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Sammanfattning på svenska
Utredningar av misstänkta sexuella uttnyttjanden av barn (SUB) är krävande.
Medan förekomsten av SUB minskat över de senaste åren så har antalet
anmälningar ökat. Ofrånkomligen är en del av anmälningarna ogrundade vilket
stjäl tid och resurser från riktiga fall. Eftersom bevisens kvalitet minskar efter
tid ökar risken för felaktiga slutsatser till följd av den försening det höga antalet
ogrundade misstankar medför. Även om en misstanke utreds utan dröjsmål är
bevisen komplicerade, svåra att tolka och ibland motsägelsefulla. Utredningar
av misstänkta SUB vilar därmed på barnets berättelse och detta innebär många
svårigheter som är kopplade till intervjusätt och barnets trovärdighet.
I den föreliggande avhandlingen ville vi utveckla ett redskap med vilket man
kan separera mellan grundade och ogrundade misstänkar om SUB. Detta
redskap, FICSA, är en naiv Bayesiansk klassifieringsmetod som tränats på ett
omfattande data från mer än 11000 barn. FICSA kan snabbt identifiera
grundade misstankar baserat på endast demografisk och socioekonimisk
information gällande det misstänkta offret. Informationen kan inhämtas med
ett standardiserat frågebatteri. Detta motverkar att bevis föråldras, höjer
trovärdigheten av barnets berättelse och låter utredarna prioritera de
misstankar som mest sannolikt är grundade.
I studie I skapade vi FICSA gemon att identifiera en liten grupp på de 42 av
de 903 tillgängliga bakgrunsvariabler som behövdes för att räkna ut
sannolikheten för att en misstänke om SUB är grundad. Den första versionen
av FICSA uppnådde en mycket bra träffsäkerhet med ett AUC-värde på .97 för
pojkar och .88 för flickor.
I studie II undersökte vi den finska polisens förmåga att arbeta med de
bakgrundsvariabler som FICSA baserar sig på. Vi testade också deras förmåga
att bortse från bakgrundsvariabler som inte är kopplade till sannolikheten för
SUB. Deltagarna var i regel bättre på att känna igen vilka variabler som inte är
kopplade till SUB än de som är kopplade till SUB. Deltagarna var också dåliga
på att koppla könsspecifika riskfaktorer till rätt kön. Sammanfattningsvis
verkade polisen inte sätta någon stor vikt vid bakgrundsinformation i sin
estimering av sannolikheten för SUB.
I studie III testade vi FICSAs tillämpning bland finländska rättspsykologiska
experter som I sitt arbete utreder misstänkta SUB. Antalet tekniska fel som
deltagarna gjorde medan de använde FICSA visar på ett behov av ytterligare
träning. Dessutom fann vi att när FICSA enbart på basen av bakgrundsfaktorer
antydde en hög sannolikhet för SUB så anpassade deltagarna sannolikheten
neråt. Deltagarna lät sig influeras av den sannolikhet som FICSA gav och hade i
allmänhet en mer korrekt uppfattning om sannolikheten av SUB när de
använde FICSA jämfört med när de inte gjorde det.
I studie IV fokuserade på några kvarvarande problem med FICSA. Vi tog bort
variabler som inte är relevanta för alla barn (t.ex. kan frågor om föräldrarna
inte ställas till föräldralösa barn) och vi satte till frågor för att separera mellan
barn som talar sanning och barn som konfabulerar. Detta gjorde vi för att

ytterligare öka FICSAs förmåga att identifiera falsk information. Även efter att
vi reducerat antalet variabler från 42 till 15 fortsatte FICSA vara träffsäkert
med ett AUC-värde på .90 för pojkar och .92 för flickor.
Sammanfattningsvis indikerar våra fynd att FICSA som är baserat på
moderna maskininlärningstekniker och ett stort data kan hjälpa utredare i
början av en utredning. Efter lite ytterligare arbete kan FICSA sättas till de
tekniker som utredare använder för att förbättra kvaliteten av deras arbete. Vi
tror detta skulle minska antalet misstänkta fall av SUB som utreds dåligt på
grund av de hinner bli gamla eller som felaktigt antas vara ogrundade.

Abstract
Child sexual abuse (CSA) investigations are challenging for the involved
professionals. Whereas the prevalence of CSA has been decreasing during the
past years, the number of reported cases has increased. It is therefore
inevitable that a part of reported cases stem from unfounded allegations, which
take time and resources from the investigation of real cases. Since the quality
of evidence decreases over time, any delay in the investigation of real cases, for
example due to the investigation of unfounded allegations, increases the risk of
drawing wrongful conclusions. Even if investigated immediately, CSA cases
often present pieces of evidence that are difficult to interpret because of their
complex and possibly contradictory nature. CSA investigations depend heavily
on the child’s testimony, and this raises numerous problems linked to
interviewing style and child's credibility.
In the present thesis, we aimed to create a tool with which it would be
possible to separate real allegations from false allegations. This tool, the
Finnish Investigative Instrument of Child Sexual Abuse (FICSA), is a naïve
Bayes classifier trained on extensive data collected from more than 11,000
children. FICSA can identify real CSA allegations quickly by using only
background demographical and socio-economic information about the alleged
victim, retrieved through a standardized questionnaire. This can help prevent
evidence decay, improve the investigation of the child's account, and allow
investigators to prioritize CSA cases from most to least probable.
In Study I, we built FICSA by identifying a small set of 42 (from the original
903) background variables that were necessary to calculate the probability of
a CSA allegation being true. Already this first version of FICSA reached an
excellent accuracy, with an Area under the Curve (AUC) of .97 for boys and .88
for girls.
In Study II, we investigated the ability of Finnish police officers to work with
the background variables FICSA is based on. We also tested their capacity to
discard background variables that have no impact on the risk of CSA. The
participants were generally better in recognizing CSA-unrelated variables than
related ones and were inaccurate in linking CSA-related gender-specific
variables to the right gender. Overall, police officers did not attribute a large
impact of background information on the CSA risk.
In Study III, we tested the usability of FICSA in a sample of Finnish forensic
experts who evaluate CSA allegations daily. The number of technical errors
made by the participants while using FICSA indicated a need for proper
training. Moreover, when FICSA provided a high probability for a case being
true based only on background information, the participants adjusted the
probability downwards. Participants were, however, influenced by the
probability calculated by the tool and were, on average, more accurate in
evaluating CSA scenarios when using FICSA.
In Study IV, we addressed some remaining issues with the first version of
FICSA. We removed variables that did not apply to all children (e.g., orphans

cannot provide information about parents), and we added deception-control
measures to increase FICSA’s capacity to identify false allegations. Even after
reducing the overall number of variables from 42 to 15 the accuracy levels
remained high (AUC = .90 for boys and .92 for girls).
Overall, the results indicated that FICSA, which is based on modern machine
learning techniques and a large amount of data, could support professionals in
the initial stage of CSA investigations. We argue that, after some further
refinement, FICSA can be added to the techniques available to police officers
and forensic experts. FICSA can potentially improve the quality of their work
and reduce the amount of real CSA cases poorly investigated because too old or
wrongly considered false.
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False Discovery Rate
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1. Introduction
1.1. Child Sexual Abuse (CSA)
Child sexual abuse (CSA) is a widely used term but one that rarely refers to a
clearly defined phenomenon. In fact, there is a lack of consensus regarding
what constitutes CSA (Haugaard, 2000; Mathews & Collin-Vézina, 2019), with
considerable variation in operational definitions concerning the age of the
victim (Pereda, Guilera, Forns, & Gómez-Benito, 2009), the age of the
perpetrator, the acts involved (Leventhal, 1998), the relationship between the
actors, and the ability to give consent. These differences in the definition of CSA
influence the results of prevalence studies and explain variability in the
findings (Finkelhor, 1994; Wynkoop, Capps, & Priest, 1995). Additionally, part
of the variability can also be explained by the many different ways data on CSA
are collected (Stoltenborgh, van IJzendoorn, Euser, & Bakermans-Kranenburg,
2011).
In the four studies presented in the current thesis, we refer to the definition
provided by the Finnish Criminal Code (540/2011) when discussing CSA. CSA
is defined in chapter 20, section 6, as any action aimed at sexual excitement or
gratification that involves a child. With “child” the Finnish Criminal Code refers
to a person below age 16. The minimum age of consent is 18 in case there is a
power relation between victim and perpetrator (e.g., when the offender is one
of the child’s parents) and when the two live under the same roof. Furthermore,
chapter 20, section 7, of the Finnish Criminal Code specifies that CSA can be
defined as aggravated when: a) the consequences of the CSA will be particularly
harmful because of the age or the cognitive development of the victim; b) the
CSA is conducted in an especially humiliating way; c) in presence of a special
relationship of trust or authority between victim and offender. A consensual
sexual act between people of similar age and maturity is not considered CSA,
even if the act involves children.

1.1.1. Prevalence of CSA
Although the prevalence varies depending on the definition of CSA, studies
have estimated that globally 15-20% of girls and 5-10% of boys have
experienced CSA (Barth, Bermetz, Heim, Trelle, & Tonia, 2013; Mathews,
Bromfield, Walsh, Cheng, & Norman, 2017; Stoltenborgh et al., 2011). In
Finland, the prevalence estimates are somewhat lower and have decreased
over time. Through the Finnish Child Victim Survey, a recurring questionnairebased study repeated in 1988, 2008, 2013, and 2019 (see paragraphs 3.1.1, 4.1,
and 6.1 for details and limitations of these data collections), researchers have
shown that the percentage of girls and boys who have experienced CSA has
dropped from 14 to 4% and from 5 to 1%, respectively (Fagerlund, Peltola, &
Kääriäinen, 2014).
Although there is evidence of a decrease in the prevalence of CSA (Dunne,
Purdie, Cook, Boyle, & Najman, 2003; Fagerlund et al., 2014; Finkelhor & Jones,
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2012), the number of CSA allegations has significantly increased in Finland and
most Western countries during the last decades (Ceci & Bruck, 1995;
Hietamäki, 2012; Kauppinen, Sariola, & Taskinen, 2000; Pereda et al., 2009).
Specifically for Finland, the reason behind the increased number of allegations
reported to the authorities is likely the recent introduction of a law obliging
everyone working in close contact with children to report any suspicion of CSA
to the police, even if the suspicion is highly uncertain (Child Welfare Act 2007,
section 25; Hietamäki, 2012). Hence, the number of allegations is not a reliable
indicator of real CSA cases. The discrepancy is the result of both under and
overreporting (Bruck, Ceci, & Hembrooke, 1998; London, Bruck, Ceci, &
Shuman, 2005).
Underreporting describes real CSA cases that are not reported to the
authorities. The higher the number of unreported cases is, the higher is the
dark figure (i.e., unrecognized CSA cases). The rate of underreported cases is
fueled partly by children who do not disclose their experience to adults and by
adults that do not report the CSA events they have witnessed or which have
been disclosed by children (London et al., 2005; Svedin & Back, 2003).
According to a self-report study by Lahtinen, Laitila, Korkman, and Ellonen
(2018), the main reason for children not to disclose abuse is considering the
experience as not being serious enough (41% of CSA victims that did not
disclose the abuse). Other reasons include not having the courage to tell (14%),
believing that others would not be interested (14%), believing that the
disclosure would not help them (14%), being too ashamed to disclose (10%),
as well as other reasons such as having enjoyed the experience or simply not
wanting to disclose (8%). The rate of unreported cases is, by definition, difficult
to calculate. Lahtinen et al. (2018) estimated that, in Finland, around 20% of
real CSA cases go unreported. Still, these results do not generalize to other
countries. Interestingly, the authors also showed that the problem is not so
much that a low number of children disclose CSA, but rather to whom they
disclose. The victims report the CSA mostly to friends (48%) and to trusted
adults (26%), and only a small percentage to the authorities (12%). The main
factors increasing disclosure to adults were labeling the event as CSA,
evaluating the experience as negative (vs. positive or insignificant), being a
younger (vs. older) child, and not being a victim of emotional abuse by the
mother. Emotional abuse by the father, as well as physical abuse by any of the
parents, did not affect the likelihood of disclosure. Finally, the disclosure rate
increased with the age difference between victim and perpetrator, and
decreased in case of blackmail or violence by the abuser.
Overreporting increases the risk of false positives in investigative and
judicial decisions and refers to false CSA allegations that reach the authorities
(see Table 1 for an illustration of the possible relations between reality and
predictions, together with ad hoc numbers to show the underlying
calculations). O’Neal, Spohn, Tellis, and White (2014) listed the main reasons
behind overreporting. These include misjudgment of behavioral, physical, or
psychological symptoms presented by the child, attention-seeking, and mental
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illness. Other reasons for overreporting might include the legal obligation for
professionals that work with children to report any CSA suspicion (Ellonen &
Rantaeskola, 2016), custody battles where an allegation is used in an attempt
to influence the process (Bala, Mitnick, Trocmé, & Houston, 2007), a child’s
false statements regarding CSA(Hershkowitz, 2001), adults intentionally or
unintentionally extracting wrong information through suggestive or leading
questions (Korkman, Juusola, & Santtila, 2014). The overreporting rate is
probably easier to estimate than the underreporting rate. When trying to
identify the number of CSA allegations that are likely to be unfounded, older
studies provided estimates between 5 and 35% (Ceci & Bruck, 1995), while
more recent ones agreed on numbers closer to 40% (Korkman, Antfolk,
Fagerlund, & Santtila, 2019; Melkman, Hershkowitz, & Zur, 2017).
Increasing the risk of false positives, overreporting has substantial legal and
social consequences not only for innocent individuals who might be
investigated or even convicted as perpetrators, but also for the children that
are mistakenly treated as victims. On the other hand, underreporting
potentially allows perpetrators to continue abusing children and prevents
victims from obtaining justice. It also leaves victims without receiving
appropriate help in dealing with the short and long-term psychological and
behavioral consequences of the abuse (Cutajar et al., 2010; Mills et al., 2013;
Rehan, Antfolk, Johansson, & Santtila, 2019).
Table 1
Relations between Reality and Predictions and Example of Calculations

Prediction

Reality
Condition Positive
(30)

Condition Negative
(70)

Prediction
Positive
(50)

True Positive
(20)

False Positive
(30)

False Discovery Rate
(False Positive /
Prediction Positive)
(30/50 = 60%)

Prediction
Negative
(50)

False Negative
(10)

True Negative
(40)

False Omission Rate
(False Negative /
Prediction Negative)
(10/50 = 20%)

True Positive Rate
(True Positive /
Condition Positive)
(20/30 = 66.7%)

False Positive Rate
(False Positive /
Condition Negative)
(30/70 = 42.9%)

1.2. CSA Investigations
Wrong outcomes in CSA investigations, that is, false positives or false negatives,
can have problematic consequences for all those concerned by the CSA
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allegation. To reduce these negative consequences, improving the quality of
CSA investigations is crucial. Unfortunately, these investigations pose several
challenges that increase their complexity.

