critical items of these CIT questions. For each CIT question, the
responses were compared between critical and non-critical items
with a t test. If the p value did not exceed 0.10, the examinee was
judged as recognizing the critical item. The correct detection rates
were 52.5% for the skin conductance response, 49.5% for heart
rate (average in 16–20 s after the item onset), 38.1% for respi-
ration line length (average in 0–15 s), and 26.2% for normalized
pulse volume (average in 6–10 s). It should be noted that these
values are correct detection rates (i.e., sensitivities) for individ-
ual CIT questions using a single measure. Although Kobayashi
et al. did not report the data, combining the various physiolog-
ical measures should increase the overall detection rate. In the
actual field CIT, examiners arrive at a conclusion by combining
all of the available measures. In addition, to address the speci-
ficity of the CIT (i.e., how well each measure correctly indicates
non-recognition of critical items when examinees do not have
recognition), a larger dataset including both guilty and innocent
subjects would be required.

IMPROVING THE PROBATIVE FORCE OF THE CIT IN COURT
Although the CIT has been widely used for criminal investigations
and its results have been sometimes accepted as evidence in court
in Japan, the CIT results are not considered sufficiently strong that
they typically directly affect the outcomes in court. To improve the
probative force of the CIT, we believe the following two approaches
are most promising.

The first approach is to use statistical methods to interpret the
results. In field use of the CIT in Japan, CIT results are mainly
derived through the examiners’ visual inspections (Osugi, 2011).
If the judgment is underpinned by statistical methods, the CIT
results would become more convincing for judges. Moreover, such
an approach is well-justified in the literature: statistical actuar-
ial judgment has greater reliability and validity than judgments
based on visual impressions (Dawes, 1979). In laboratory stud-
ies, Lykken’s scoring and z-score averaging have been commonly
used for decision-making (Meijer et al., 2011). Lykken, 1959 scor-
ing is based on the rank of the critical item among all items in
descending order of the response values. Z-score averaging uses the
average standardized response value across blocks and measures
(Ben-Shakhar, 1985). Although these two methods are simple and
clear, they do have drawbacks. We will review these two meth-
ods critically and compare them with other proposed methods
below.

The second approach is to add new measures to current field
CIT to increase its accuracy. In the current field CIT, heart rate,
skin conductance, respiration, and pulse volume are recorded.
New measures can be introduced either by improving quantifi-
cation methods of currently recorded responses or by recording
new response channels, such as reaction time, facial responses,
activations using functional magnetic resonance imaging (fMRI),
and features of the electroencephalogram (EEG) and event-related
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potential (ERP). We will review these new measures and evaluate
these from the viewpoint of field application.

STATISTICAL EVALUATION METHODS
Here, we review statistical methods that have been used in pre-
vious studies. First, we review standard statistical methods such
as Lykken’s scoring and z-score averaging. We then review five
other proposed methods: logistic regression discrimination, latent
class discrimination, Bayesian classification, multivariate normal
distribution discrimination, and dynamic mixture distribution
discrimination. Finally, we outline recommendations for their use.

Standard statistical methods
Lykken’s scoring method. This is a traditional discrimination
method proposed by Lykken (1959; Figure 1). This method assigns
a score of 2 if the critical item elicited the largest response, a score
of 1 if the critical item elicited the second largest response, and
a score of 0 otherwise in each block. If the average of the scores
across blocks exceeds a threshold, it is judged that the examinee
recognizes the critical item.

Lykken’s scoring method has several advantages. First, this
method is very practical. It can be used without quantification
and parameter estimations. Second, because responses are ranked
within each block, correction is not required even if physiological
levels change between blocks as a result of habituation.

However, Lykken’s scoring method has its drawback: this
method does not take into account quantitative differences
between responses to critical and non-critical items (Meijer et al.,

FIGURE 1 | Illustrations of the standard statistical methods: Lykken’s
scoring and z-score averaging. Z _HR, a z -score for heart rate; Z _SCR, a
z -score for skin conductance response; Z _PV, a z -score for pulse volume;
p, probability. Lykken’s scoring assigns a score of 2 if the critical item
elicited the largest response, a score of 1 if the critical item elicited the
second largest response, and a score of 0 otherwise in each block. In
z-score averaging, z-scores are simply averaged across blocks and
measures. Z -scores may be multiplied by −1 if a smaller response is
characteristic of recognition.

