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ABSTRACT
Unfounded child sexual abuse (CSA) allegations take investigative
resources from real cases and have detrimental consequences for the
people involved. The Finnish Investigative Instrument of Child Sexual
Abuse (FICSA) supports investigators by estimating the probability of a
CSA allegation being true based on the child’s background information.
In the current study, we aimed at making FICSA resistant to deception.
Two gender-specific questionnaires with FICSA questions and additional
“trap” questions were constructed. The trap questions were designed to
seem statistically related to CSA although they were not. Combining the
answers of 278 real victims and 275 16–year-old students, instructed to
simulate being CSA victims, we built a Naïve Bayes classifier that
successfully separated the two groups (AUC = 0.91 for boys and 0.92 for
girls). By identifying false allegations early in the investigation,
authorities’ resources can be directed towards allegations that are more
likely true, effectively helping actual CSA victims.
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Introduction

The Finnish law defines child sexual abuse (CSA) according to the child’s age and level of develop-
ment, the relationship between the perpetrator and the child, and the severity of the act. According
to chapter 20, section 6 of the Finnish Criminal Code (540/2011), intercourse with a person under the
age of 16 is considered to be CSA. Additionally, touching, or any other act aimed at sexual excite-
ment or satisfaction that are harmful for the child’s development, are defined as CSA. However,
an act is not considered punishable if both parties are approximately the same age and on the
same level of development, and both participate voluntarily. If the perpetrator is the child’s
parent or a person in a comparable position and lives in the same household, sexual acts are con-
sidered child sexual abuse until the age of 18 years. After 18 years of age, any sexual act involving
children and parents, even if consensual, is criminally prosecuted, although not as CSA.

In the last decades, the number of CSA allegations reported to the authorities has increased, likely
as the result of a recent legal obligation for all professionals working with children to report any sus-
picion of CSA (Child Welfare Act 2007, section 25; Hietamäki, 2012). The overall number of CSA cases
shown to be substantiated has, however, decreased (Laaksonen et al., 2011). Relying on self-reports,
the Finnish Child Victim Survey, that examined violence in children’s and adolescents’ lives in 1988,
2008 and 2013, has shown this descending trend in the prevalence of CSA better than the official
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count of reported cases. The survey indicates that approximately 4% of girls and 1% of boys in the
ninth grade had reported CSA experiences in the 2013 compared with 14% for girls and 5% for boys
in 1988 (Fagerlund et al., 2014).

Reporting CSA

Although the prevalence rate of CSA is decreasing, it is estimated that the number of CSA cases sus-
pected by the child protection services has more than quadrupled since 1980 in Finland (Kauppinen
et al., 2000). Yet, no direct conclusion can be made about the prevalence rate based on the number
of reported CSA cases, as research has shown both under- and overreporting of CSA (Bruck et al.,
1998; London et al., 2005).

Underreporting means that not all CSA cases are reported to the authorities, and the actual preva-
lence of CSA is therefore higher than the number of reported cases. A review by London et al. (2005)
revealed that 60–70% of the adults who reported experiencing sexual abuse in their childhood also
never disclosed the abuse to anyone. Even if children disclose the abuse, research indicates that this
often is to a peer (48%), rather than to an adult (26%) or the authorities (12%; Lahtinen et al., 2018).
More encouraging, the review by London et al. (2005) also showed that most children disclose abuse
if they are asked in a direct and correct manner. This suggests that underreporting can originate in
adults failing to facilitate disclosure of an abused child and/or fail to report it correctly to the auth-
orities (Dhooper et al., 1991).

There are also issues with overreporting of CSA cases, meaning that allegations of CSA are made
even when no abuse has taken place. It is estimated that at least 5–35% of CSA allegations are
unfounded (Ceci & Bruck, 1995). Recently, Korkman et al. (2019) studied the prevalence of
unfounded CSA allegations in Finland, concluding that 25–40% of allegations are possibly
unfounded. In Finland, professionals working with children are now legislatively obliged to
report any suspicion of CSA to the police and child welfare services (Ellonen & Rantaeskola,
2016). This naturally increases the number of vague and indefinite allegations that are made,
which, in turn, is likely to increase unfounded allegations (Laajasalo et al., 2018). Unfounded
CSA allegations can also rise from, for example, adults’ erroneous interpretations of the child’s
physical, behavioural, or psychological symptoms and characteristics (Korkman et al., 2019; Tadei
et al., 2019), or from suggestive and leading discussions with the child (Hershkowitz, 2001;
Korkman et al., 2014). Additionally, children themselves can occasionally report abuse, even
when abuse has not taken place (Hershkowitz, 2001).