1.2.1. Issues in CSA Investigations
Issues that drastically lower the quality of CSA investigation can be separated
into evidence-level and human-level issues.
Evidence-level issues are independent of the investigators’ activity. These
issues are present in most CSA cases and make them particularly challenging
to work on. It has been estimated that around 70% of CSA allegations are not
supported by any strong corroborating evidence, such as unequivocal photos,
videos, or results of medical examinations (Herman, 2005). Only in a small
number of cases is there strong physical evidence, like semen residues or
pregnancy (Muram, 2001). Finally, the behavior and the psychological
symptoms of an alleged victim are often misinterpreted as strong indicators of
abuse, even if research has demonstrated that these should not be used as
evidence (Drach, Wientzen, & Ricci, 2001; McCrae, Chapman, & Christ, 2006;
Nolan et al., 2002).
Human-level issues depend, instead, on the ability and knowledge of the
investigators, here meaning not only police officers but also other professionals
appointed by their jurisdiction to work on the CSA investigation, such as
psychologists or social workers. For example, experts involved in the
investigations of CSA are not always informed about the latest scientific theory
and new discoveries in the field (Pelisoli, Herman, & Dell’Aglio, 2015). This lack
of scientific knowledge extends to incorrectly using base-rates (or not using
them at all), because of poor technical and statistical skills (Finnilä-Tuohimaa,
Santtila, Sainio, Niemi, & Sandnabba, 2005, 2009; Tadei, Santtila, & Antfolk,
2019). Furthermore, scientific knowledge is often considered less important
than clinical and work experience (Finnilä-Tuohimaa et al., 2005; Tadei,
Finnilä, Korkman, Salo, & Santtila, 2014). This assumption regarding the
importance of clinical experience over scientific knowledge for the validity and
reliability of the conclusions has been demonstrated incorrect (Dawes, Faust,
& Meehl, 1989; Janus & Prentky, 2003; Meehl, 1954). Another mistake
investigators often make is using too complicated and too long formulations
when interviewing children, together with the use of suggestive questions.
These malpractices drastically reduce the validity of the contents extracted
during interviews (Korkman, Santtila, Drzewiecki, & Sandnabba, 2008;
Korkman, Santtila, & Sandnabba, 2006; Korkman, Santtila, Westeråker, &
Sandnabba, 2008). Also, research indicates that expert evaluators of CSA
allegations tend to overestimate their ability to correctly define a case as true
or false. Herman and Freitas (2010) calculated that the median amount of false
positives out of all the substantiated cases (concept known as false discovery
rate, FDR) was at least 12%, when the median participant in their study
estimated their own FDR to be only 5%. This effect was even more visible in
the amount of false negatives out of all the non-substantiated cases (false
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omission rate, FOR). The median participant estimated a 10% FOR, while the
analyses suggested the real value to be at least 39%. Herman and Freitas
(2010) attributed the tendency of these professionals to underestimate their
own error rate to situational factors like lack of feedback, overconfidence in
uncertain decisions, and to cognitive heuristics such as confirmation bias.
Other factors that can potentially affect the investigators’ decision-making are
availability and representativity heuristics (Tversky & Kahneman, 1974).
Availability heuristic refers to the fact that, when estimating the probability of
an event, people overestimate it the more easily they can recall similar events.
This bias is aggravated by the high number of events encountered, or by how
emotionally charged these memories are. Therefore, professionals that have
substantiated a high number of CSA cases risk overestimating the probability
of a new allegation being true (Finnilä-Tuohimaa, 2009). Representativity
heuristic, instead, refers to the fact that often seeing alleged victims with a
specific characteristic, for example nocturnal enuresis, makes investigators
overestimate nocturnal enuresis as strong evidence of CSA. Here again, a
proper use of base-rate (i.e., how common is nocturnal enuresis among CSA
victims? And how common is it among non-victims?) can limit the effects of
such a bias. On top of this, when expert testimony is presented in court, judges
are not fully equipped to evaluate its quality (Tadei, Finnilä, Reite, Antfolk, &
Santtila, 2016).
The combination of evidence-level and human-level issues has a detrimental
impact on the quality of investigations, leading to high procedural variability
(Korkman, Santtila, Westeråker, et al., 2008; R. Zajac, Garry, London, GoodyearSmith, & Hayne, 2013), as well as to low agreement between experts (Jackson
& Nuttall, 1993).

1.2.2. Child’s Credibility
In CSA cases, the child is often the only witness and the only person capable of
reporting the abuse and its details (Goodman, Luten, Edelstein, & Ekman, 2006;
Herman, 2010). Hence, the child’s report is invaluable for the legal proceedings.
When correctly questioned (Brown & Lamb, 2015), children can testify in court
and produce reliable information (Koriat, Goldsmith, Schneider, & NakashDura, 2001; Poole & Lamb, 2004). Allegations based on children’s reports can,
however, still be unfounded or false in some cases.
As pointed out, unfounded allegations are wrong suspicions of CSA that can
originate from memory decay, misinterpretation, or suggestion (Ceci,
Kulkofsky, Klemfuss, Sweeney, & Bruck, 2007). Memory is directly affected by
age. It is easier to remember events that make sense, and which are associated
to other experiences. Because of this, adolescents and adults usually have a
better memory performance compared to young children. Memory is also
closely dependent on language development, which explains infantile amnesia
that prevents us from remembering events that occurred before the age of 3-4
years (Hayne, 2004). Research has showed that infantile amnesia covers both
positive and potentially traumatic events (Quas et al., 1999). This makes any
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memory about possible CSA occurring before that age highly unreliable. The
time that passes between an event and the recollection of it also impacts the
accuracy of the remembered details. Although this phenomenon affects
everyone, younger children forget faster than older children (Brainerd, Reyna,
Howe, Kingma, & Guttentag, 1990). The accuracy of the recollection is not only
affected by age and time, but also by the interview technique. Open questions
have been consistently proven superior to suggestive close questions (i.e.,
leading and option-posing questions) in reducing the amount of false
information extracted (Bruck & Ceci, 1999; Korkman, 2006). There are
conflicting findings regarding the effect of stress elicited by an event on
memory accuracy (Lamb, Malloy, Hershkowitz, & La Rooy, 2015). However,
Howe, Cicchetti, and Toth (2006) claim that traumatic events are better
encoded and retrieved than other events although they are not less prone to
suggestion or richer in details (for a deeper exploration of children’s memory
and their events recollection capacity, see Lamb et al., 2015).
False allegations require intentional fabrication (Bulto, 2011). Even though
scientific information on the prevalence of deceptive behaviors among minors
is limited (Munro, 1988), false CSA reports by children are estimated to be
between 2% and 4% (Oates et al., 2000; Trocmé & Bala, 2005). Avoiding
punishment, gaining status and reputation, protecting others, and revenge are
the most common reasons behind such false allegations (Kanin, 1994; Talwar
& Crossman, 2012; Warneken & Orlins, 2015). If about 40% of reported cases
represent overreporting (i.e., the sum of unfounded and false allegations), we
could hypothesize that unintentional unfounded allegations are 10-20 times
more common than intentional false allegations.
The ability to lie is linked to cognitive development. Usually, the theory of
mind emerges around age four, and children start understanding that people
have their own mind and knowledge (Premack & Woodruff, 1978). Four years
later, children learn how to apply their skills to lie to multiple situations and to
achieve different goals. At this stage, lies are still often unrealistic and
incoherent. They improve with the development of more advanced cognitive
skills and knowledge, and with the acquisition of a richer vocabulary (Talwar
& Crossman, 2012; Talwar & Lee, 2008). Therefore, it is reasonable to expect
that the improved capacity to lie acquired with age could transfer to a higher
proportion of false allegations coming from older (vs. younger) children.
There are no methods or tools that with a high degree of certainty can
separate false from true reports made by children (Vrij, Granhag, & Porter,
2010), and often professionals fail this task too (Ceci & Bruck, 1995; Ceci,
Loftus, Leichtman, & Bruck, 1994; Herman, 2010; Hershkowitz, Fisher, Lamb,
& Horowitz, 2007). The Criteria-Based Content Analysis (CBCA, Amado, Arce,
& Fariña, 2015) was created to assess the credibility of testimonies. Still, the
estimated error rate, 30%, makes it difficult to rely on the CBCA in forensic
settings (Vrij, 2005).
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1.2.3. CSA Investigations in Finland
In Finland, CSA cases are most often investigated by the police only. However,
when dealing with particularly complex cases, the police can request the
assistance of special investigative units. These units are specialized in
interviewing children and people involved in the CSA allegation aim to follow
evidence-based standards to provide the most reliable and unbiased technical
report and expert testimony in court. Although no official numbers have been
reported, it has been estimated that in 2018 and 2019 the investigative units
worked on 15-25% of all the CSA cases reported to the police (Laajasalo,
Huittinen, & Finnish Institute for Health and Welfare, personal
communication).
When the Finnish police face complex CSA cases, that is, cases that involve
school-aged children, or children with developmental challenges or other
special needs, these are referred to specialized forensic units (Duodecim; the
Finnish Medical Society, 2013; Johansson, Stefansen, Bakketeig, & Kaldal,
2017). These units, which are five in total, consist each of 5-15 psychiatrists,
psychologists, and social workers that are continuously trained and
supervised. The material produced by these units (i.e., written report that lists
the background information available, the hypotheses investigated, and the
findings, as well as video-recorded interviews with the alleged victim) is used
by the prosecution to decide whether to press charges. Should the case reach
court, judges usually consider this material, even if they are not obliged to do
so (Finnish Supreme Court, 2014).
The work of these investigative units must follow predefined steps. First,
they start by gathering as much relevant information about the alleged victim
as possible. Fundamental elements include the child’s living environment,
social and economic situation, physical and mental development, as well as
past traumas. To collect as many details as possible and limit the impact of
unreliable sources, the units get in contact with parents, schools, and hospitals
(Ellonen & Rantaeskola, 2016; Laajasalo et al., 2018; Taskinen, 2003). Second,
the allegation’s origin is evaluated. Third, the alleged victim is interviewed, and
the interview is videotaped. The video is later used to evaluate the credibility
of the answers, the possible mistakes made by the interviewer, and potentially
as a piece of evidence later in the proceeding (Laajasalo et al., 2018).
To limit the risk of procedural errors and cognitive biases, the units’ experts
are required to follow guidelines. Every method used, as well as the conclusion
drawn, should be evidence-based. In a sensitive context such as CSA
investigations, where emotions can affect behaviors and opinions, it is of
paramount importance to rely on science and not on personal beliefs (Kuehnle,
1998; Kuehnle & Connell, 2009). To limit the risk of confirmation bias, a list of
hypotheses that must be both exhaustive and mutually exclusive has to be
created at the beginning of the evaluation (Kuehnle & Connell, 2009). This list
constitutes the frame for the expert opinion the unit provides (i.e., the result of
the assessment must be among the original hypotheses). All the hypotheses are
tested one by one, and the one that cannot be falsified is, in theory, supported.
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While testing the hypotheses it is fundamental to consider all pieces of
corroborating and contradicting evidence and note the missing information as
well (Volbert & Steller, 2014). It is important not to ignore the fact that the
pieces of evidence often are only probabilistic and cannot unequivocally falsify
a hypothesis or corroborate another one. The probabilistic nature of the
information gathered and evaluated by the experts should be explicitly stated
in the reports. The forensic interviews with the child are conducted using the
NICHD protocol, which is the best available interviewing method to extract the
highest amount of accurate details from the alleged victim (La Rooy et al., 2015;
Lamb, Orbach, Hershkowitz, Esplin, & Horowitz, 2007). Finally, the experts of
the CSA investigative units are trained on the correct use of base-rates (i.e., how
often an event occurs in a particular population, Wood, 1996). In the CSA
context, base-rate refers to the prevalence of CSA in the population to which
the alleged victim belongs. The base-rate provides a reliable starting
probability that is updated when evidence is discovered (Proeve, 2009).
Correct use of base-rate limits the negative impact of emotions, cognitive
biases, and heuristics (Dawes et al., 1989; Kuehnle & Connell, 2009; Tversky &
Kahneman, 1974).

1.2.4. Probabilistic Evidence vs. Hard Evidence
The inherent characteristic of probabilistic evidence is that it cannot fully
corroborate or falsify a hypothesis. A US legal case, Smith v. Rapid Transit
(1945), opened a debate on the relevance and impact that probabilistic
evidence has and should have in court in comparison to hard evidence (i.e.,
evidence that can corroborate an hypothesis “beyond a reasonable doubt”).
While driving her car late at night, Betty Smith was pushed off-road by a bus
and consequently she crashed into a parked car and injured herself. The bus
did not stop, and Betty Smith was unable to see any identifying information of
the company to which the bus belonged. However, Rapid Transit was the only
bus company licensed to operate on that road at that time of the day. Based on
this, Betty Smith started a civil proceeding against Rapid Transit. The court
ruled that, since there was no direct evidence connecting Rapid Transit to the
bus involved in the accident, Betty Smith could not be compensated by them.
The reason was that it was possible, although unlikely, that a private bus that
did not belong to Rapid Transit caused the accident. Being a civil case, the
required standard of proof was not “beyond a reasonable doubt” as in criminal
cases, but “by a preponderance of the evidence”, which usually is interpreted
as a probability higher than 50% that the hypothesis is true. This opened a
debate between those who believed that the likelihood the bus belonged to
Rapid Transit was high enough to consider them accountable for the damages,
and those who agreed with the judges’ decision. Probably aiming to minimize
the risk of a wrong decision, the ruling of the court focused on the absence of
direct evidence that, for example, could have been an eyewitness (possibly
even Betty Smith herself) or a confession, as opposed to the evidence with only
probabilistic value they had. Together with other authors (see, among others,
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Schauer, 2003), we argue that hard evidence also belongs to the probabilistic
evidence group and that the two cannot be considered opposites. What the
court did not properly consider is that hard evidence should also be object of
some sort of reliability check. Research has shown that the reliability of hard
evidence ranges between 0% and 100%, making it, de facto, a pure probabilistic
evidence (see, for eyewitness testimony, Nyman, Antfolk, et al., 2019; Nyman,
Lampinen, Antfolk, Korkman, & Santtila, 2019, and, for confessions, Russano,
Meissner, Narchet, & Kassin, 2005). CSA investigations, due to the nature of the
crime, often lack any hard evidence (Herman, 2005). The aim of the Finnish
investigative units’ professionals is to work with base-rates and report known
error rates and consider the probabilistic value of any piece of evidence. This
limits the risk that important elements are later excluded from police
investigations and trials.