2011). For example, even when the response to the critical item
might be three times as large as the next largest response, the score
would be the same as when it is only slightly larger.

Z-score averaging. Z-score averaging is widely used in laboratory
studies to capture quantitative differences between items (Ben-
Shakhar, 1985; Figure 1). In this method, a response to each item is
first standardized using the mean and SD of each measure within
a block. The aim of the standardization is (1) to cancel out the
differences in physiological levels among blocks and (2) to treat
multiple measures that have different units in the same dimen-
sion. If a measure typically decreases to a critical item (e.g., heart
rate, respiration, or pulse volume), its z-score is multiplied by−1.
The scores for the critical item are then averaged across all blocks
and all measures. We then judge whether the averaged z-score is
significantly high enough to exceed typical cut points using the
standard normal distribution. This method needs no parameter
estimation a priori and thus is easy to apply to field CIT.

However, this method has two disadvantages. First, this method
assumes that for every subject, all measures respond in the nor-
mative expected direction. It thus does not consider individual
differences in response patterns. The physiological measures that
respond distinctively between critical and non-critical items are
sometimes different between examinees (Matsuda et al., 2006).
For example, Osugi (2011) reported results from field data in
which a guilty examinee showed constant distinctive responses
only in respiration. In such a case, with an increasing number
of measures, the average z-score will become smaller and thus
might lead to a false negative. Second, this method does not
consider the differences in general accuracies among measures.
For example, in laboratory studies, accuracy is usually higher for
skin conductance than for other measures (i.e., heart rate, res-
piration, and pulse volume; e.g., Ben-Shakhar and Elaad, 2003;
Gamer et al., 2008b). However, with z-score averaging, all mea-
sures are weighted equally. It might be preferable if each measure
were weighted according to its accuracy.

Proposed statistical methods
To overcome the disadvantages of z-score averaging, other statis-
tical methods have been proposed: logistic regression discrimi-
nation, latent class discrimination, Bayesian classification, multi-
variate normal distribution discrimination, and dynamic mixture
distribution discrimination. We will explain these methods below
and in Figure 2, and evaluate these methods from the viewpoint
of field application. In particular, we will focus on whether a new
method overcomes the limitations of z-score averaging.

Logistic regression discrimination. This method considers the
differences in accuracy among measures by allocating a weight to
the z-score of each measure (Gamer et al., 2006, 2008b; Figure 2A).
The weights are acquired from the CIT datasets of previous exami-
nees, where ground truth has already been established. Each weight
reflects the effectiveness of the measure for estimating recognition.
If these weights are all 1, the result will be the same as the one of
z-score averaging.

This method is practical and widely used in various research
domains. If the sample size is large, the weight parameters will be
estimated quite stably.
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FIGURE 2 | Illustrations of the five proposed statistical discrimination
methods. Z _HR, a z -score of heart rate; Z _SCR, a z -score for skin
conductance response; Z _PV, a z -score for pulse volume; p, probability.
(A) The logistic regression method is similar to z-score averaging, but each
z-score is weighted according to the accuracy of the measure estimated
from previous datasets. (B) The latent class discrimination method is a
two-layer model of the logistic regression method. There is an appropriate
regression formula for each class, and the result of the regression formula
is summed across classes with a weight of the likelihood of an examinee
belonging to a class according to his/her pretest result. (C) The Bayesian
classification method calculates the probability of recognition by
multiplying prior probabilities and the probabilities that a standardized
response value of each measure exceeds/does not exceed a threshold in

the recognition condition. Here is the case that a participant’s heart rate
change and skin conductance response exceeded the threshold, while
his/her pulse volume did not exceed the threshold. (D) In the multivariate
normal distribution method, a guilty model (two-distribution model) and an
innocent model (one-distribution model) are applied to the obtained
responses in a CIT (each small circle represents a response to a critical
(yellow) or a non-critical (white) item). The better fitted model will be
selected. (E) The dynamic mixture distribution method uses time series
and is an extended version of the multivariate normal distribution method.
In this method, a guilty model (representing time series with a mixture of
three distributions) and an innocent model (representing time series with a
mixture of two distributions) are applied to the obtained time series in a
CIT. The model that fits the time series best is selected.
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On the other hand, this method does not sufficiently consider
individual differences in response patterns. This is because the
parameters are calculated to be fitted to the normative response
pattern. Similar to z-score averaging, if a guilty examinee shows
distinctive responses only in a small number of measures, this
method might produce a false negative. Additionally, the logistic
regression method may underperform the z-score averaging if the
sample size is not large enough to reliably estimate the parameters
(c.f., Dawes, 1979).