Underreporting increases the dark figure (i.e. the number of unrecognised CSA cases), which
means that abuse is not exposed and the victim cannot receive help or justice, and that, in the
worst case, the perpetrator will continue abusing the same child or other children. On the other
hand, overreporting increases the risk of false positives (i.e. defining non-abused children as
victims and innocent suspects as perpetrators), meaning that unfounded CSA allegations are pro-
cessed by the authorities, resources are wasted on false cases, and there can be delays in investi-
gating real cases.

Deception in children’s CSA reports

Vrij (2000) defined deception as an intentional attempt to make another person believe in something
that the teller knows is untrue. This definition excludes unintentionally wrongful statements that, for
example, are due to poor memory or suggestive questioning (Hartwig & Santtila, 2008). In CSA cases,
the child’s statement is particularly influential in the investigative process because the CSA victim is
usually the only witness (Goodman et al., 2006; Herman, 2010). Currently, the general view is that
children can be a reliable source for information in forensic settings (Koriat et al., 2001; Poole &
Lamb, 2004). Nevertheless, it should not be disregarded that children are prone to suggestion,
memory decay, and other cognitive limitations (Ceci et al., 2007; Poole & Lamb, 2004). Hence, the
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child’s age and cognitive development level should always be taken into account when hearing the
child as a witness (Lahtinen, 2008; Poole & Lamb, 2004).

The capacity to consciously lie starts developing around four years of age when the child’s theory
of mind (Premack & Woodruff, 1978) develops. By the age of eight, children acquire a deeper
capacity for intentional deception, and use it in different situations (Talwar & Crossman, 2012). Never-
theless, reporting a false story requires skills that most young children have not yet obtained (e.g.
good working memory, proficient executive functions, and inhibition; Talwar & Lee, 2008). Linguistic
development and lying skills are also tightly connected, and the ability to express oneself continues
to develop until the age of 18 (Paul, 2006).

Although believed to be relatively rare, children and adolescents can be deceitful in their witness
reports and produce false allegations, just like adults (Jones & McGraw, 1987). This said, not a lot of
research exists concerning intentionally fabricated reports by children (Talwar & Crossman, 2012)
and data on the prevalence of deceiving behaviour in children and adolescents are limited. Never-
theless, some estimates say that false CSA allegations made by children comprise 2–4% of the inves-
tigated reports (see e.g. Jones & McGraw, 1987; Oates et al., 2000; Trocmé & Bala, 2005). The motives
behind children’s lies appear to be similar to adults’motives (Newton et al., 2000; Wilson et al., 2003),
who tend to lie to avoid punishment, enhance their own social status, or protect and please others
(Talwar & Crossman, 2012; Warneken & Orlins, 2015).

Investigation of CSA

In Finland, the police usually turn to a multidisciplinary team consisting of forensic psychologists,
social workers, child psychiatrists, and other mental health professionals working in specialised
units of forensic child and adolescent psychiatry to conduct the evaluation of a CSA case (Laajasalo
et al., 2018). These forensic units collect background information, conduct the interview of the
alleged child victim (when possible), and produce a forensic expert report (Ellonen & Rantaeskola,
2016). Often these case reports serve as expert testimony during court proceedings (Gratz &
Orsillo, 2003).