1.3. Types of Evidence in CSA Investigations
Herman (2010) separated the types of evidence that can be found in CSA cases
into two groups: non-psychosocial and psychosocial. Non-psychosocial
evidence refers to what is also known as strong evidence (e.g., photographs,
videos, positive medical examinations, and confessions). In the presence of
non-psychosocial evidence, the probability that the prosecution will press
charges increases drastically (Herman, 2010; Myers & Myers, 2005). However,
Herman (2010) showed how the presence of this type of evidence is quite rare:
it is available only in around 36% of prosecuted cases. Psychosocial evidence,
or soft evidence, when considered individually, usually has a lower impact on
legal decisions. Examples of psychosocial evidence are the alleged victim’s
behaviors and reports, or a divorce with possible consequences on the
children’s custody (Gardner, 1999; O’Donohue, Benuto, & Bennett, 2016).
Walsh et al. (2010) explored the impact of soft evidence on the probability of
the prosecution to press charges. A corroborating witness, when compared to
the alleged victim’s report and a previous report against the same suspect, was
the most persuasive psychosocial piece of evidence.
What psychosocial and non-psychosocial evidence share is that they must
be directly connected to the CSA allegation to be considered as evidence and
have a role in the trial. However, there is another type of evidence, not explicitly
related to the CSA event, that we call background information. We argue that
also background information could be considered during investigations as well
as in court.

1.3.1. Background Information as Evidence
Typical examples of background information include the relationships of the
alleged victim to the alleged perpetrator, relatives or peers, experiences of the
child before the alleged CSA, involvement in previous criminal events as a
victim, witness or perpetrator, as well as drinking, smoking, or sexual activity.
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Although environmental factors play an important role in a child’s
victimization risk (Pezzoli, Antfolk, Hatoum, & Santtila, 2019), background
information cannot be used as evidence to demonstrate that the sexual abuse
took place or to corroborate suspicions about the perpetrator’s identity. This
is because background information is not considered to directly relate to the
CSA allegation. Probably because of its currently limited importance in trials,
scientific studies have not been specifically designed to even focus on exploring
the use of background information by the police. When researchers have
explored the use of background information, they have considered only a
limited subset of possible information, such as the gender of the child, ethnicity,
and/or age (Stroud, Martens, & Barker, 2000; Walsh et al., 2010). Even
excluding several background information types from the analysis, Stroud et al.
(2000) demonstrated how gender, ethnicity, and age of the child had a
statistical impact on the probability that the prosecution pressed charges. It
has to be noted, however, that the authors did not investigate the connection
between these background information types and the truth behind the CSA
allegation. Taking for granted, without a demonstration, the link between
background information, or any other type of evidence, and the probability that
the CSA allegation is true is what Cromer and Goldsmith (2010) defined as a
CSA myth. CSA myths are undemonstrated beliefs that may “reflect
circumscribed features of perpetrators and victims [and] cause harm through
diminishing awareness for CSA and the allocation of resources to prevent CSA
and help victims, and/or dissuade victims from disclosing abuse” (p. 619). Also,
in the study from Cromer and Goldsmith (2010) on CSA myths, background
information was underrepresented: Among the 119 CSA myths they
categorized, gender was the only background information considered. Studies
have demonstrated how CSA myths are widespread and also held by police
officers (Aamodt, 2008; Saunders, 2012). This increases the importance of
conducting more research and professional training on the topic, including
more research on the actual associations between background information and
CSA.
Although not considered evidence in a strictly legal meaning, background
information can be used to estimate the probability of an allegation being true
by updating the starting CSA base-rate with details that are particular to each
single case. This case-specific base-rate can then better support the decision
whether the case should be prosecuted or not. Also considering the importance
of this decision, the impact of each piece of background information available
on the CSA probability must be carefully estimated and integrated with the
others. This is possible only by combining the latest available statistical
methods and technologies with a large amount of data.

1.4. Machine Learning and CSA
To define an alleged CSA case as true or false is, in the language of statistics, a
classification problem. Classification refers to the group of problems that
require the assignation of an object (e.g., the alleged case) to a pre-specified
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class (e.g., true or false). With the continuously increasing computational
power available to everyone, more and more sophisticated classification
techniques have seen the light. Among the most known, there are logistic
regression, K-nearest neighbors, classification trees, naive Bayes, and neural
networks (James, Witten, Hastie, & Tibshirani, 2013). Numerous packages for
the implementation of these techniques are available for the most common
statistical and programming tools (e.g., R and Python; see, for example, Koul,
Becchio, & Cavallo, 2017).
The statistical models that attribute objects (H) to specific classes, given
several features describing the object (E1,…,Ed), are called classifiers. The more
informative these features are in separating between classes, the higher the
accuracy of the classifier will be. The classifiers are an example of supervised
learning, as opposed to unsupervised (e.g., clustering techniques), meaning
that they are trained using objects with both their class and their features
known.
In the investigation of CSA allegations, the amount of complex and possibly
contradictory pieces of evidence is a challenge for the experts involved. Studies
have demonstrated that decisions based on actuarial data are more reliable
than clinical ones in a number of different contexts (Dawes, 1994; Dawes et al.,
1989; Goldberg et al., 1991; Janus & Prentky, 2003). However, the human
capacity to deal with statistical information is limited (Edwards & von
Winterfeldt, 1986; Tversky & Kahneman, 1974), and this is particularly true
when the pieces of evidence are correlated as is common in CSA cases (Ventus,
Antfolk, & Salo, 2017). Modern technology, applied also to forensic contexts,
can be of help (Beard, 2018).
Not only is the creation of classifiers complicated and requiring a certain
degree of domain knowledge and statistical expertise (Zawoad & Hasan, 2015),
the interpretation of the obtained results can also be a challenge in itself
(Fenton & Neil, 2012). Research has demonstrated how both laypeople and
professionals trained in behavioral sciences make mistakes when using and
interpreting statistical information (Lehman, Lempert, & Nisbett, 1988; Levett,
Danielsen, Kovera, & Cutler, 2005; Vidmar, 2005). The reasons behind these
difficulties can be the use of formulas and symbols (Cosmides & Tooby, 1996;
Stark, 2002) or related to theoretical concepts that are complex for most
individuals (Fenton & Neil, 2011). In a forensic context, misinterpreting or
ignoring results provided by statistical methods and tools can dramatically
affect the reliability of the conclusions drawn. This is also because missing, or
wrongly interpreted, data leaves more space to the cognitive biases that
characterize investigations and trials (e.g., confirmation bias, defense counsel’s
fallacy, prosecutor’s fallacy; Fenton & Neil, 2012; Henderson, 2002) to operate.
In any type of investigation, the uncertainty about the ground truth can be
expressed with a probability. With the emerging of new pieces of evidence, this
probability must be updated, and its value will be, theoretically, closer to the
true one (Baron, 1994; Dammeyer, 1998; Kuehnle, 1998). For these tasks,
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Bayes’ Theorem, and subsequent models based on it, are often the obvious
choice (Herman, 2005; Wood, 1996).

1.4.1. Bayes Theorem
In its simplest form, Bayes Theorem calculates the probability of a hypothesis
given the observation of a piece of evidence (also known as conditional
probability). The Bayes Theorem can be adapted to calculate the probability of
one hypothesis having observed the presence, or absence, of multiple evidence.
The starting point of any application of the Bayes Theorem is the base-rate,
p(H), that indicates the probability of the hypothesis when no other
observation is yet made. After the evidence is added to the formula, the
probability is adjusted up or down.
Let us assume that we want to calculate the probability that a randomly
chosen 12–year-old Finnish girl is a victim of child sexual abuse. For the sake
of the example, let us also assume that the child sexual abuse base-rate for girls
of that age in Finland is .05. This base-rate is the starting probability that will
be updated with the observation of new evidence. The observed piece of
evidence is that this girl shows unspecified anxiety symptoms. To give the right
weight to this new piece of information, we need to know how frequent these
anxiety symptoms are in the population of sexually abused 12–year-old girls
(for example, 60%), as well as among non-abused 12–year-old girls (for
example, 30%). If we then consider 1000 12–year-old Finnish girls, we know
that 50 (5.0%) are abused. Sixty percent of the abused girls, that is, 30, show
symptoms of anxiety. Thirty percent of the non-abused girls display the same
symptoms (950 x 0.3 = 285). In total, there are 315 girls with anxiety
symptoms, but only 30 of them (9.5%) are CSA victims. If we then compare this
probability with the base-rate of .05, we see that the observation of anxiety
symptoms has almost doubled the CSA probability. This example can be
expressed with the Bayes Theorem formula, where H is the hypothesis and E is
the evidence:
𝑝(𝐻|𝐸) =

𝑝(𝐸|𝐻) 𝑝(𝐻)
𝑝(𝐸)

With the data from the example:

𝑝(abuse | anxiety symptoms) =

0.6 𝑥 0.05
≈ 0.095 = 9.5%
0.03 + 0.285

Even though the alleged victim shows anxiety symptoms as do 60% of the
abused girls, it is still much more likely (90.5%) that she is not a CSA victim.
This is because of the combination of a relatively low CSA base-rate and a
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relatively high percentage of non-abused girls that display anxiety symptoms.
The decision to define this girl as in need of a forensic investigation depends
on the available resources for such investigations as well as on the threshold in
the probability distribution arbitrarily set to distinguish CSA victims from nonvictims. The more distant the calculated probability is from the threshold, the
more likely it is that the child is correctly put in the right class (i.e., abused /
non-abused).
The classification process of assigning H = h (i.e., the object to its class),
given the set of features E1 = e1,…,Ed = ed, and with ℋ as the set of classes, can
be represented as:
arg max [𝑝(𝐸1 = 𝑒1 , … , 𝐸𝑑 = 𝑒𝑑 | 𝐻 = ℎ) 𝑝(𝐻 = ℎ)]
ℎ∈ℋ

A limitation of the previous equation is that, even assuming all the features are
binary, the number of possible combinations grows exponentially with the
number of features (i.e., n combinations = 2d, with d as the number of features).
Such a number of possible combinations would require a vast amount of
training data and make the classifier nearly impossible to create. The typical
solution to this problem is to make a naïve Bayes assumption. This means that
all the features are considered as conditionally independent within each class,
so that the classification process can be simply formulated as the product of d
features:
p ( E1 ,, Ed | H ) =

d

p ( E |H ) .
i

i =1

When not only accuracy, but also interpretability is a requirement in the choice
of the classifier, naïve Bayes, logistic regression and decision trees are
preferred to K-nearest neighbors and neural networks. However, decision
trees quickly lose interpretability with the increasing depth. A tree has at least
as many levels as the number of features considered, and the number of
terminal nodes is calculated as 2 to the power of the depth. Hence, a tree with
six features will already have 64 terminal nodes. Furthermore, naïve Bayes and
logistic regression do not only assign the observation to a class, but also
provide the distribution over the classes. This value, expressed as a probability,
is useful in estimating the uncertainty of the predictions. Naïve Bayes is instead
superior to both logistic regression and trees in dealing with missing data.
Since all the features are conditionally independent, the missing observation of
one feature is equivalent to a classifier originally built ignoring that same
feature. This quality makes naïve Bayes models less demanding not only in
terms of training data required, but also of computational resources. Finally,
the rather strict assumptions behind naïve Bayes (i.e., large bias) make these
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models more robust and lower the risk of overfitting the data. On the contrary,
more flexible models (i.e., high variance), like decision trees, are more
dependent on the small fluctuations in the training set and risk to model not
only the real relations between features, but also the random noise.

1.4.2. Bayesian Networks
Naïve Bayes classifiers can be represented graphically as Bayesian Networks
(BN below). BN are graphical models particularly fit to illustrate multivariate
probability distributions (Koller & Friedman, 2009). Figure 1 shows the
representation of a Naïve Bayes classifier as BN.

Figure 1. A generic representation of a Naïve Bayes classifier using Bayesian
Networks.
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2. Aims and research questions
The main aim of the present thesis was to create a classifier able to distinguish
false allegations of child sexual abuse from true ones. All the features the
classifier used to identify false allegations were self-reported by the alleged
victim. These features were demographic and socioeconomic variables (e.g.,
age, gender, family composition, and economic situation, smoking, drug or
alcohol use), information about previous experiences with crime and sexual
acts, and information about perceived anxiety and self-esteem levels. The main
advantages of not asking questions about the alleged CSA are: a) no police
investigation is required to corroborate the truthfulness of the answers, b)
there is a lower risk of creating false memories about the possible CSA, since
CSA is never discussed in this phase, c) there is a lower risk of deception since
the contents are not in an explicit cause-effect relation with the reported CSA.
The respondent might then have difficulties in understanding how to answer
the questions in order to persuade an investigator into believing a false report.
We also aimed to measure the accuracy of the created classifier and to test
its usability with professionals from the Finnish CSA investigative units to
evaluate a possible integration of this tool among their technical instruments.
Finally, we wanted to explore the current use the Finnish police make of
background information, which is the same type of information asked the
alleged victims when applying our classifier. Beyond exploring how police use
it, we also wanted to investigate their knowledge of which pieces of
background information are related to the risk of CSA and which are not.
The detailed aims and hypotheses of the four studies that compose the
current thesis were:
Study I. We aimed to identify features that are informative in distinguishing
between abused and non-abused children. We then aimed to build a Naïve
Bayes classifier able to evaluate relevant features of alleged CSA victims and
calculate, in probability terms, the likelihood of them being CSA victims. We
expected this classifier to reach a high accuracy level, defined as a low number
of false positive and false negative errors.
Study II. We tested the knowledge and use of background information by
the Finnish police in CSA investigations. We also tested if a better knowledge
of background information importance meant better conclusions about CSA
probability. We expected police officers not to be able to separate CSA-related
background information (i.e., statistically proven to either increase or decrease
the probability a child is a victim of CSA) from unrelated background
information. We, instead, expected them to be able to distinguish CSA-related
information that increases the CSA risk from the ones that decrease it. Finally,
when presented with four scenarios describing the personal situation of four
children, we expected low accuracy in assessing CSA risk probability.
Study III. We tested the usability of our classifier and its impact on the
accuracy of conclusions drawn by forensic experts in mock CSA evaluations.
We expected the forensic experts to be able to use the classifier after short
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training. We expected the experts to trust themselves more than the classifier
when required to provide a CSA risk probability for two scenarios. However,
we expected more accurate conclusions provided by experts with the classifier
available than from experts without it.
Study IV. Considering the possibility that in rare cases a child might lie
when reporting a sexual abuse, we aimed to further reduce the risk of
deception when answering the questions asked by the classifier. We
hypothesized that some background information could act as deception
detectors, by being perceived as increasing or decreasing the CSA risk, while
instead, they have no impact on the CSA probability whatsoever. We expected
that, by adding questions about these features to the classifier, we would be
able to separate even better false from true CSA reports, and therefore to
increase the accuracy of the CSA probability calculated by the classifier.
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3. Participants and Ethical Aspects
3.1. Participants
3.1.1. Study I
For this study, we did not conduct a data collection ad hoc. We instead used
data collected in the context of a larger project by the Police University College
together with the Finnish Youth Research Society (Ellonen, Fagerlund,
Kääriäinen, Peltola, & Sariola, 2013). This project has collected data about
Finnish children and teenagers’ lifestyle, family and social situation, and
experiences with various types of crime in the years 1998, 2008, and 2013
(Ellonen, Kääriäinen, Salmi, & Sariola, 2008; Sariola, 1988). Although the
inclusion of all the three data collection would have constituted a larger sample
(> 30,000 children), we decided to include only data from 2013. This choice
was guided by research results that showed how CSA risk and protective
factors, as well as its prevalence, have changed over the years (Laaksonen et
al., 2011). Furthermore, the questionnaires used in the three editions of the
data collection were not identical, with some questions asked in different ways,
and some questions added or removed.
The data collection from 2013 included 11,364 participants. All the
participants were children in the sixth or ninth grade of the Finnish scholar
system, meaning that most of them were around 12 or 15 years old. To ensure
the representativeness of the sample, the original researchers employed a
cluster sampling procedure, using a single school class as the minimum sample
unit. The elements considered for the sample stratification were school size,
municipality, and province.
Since we focused explicitly on the respondents’ experiences with CSA, we
removed some participants from the original 11,364. We removed 566
participants because they did not answer specific questions about CSA in their
past, and 33 because they did not specify their age, or the offender’s age range,
at the time of the CSA experience they gave information about in the survey.
We then removed another 100 participants after implementing some basic data
quality control rule: if their reported current age was lower than their age
when the CSA happened, and when the age difference between CSA perpetrator
and them was less than 5 years (the questionnaire explicitly required to report
only sexual acts with people at least 5 years older than the respondent). Since
the gender of the child has a significant impact on CSA risk, we also removed
30 respondents that did not disclose their gender.
The final sample considered in Study I consisted of 10,635 respondents, of
which 51.3% (n = 5451) were girls and 48.7% (n = 5184) were boys.