Latent class discrimination. This method is an extended version
of the logistic regression model that considers individual differ-
ences in response patterns. As mentioned before, in the field CIT,
an examiner conducts a pretest using cards to capture the response
pattern of an examinee. However, the results of the pretest are
not considered in most statistical methods. Therefore, Matsuda
et al. (2006) proposed the latent class discrimination method
(Figure 2B). In this method, previously obtained examinees are
grouped into several classes, for each of which a discriminant for-
mula (e.g., logistic regression formula) is calculated and fit to the
response pattern of the examinees belonging to that class. It is then
estimated if a given examinee recognizes a critical item using the
following process. First, the probability that the examinee would
recognize the critical item is computed by applying the discrimi-
nant formula of each class to his/her standardized response values.
Second, the probability that the examinee belongs to a class is
computed by using his/her pretest data. Finally, the recognition
probability is calculated by summarizing each class’s recognition
probability across all classes with a weight of the probability for the
class that the examinee belongs to. In this manner, each examinee
can be distinguished through his/her response pattern.

This method considers several response patterns as latent
classes. In addition, the accuracies of the measures have been
reflected as parameters of a discriminant formula in each class.
Moreover, these parameters can be estimated stably with a large
dataset of previous examinees.

However, factoring in the pretest data can also become a draw-
back in practical applications. In Japan, about 5–6 CITs are typi-
cally conducted after the pretest. It takes about 2 or 3 h to finish all
the CITs (Osugi, 2011). Therefore, a response pattern may change
from the pretest to the last CIT for an examinee. In addition,
this method is based on a more complex, hierarchical model, and
consequently needs to estimate more parameters than the logistic
regression method. This implies that the latent class discrimina-
tion method requires a larger dataset than the logistic regression
method for parameter estimation.

Bayesian classification. This method combines multiple mea-
sures by using computations based on Bayes’ theorem (Allen et al.,
1992; Figure 2C). This approach calculates the probability that an
examinee recognizes an item using (1) the sensitivity/specificity of
each measure (i.e., the probability that a response value exceeds
(or does not exceed) a threshold in the condition that an examinee
recognizes (or does not recognize) the item) and (2) a prior prob-
ability (i.e., the probability that the examinee shows the distinctive
response by chance to each item, which is determined by the num-
ber of items in the test). This method also uses a within-subjects

standardization, so that large individual differences in response
magnitude are eliminated, and the pattern of responses across crit-
ical and non-critical items is retained. First, for each standardized
measure, the sensitivity, specificity, and threshold are calculated
from a previously obtained dataset. The standardized response
value of a given examinee is then compared to the threshold. If the
response value exceeds (or does not exceed) the threshold, the sen-
sitivity (or 1−sensitivity) is entered into Bayes’ formula to calculate
recognition probability. Similarly, the specificity or 1−specificity
can be entered into Bayes’ formula to calculate the probability of
a failure to recognize crime-relevant items.

As this method treats responses as binary data – that is, whether
a response exceeds the threshold or not – quantitative differences
between items are not fully captured with this method. On the
other hand, thanks to dealing with binary values, this method is
not excessively affected by outliers. Controlling the influence of
factors that will produce outliers is difficult in the field situation as
compared with the laboratory situation. For this reason, for field
CIT applications, the Bayesian classification may be preferred to
the other statistical methods.