Expert evaluations play a crucial role in the investigation of CSA allegations and should be of the
highest quality possible. These evaluations are, however, demanding because experts must integrate
complex and extensive information in their conclusions, with physical evidence often lacking. Con-
sequently, there are several issues concerning the quality of these expert evaluations. Often experts
do not follow evidence-based practice, and this can easily lead to erroneous conclusions about the
allegation. Whenever possible, experts should base their decisions on factual (e.g. statistical) data to
avoid these errors. Importantly, as evaluating statistical evidence is complicated (Edwards & vonWin-
terfeldt, 1986), there is a genuine need for valid, scientifically supported assessment methods to
assist experts when dealing with complex information in the decision-making process of CSA evalu-
ations (Laajasalo et al., 2018). Evidence that cannot be accounted for statistically, for example due to
limited research, still should be considered when drawing expert conclusions. In this case, it should
be transparent to the end-user of the forensic evaluation which evidence was only clinically evalu-
ated and which the possible biases on the expert’s side are. We argue, however, that also clinical
evaluations performed on individual level refer to group-level data, in the sense that the clinicians’
ideas about the meaning of any clue will necessarily be based on their inferences made by observing
other cases.

Base-rate probabilities should be considered in the evaluation of a CSA allegation (Proeve, 2009;
Wood, 1996). Base-rates give an initial probability of the abuse having occurred, and this probability
should be updated as new evidence becomes available. Bayes’ theorem is well-suited for adjusting
base-rates in this way (Herman, 2005; Wood, 1996). By obtaining an accurate and updated base-rate
probability of CSA at an early stage of an investigation, investigators can organise and proritize the
CSA allegations according to their probability of having actually occurred (Tadei et al., 2019b). This
prioritisation of CSA cases is important to investigation success, as time passing between the alleged
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event and the investigation negatively affects the reliability and quality of the child’s report (Shrimp-
ton et al., 1998; Tucker et al., 1990).

The Finnish Investigative Instrument of Child Sexual Abuse (FICSA)

Tadei et al. (2019) created a computerised decision-making support tool to help CSA experts in
dealing with statistical information. Using modern machine learning, the Finnish Investigative Instru-
ment of Child Sexual Abuse (FICSA, Tadei et al., 2019) is a classifier based on Bayesian statistics that
calculates the probability of a particular child having been a victim of CSA. To calculate this prob-
ability, FICSA combines observations of 42 risk and protective factors (25 factors only for girls, 14
only for boys, and 3 for both genders) of CSA. These factors are based on a large representative
sample of over 11,000 Finnish children and adolescents’ reports (see Ellonen et al., 2013). None of
these 42 variables are about the alleged CSA event itself, but instead about the child’s background
(e.g. relationships with peers and family, substance abuse, experiences with crime and violence; for a
detailed description of FICSA, see Tadei et al., 2019). As the information needed for FICSA is gathered
by a questionnaire that can be answered by the child alone, this can decrease the known risks of
verbal interaction between the interviewer and the child, such as suggestive questioning or impro-
per language use (see e.g. Korkman et al., 2008). As a semi-automatic statistical instrument, FICSA
integrates information objectively and helps limit the influence of cognitive biases (Tadei et al.,
2019a, 2019b).

A simulation study by Tadei et al. (2019) showed that FICSA has promising diagnostic utility as a
classifier tool in estimating the probability of CSA having occurred. According to this study, FICSA
showed high discriminatory effectiveness for both boys and girls (Area Under the Curve, AUC = .97
for boys and AUC = .88 for girls). In another study, Tadei et al. (2019b) examined forensic experts’
ability to use FICSA in mock scenarios of CSA and whether FICSA improved their estimates of the prob-
ability for CSA and found that FICSA can aid CSA investigators by helping integrate evidence correctly.

One current limitation of FICSA is that it can potentially be misled by wilful false allegations. To
the extent that it is apparent how the included questions are related to CSA, they could be answered
deceptively, and FICSA cannot identify information that the child gives as true or false. FICSA can,
threrefore,not identify children who might be deceiving and report a false allegation. Because of
this, it is important to include a feature into FICSA that identifies false CSA allegations.

The current study

To address the current limitations of FICSA (Tadei et al., 2019) and the challenges posed by false CSA
allegations, we aimed to enhance FICSA by developing a feature to help separate children reporting
a false allegation from those actually abused. As the information for FICSA is gathered by a question-
naire, the goal was to include new questions which could serve as deception detectors. To do this,
we asked our participants to answer a questionnaire which included the standard questions for
FICSA, and an additional selection of “trap” questions gathered from the same victimisation study
FICSA is based on (see Ellonen et al., 2013). These trap questions were not statistically related to
CSA but could be perceived as being related to CSA due to commonly held beliefs about CSA
victims. Participants were instructed to answer the questionnaire by imagining how a CSA victim
would answer, that is, simulating being CSA victims.