3.1.2. Study II
This data collection was conducted with an online questionnaire. The link,
together with an invitation to participate, was sent out by the Police University
College. A total of 135 police officers answered, at least partially, to the
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questionnaire. Of them, 57% (n = 77) answered all questions. Participants that
skipped parts of the questionnaire were not removed entirely, but only from
analyses that included variables where they had missing answers. The average
work experience as a police officer of the respondents was 15 years. Of the
respondents, 38% had never investigated a CSA case, while 62% had
investigated at least one case. Twenty-nine percent of them had been trained
in interviewing techniques with children.

3.1.3. Study III
In this study, we collected data from 54 participants. Half of them were
professionals (i.e., medical doctors, psychologists, and social workers) from
three out of the five Finnish CSA Investigative Units. The other 27 participants
were postgraduate psychology students at Åbo Akademi University. The
students had completed courses in Forensic Psychology and Applied Bayesian
logic offered by the university. Of the participants, 83.0% were female, and
17.0% were male. The average age of the forensic experts was 42 and of the
students 24. Only one participant did not answer the questionnaire in its
entirety and was excluded only from analyses that required those missing
answers.

3.1.4. Study IV
The sample consisted of 275 teenagers, aged 16. The data collection was
carried out in five Finnish high schools in the cities of Helsinki, Tampere, Turku,
and Varkaus. As our goal was to get roughly as many respondents as the victims
of CSA in Study I, the data collection was stopped as soon as that number was
reached. Of the participants, 60.7% were girls and 39.3% were boys. For the
analyses, we joined data from this data collection with the data from the CSA
victims in Study 1, for a total of 553 respondents.
Table 2
Summary of the Characteristics of the Samples in the Four Studies
Study

Participants

N

Age

F/M (%)

I

Children and
teenagers

10,635

6th and 9th grade (≈ 12
and 15 years)

51.3/48.7

II

Police officers

135

-

-

III

Forensic experts and
students

27 experts +
27 students

42 (SD = 10) and 24
(SD = 4)

83.0/17.0

IV

Teenagers

275
(+ 278 from
Study I)

16

60.7/39.3
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3.2. Ethical Permission
For all the studies that required recruiting participants and collecting new data,
the authors obtained permission from the Ethical Committee for the
Departments of Psychology and Logopedics (Study II and III), and from the
Board for Research Ethics (Study IV), both operating at Åbo Akademi
University. Participants were required to sign an informed consent that
contained a short description of the study in question and stated their rights as
participants (i.e., anonymity and right to withdraw at any moment during the
experiment). Finally, participants received the researchers’ contact
information and also contact information of health professionals with whom
they could discuss personal feelings or memories of previous experiences
possibly activated by the contents of the study. For study IV, which involved
school children, we also applied for ethical permission from the City
Administrations, and for a more general research permission from each of the
schools involved.
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4. Methods
4.1. Definitions
Child Sexual Abuse. The 10,635 children who answered the questionnaire in
Study I were asked to report past personal sexual experiences with a person at
least 5 years older than them. The type of experiences was listed in the
questionnaire, and the children had to answer ‘Yes’ or ‘No’ depending on if they
ever experienced the act described. Table 3 shows the sexual events we
considered, together with the constraints about victim and offender’s age, as
CSA in all the 4 studies.
Table 3
Sexual Experiences Defined as Child Sexual Abuse
CSA Behaviors
Proposal for any type of sexual interaction
Display of genitals from the offender
Display of genitals from the victim
Victim’s genitals touched by the offender over clothes
Offender’s genitals touched by the victim over clothes
Victim’s genitals touched by the offender under clothes
Offender’s genitals touched by the victim under clothes
Petting
Simulation of sexual intercourse, without actual penetration
Penetration

CSA-related and -unrelated variables. In all the four studies, CSA-related
variables indicate all the variables, or features, that appear in a different
proportion in CSA victims and non-victims. If these variables are more present
in CSA victims, they can be considered as risk factors, whereas if more common
among non-victims, they play the role of protective factors. When selecting
features able to discriminate between victims and non-victims to create a naïve
Bayes classifier (Studies I and IV), the CSA-related variables are chosen through
a statistical procedure called feature selection (see section 4.2. Procedures).
The strength of each feature in separating CSA victims from non-victims is
measured using the Bayes Factor.
In Study II we used a frequentist perspective in which a variable was defined
as CSA unrelated when the chi-square test between the binary class variable
(i.e., CSA victim or not) and the feature was non-significant and very close to
zero. To define a variable as related, we, instead, required a statistically
significant chi-square test and the presence of this variable among the features
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selected when training our classifier, meaning that also the Bayes Factor was
high enough.
Modellable and non-modellable information. In Study I, we applied a
feature selection procedure over 903 demographic and socio-economic
variables. Some of these were defined as CSA-related and others as unrelated.
This feature selection procedure was possible only because of the large number
of children that answered the questionnaire. This selection of CSA-related
variables from the original 903 does not say anything about other possible
existing CSA-related features that were not included in the questionnaire. With
modellable variables, we refer to the features that are part of the classifier,
meaning that we know they are CSA-related. Non-modellable variables (Study
III) are instead the variables, CSA-related or not, about which we do not have
any information (i.e., we do not know if they are CSA risk- or protective-factors,
or if they are completely unrelated to it).
Trap questions. Because of the presumed possibility to trick the classifier
created in Study I by simulators (i.e., children who are trying to pretend to be
CSA victims when that actually never happened), we added to the classifier a
number of trap questions (Study IV). Trap questions are asked to the alleged
victims and concern variables that are not CSA-related, but that are usually
perceived as such, due to common false beliefs about CSA. For example,
children’s drug use might be perceived as a risk factor for CSA. We
demonstrated (Study I) that this is true only for girls, but not for boys. A male
simulator might answer ‘Yes’ to the question ‘Have you ever used drugs?’ just
to make his report sound more realistic. Answers to trap questions will not
increase or decrease the probability of the allegation being true, but it will
decrease the credibility of the report. Clearly, a positive answer to only one trap
question does not indicate that the respondent is a simulator, since that single
answer might be truthful (e.g., the boy, even if not abused, uses drugs anyway).
Rather, it will be the combination of multiple triggered trap questions that
significantly increases the probability the alleged victim is actually a simulator.
Limiting questions. In Study I, part of the 903 questions in the questionnaire
were about the relationship with siblings and parents. This type of question
cannot be answered by single children or orphans. Hence, we called them
limiting questions. In Study I, when we created a Naïve Bayes classifier, a
method particularly resistant to missing values, we kept the limiting questions,
accepting to decrease the accuracy of the classifier in case of children with no
siblings or parents. In the improved version of the classifier developed in Study
IV, we, instead, created a version without limiting questions, since we were able
to reach high accuracy levels even without them.
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4.2. Procedures
The general topics of the four studies can be divided into two groups: the
creation of Naïve Bayes classifiers (Studies I and IV), and the measure of the
performance of police officers and forensic experts in weighting and using
background information with or without our classifier (Studies II and III).
Table 4 summarizes the procedures used in the four studies, here described
more in detail (in this section, when possible, the order will follow the two
procedure groups described earlier, and not the chronological order).
Table 4
Summary of the Procedures Employed in the Four Studies
Methodological
Procedures

Classifiers Building

Police and Forensic
Experts Performance

Study I

Study IV

Study II

Study III

Questionnaire

administered by
others

in person

online

in person

Balancing of missing
values

No

Yes

-

-

Feature selection

Yes

Yes

-

-

Removal of limiting
questions

No

Yes

-

-

Creation of Naïve Bayes
classifiers

Yes

Yes

-

-

Cross-validation

2-folds, repeated
100 times

4-folds,
repeated 5
times

-

-

Visualization through
BN

Yes

No

-

-

N experimental
conditions

1

1

1

3

N scenarios

-

-

4

2

Training on the use of
the classifier

-

-

-

Yes

Use of classifier

-

-

-

Yes

Estimation of CSA risk

-

-

Yes

Yes

Evaluation of nonmodellable features

-

-

-

Yes

Evaluation of genderspecific CSA risk and
protective factors

-

-

Explicit

Implicit
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Questionnaires. In all the studies, we used questionnaires to collect data from
our participants. Apart from Study I, where the data collection had been
planned and conducted by other researchers, we created questionnaires to
answer our research questions.
In Study I, the original questionnaire contained over 1000 questions
probing the lifestyle, relationships, and personal experiences of Finnish
children and teenagers. From these questions, we removed all open questions
and kept 903 closed questions (one answer allowed per question, with two or
more options to choose from).
In Study IV, we tested how simulators would answer both the questions
from the first classifier and a selection of trap questions. We prepared two
questionnaires, one per gender, with 31 questions for boys (17 from the
classifier and 14 traps) and 41 for girls (28 from the classifier and 13 traps),
considering also the limiting questions. Both in the informed consent and at the
beginning of the questionnaire, respondents were instructed to answer as they
thought real CSA victims would:
[Informed consent] ‘You will be asked to answer not according to your own
life experiences, but as if you had been a victim of child sexual abuse, at any
point during your life so far’.
[Questionnaire] ‘You are asked to answer this set of questions as if you have
been a victim of child sexual abuse. If you have been a victim of sexual abuse,
you should answer the questions truthfully. […] It is very important that you
do not answer according to your own situation if you have not been sexually
abused, but pretend you are someone who has been sexually abused, at any
point during life so far. Your goal, through your answers to this questionnaire,
is to convince the authorities that you are a real victim of child sexual abuse. If
you have been a victim of sexual abuse, you should answer the questions
truthfully’.
The list of questions used in the two questionnaires can be found in the
Appendices A (for boys) and B (for girls). To separate the simulators from the
real CSA victims in our sample, we asked three questions at the end of the
questionnaire:
‘Now you are asked to answer the last question honestly, meaning that you
can answer the following question according to your own, real-life experiences.
(a) Have you had any experiences of sexual advances from, or sexual activity
with, adults or people at least 5 years older than you?
(b) If you answered yes: how old were you?
(c) How old was the perpetrator?’
This questionnaire was administered in person, with a researcher going to the
schools involved and explaining and supervising the process.
In Study II, the questionnaire (see Appendix C) was divided into two
sections, S1 and S2. The first section contained four scenarios shortly
describing the current life situation of four different children (two boys, 14and 8-years old, and two girls, 14- and 8-years-old). Each scenario contained
five CSA-related variables (either risk or protective factors) and five unrelated
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variables. Participants had to estimate the probability that the described child
was a CSA victim and report the variables considered to draw their conclusion.
S2 contained a list of 44 variables either unrelated to CSA, related for both boys
and girls, related only for boys, or related only for girls. None of these variables
was present in the four scenarios. Participants had to link each variable to the
correct one of the four categories. This questionnaire was administered online.
In Study III, the questionnaire started with two scenarios (their order was
counterbalanced across respondents) describing the current life situation of
two 15-year-olds (a boy and a girl). Each scenario contained 15 CSA-related
variables taken from the classifier built in Study I. Participants were required
to report if they believed the child was a CSA victim or not and estimate the CSA
probability. Respondents were divided into three experimental conditions: (1)
a group that, after a short training, could use the classifier, (2) a group that had
access to the statistical information about the features in the scenarios (but
without the classifier), and (3) a group that received only the scenarios. After
having answered the first questions, participants received two extra nonmodellable pieces of information per scenario and had to update their answers.
With this last step, we wanted to observe the impact of variables for which no
empirical data were available, and, hence, could not be calculated by the
classifier from the probabilities already provided by the respondent. This
questionnaire was administered in person by us, either at Åbo Akademi
University or in three of the five Finnish CSA Investigative Units (Turku,
Helsinki, Oulu). Appendix D shows the more extensive questionnaire that was
given to the second experimental group.
Naïve Bayes classifier building. For its interpretability, scalability and
resistance to missing values, we opted for the creation of Naïve Bayes
classifiers both in Study I and Study IV. In Study I, all the computations were
run in MATLAB, while we used Rstudio for Study IV. The math behind our
classifiers follows the theory described in 1.4.1.
In both Study I and IV, we separated the CSA-related features that are valid
only for boys, only for girls, or for both, creating two different gender-specific
models. However, while in Study I we built one classifier that joined the two
different models, one for boys and one for girls (Figure 2), in Study IV we
created separated, gender-specific, classifiers. Hence, the formula described in
1.4.1. is valid for Study IV, but had to be adapted for Study I (with G denoting
the gender variable) to:
𝑑

arg max [𝑝(𝐺 = 𝑔) 𝑝(𝐻 = ℎ | 𝐺 = 𝑔) ∏ 𝑝 (𝐸𝑖 = 𝑒𝑖 | 𝐻 = ℎ, 𝐺 = 𝑔)]
ℎ∈ℋ

𝑖=1

Also, in Study IV, we created different classifiers to test the combination of
different sets of features: from the original classifier only, trap questions only,
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original and trap questions together. Among these three classifiers, the one
with the lowest test error rate was considered as the most accurate.