Multivariate normal distribution discrimination. In contrast
to logistic regression, latent class discrimination, and Bayesian
classification, which require previously obtained data to estimate
their parameters, the multivariate normal distribution method
requires only the CIT results of the current examinee (Adachi,
1995; Figure 2D). If the examinee recognizes a critical item, the
distribution of the responses should differ between critical and
non-critical items (i.e., guilty model). In contrast, if the exami-
nee does not recognize the critical item, the distribution should
not differ between critical and non-critical items (i.e., innocent
model). Both the guilty model and the innocent model are applied
to the given responses in the CIT. If the guilty model better fits
the responses than the innocent model, the examinee is judged as
recognizing the critical item.

This method only requires that responses to critical and non-
critical items differ, and does not require a previous dataset. In
addition, this method has no assumptions of typical response pat-
terns. Therefore, it can deal with various response patterns, even
if the response pattern is very different from the typical normative
pattern.

However, with this method, we can estimate model parame-
ters (i.e., mean and SD of distributions) only from the given data.
The sample size is thus the number of repetitions; for example,
if each item is repeated five times, the sample size is five, which
is too small to be used to estimate stable parameters. In addition,
although the accuracy of each measure can be calculated based
on previous datasets, this method does not use previous datasets.
Therefore, the differences in accuracy between measures cannot
be taken into account.

Dynamic mixture distribution discrimination. In order to esti-
mate stable model parameters by using only the given data, the
extended version of the multivariate normal distribution method –
the dynamic mixture distribution method – was developed (Mat-
suda et al., 2009a; Figure 2E). Similar to the multivariate normal
distribution method, this method prepares a guilty model and an
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innocent model, but applies these models to time series data. The
guilty model represents the response time series using three dis-
tributions: a non-response distribution corresponding to the base
level, a critical response distribution corresponding to responses
to the critical item, and a non-critical response distribution cor-
responding to responses to the non-critical items. In contrast, the
innocent model represents the response time series using two dis-
tributions: a non-response distribution and a pooled critical/non-
critical response distribution corresponding to responses to both
critical and non-critical items. The guilty and innocent models are
applied to the time series of the CIT data. If the time series is more
compatible with the guilty model than with the innocent model,
the examinee is judged as recognizing the critical item.

Similar to the multivariate normal distribution, this method
requires no previous dataset and no assumption of typical
response patterns. Therefore, this method is very flexible and can
easily accommodate individual differences in response patterns,
even if an individual’s response pattern is very different from the
typical normative response pattern. Additionally, because time
series data are used, stable model parameters may be estimated
with the typical number or repetitions in the CIT.

However, since this method does not depend on previous
datasets, the accuracy of each measure cannot be taken into
account. Furthermore, this method requires complex calculations
for parameter estimations (i.e., Gibbs sampler). Given current
technology, it takes at least about 10 min to finish the calcula-
tion of the parameters. If the calculation algorithm is improved,
this method might be ideally suited to field CIT use.

Summary of statistical methods
Table 1 summarizes the advantages and disadvantages of the var-
ious statistical methods. As the table shows, a perfect statistical
method does not exist. More studies are required to continue to
improve existing methods.

However, the most promising method at present would appear
to be the latent class discrimination method or the dynamic mix-
ture discrimination method. Table 1 shows the methodological
advantages of the latent class and dynamic mixture distribution
methods as compared to the other methods, recognizing that their
parameter calculations are complex. Furthermore, superiority of
these two methods in terms of discrimination performance was

demonstrated empirically (Matsuda et al., 2009a). In this study, 19
guilty participants were discriminated from 15 innocent partic-
ipants by using the logistic regression, latent class, multivariate
normal distribution, and dynamic mixture distribution meth-
ods. The discrimination performance was higher for the latent
class and for the dynamic mixture distribution methods than for
the logistic regression and the multivariate normal distribution
methods. Of course, this result should be verified by using larger
number of field CIT datasets. In addition, their discrimination
performance should be also compared with that of the Bayesian
classification method, which is expected to be robust in the face of
outliers.