We hypothesised that by combining the answers of real CSA victims identified from the victimisa-
tion study and the answers of simulators in our sample, it would be possible to find a set of questions
that would let us discriminate between real CSA victims and CSA simulators with a high accuracy. We
also built a model that could predict the probability of deception. For each gender, we built three
different Naïve Bayes classifiers, including either (1) FICSA and trap questions together, (2) only
FICSA questions, or (3) only trap questions. We expected that FICSA and trap questions together
would be the most accurate classifier.
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Methods

Participants

Data were gathered in five different Finnish high schools situated in Helsinki, Tampere, Turku, and
Varkaus from first year students aged 16. Out of the 30 schools that were contacted, these were first
to give their consent. To have approximately the same number of simulators as there were real CSA
victims (n = 278) in the original victimisation study, data collection was stopped when an appropriate
number of participants was reached. The questionnaire was answered, individually and on paper, by
277 first-year high school students in the classrooms and under the supervision of their teacher and a
researcher. Two participants were on their second year of high school, and their responses were
excluded from the final dataset. The final sample of simulators thus consisted of 275 participants. Of
the participants, 60.7% (n = 167) were girls and 39.3% (n = 108) were boys. The final dataset used in
the analyses was composed of the 275 simulators of the new data collection and 278 actual CSA
victims from the original data file (Tadei et al., 2019) and consisted of 553 respondents altogether.

Ethical permission

The present study was first approved by the Institutional Review Board for Research Ethics at Åbo
Akademi University, then by each City Administration, and finally by each of the included schools.
Before participation, all respondents signed a consent form which stated the topic and content of
the study, policies about the anonymity, and the participants’ right to withdraw from the study at
any point. All participants were also given suitable contact information in case they needed to
discuss any experiences concerning which the study could have triggered memories.

Questionnaire

The data collection employed two different questionnaires, one for boys and one for girls. The boys’
questionnaire consisted of 15 questions, and the girls’ questionnaire consisted of 26 questions. Each
questionnaire was composed by a selection of the gender-specific questions from FICSA (8 for boys,
23 for girls) and by a number of trap questions (7 for boys, 3 for girls). We did not ask all the original
questions from FICSA because some of them could not be answered by everyone since they required
certain initial conditions to be fulfilled (e.g. having siblings, or having been victim of robbery or
theft). To build a tool that could be applied to as many cases as possible, we retained only the ques-
tions that could be asked of children coming from any family situation and that did not require
specific life experiences.

As with the FICSA questions, trap questions were not about the alleged CSA event itself but about
the child’s background and previous experiences with crime, violence, and relationships. The trap
questions were selected among the 903 variables used in the extensive data collection on which
FICSA is based (see Ellonen et al., 2013). To be considered possible traps, the questions had to
seem but not be statistically related to CSA (i.e. non-significant chi-square relationship with CSA).
For example, boys answering “Yes” to “Have you ever used drugs?” might seem to make the CSA
report sound more realistic, but drug use is actually not statistically related to CSA for boys. Two
experts in forensic psychology and one psychology student selected, individually, all the questions
that theoretically could work as traps. Finally, only trap questions chosen by all the three researchers
became part of the two questionnaires used in the actual data collection. In the questionnaires, the
FICSA questions and the trap questions were all put together in the same order as they were in the
original data file of the victimisation study (see Ellonen et al., 2013). All included questions had
answer options to choose from, and the participants were instructed to choose only one.

Additionally, three questions were asked from both boys and girls at the end of the questionnaire
to identify real CSA victims among the new participants. CSA was defined as any sexual experience
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from receiving a proposal to do something sexual to sexual penetration of a person below the age of
17, by an offender that is at least five years older. Participants who identified as CSA victims accord-
ing to this definition were excluded from the analyses, since they did not fit the role of a simulator.
However, both participants that reported having experienced and not having experienced abuse in
real life might not have declared the truth. Hence, we cannot be sure we perfectly separated real CSA
victims from non-victims. Altogether 23 participants were identified as CSA victims in our sample. Of
all the boys, 1.9% (n = 2) reported CSA experiences and of all the girls, 12.6% (n = 21) reported having
experiences of CSA.