Figure 2. A generic representation of a gender-specific Naïve Bayes classifier
using Bayesian Networks.
Missing values balancing. In Study IV, we merged two separate data
collections, one from 2013 and the other from 2018. In the first one, children
were asked about their real experiences, while in 2018 we asked them to
answer as if they wanted to convince the authorities of a false CSA. The
different nature of the two tasks affected the proportion of missing values (NA)
produced. The 2013 data collection had many more NAs than the one from
2018 (~25% missing values among real victims and ~0% among simulators).
Since imputing values was not an option due to the importance of keeping the
children’s answers as real as possible, we decided to randomly delete data from
the 2018 dataset to match, for each predictor, the percentage of missing values
in the 2013 dataset.
In Study I, the distribution of missing values in the two classes (i.e., CSA
victims and non-victims) was balanced, except for the questions about CSA that
could not be answered by non-victims. Therefore, no missing values treatment
was necessary.
Feature selection. Through feature selection, it is possible to identify the
smallest set of predictors that will lead to the highest accuracy of the classifier.
The optimal goal of any feature selection procedure is to obtain predictors that
are both informative and non-redundant. A predictor is informative if it can
help to discriminate between the categories of the class variable. Nonredundant refers to a predictor that is still informative when the other chosen
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predictors are present. Furthermore, a redundant predictor would infringe the
NB assumption of conditional independence of the independent variables.
Both in Study I and IV, we used the same feature selection procedure. We
started measuring the accuracy of the classifier without predictors. We then
calculated the Bayes factor, which measures how informative each predictor is,
for each of the remaining independent variables, and added the most
informative to the classifier. If the accuracy of the classifier increased, this
predictor would remain. If not, it would be excluded. This is because a lack of
variation in the accuracy of the classifier, when an informative predictor is
added, indicates redundancy. Using a forward procedure, we kept adding, one
by one, all the predictors according to their Bayes factor and checking the
variations in the accuracy.
In Study I, we applied this procedure on all the 903 features taken into
consideration twice, once per each gender. We identified 42 useful features: 25
only for girls, 14 only for boys, and 3 informative for both genders.
In Study IV, we applied this procedure on six different sets of variables, since
we created separate classifiers for boys and girls, and, within each gender, we
used only the original classifier features, only trap questions, or original
features and traps together. Also, we removed from the original features and
traps all the questions that could not be asked to every child, which we defined
earlier as limiting questions, for example, the ones related to the relationship
with parents or siblings. Table 5 shows the number of features before and after
the feature selection for each classifier. It is worth pointing out that a higher
number of features does not mean higher accuracy.
Table 5
Number of Features before and after the Feature Selection in Study IV
Boys

Girls

Original

Traps

Original+Traps

Before

8

7

15

After

4

2

3

23

3

26

9

3

12

Before
After

Note: All the limiting questions were excluded from this feature selection round

Cross-validation and ROC curves. The receiver operating characteristic
curves (ROC; Fawcett, 2004) are a standard instrument to measure and
visualize the performance of any binary classifier. The ROC curve is plotted on
a bidimensional space where the y-axis is the true-positive rate (TPR), also
known as sensitivity, and the x-axis is the false-positive rate (FPR), that can be
expressed as 1 - specificity. The curve is drawn by varying the threshold value
to separate the two classes from 1 (i.e., no one is classified as CSA-victim,
therefore both TPR and FPR are equal to 0) to 0 (i.e., everyone is classified as
CSA-victim, therefore both TPR and FPR are equal to 1). When the ROC curve
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is plotted, it is possible to compute the area under the curve (AUC; Mossman,
1994; Rice & Harris, 2005; Swets, Dawes, & Monahan, 2000), a value between
0 and 1, with 0.5 representing the chance level.
Computing only once the ROC curve and the AUC is risky, since the classifier,
if not built on millions of data points, heavily relies on the training set
characteristics (i.e., risk of over-fitting). To reduce the risk of over-fitting, we
implemented two slightly different cross-validation procedures in Study I and
IV.
In Study I, we randomly split the sample into two equal groups (training and
test set). Therefore, the classifier was trained on half our sample and tested on
the other half. This procedure was repeated 100 times, and the final ROC curve
and AUC was the average of 100 ROC curves and 100 AUCs.
In Study IV, instead, we randomly divided the sample into four equal groups
according to a procedure called k-fold cross-validation. Three groups always act
as training set and one as test set. The classifier is then built four times, always
changing the group that acts as test set. We then repeated the entire procedure
five times. Here, the final ROC curve and AUC was the average of the 20 curves
and AUCs.
The choice of the cross-validation method depended on the size of our
sample. In Study I, the sample was big enough to use only half of it to train the
classifier. In Study IV, with a much smaller dataset, we decided to use 75% of it
in the training phase.
Visualization through Bayesian Networks. In Study I, we represented the
classifier as a graphical model using Bayesian Networks through the software
AgenaRisk (Fenton & Neil, 2012). In the present thesis, instead, we use
OpenMarkov, since AgenaRisk is no longer a freeware.
Figure 3 shows an example of how a Naïve Bayes classifier can be visualized
using BN. We start with panel A, where the model has been built, but no
observation on the specific case has been made yet. The class variable is CSA,
and its node shows the CSA base-rate (i.e., in this example, 5%). The three
features that help to identify real CSA victims among all the reported cases are:
Anxiety symptoms, Medical symptoms, and Report made directly by the child.
For each of these features, we specified how frequent it is among CSA-victims
and non-victims (the numbers presented here are not empirical, but were
artificially chosen for the understandability of the example). In panel A, we
specified that anxiety symptoms are present in 30% of non-victims and in 60%
of victims (it is important to note that, since the number of victims is much
lower, a higher percentage does not automatically mean a higher absolute
number of children).
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Figure 3. Simple visualization of a Naïve Bayes classifier using Bayesian
Networks in the software OpenMarkov.
In panel B, the investigation went on and both anxiety and medical symptoms
have been found in the alleged victim. Both are risk factors for CSA, and this is
reflected in an increment in probability for ‘Yes’ in the CSA node. No
information is available about the report, but it automatically becomes more
likely that the child reported directly to the authorities, since this also is a risk
factor. Finally, panel C shows that the child did not report the CSA, but rather
someone else did. This observation lowers the probability that the allegation is
true, and the CSA probability decreases from 67.8% to 34.5%.
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This example shows how it is not fundamental to have all the information
available from the beginning. The classifier is able to update the probability as
soon as new evidence becomes known.

4.3. Frequentist Statistical Analyses
In Study I and IV, we built the classifier following Bayesian principles and
machine learning techniques, described in 4.2. In Study IV, however, we used
one-way ANOVA and Tukey post-hoc test to study the difference in accuracy
(i.e., AUCs) among the three variants of the classifier: only original question,
only traps, or the combination of the two. In Study II and III, instead, we
consistently opted for more classical frequentist methods to measure the
performance of police officers and forensic experts in the experimental tasks
we posed them.
In Study II, we compared the CSA probability estimated by police officers in
four different scenarios with the one calculated by our classifier. The sample
being relatively small, we used a 1000 re-sample bootstrapping procedure with
a 95% confidence interval to reduce the standard deviation when calculating
the average CSA probability per scenario. To investigate possible different
evaluation styles when the scenario was about a girl rather than about a boy,
or when it was a high CSA-risk scenario rather than a low risk one, we used
one-way ANOVA and Gabriel’s pairwise post-hoc tests. We used Person’s
correlation to test if the performance in separating CSA-related variables from
unrelated was consistent across scenarios, and to test if a good performance in
this task meant a higher accuracy when estimating the CSA risk. Descriptive
statistics were used in Section 2 to measure how good police officers were in
categorizing gender-specific variable related, on not, to CSA.
In Study III, we used descriptive statistics to measure how many
participants used our classifier without errors. With Fisher’s Exact test, we
studied possible differences in the performance while using the classifier
between forensic experts and students. We used Person’s correlation to see if
the number of mistakes while using the classifier correlated across the
scenarios. With independent samples t-tests, we investigate the impact of the
order the scenarios were presented on the performance, differences in
assessing CSA risk probability between students and experts, and if using the
classifier or the statistical information on CSA helped in evaluating the
scenarios. Finally, we used paired samples t-tests to explore if the participants
with the classifier tended to increase, decrease, or keep the probability
computed by the model. Paired-sample t-tests were also used to investigate the
impact of non-modellable information on the estimate of the CSA risk.
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5. Results
5.1. FICSA: The Finnish Investigative Instrument of Child Sexual
Abuse
In Study I, we estimated the CSA base-rate in Finland to be 0.007 for boys and
0.03 for girls (0-16 years old). Starting from 903 demographic and
socioeconomic variables, the feature selection procedure selected 42 feature
that can reliably update the base-rate to provide the probability of CSA. Only 3
of the 42 features are valid for both genders, 25 only for girls, and 14 only for
boys (see Study I for the complete list of features and their Bayes factors).
Figure 4 shows the graphical representation of our classifier in form of a
Bayesian network. We called it the Finnish Investigative Instrument of Child
Sexual Abuse (FICSA). In the figure, there are three different types of elements,
or nodes. The round nodes are the features (red if valid only for girls, blue if
valid only for boys, purple if valid for both genders). The yellow squared node
lets the user select the gender of the child under examination so that all the
nodes specific for the other gender are automatically inactivated by the
software and excluded from the calculation. The squared node at the bottom is
the result node and provides the probability that the child is a CSA victim. In
the figure, the reported probability is 1.88% and represents the CSA base-rate
when the gender has not been specified yet.
With the cross-validation, we measured the accuracy of FICSA, when used
with boys and with girls separately (Figure 5). The results showed that FICSA
has a high diagnostic power on both genders, but is superior when evaluating
boys compared to when evaluating girls.
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Figure 4. FICSA, a naive Bayes classifier to assess the probability of CSA. 6M = in the last six months; 12M = in the last 12
months; bf = boyfriend; gf = girlfriend.

Figure 5. Gender-specific ROC curves and AUC values (mean and standard
deviation of the 100 ROC curves and AUC values computed).

5.2. Police Officers and Use of Background Information
In study II, police officers were asked to estimate the probability that children
described in four scenarios, using only background information, were CSA
victims. Two scenarios were about a boy and two about a girl. The four
scenarios could be divided into high (>50%) and low (<50%) probability,
according to the results provided by FICSA. Table 6 shows the characteristics
of each scenario, as well as the participants’ estimations.
Table 6
Estimates for CSA Probability per Scenario, Provided by FICSA and Respondents
Scenario

FICSA

M

SD

BCa 95%CI

girl;
low
probability

abuse

36.90

41.44

24.78

36.76, 46.62

girl;
high
probability

abuse

80.80

41.43

24.24

36.66, 46.13
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boy;
high
probability

abuse

67.60

24.10

20.30

19.95, 28.65

boy;
low
probability

abuse

27.80

24.01

18.94

20.20, 27.80

All the means are below 50%, meaning that police officers did not consider any
of these scenarios a plausible CSA case, likely because of missing any
corroborative evidence. There was also a gender effect since the participants
found differences between girl’s and boy’s scenarios, but not within the same
gender. Importantly, the low/high probability characterization of each
scenario did not, however, influence the estimates. When comparing the
estimates from police officers with the probability calculated by FICSA,
respondents were accurate only in the low probability scenarios. This was
confirmed by ANOVA and Gabriel’s pairwise post-hoc test on the difference
between participants’ estimates and FICSA results, factorizing by scenario. The
distance between the FICSA results and provided probabilities did not differ
between the two low probability scenarios nor between the two high
probability scenarios. High probability scenarios had instead a statistically
bigger distance from FICSA results than low probability scenarios. Overall, the
results indicate a tendency to provide low estimates independently of the
scenario, but higher estimates for girls than for boys.
We also investigated the ability of police officers to separate CSA-related
from -unrelated variables, both in scenarios and alone. Each scenario included
five CSA-unrelated and five related variables. Per scenario, on average,
respondents correctly ignored between 3.19 and 4.68 CSA-unrelated variables
out of 5. However, they correctly considered only between 1.45 and 2.08 CSArelated variables per scenario. When considering a related variable, police
officers considered it in the right direction (i.e., either increasing or decreasing
the CSA risk) in 91.7% of cases. These results support our hypothesis that
police officers would not perform well in identifying CSA-related and unrelated variables and showed an overall tendency to discard variables rather
than to keep them. This tendency can be explained by the currently low
consideration of background information when evaluating alleged CSA cases.
Also, we did not find any correlation between the accuracy in estimating CSA
probability and the ability to select only the correct variables in the scenarios.
Finally, we investigated if police officers were able to characterize variables
that were not part of any scenario as CSA-unrelated, CSA-related only for boys,
CSA-related only for girls, or CSA-related for both genders. Respondents
performed at chance level when categorizing unrelated variables and often
ignored the possibility to categorize a variable as gender-specific, but
successfully identified the only variable that was CSA-related for both genders.
Table 7 reports a crosstab with the answers provided by the participants on
the rows, in percentage, and the correct categorization on the columns.
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Table 7
Crosstab of Police Officers’ Answers vs. Correct Categorization of Variables
without Scenarios
Answers

Correct categorizations
Unrelated
(n = 22)

Only boys
(n = 5)

Only girls
(n = 16)

Both
(n = 1)

Unrelated

49.8

43.9

36.3

23.4

Only boys

1.3

0.5

0.6

0.0

Only girls

2.4

0.5

0.8

2.6

46.5

55.1

62.3

74.0

100.0

100.0

100.0

100.0

Both

5.3. FICSA’s Usability and Forensic Experts Performance
In Study III, we measured the usability of our classifier in groups of forensic
experts and students. We also tested if the use of the classifier had any impact
on their decision-making process when evaluating mock CSA scenarios.
Participants who received a laptop running FICSA were briefly trained on how
to input the relevant information taken from the scenarios into the classifier.
Contrary to our hypothesis, a considerable percentage of respondents made at
least one mistake when adding observations in FICSA (30% in the scenario
about the girl, 65% in the one about the boy). Neither the order in which the
scenarios were presented nor being a student rather than a forensic expert had
an impact on the probability of using FICSA without mistakes. However, the
probability of making mistakes seemed to be user-specific, since the number of
errors in one scenario strongly correlated (r = .74) with the number of errors
in the second scenario made by the same participant.
When evaluating the accuracy of the CSA probability estimates in the two
scenarios, we expected the forensic experts to be more accurate than the
students (with higher accuracy defined as a smaller distance from the
probability calculated by FICSA). Through independent samples t-test, we
compared the accuracy of student and forensic experts within each scenario
and each of the three experimental conditions (i.e., scenarios only, empirical
information, FICSA). Table 8 shows, for both scenarios, no difference between
experts and students that belonged to the Scenarios only and Scenarios plus
Empirical information groups. Among the FICSA users, instead, students were
significantly more accurate, possibly because less reliant on their knowledge
and work experience and, therefore, more prone to trust FICSA.
When considering only participants equipped with FICSA, we observed a
moderate correlation (r = .43) between the estimates they provided and the
probabilities calculated by the classifier, also considering when mistakes were
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made while using FICSA. This means that the participants were influenced by
the classifier. However, we saw that, in both scenarios, FICSA users tended to
lower the value calculated by the classifier (from a mean of 64.69 to 25.89 in
the scenario about the boy, and from 23.50 to 14.35 in the scenario about the
girl).
The data did not support the hypothesis that FICSA users would be more
accurate than the respondents from the other two experimental conditions.
Also, the hypothesis that the group with empirical information would
outperform the scenario only group was not supported. However, this might be
due to the small group sizes and high variance that negatively impacted
statistical power. Finally, when non-modellable information was added to the
scenarios, the estimates before/after these new pieces of evidence were
statistically different only in the scenario about the girl, where they raised the
estimates, considering all the experimental groups individually and altogether.
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Table 8
Accuracy in Estimating CSA Probability in Forensic Experts vs. Students
Scenario

Experimental
condition

Experts
M

SE

Students
M

SE

Mean
differ.