Methods requiring previously obtained datasets may have lim-
ited utility for filed CIT applications. Such methods (i.e., the
logistic regression, latent class, and Bayesian discrimination meth-
ods) require the parameters to be estimated from the field CIT data
for which valid ground truth data are available for each examinee.
However, the exact confirmation of this knowledge is very diffi-
cult to obtain in the field situation, since it is difficult to know
with absolute certainty who is guilty and who is innocent in a
field case. It may take a rather long time to collect a sufficient
number of appropriate field datasets for parameter estimation.
If the parameters are estimated from an insufficient number of
field samples, these methods may underperform the simple z-
score averaging (Dawes, 1979). In contrast, methods that require
only the current dataset (i.e., the multivariate normal distribu-
tion and dynamic mixture distribution method) have a strong
advantage for field use since they do not require a previously
obtained dataset. But this also indicates that the latter methods
may be more influenced by missing values and measurement arti-
facts than the former methods. Even when adopting the latter
methods, evaluating their generalizability will require using a field
dataset.

ADDITIONAL MEASURES
In order to improve the probative force of the CIT in court, it would
be also promising to use additional measures that can potentially
increase the accuracy of the CIT. The current field CIT, that is based
on measures of autonomic responses (i.e., skin conductance, heart
rate, respiration, pulse volume), has been working well so far in
Japan. Therefore, it would be more promising to add new measures

Table 1 | Comparison of statistical methods in terms of features that are important for field application.

Statistical

method

Flexibility for individual

differences

Consideration of

accuracy differences

among measures

Need of previous

dataset for parameter

estimation

Stability of

parameter

estimation

Complexity

of model

Standard: Z-score averaging Low No No No parameters Low

(A) Logistic regression Low Yes Yes Stable Medium

(B) Latent class discrimination High (assume subgroups having

different response patterns)

Yes Yes Stable High

(C) Bayesian classification Medium Yes Yes Stable Medium

(D) Multivariate normal

distribution

High (no assumption of a typical

response pattern)

No No Unstable Medium

(E) Dynamic mixture

distribution

High (no assumption of a typical

response pattern)

No No Stable High
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to the autonomic-based CIT instead of altering the current field
CIT completely to use alternative measures. In this section, we will
review additional CIT measures that can be obtained by using two
approaches. The first approach is to refine the quantification of the
classic autonomic responses. The second approach is to implement
new physiological measures to augment the autonomic responses
used currently.

Quantification of new/refining aspects of autonomic responses
The Improvement of current quantification methods is a simple
way to increase accuracy of the current test. Here, we will review
some examples of how quantification might be refined.

Respiration. Respiration has been operationalized as respiration
line length in almost all CIT studies (for a review, see Gamer,
2011a). The respiration line length is defined as the sum of the
moving distances of the respiration curve in a specified time
interval. The respiration line length decreases when respiration
is suppressed (i.e., shorter respiratory time and smaller ampli-
tude), and thus is a good measure for the CIT. However, the
line length is biased by how the parts of the respiratory cycles
are included in the time interval. To account for this bias, Elaad
et al. (1992) shifted the starting point of the time interval slightly,
calculated the line length for each shift, and then averaged the
line lengths for all shifts. However, even this method cannot
remove the bias completely (Figure 2 in Matsuda and Ogawa,
2011).

To fully resolve this bias problem, a new quantification
method – a weighted average respiration line length – has been
recently proposed (Matsuda and Ogawa, 2011). This method cal-
culates the respiration line length per cycle, weights it with the
proportion that the cycle occupies in the time interval, and then
averages the weighted line lengths across all cycles involved in the
time interval. The discrimination performance was significantly
better for the weighted average respiration line length than for the
traditional respiration line length.

Moreover, there is an undeniable possibility that changes in
respiratory rate and amplitude are elicited independently in the
CIT. To extract more precise information from respiration, respi-
ratory rate, and amplitude could be measured separately. In order
to quantify these, the use of the weighted average method would
be preferable (e.g., Matsuda et al., 2009a).

Pulse volume. Recently, pulse volume has been quantified as fin-
ger pulse waveform length in a way similar to that of respiration
line length (Elaad and Ben-Shakhar, 2006; Vandenbosch et al.,
2009). The finger pulse waveform length can reflect both pulse rate
and amplitude information. As mentioned above, the line length
is affected by which proportion of a cycle is included. However,
the effect of this bias is much smaller for pulse volume than for
respiration, because the cycle time of a pulse is much shorter. On
the other hand, since heart rate is computed with an electrocar-
diogram in Japan, the measurement of finger pulse volume length
is redundant.