Statistical analyses

Classifier. A classifier is a statistical machine learning tool that provides the probability of a certain
observation belonging to a precise class. In the current study, we chose the Naïve Bayes (NB) clas-
sifier to keep the same approach used for FICSA (see Tadei et al., 2019) and to guarantee a high inter-
pretability. Just as with many other classifiers, the accuracy of a NB classifier directly depends on how
informative the predictors are in discriminating between the different classes of the response vari-
able. Furthermore, a NB classifier relies on the assumption that all the predictors are independent of
each other, making the graphical representation of these models easy enough through the use of
Bayesian networks (Fenton & Neil, 2012; Koller & Friedman, 2009). As predictors to estimate the
CSA risk for boys and girls can be different (see Tadei et al., 2019), we created gender-specific clas-
sifiers. We fitted three different classifiers for each gender: (1) FICSA and trap questions together, (2)
only the FICSA questions, and (3) only the trap questions. Among these three different classifiers, the
one with the smallest test error rate would also be the most accurate.

Missing values.We asked participants to answer all the questions as they thought a real CSA victim
would have. Hence, the number of unanswered questions was almost null. Contrariwise, the children
who answered the questionnaire from 2013 were real CSA victims and did not answer questions that
were not applicable to their real-life experiences. To balance the number of missing answers and keep
the data as real as possible, we deleted entries from the 2018 data, rather than imputingmissing values
to the 2013 dataset. We randomly picked the entries to delete and chose the right amount in order to
have the same percentage of missing answers for each question.

Feature selection. The feature selection is a dimension reduction procedure.We used it to identify
the smallest set of informative and non-redundant features that would lead to themost accurate clas-
sifier possible, given the available data. We applied this technique on all six groups of questions. Table
1 shows, for eachgender and classifier, the number of predictors before and after the feature selection.

Cross-validation. To estimate the out-of-sample accuracy of the classifier, meaning its perform-
ance on children that were not part of the data collection, we implemented a repeated k-fold cross-
validation procedure, with four folds and five repetitions. Having four folds means that our dataset
was divided into four equal parts (a, b, c, and d ). Three of them were used as a training set and the
fourth, say d, as a test set. Hence, d was used to estimate the accuracy of the classifier. We then fitted
new classifiers on the remaining three combinations of training sets and measured the accuracy
using first c, then b, and finally a. To have an even more reliable measure of the average accuracy
of the classifier, this entire procedure was repeated five times, changing the composition of a, b,
c, and d each time. In the end, the final performances of all our built classifiers were the average accu-
racy measured on 20 different test sets.

Table 1. Number of predictors for the six classifiers, before and after feature selection.

Boys Girls

FICSA Traps FICSA+Traps FICSA Traps FICSA+Traps

Before 8 7 15 23 3 26
After 4 2 3 9 3 12
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Receiver Operating Characteristics. We used the Receiver Operating Characteristics (ROC) and
the Area Under the Curve (AUC) to evaluate and graphically represent the classifiers’ performance. A
ROC is a two-dimensional plot that has the true positive rate (TPR) on the y-axis and the false positive
rate (FPR) on the x-axis, with both axes on a scale 0–1. Each point of the curve is created by varying
the cut-off to assign an observation to the positive class. The AUC is a value between 0 and 1 that
indicates the probability for a positive observation to receive a higher probability from the classifier
than a negative observation. Simply put, AUC value provides information about how well the model
can distinguish between different classes. Chance level is represented by an AUC of 0.5. Depending
on the context, a good classifier should reach an AUC higher than 0.5, but a higher value is needed
for practical utility in a forensic context. The use of AUC as a measure of diagnostic accuracy has been
recommended in forensic psychology (Mossman, 1994; Rice & Harris, 2005; Swets et al., 2000).