BCa 95% C.I.

df

t

Boy

Scenarios only

24.50

7.21

10.65

6.08

-13.87

-32.47, 4.65

15

-1.450

(FICSA %: 66.8)

Empirical info

14.86

6.66

11.71

4.37

-3.15

-21.47, 13.81

14

-0.410

7.50

6.25

58.75

10.48

51.25

29.05, 75.47

5

3.810

Total

18.26

4.40

20.26

5.37

1.99

-12.15, 16.69

38

0.284

Girl

Scenarios only

13.11

5.45

3.23

1.59

-9.88

-21.84, -0.52

15

-1.650

(FICSA %: 25.5)

Empirical info

15.57

6.42

9.67

2.95

-5.90

-21.14, 6.13

14

-0.900

4.00

1.70

22.39

4.04

18.39

10.81, 26.98

12

3.250

11.76

3.22

12.09

2.35

0.33

-8.70, 8.93

45

0.080

FICSA group
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FICSA group
Total
Note: * p < .05, ** p < .01

*

**

5.4. A Deception Resistant FICSA
In Study IV, we built six naïve Bayes classifiers, three per each gender, to
separate actual CSA allegations from false ones reported by simulators. The
difference between the three classifiers was the type of questions they were
based on: only FICSA questions, only trap questions, or the combination of the
two types. The main results in Study IV refer to the classifiers valid for children
from all possible family types, since we removed all the questions about
siblings or parents (i.e., limiting questions).
Of the 108 boys and 167 girls who answered our questionnaire, we
excluded 23 respondents who declared to have been CSA victim, and so did not
fit in the role of simulators. The final sample consisted of 106 male simulators
and 36 male victims, and 146 female simulators and 161 female victims, with
all the real victims coming from the Study I data collection. Although the task
in this study might have induced emotional distress, no participant contacted
the researchers afterwards and we are unaware of any use of the mental health
professionals references we provided. This should not come as a surprise being
in line with the results from a study by K. Zajac, Ruggiero, Smith, Saunders, and
Kilpatrick (2011) focused on adolescents (12-17 years old). They
demonstrated that, out of 3,614 respondents to a survey on traumatic stress,
only 0.2% remained upset after it, and less than 0.1% (2 participants) asked to
speak to a counsellor.
Figure 6 shows the ROC curves and AUC values for the six classifiers without
limiting questions. For both genders, the highest AUC value is reached by the
FICSA + Traps classifier, with an average AUC value that exceeds 0.90.
To establish if there was a real difference between the classifiers, we
computed a one-way ANOVA and a Tukey post-hoc test, separating the genders.
For boys, the analyses showed that there was a difference between the three
classifiers, F(2, 57) = 38.33, p < .001, ηp2 = 0.57. When examining the differences
between two classifiers at a time, the one with only FICSA questions performed
significantly worse than the other two (p < .001), while the classifiers FICSA +
Traps and only Traps performed equally (p = .737). Also for girls the one-way
ANOVA found differences between the three classifiers, F(2, 57) = 12.85, p <
.001, ηp2 = 0.31. The Tukey post-hoc test, instead, highlighted a significantly
better performance for the FICSA + Traps compared to the other two classifiers
(p < .001), while no significant difference was found between only Traps and
only FICSA (p = .685).
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Figure 6. ROC curves and AUC values (mean ± 95% confidence interval) for the
three classifiers without limiting questions: FICSA + Traps, only FICSA, only
Traps; divided by gender: Panel a for boys and Panel b for girls.
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Figure 7 shows the impact of the substantiation threshold on the FICSA + Traps
classifiers’ accuracy. To interpret it correctly, it is important to remember that
substantiation threshold 0 indicates that all children are classified as real
victims (i.e., there will be only true and false positives), while with threshold 1
everyone is classified as simulator (i.e., there will be only true and false
negatives). The three curves are: false discovery rate (FDR; false positives out
of all cases classified as positive), false omission rate (FOR; false negatives out
of all cases classified as negative), and overall error rate (OER). The curves in
Figure 7 are, as the ROC curves in Figure 6, the mean across 20 different
classifiers trained and tested on different samples.

52

Figure 7. False discovery rate, false omission rate and overall error rate,
depending on the substantiation threshold chosen, for FICSA + Traps classifiers
for boys (Panel a) and girls (Panel b).
We also tested the accuracy of the same variants of the classifier, but without
deleting the limiting questions. Table 9 shows the number of questions before
and after the feature selection procedure.
Table 9
Number of Features before and after the Feature Selection
Boys

FICSA

Traps

FICSA+Traps

17

14

31

4

3

4

Before

28

13

41

After

11

6

11

Before
After

Girls

Note: All the limiting questions were included in this feature selection round

Figure 8 shows ROC curves and AUC values for the six classifiers that included
also limiting questions, separated by gender. For boys, the one-way ANOVA
found significant differences among the classifiers, F(2, 57) = 16.07, p < .001,
ηp2 = 0.36. Tukey post-hoc test identified the classifier with only FICSA
questions as the worst compared to the others (p < .001), while no difference
was found between FICSA + Traps and only Traps (p = .315). Also for girls there
were differences among the three classifiers, F(2, 57) = 35.14, p < .001, ηp2 =
0.55. When comparing the classifiers in pairs, Tukey post-hoc test found that
all three were different from each other (p < .001), with FICSA + Traps being
the most accurate of them, followed by only Traps, and finally by only FICSA.
Summarizing, the accuracy reached by the best classifiers for girls, both
when keeping and when removing limiting questions, is around AUC = 0.92 or
higher. For boys, removing limiting questions, increased the AUC from
approximately 0.88 to 0.9. Finally, for boys there was no difference in
performance between FICSA + Traps and only Traps, both outperforming the
only FICSA classifier. For girls, instead, only FICSA + Traps seemed to
consistently be more accurate than the other two classifiers.
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Figure 8. ROC curves and AUC values (mean ± 95% confidence interval) for the
three classifiers, including limiting questions: FICSA + Traps, only FICSA, only
Traps; divided by gender: Panel a for boys and Panel b for girls.
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6. Discussion
The aim of the present thesis was to create and test a tool, which, based on
actuarial data, could help distinguishing false from true CSA allegations, while
simultaneously limiting the influence of cognitive bias and improper interview
techniques at an early stage of the CSA investigation. The result of four studies
on almost 12,000 children and 200 experts, was the Finnish Investigative
Instrument of Child Sexual Abuse, FICSA. FICSA updates the CSA base-rate of
the specific reported case, using background information statistically related
to the risk of CSA. Using this new base-rate as a starting point, investigators
will assess the elements that are not modellable in FICSA through clinical
judgement and use of scientific literature. The tests showed that FICSA reached
high diagnostic power, but also highlighted the need for users to undergo
extensive training.

6.1. FICSA
Study I and Study IV focused on the creation of FICSA. The final result is a naïve
Bayes classifier with high diagnostic utility in separating CSA reports that are
likely true from ones that are likely false. FICSA is also explicitly designed to be
resistant to reports by teenagers that consciously lie to the authorities by
reporting an abuse that never happened.
Already in its first version, FICSA reached high levels of accuracy with an
AUC of 0.88 for girls and 0.97 for boys. The final classifier was the most accurate
of several other classifiers we created using different methods and
assumptions. Among the other classifiers, the only other version worth
mentioning is the one with four victim profiles, instead of the current two (i.e.,
male and female). The four profiles separated alleged victims not only by
gender, but also by age (below and above 12 years of age). Although based on
the sound theoretical assumption that the impact of the features on the CSA
probability would be different depending on the age of the victim, this classifier
did not reach the same accuracy of the classifier with only two profiles. This is
possibly because of too small samples of CSA victims in the four groups. Study
I resulted in a classifier that was able to provide a reliable base-rate probability
to use as a starting point for the investigations. Also, the probability calculated
by FICSA could be used to prioritize cases most likely to be true, improving
further the quality of the police work by dedicating more investigative
resources to these cases.
Consequently, being able to prioritize cases with a valid method would also
decrease the risk of evidence decay by reducing the time between the reported
event and the evidence gathering. The time necessary to start the classic police
investigation is further shortened by the fact that FICSA was built, and is
supposed to be used, on self-reported information only. This means that it is
not necessary to corroborate the answers provided by the alleged CSA victims
in the FICSA questionnaire. FICSA, in its first version, was also already useful in
focusing the attention of the investigators on a list of valuable background
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information that, as shown in Study II and III, often are overlooked or
misinterpreted. At the same time, this version of FICSA seemed potentially easy
to trick, meaning that it was too obvious how to answer each question to
willfully influence the final CSA probability. In this sense, FICSA, was more
useful for evaluating how realistic a report was, instead of how likely it was the
abuse actually took place.
In Study IV, we addressed this problem by training FICSA on real victims and
non-victims explicitly instructed to lie. We also adapted FICSA to have only
questions that could be asked to any child in any family situation. The result
was a classifier with fewer questions and thus quicker, less prone to human
error, more resistant to lies, and with comparable accuracy to its first version
(AUC = .92 for girls and .90 for boys). Although the accuracy of FICSA in
separating real from false CSA allegations was measured through a crossvalidation procedure, with a consequent risk of underestimating the error rate,
it can already be compared to human performance as estimated by Herman and
Freitas (2010). Table 10 reports the OER, FPR, FNR, FDR, and FOR estimates of
median participant in Herman and Freitas study. The authors considered the
values are likely lower than in reality because they are not adjusted for the
overextremity effect. The table reports then the error rates for FICSA (FICSA +
Traps version built in Study IV), at three different substantiation thresholds
(0.3, 0.5, and 0.7), separately for the two genders. At the chosen substantiation
thresholds, the numbers show how FICSA always outperforms experts in CSA
evaluations in terms of overall error rate (28% for the experts vs. 18.8% for
the worst FICSA performance). In most cases, FICSA seems able to keep both
FPR and FNR values under the estimates for humans. Because FPR and FNR do
not incorporate base-rate information, we argue that this comparison is invalid
without further assumptions. For example, imagine two classifiers from studies
X and Y that are tested on two different samples of 1000 children each. Both
studies reach a 0.1 FPR and a 0.0 FNR is 0.0. With only these data, we might be
tricked into thinking that the two classifiers perform equally well. But if we
added the information that the base-rate for positive cases is 25% in Study X
and 75% in Study Y, then our conclusion would be wrong. The count of FN cases
would be zero in both studies, but the count of FP cases, instead, would be
0.1*750 = 75 for Study X and 0.1*250 = 25 for Study Y. FDR and FOR, on the
contrary, incorporate base-rate information so that, in the previous example,
they would immediately show the superiority of Study Y. FOR would be zero
for both classifiers, while FDR for Study X would be 75/(250+75) = 23%, and
for Study Y would be only 25/(750+25) = 3%. Returning to FICSA, only in the
version for girls and with a substantiation threshold of 0.7 do we reach a FDR
as low as the one reported by Herman and Freitas. However, all different FICSA
settings reduce the FOR of at least 50%. These results are even more important
considering that FICSA uses only background information, while the
professionals in the cited study had access to all available evidence.
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Table 10
Comparison between human and FICSA performance

Herman
and
Freitas
(2010)
FICSA
for
Boys
FICSA
for
Girls

Baserate
true
cases

Substantiation
threshold

Substantiation
rate

OER

FPR

FNR

FDR

FOR

-

0.7

.500

.280

.180

.360

.120

.390

0.3

.258

.139

.095

.267

.261

.090

0.5

.200

.163

.072

.428

.253

.133

0.7

.119

.188

.034

.633

.163

.181

0.3

.557

.170

.216

.128

.184

.145

0.5

.515

.155

.157

.154

.145

.160

0.7

.475

.159

.120

.196

.120

.190

.255

.519

Even the improved version of FICSA is not without flaws and limitations.
First, any statistical model is only as good as the data it is trained on. Although
our samples were big compared to the usual samples in psychological research,
they could not be considered big data. When applying machine learning
techniques, a limited sample size can lead to overfitting, meaning that a model
works very well on the training data, but poorly on new data (Chicco, 2017). To
reduce the risk of overfitting, we used a cross-validation procedure in both
Study I and IV. Still, this method is not as good as testing the classifier on a
validation dataset. A validation dataset (i.e., a subset of the original data that is
not used in the training phase) would have been a better test of the classifier’s
performance. Using a validation dataset was, however, not an option in our
studies because of the limited size of the samples.
Second, there were some concerns regarding ecological validity and
generalizability. There is limited ecological validity in simulating actual lies by
asking teenagers to answer the questionnaire as if they wanted to convince
authorities to be real CSA victims. The research setting differs from actual
forensic settings in, among other things, the nature and intensity of the
emotions involved and concerning the motivation to answer the questions
rightfully or wrongfully. Therefore, the results might not fully extend from the
research setting to the forensic setting (Talwar & Crossman, 2012). The
generalizability of the FICSA is also limited. For all the four studies, we
conducted the data collections in Finland, and we cannot assume that FICSA
works equally well in another country, nor that the same features would be
related to the probability of CSA. This is because the feature selection
procedure does not imply causality between the selected variables and the
classes, so that it is not always possible to provide a rational explanation of why
57