In Japan, normalized pulse volume has been applied to the
field CIT to evaluate vascular tone more accurately. The normal-
ized pulse volume is computed per pulse cycle by dividing the

amplitude of the cycle by the average voltage during the cycle. The
normalized pulse volume is advocated as a more valid measure
for the assessment of vascular tone than the usual pulse volume
(Sawada et al., 2001). The validity of the normalized pulse volume
has also been confirmed in a CIT study (Matsuda et al., 2009a).

Adding new measures
New physiological or behavioral measures can be recorded in
addition to autonomic responses in the field, particularly if the
recording is easy and stable. Here, we will review reaction time,
facial features, fMRI activations, and EEG/ERP features.

Reaction time. One possible measure that has been considered is
reaction time after item onset (for a review, see Verschuere and De
Houwer, 2011). Some studies reported high accuracy of individual
classification using reaction time. For example, Allen et al. (1992)
reported a sensitivity of 0.950 and the specificity of 1.000.

However, in the current situation in the field, there may be
problems with using reaction time. First, reaction time can be
controlled intentionally. It might therefore be easier to use coun-
termeasures that affect reaction time than those that affect auto-
nomic responses. In fact, some studies use the response time as a
measure of countermeasures (Rosenfeld et al., 2008; Winograd and
Rosenfeld, 2011). Second, it is uncertain whether examinees would
follow the instructions, such as “respond as quickly and accurately
as possible.” Unlike the autonomic-based CIT, a reaction-time
task requires examinees to respond actively. Even when exami-
nees are innocent, however, they may not take the test willingly
and thus may not cooperate. In addition, attributes of field exam-
inees are more diverse than those of participants in laboratory
studies. For example, elder examinees have slower and more vari-
able reaction-times, which might render this measure less useful
in some populations.

Despite these limitations, research might profit from further
examination of reaction time in the CIT. It is an easily obtained
measure, and individual differences in response times might not be
of concern if quantified using within-subject metrics (z-scores).
Moreover, it might be possible to identify reaction-time response
patterns that would suggest when reaction time can, and when it
cannot, provide useful information.

Facial features. Facial expressions have potential as a measure in
current field CIT examinations. Because a face is usually not cov-
ered, it is easy to record the information without attaching special
electrodes (i.e., with a remote-sensing technique).

It is well-known that lie detection can make use of facial
muscle activity (Ekman, 2001). However, as far as we know,
no study has reported the use of facial muscle changes in the
CIT, but automated Facial action coding system (FACS; Little-
wort et al., 2011) might make this an easy possibility to explore
further. On the other hand, facial skin surface temperature has
been measured in the CIT (Pollina et al., 2006). In this study,
the temperature increased for critical items compared to non-
critical items in a region below the eyes. Its individual clas-
sification result was a sensitivity of 0.917 and a specificity of
0.917.

Information related to the eyes has also been applied to the
CIT. Startle eye blinks reduced more for critical items than for
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non-critical items (Verschuere et al., 2007). Temporal distributions
of blinks differed between critical and non-critical items (Fukuda,
2001). Pupil sizes increased more for critical items than for non-
critical items (Bradley and Janisse, 1981; Lubow and Fein, 1996).
Lubow and Fein (1996) reported a sensitivity of 0.50–0.70 and a
specificity of 1.00 using pupil sizes.

Thus a variety of facial measures show some promise for use
in the CIT, but none have been extensively researched. Therefore,
future research should determine if use of these facial measures
can increase the validity of the current autonomic-based CIT.

fMRI. Recent research has utilized fMRI in CIT-like experiments
(for a review, see Gamer, 2011b). Nose et al. (2009) reported the
accuracy of fMRI in the CIT: the sensitivity was 0.84 and the
specificity was 0.84. However, the use of fMRI in the field would
be difficult at the present time. First, the equipment for fMRI is
expensive and not portable. Second, examinees must be extremely
cooperative as they are not able to move during the fMRI scanning
and would have to tolerate the noise during the test. Third, some
examinees could not be tested if they have metal in their bodies
that would make fMRI unsafe. Although technical improvement
of recordings and analyses are expected in future research, fMRI
measures may inherently carry no more or no less weight than
other measures used in the CIT.