Results

Three separate NB classifiers were built for both genders to predict whether the CSA allegation made
by the child is true or false.We fitted threemodels for each genderwhich used different starting sets of
predictors: both FICSA and trap questions together, only FICSA questions, and only trap questions.
Each of these classifiers are presented as ROC curves and the AUC values, them being the average per-
formance of the 20 different training sets measured with the cross-validation procedure. Figure 1
shows the mean ROC curves and the AUC values for the NB classifiers for both genders. The classifier
that used both FICSA and trap questions as predictors had the highest AUC value, ∼.91 for boys and
∼.92 for girls, whereas AUC values for both genders were under .90 for the other two classifiers with
only FICSA or only trap questions.

To statistically test the differences within gender between the three classifiers, we used a one-way
ANOVA with Tukey post-hoc tests. We were particularly interested comparing the classifier with
FICSA and trap questions to the two other classifiers, since it was hypothesised that this classifier
would be the most efficient. For boys, there was a statistically significant difference between the
three classifiers, F(2, 57) = 37.43, p < .001, h2

p = 0.57. The accuracy of the FICSA only classifier was
lower than the other two (p < .001), which were not significantly different from each other (p
= .598). Also for girls, there was a statistically significant difference between the three classifiers, F
(2, 57) = 14.45, p < .001, h2

p = 0.34. The accuracy of the classifier with both FICSA and trap questions
outperformed the other two (p < .001). The classifier with only FICSA questions and the classifier with
only traps did not differ significantly (p = .419).

Discussion

The goal of the current study was to add a deception resistant feature to FICSA, so that it could
predict the probability of the CSA allegation being false. Previously, FICSA only estimated the prob-
ability of CSA being true and could not be used to identify whether the information used is truthful
or not. Therefore, we aimed to find a selection of questions that could work as detectors of possible
deception when using FICSA in CSA allegations. The results of the present study showed that the
selection of these “trap” questions was successful, and that we were able to identify a set of ques-
tions that could predict the truthfulness of a CSA allegation. The classifiers built had excellent diag-
nostic utility in both genders.

Discriminatory effectiveness

Three different classifiers were built for each gender using different sets of questions as predictors.
For boys, the accuracy of the classifiers with both FICSA and trap questions and with only traps was
statistically equivalent, meaning that these two classifiers would be equally accurate in predicting
false allegations based on our sample, and that both would outperform the FICSA only classifier.
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For girls, instead, the classifier with both FICSA and trap questions outperformed the other two.
These results showed, for both genders, how the presence of trap questions made it possible to
identify wilfully false CSA reports.

High AUC values do not translate automatically to high performance in real applications. Depend-
ing on the resources available, investigators will have to accept a certain percentage of false positives
and false negative outcomes. These quantities, as shown by the ROC curves, are negatively correlated
and, by varying the cut-off used to attribute an observation to one of the two classes, investigators will
be able to choose which of the two errors to decrease and which to increase. Lowering the cut-offwill
get us a higher true positive rate (i.e. more simulators are correctly identified), but also a higher false
positive rate (i.e. more real victims are classified as simulators). A relatively low cut-off could be useful,
for example, if the authorities do not have sufficient resources on hand, as the FICSA then can effec-
tively root out simulators. The higher the chosen cut-off is, themore of real victimswill be identified as
such, but then more simulators will be incorrectly identified also as real victims.

The participants of this studywere chosen to be first year high school students, since high school is
usually started at the age of 16 in Finland. CSA is a sensitive topic, and this age group was chosen

Figure 1. ROC curves and AUC values (mean ± 95% confidence interval) for the three classifiers for boys (a) and for girls (b). The
mean ± SD of the classifier with highest AUC value is represented on the ROC curves for both genders. ROC: receiver operating
characteristic; AUC: area under the curve; SD: standard deviation.