some features have been kept and others have been excluded. However, even
if this was not the case, the relation between background information in FICSA
and CSA was never investigated, so it would be pure speculation to infer that
the same relations, with the same statistical weights, are also valid outside
Finland.
The third set of problems was linked to the definition of CSA and the
identification of real victims in our sample. We defined an event as CSA based
on the nature of the act and on the age difference between the people involved,
which had to be of a minimum of 5 years. This means, for example, that coercive
sexual acts between a 12-year-old and a 14-year-old were not considered CSA.
The opposite was also a possible problem, as a consensual sexual relation
between a 15 and 20-year-old would here be considered CSA. Reducing or
extending the age difference in our definition of CSA could have solved one
problem, but would, at the same time, worsened the other. Finally, we used the
five years difference as this is in accordance with Finnish legal practice.
Moreover, the criterion used in Study I data collection was not decided by us,
but by the Police University College and the Finnish Youth Research Society.
Unfortunately, one specific type of CSA which our definition of CSA did not
include was online abuse (e.g., requesting, sending or receiving sexual photos
or videos) by an adult hiding behind the fake profile of a child. Victims of this
crime that never got to know the real identity behind these contacts could
never define themselves as CSA victims according to our definition. This
limitation can be extended offline in case the child was not sure if the
perpetrator was at least 5 years older. Another limitation pertaining to the
definition of a respondent as CSA victim is due to the absence of ground truth.
After having applied simple measures to remove very improbable answers, we
simply assumed that all the respondents have been truthful, unless explicitly
asked to lie as in Study IV. In the case our assumption was wrong, the classifier
was built on unreliable data. However, building FICSA using only past cases
supported by strong evidence would have drastically reduced our sample,
making the application of machine learning techniques impossible. In Study I,
after having removed respondents with improbable reports, we trained FICSA
relying on a realistic CSA base-rate (0.7% for boy and 3% for girls). When we
re-trained FICSA in Study IV we did not have scientific data to inform us about
the prevalence of willingly false CSA reports in Finland. Because of this we
aimed to have an approximately 50-50 balance between the real victims (from
Study I data collection) and simulators. While this was possible for our female
sample, it would have led to a small amount of male simulators, since the
number of real male CSA victims were less than 40. Hence, the base-rate of CSA
simulators in Study IV (~50% for girls and ~75% for boys) was based not on
empirical evidence but on available data. In the future, with more reliable data
available, FICSA can be re-trained taking into consideration a more realistic
base-rate. For now, assuming that the base-rates are too high, it is possible to
apply a correction to FICSA’s outputs by using a higher cut-off probability (e.g.,
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considering CSA reports as false only if the probability provided by FICSA is
higher than 80%).
Fourth, in a classifier the relation between features and class variable is not
necessarily causal. This means that we cannot say that certain behaviors
caused the CSA because the opposite is also possible (i.e., the CSA led the child,
family, or friends to enact a particular behavior after the abuse occurred). Our
data collection took place months or even years after the reported CSA events.
Therefore, we could not verify if the features were present before the abuse,
after it, or both. Taking this to the extreme, if all the features would appear only
two years after the CSA, FICSA could not help investigations conducted within
two years after the abuse. In the opposite case, meaning that all the features
appear two years before the CSA and lead to it, there is a small possibility that
FICSA defines a false report as true because the CSA has not yet happened, but
might happen later. This is one reason why we advise not to use FICSA to
randomly check if a child has experienced CSA, but only on reported cases that
are worth investigating.
Fifth, according to the Finnish legislation, CSA victims are below 16 years of
age. In Study IV, the sample of simulators consisted of 16-year-olds, who
technically are not possible victims of CSA (unless belonging to the specific
cases described in paragraph 1.1). We argue, however, that this is not a
limitation, but rather increases the quality of FICSA as an investigative tool. By
being above 16, the participants could give consent to the study by themselves.
In this way, we avoided possible training, pressure, or emotional reactions
from their families. On the other hand, since the youngest real CSA victim in
our sample, was 12 at the time of the data collection, we advise against using
FICSA on younger children.
Finally, in Study IV we explicitly asked our participants to lie. This means
FICSA was built to identify willfully made false reports of CSA. We hypothesize
it will work with the same accuracy also on false reports based on false
memories, misinterpretations, and suggestions because FICSA’s trap questions
work on any individual with false beliefs about CSA. However, we did not test
this hypothesis.

6.2. Experts’ baseline performance without FICSA
To investigate the impact of FICSA on the accuracy of professionals asked to
evaluate CSA reports using the classifier, we measured the performance of the
experts without the classifier.
In Study II, police officers had poor knowledge of the impact of background
variables on the CSA risk probability. When evaluating these variables
separately and not as part of a mock CSA report, they overestimated their
impact on the CSA risk. Moreover, they almost completely ignored the fact that
a background variable could be related to CSA only for one gender. Instead,
when the background variables where inserted in scenarios, the respondents
underestimated the impact of these variables on the CSA risk. This discrepancy
can be explained by the fact that police officers did not consider the CSA
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scenarios as very likely, probably due to the absence of evidence directly
related to CSA. To justify then the low CSA risk probabilities provided, police
officers, ignored the presence and impact of the background variables, possibly
as the result of confirmation bias.
For all the four scenarios they worked on, police officers estimated on
average a probability lower than 50%, indicating that they were inclined to
believe the CSA did not take place. As said earlier, this can be explained by the
total absence of evidence directly related to CSA and by the scenarios’ brevity.
However, although all average estimates being below 50%, the estimates were
about 15% higher in the scenarios describing a girl as a possible victim instead
than a boy. Although this can be explained by the difference in CSA prevalence
between boys and girls (respectively 0.7 and 3% in Finland; Tadei et al., 2019),
another possible explanation is gender bias. Police officers might consider a
girl to be more at risk than a boy, even when the scenarios would indicate the
opposite. In fact, in Study II, a 68% CSA-risk scenario for a boy was consistently
estimated as less probable than a 37% CSA-risk scenario involving a girl.
Unfortunately, this hypothetical explanation could not be properly tested
because the background variables we used were gender-specific.
In sum, police officers were not very accurate in estimating the CSA risk
probability in high-risk scenarios and were quite conservative in their
estimates by not modifying them depending on the different background
information presented in the scenarios. Although we cannot exclude that the
FICSA probabilities for the two high-risk scenarios were false positives (i.e.,
high values provided, when they should have been low), the low false positive
rate measured in Study I makes this unlikely.
These results were partially confirmed by Study III, where we measured
FICSA’s usability when compared to respondents with scenarios only or with
scenarios and data we used to build FICSA. Here, both groups without FICSA
estimated the CSA risk probability to be less than 20% on both scenarios, even
if it should have been around 70% for the scenario involving a boy. In Study III,
we did not find any clear indication of the possible gender bias in Study II.
Interestingly, Study III showed that having research-based information about
the impact of each background information on the CSA risk probability did not
increase the accuracy of the estimates. This might indicate a low confidence in
this type of information, which would consequently lead to a top-down
decision-making style where first the CSA probability is decided based on gut
feelings and prior personal experiences, and only after this opinion is justified
by looking superficially at research data. Another likely explanation of the
limited use of research data is the high complexity of the calculations involved
in the correct estimation of the CSA probability.
In conclusion, both Study II and III showed that, when without any evidence
directly indicating CSA, expert investigators do not consider background
information as informative enough to justify a CSA suspicion. However, when
CSA-related information is added to the scenario, experts adjust their estimate
only if the new information increases the CSA probability. We thus claim that
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experts should be trained on the role of background information as CSA
risk/protective factors and on its informative value when assessing a CSA
allegation. Finally, Study III showed how research data about all the single
pieces of background information present in a CSA scenario is challenging to
integrate into the decision-making process correctly. All these results support
our hypothesis that the work of CSA experts can benefit from the use of a semiautomatized tool based on sound actuarial data, like FICSA. Among the biggest
advantages of such a tool is reducing the risk of cognitive biases and
miscalculations, as well as compensating for having only partial knowledge
about informative elements present in CSA reports.

6.3. The impact of FICSA on the decision-making process
Study III was mostly dedicated to investigating how the first version of FICSA
could help investigators in the evaluation of alleged CSA mock scenarios. The
first result we got on FICSA’s usability was that the probability of making
mistakes while manually transferring data from the scenario to classifier was
quite high. In the two scenarios the experts worked on, at least one mistake
was made respectively by 65 and 30% of participants. The mistakes were not
focused on particular sections of the scenarios and, based on our qualitative
inspection, seemed to be due to distraction more than to the actual difficulty of
the task. Supporting this hypothesis, we found a positive correlation within
experts between the number of mistakes made in the two scenarios. Already
one feature can have a significant impact on FICSA’s output, so it is of
paramount importance that all the data are entered correctly in FICSA. To
decrease the probability of errors, we currently advise to undergo specific
training on how to work with FICSA and the risks connected to wrong inputs
and to always double-check the data, possibly with the help of a colleague. A
further improvement could be to delete the manual work from the experts and
to let the child directly answer the FICSA questions on the computer. FICSA
would then take the answers automatically. This would also decrease the risk
of involuntary suggestions from the interviewer. Independently from who
enters the data into the model, mistakes can probably be decreased by
improving FICSA’s user interface. In Study III, participants entered data
directly in the software AgenaRisk that we used to build FICSA in Study I.
However, all the questions were very close to each other, all in the same page,
with answer options displayed as small drop-down lists. A more user-friendly
interface, created as web application using R Shiny or similar packages, could
bring several advantages such as the questions being separated thematically,
fewer questions per page, written instructions and suggestions (e.g., “Please,
double-check all the entries before submitting your answers”), and a more
appealing overall look.
Surprisingly, the high amount of mistakes and the resulting different
probabilities provided by FICSA for the same scenarios allowed us to better
investigate if the classifier affected the CSA probabilities provided by the
respondents. We found a positive correlation between FICSA’s outputs and
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experts’ estimates, indicating that the participants partially considered the
results provided by the tool. When we compared how close the estimates from
the three experimental groups were to the ones calculated correctly by FICSA,
we could not find any statistically significant differences. However, the average
estimates in the group with FICSA were closer to the correct ones, compared to
the other two groups (i.e., only scenarios and scenarios plus empirical research
data), so there might be a real difference that could be detected in a highpowered study.
Although all three groups were much more accurate in the scenario about
the girl than in the one about the boy, the analyses could not support the
existence of a different level of accuracy depending on the gender of the alleged
victim. In fact, as already seen in Study II, participants tended to provide low
CSA risk estimates, and the scenario about the girl was a low probability one
(25.5% vs. 67.8% for the boy). A study design in which the high-low probability
setting was equally divided within the gender of the alleged victim would have
helped to investigate a gender effect, but would also have further lowered the
statistical power. The same is true for the study of the impact on nonmodellable information on the final estimate. The extra information we added
to the scenario went in the direction of making the abuse more credible for the
girl and less for the boy. A 2x2 design would have been more informative, but
could not be implemented because of our already small sample. However, it
was still interesting to notice that respondents corrected their estimates only
upwards (for the girl) and not downwards (for the boy) as if they preferred the
risk of false positives over that of false negatives.
Based on Study III, it seems that FICSA can influence the experts’ decisionmaking, but that they need to know the strengths and flaws of the tool better
in order to use it correctly and trust it more. Unfortunately, this study might
have delivered more informative results if it had had used more scenarios, a
bigger sample, and, therefore, had had higher power. We consider this data
collection successful as we were able to include more than half of the Finnish
experts working in the CSA Investigative Units.

6.4. Future steps and possible improvements
While FICSA is based on a sound method and a relatively big sample, and both
its usability and possible impact on CSA investigations have been measured,
there are improvements to be made.
The first step would be to significantly improve the FICSA’s user interface.
Since testing the impact of these changes on the amount of mistakes made
while entering data would not require a sample of experts, multiple versions
could be tested until the best performing one is found. Another crucial step
would be to validate FICSA on real cases, where the ground truth has been
established not only by a judge decision, but by unquestionable evidence (e.g.,
audio-video material, credible confession). This way, we would be able to
measure the correct true positive/false negative rate. Being much harder to
prove a case to be false than to be true (usually a case is dismissed for lack of
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evidence, rather than for strong proof of innocence), it is impossible to measure
the false positive/true negative rate on real reported cases. A second important
step to further validate FICSA would be to validate the connection between its
features and CSA on other representative samples. If confirmed, it would be
possible to start investigating the causal relationship between these features
and CSA.
To identify the correct cut-off to use to separate real from deceitful CSA
reports it would be essential to know the correct prevalence of willfully made
false allegations. Also, since the CSA prevalence measured in Study I was lower
than the one measured in Study IV, even if based on a much smaller sample, it
would be interesting to confirm the numbers we used in the first edition of
FICSA.
Although we touched on the topic in Study III, more research is required to
investigate how to integrate non-modellable evidence in FICSA, since we can
currently only advise using FICSA’s output as a starting point and freely correct
it according to new evidence.
In Study II, but not in Study III, we found a possible gender bias that would
push investigators to provide higher CSA risk probability for girls than for boys,
even when the scenarios do not support this output.
Finally, once the Finnish version of FICSA is validated, it would be
interesting to test it on other countries, starting from culturally similar
countries like Sweden or Norway. This would let us gain meaningful insights
into the nature of CSA and on the differences between its risk factors across the
world.