EEG/ERPs. Many laboratory studies have measured EEG dur-
ing the CIT and reported significant differences in ERP com-
ponents between critical and non-critical items, especially P3
amplitudes (Rosenfeld et al., 1988; Farwell and Donchin, 1991;
Allen et al., 1992; Rosenfeld, 2011). A recent meta-analysis showed
that the P3 measure is more effective than the traditional auto-
nomic measures in detecting participants’ concealed knowledge:
Cohen’s d was 2.55 for the P3 amplitude and 1.72 for skin con-
ductance response (Ben-Shakhar and Meijer, 2012). This result
is similar to that of Allen and Iacono (1997), in which they
compared the area under ROC curve from their ERP data to
published skin conductance data. The increase of the P3 ampli-
tude is thought to reflect the significance of the critical item
for the examinees (Rosenfeld, 2011), which is often embedded
within an oddball paradigm. In addition, recent studies with rather
long inter-stimulus intervals (>7 s) reported the increase of the
N2 (Matsuda et al., 2009b, 2012; Gamer and Berti, 2010) and
the late positive potential (Matsuda et al., 2009b, 2012) for the
critical item.

Due to the progress of recording and analysis techniques
it has become easier to measure EEG in field situations. In
fact, an EEG can be recorded with a polygraph system cur-
rently used in field CIT in Japan, although the stimulus pre-
sentation/control system for it has not been equipped yet. A
recent study measured ERPs under the standard protocol of the
autonomic-based field CIT (Matsuda et al., 2011). This study
showed that late positive potential significantly differed between
critical and non-critical items, even when each item was pre-
sented only five times. Importantly, including the late positive
potential improved the discrimination performance of the stan-
dard autonomic-based CIT. Furthermore, Rosenfeld (2011) have

proposed a new protocol of the ERP-based CIT in order to make
the test resistant to countermeasures (“complex trial-based CIT”),
and have reported high accuracies. Collectively these studies indi-
cate that features of the ERP would be promising additions to the
field CIT.

Moreover, although most studies quantified EEG in the time
domain, some recent studies focused on information in the fre-
quency domain (Abootalebi et al., 2006, 2009; Zhao et al., 2011).
These studies show that differences in wavelet features can reflect
the differences between critical and non-critical items. Further-
more, the frontal asymmetry of left and right EEG alpha power
may have promise as a new measure. Frontal EEG asymmetry is an
index of the basic emotional dimension of approach versus with-
drawal (Coan and Allen, 2004). In the CIT, relative right frontal
alpha activity was significantly lower for critical items than for
non-critical items (Matsuda et al., submitted). This result suggests
that the critical item would elicit withdrawal-oriented motivation
and emotion, which may be an additional indicator of recognition
of the critical item.

SUMMARY
In the present paper, we reviewed how the CIT has been used for
field criminal investigations in Japan, and suggest that with appro-
priate training and institutional support, the CIT can frequently
be used in field applications. We also reviewed various statistical
methods and potential new measures, which may contribute to
improved validity and increased probative value of the CIT. We
suggested that more studies of these various statistical methods
are required before applying the statistical methods in the field.
We also highlighted the promise of adding new quantification of
existing measures and adding new measures such as EEG/ERP
indices to the current field CIT. It should be an immediate goal of
the Japanese CIT examiners and researchers to improve the pro-
bative value of the field CIT by introducing statistical judgment
methods and then adding new measures to the current CIT.

Despite improvements in measures and statistical assessment,
it is important to remember that the CIT is not a test to judge
whether an examinee is guilty or innocent. The CIT can show
only with relatively high probability whether the examinee recog-
nizes the crime-relevant item. The examinee may have obtained
crime-relevant information by any number of means, only one of
which is by being the perpetrator of the crime, while others include
accidental exposure via media or interrogations, or exposure via a
relationship with the perpetrator of the crime; a good examiner of
course pays close attention to remove these possibilities. However,
the CIT result can be used as one scientific indicator of whether an
individual may have been involved in the crime under investiga-
tion. Given the fundamentally sound paradigm of the CIT, and the
promise of improvements using more sophisticated statistics and
additional measures, we hope that the use of the CIT will increase,
with Japan’s implementation serving as a useful model.
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