8 A. TADEI ET AL.



because they were allowed by the schools to consent to participating in the study without informing
their parents. Nevertheless, theminimumage for using FICSA is recommended tobe 12 years, because
this is the youngest participants in the original sample FICSA is based on (see Ellonen et al., 2013).
Additionally, since the ability to form a false CSA allegation is generally acquired only by early adoles-
cence, there is little need to identify wilful false allegations in younger children. It should also be noted
that this tool was created only to identify wilful false CSA allegations. Hence, it might not perform
equally well in identifying unfounded allegations that rise from false memories, suggestion, or misin-
terpretations. Finally, FICSA cannot serve as a screening tool to identify possible CSA cases yet unre-
ported. FICSA’s false negative rate is relatively low, meaning that there is a low probability to wrongly
define a child as a CSA victim. However, in case FICSA was used on all the children between 12 and 16
years, the absolute number of false negative cases would be so high to be impossible to investigate.
We argue that FICSA is best suited for CSA allegations that adolescents are reporting themselves.

Participants were asked questions at the end of the questionnaire to identify and exclude partici-
pants with real CSA experiences and who would thus not fit the role of a simulator. In our sample, the
1.9% prevalence rate of CSA for boys go along with the previous prevalence rates in Finland, but the
12.6% prevalence rate for girls is high compared to population-based prevalence rates (see e.g.
Fagerlund et al., 2014; Laaksonen et al., 2011).

Limitations

When using a machine learning approach, the issue of overfitting is important to consider. Overfi-
tting is a common problem in the area of machine learning, and it can easily lead to over-optimistic
results (Chicco, 2017). This problem occurs when the model does not generalise well to new data,
although the model has performed well on the original data. Even though we used a cross-validation
approach to reduce the risk of over-fitting, it is still unclear how well our classifiers would work on
completely new samples.

Another relevant limitation concerns the ecological validity. When it comes to studying children’s
lying in a forensic context, an issue is that the research conditions and experiments are not fully com-
parable to those in actual legal settings, and thus lack ecological validity (Talwar & Crossman, 2012).
It is challenging to study deception, and identical conditions to what children might face when par-
ticipating in legal processes are hard to create, at least due to ethical reasons (Talwar & Crossman,
2012). The setting of the current study lacked the emotional and social pressure which might be
present when deceiving in a real police investigation. It is likely that when reporting a false allegation
of CSA and becoming part of a police investigation, the pressure of getting caught affects the per-
formance on filling out the FICSA questionnaire.

Additionally, participants in the simulator samplewere asked to only imagine the situation in ques-
tion and it is impossible to knowparticipants’ thought process when answering the questionnaire. For
example, an unmotivated participant could have just answered the questionnaire without giving any
thought to it. Trying to keep all the requirements in mind and using imagination when filling out the
questionnaire is admittedlydifficult and replying to thequestionnairewould inevitablybechallenging.

Finally, not knowing the prevalence of false reports with certainty, we chose to have a 50–50 ratio
between real victims and simulator for girls. For boys, instead, the number of real victims was too
small to properly train a classifier, so we used a 25–75 ratio. These artificial base-rates should be cor-
rected as soon as proper scientific data become available. Currently, a solution is to increase the
threshold probability used to define a child as simulator. This correction would then decrease the
number of reports considered false, and, consequently, the number of false negative decisions.

Future directions

More research is still needed before being able to validate FICSA and to implement its use in the real
CSA investigations. The next step for the enhanced version of FICSA would be to test it on different
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samples and possibly on real CSA cases as well. To be able to validate and test FICSA on real CSA
cases, we would first need cases with strong evidence that prove the alleged event having occurred.
By testing FICSA on these cases we would be able to measure true positive and false negative rates.
However, to be able to acquire the rates of false positives (i.e. defining the allegation as true, when it
is false) and true negatives (i.e. defining the allegation as false, when it is false) for our tool is quite
impossible. We would not be able to see how the tool would perform in real life when the allegation
is false, since it is much harder to prove a case being false than true.

Conclusions

In forensic settings, deception is an important topic since legal processes can have serious conse-
quences for all parties involved. Lie-detection is, therefore, of utmost relevance also in CSA cases
in which physical evidence and eyewitnesses are often missing. After adding a deception resistant
feature to it, FICSA can be considered an even more efficient tool for decision-making of CSA inves-
tigations. FICSA offers a statistical approach to be used in the complex CSA cases and can address the
issues present at least to some extent. Although FICSA still possesses some important limitations, we
argue that it could be used as a good starting point for a CSA investigation.
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