6.5. Conclusions
The classifier for CSA cases presented in the thesis showed how the use of
actuarial data can support professionals by providing a reliable base-rate to
start the investigation from. FICSA can help investigators in dealing with
background information that is currently often discarded or misinterpreted. By
ordering the cases from to most to the least probable, FICSA can also decrease
the number of real cases that remain unsolved because of evidence decay due
to the long wait between the event and the investigation. While a few key
improvements are required before adding our classifier to the pool of
investigative tools currently in use, the tests on FICSA demonstrated excellent
diagnostic utility. These results let us hope for increasing the combined use of
invaluable human skills and machine learning techniques in criminal
investigations.
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Appendix A
List of questions, translated from Finnish, used in the questionnaire for boys in
Study IV.
Questions from Study I classifier
How often do you spend time in public places after midnight?
How often have you seen your parents visibly drunk in the past 12 months?
If you think about the past 6 months, how do the following apply to you: I take things that are
not mine from home, school or elsewhere.
How well do the following apply to your experiences relating to your appearance: I often hear
that I am beautiful/handsome or good looking.
Has anyone used force to steal something from you in the past 12 months?
Now imagine, that someone has broken or damaged your property. How old was the
perpetrator?*
Now imagine, that you have been assaulted or attacked at some point. Were you choked or
assaulted with a knife or gun?*
Now imagine, that you have been assaulted or attacked at some point. Did you get physically
hurt?*
Now imagine that your sister or peer has hit you or attacked you. Where did this happen?*
Now imagine that your sibling or peer has mocked you. Was the perpetrator a girl or a boy?*
Now imagine that your sibling or peer has mocked you. Were you under the influence of
alcohol or other substances?*
Now imagine that your sibling or peer has mocked you. Where did this take place?*
Have you ever had sex with your girl- or boyfriend?
With how many people have you had any sexual experiences, for example kissing, touching or
intercourse?
Have you ever had, or have any people of your age attempted to have intercourse or anal or
oral sex with you?
Has an unknown person sexually propositioned you on the Internet in the past 12 months?
Now imagine, that you have been harassed on the Internet or by phone and you have told
someone about this. Did this person encourage you to seek help from authorities?*
Trap questions
Do you currently have at least one close friend with whom you can talk confidentially about
almost everything in your life?
How often is alcohol used in your family?
If you think about the past 6 months, how does the following apply to you: I am usually on my
own. I generally play alone or keep to myself.
If you think about the past 6 months, how do the following apply to you: I worry a lot.
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If you think about the past 6 months, how do the following apply to you: I am often unhappy,
down-hearted or tearful.
If you think about the past 6 months, how do the following apply to you: I am nervous in new
situations. I easily lose confidence.
If you think about the past 6 months, how do the following apply to you: I have many fears, I
am easily scared.
Has anyone hit you or attacked you before than last 12 months?
Now imagine, that you have been assaulted or attacked at some point. What was the
perpetrator's national origin?*
Now imagine, that any of the following has happened to you: You have been mocked, bullied
or been the victim of violence by your sibling/peer; someone has only intended to attack you;
someone has assaulted or attacked you¸ someone has damaged your property; someone has
stolen something from you or you have been a victim of robbery. Have you told someone about
the most serious incident in the past 12 months?*
Now imagine, that you have siblings. Have you heard or seen your sibling being pushed or
shaken violently in public in the past 12 months?*
Now imagine, that you have siblings. Have you seen or heard your sibling been slapped in
public in the past 12 months?*
Now imagine, that you have siblings. Have you seen or heard your sibling been hit with a fist
in public in the past 12 months?*
Now imagine, that you have siblings. Have you seen or heard your sibling been beaten up in
public in the past 12 months?*
Note: Questions are presented in the same order as they were in the original data file (Ellonen
et al., 2013) and in the questionnaire handed to the participants, but divided into FICSA
questions and trap questions separately. *Limiting question = question modified to be
answerable by anyone.
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Appendix B
List of questions, translated from Finnish, used in the questionnaire for girls in
Study IV.
Questions from Study I classifier
How often do you eat with one or both of your parents (or those adults who you live with) in
the evening?
Are the friends you spend most time with...
How often do you spend time in public places between 10 p.m. and midnight?
Do you smoke cigarettes?
Have you ever consumed alcohol, for example half a bottle of beer, a glass of wine or a glass of
spirits?
Have you ever tried drugs (e.g., hashish or ecstasy)?
If you think about the past 6 months, how do the following apply to you: I worry a lot.
If you think about the past 6 months, how do the following apply to you: I get on better with
adults than with people my own age.
Has anyone stolen something from you without using force in the past 12 months?
Has anyone stolen something from you without using force before 12 months?
Now imagine, that you have been a victim of theft. Were you under the influence of alcohol or
other substances?*
Has anyone hit you or attacked you in the past 12 months?
Has anyone hit you or attacked you before the past 12 months?
Has anyone only threatened to hit you or attack you in the past 12 months?
Has anyone only threatened you with violence before the past 12 months?
Now imagine, that any of the following has happened to you: You have been mocked, bullied
or been the victim of violence by your sibling/peer; someone has only intended to attack you;
someone has assaulted or attacked you¸ someone has damaged you property; someone has
stolen something from you or you have been a victim of robbery. Have you told your mother
about the most serious incident in the past 12 months?*
Now imagine that you have had rows with your father in the past 12 months. Has he mocked
you, called you names, sworn or otherwise hurt you emotionally without physically hurting
you?*
Now imagine that you have had rows with your father in the past 12 months. Has he pushed,
shoved or shaken you violently?*
Have you ever had sex with your girl- or boyfriend?
Have you ever experienced sexual things that did not involve actual physical touch with
someone your age?
Have you ever had, or have any people of your age attempted to have intercourse or anal or
oral sex with you?
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Has someone bullied you or called you names by text messages in the past 12 months?
Has someone sent you threatening messages by phone in the past 12 months?
Has someone sent you sexually harassing messages by phone in the past 12 months?
Has someone spread rumors or written bad things about you on the Internet in the past 12
months?
Has an unknown person behaved rudely towards you or used obscene language when you have
talked to him/her on the Internet in the past 12 months?
Has an unknown person asked you to send sexy photos or videos of yourself to him/her on the
Internet in the past 12 months?
Has an unknown person sexually propositioned you on the Internet in the past 12 months?
Trap questions
Do you currently have at least one close friend with whom you can talk confidentially about
almost everything in your life?
Are matters related to sexuality discussed openly in your family?
If you think about the past 6 months, how do the following apply to you: I have many fears, I
am easily scared.
Now imagine, that you have been robbed at some point. What was the perpetrator’s gender?*
Now imagine, that you have been robbed at some point. What was the perpetrator’s
nationality?*
Has your mother been hurt or sustained visible injuries as a result of violence at home, without
the need to see a doctor?
Now imagine that you have siblings. Has your sister/brother been hurt or sustained visible
injuries as a result of violence at home, without the need to see a doctor?*
Now imagine that you have siblings. Have you seen or heard your sibling been slapped in public
in the past 12 months?*
Now imagine that you have siblings. Have you seen or heard your sibling been beaten up in
public in the past 12 months?*
Now imagine that you have had sexual experiences with a person at least 5 years older and
you have told someone about this. Did this person underrate the matter or react
unbelievingly?*
Now imagine, that you have had intercourse with a peer for the first time. Did this person
coerce, threaten or blackmail you to get involved?*
Has someone put video material of you on the Internet against your will in the past 12 months?
Now imagine that you have been bullied or harassed on the internet or by phone in the past
12 months. Have you told someone about this?*
Note. Questions are presented in the same order as they were in the original data file (Ellonen
et al., 2013) and in the questionnaire handed to the participants, but divided into FICSA
questions and trap questions separately. *Limiting question = question modified to be
answerable by anyone.
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Appendix C
Questionnaire used in Study II, with correct answers for Section 2. Translated
from Finnish.
Section 1. You will read four scenarios describing four children’s lives, with
details about their habits, families, friends, and experiences. For each of them,
using the limited information available, you should:
1. Estimate the probability (0 – 100%) that the described child has been
victim of Child Sexual Abuse (CSA).
2. Identify the information that helped you in estimating the probability.
Report each of these pieces of information in one of the two boxes: “Increase
risk” for the variables the increase the risk of CSA, “Decrease risk” for the
variables that reduce the risk of CSA. Please list all the information you used,
but do not list information that did not affect your estimated probability.
Here is an example. “Julia is a very good student, but her parents never cared
about her performance at school. On the contrary, uncle Henrik always
encourages her in giving her best”. In this short scenario you may think that
there are three pieces of information somehow related to the probability of
CSA: “very good student”, “parents do not care of her performance at school”,
“uncle is very supportive”. Focusing on “parents do not care of her performance
at school” you might think that this style of parenting can increase the
probability of CSA because they do not follow closely their daughter, do not
want the best for her, are not protective and similar reasons. If this is your
reasoning, you should put “Parents do not care of her performance” in the
“Increase risk” box. The same for the other two pieces of information.
Note: In this study we define Child Sexual Abuse as the occurrence of one or
more experiences of any event on the scale from Receiving a proposal to do
anything sexual until Sexual penetration involving a person before age 17, along
with at least a 5-year age difference between the victim and the offender.
Scenario 1 – Girl (14-year-old)
Minna is a 14-year-old girl. She lives with her father and the father’s girlfriend.
Both Minna’s father and his girlfriend work in the evenings, so they have dinner
together with Minna once a week or less. When angry at Minna’s father, his
girlfriend slaps him in the face, even in front of Minna. Because Minna is often
alone in the evening, she sometimes meets her friends at the main square
between 10 pm and 12 am. Her friends are the same age as she is. Otherwise,
she spends her time with the boyfriend. He is also 14 years old. They have
already had sex, even if the first time the boyfriend convinced her under the
threat to leave her (Note: this event is not CSA according to the definition we
are using in this study). She really did not like his behavior, but decided not to
tell anyone. Minna sometimes drinks a glass of wine, or half bottle of beer,
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which she takes from her home when the adults are not there. Minna would
describe herself as easily scared and with quite many fears.
Questions (repeated after each scenario):
CSA probability (0-100%):
Variables that increase the CSA risk:
Variables that decrease the CSA risk:
Scenario 2 – Girl (8-year-old)
Salla is an 8-year-old girl. During breaks at school she occasionally smokes a
cigarette or two, but this is not a daily habit. During the last year people have
been saying nasty things about her on social networks. She sometimes gets
insulted also through text messages. Salla told her best friend, Olga, about these
messages, but Olga got angry and blamed Salla for this. Salla got very upset
because she considers herself very helpful whenever someone is sad or hurt.
Salla also does not receive much support at home, where the father has insulted
her since she can remember. However, he never pushed or shook her. Sexual
matters have always been discussed openly in her family. A hearing
impairment has affected Salla since her birth.
Scenario 3 – Boy (14-year-old)
Petri is a 14-year-old boy. Lately he has been caught stealing some money from
the parents’ wallets, and also his classmates complained about things going
missing, but never accused him directly. When he was young, he lived for a few
months in a foster family, due to some difficulties affecting his parents. Anyway,
he is currently back with his family. Even if his parents sometimes drink wine
during meals, Petri has never seen them drunk. He likes organized activities
and, in particular, he plays as forward in the school football team. He defines
himself as very persistent and he never stops until he finishes what he is doing.
Petri considers himself very handsome and he has experiences of sexual
touching with 8-9 peers. This, most of the times, happened at the peers’ house,
where Petri and a peer had organized to study together. When explicitly asked,
Petri said that he never received any sexual proposal online by people he does
not know.
Scenario 4 – Boy (8-year-old)
Mikko is an 8-year-old boy. He lives with his mother, a step-father, and with
two older sisters, 11 and 12 years old. His relationship with the sisters is
stormy, and they often mock him when they are home alone. Once they even
gave Mikko a glass of beer to drink, just to bully him about being drunk, even if
what he drank was so little that it had no effect on him. One month ago, Mikko
was attacked by an older boy at school, who pushed him against the wall and
took his snack and a lucky stone that he always keeps in his pocket. Mikko
spends every night at home with his family.
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Section 2. You will work on a table that contains 44 factors, in the form of
questions or statements the alleged CSA victim could answer to. You are
required to decide if any of these factors has any impact (i.e., increases or
decreases the risk of CSA) for boys only, girls only, or for both boys and girls,
or whether the factor is not related to CSA at all. Please, select the cell that best
describes your view.
Note: There is only one correct cell per each variable.
Variable

Valid indicator of CSA?
No

Only
for
girls

Has anyone threatened to hit you or attack you, without
then doing it, in the past 12 months?

x

Has anyone only threatened you with violence before
this?

x

Have you told your sister / brother about the most
serious incident you were victim of (assault, theft,
robbery...) in the past 12 months?

x

How many times someone your age tried to or had
intercourse, anal, or oral sex with you?

x

In the past 12 months, has an unknown person asked
you to send sexy photos or videos of yourself to
him/her on the Internet?

x

If you ever have been beaten or assaulted, did you
suffer large bruises / major cuts?

x

If you ever have been beaten or assaulted, did you
suffer broken bones / teeth?

x

If you ever have been beaten or assaulted, did you
suffer internal injuries?

x

If you were harassed on the Internet or by the phone
and you told someone, did they encourage you to seek
help from authorities?

x

x

Have you ever had, or have people of your age
attempted to have intercourse or anal or oral sex with
you?
In the past 12 months, you saw or heard that your
father has been called names in public
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For both
girls and
boys

x

If anyone attacked you in the past 12 months, were you
choked/assaulted with knife/gun?

Which gender was the first person your age who tried
to or had intercourse, anal or oral sex with you?

Only
for
boys

x

x

In the past 12 months, you saw or heard that your
father has been mocked or disparaged in public

x

Has anyone hit you or attacked you in the past 12
months? Here you can also mention offenses that
occurred during violent robberies

x

Has anyone hit you or attacked you before this?

x

If you ever have been beaten or assaulted, did you go to
the hospital or visit a doctor to have your injuries
checked?

x

If you ever have been beaten or assaulted, what was the
perpetrator's national origin?

x

In the past 12 months, has an unknown person behaved
rudely towards you or used obscene language when
you have talked to him/her on the Internet?

x

If anyone attacked you in the past 12 months, were you
physically injured?

x

If you have been harassed on the internet or by phone,
did you tell your sister?

x

If you have been harassed on the internet or by phone,
and you told someone, this person advised you not to
talk about it to anyone

x

Has anyone stolen something from you without using
force in the past 12 months?

x

Has anyone stolen something from you without using
force before this?

x

If in the past 12 months anyone broke or ruined any of
our things on purpose, how old was the perpetrator?

x

If in the past 12 months a sibling or a peer assaulted
you, where did this happen?

x

If you think about the past 6 months, do you gladly
share your things with others (food, games, pens etc.)?

x

Have you felt very worried in the past 6 months?
In the past 12 months, you saw or heard that your
father has been threatened with violence in public

x
x

Have you ever experienced sexual things that did not
involve actual physical touch with someone your age?
In the past 12 months, you saw or heard that your
mother has been beaten up in public
If you were victim of theft, were you under the
influence of alcohol or other substances?
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x
x
x

Were you under the influence of alcohol or other
substances the first time that someone your age tried
to or had intercourse, anal or oral sex with you?

x

Have you told your mother about the most serious
incident (any physical or emotional attack from
anyone) in the past 12 months?

x

Has anyone sent you threatening messages by phone in
the past 12 months?

x

In the past 12 months, you saw or heard that your
father's hair has been pulled by someone at home

x

Have you ever tried drugs (e.g. hashish or ecstasy)?

x

Have you told your teacher about the most serious
incident you were victim of (assault, theft, robbery...) in
the past 12 months?

x

In the past 12 months, you saw or heard that your sister
/ brother has been mocked or disparaged in public

x

Do you suffer of visual impairment?

x

Has anyone sent you sexually harassing messages by
phone in the past 12 months?

x

If you think about the past 6 months, do you get on
better with adults than with people your own age?

x

Do you suffer of a respiratory disease, such as asthma?

x

In the past 12 months, you saw or heard that your
father has been beaten up at home

x
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Appendix D
Questionnaire used in Study III with the participants that received the
scenarios and the statistical information on the variables included in the
experiment, but not the classifier.
Instructions
You will be presented with two scenarios where child sexual abuse (CSA) is
suspected. Use all the available data and instruments to assess the probability
that the sexual abuse was real.
Answer the questions in order and do not turn page before having answered
everything.
Note: In this study we define Child Sexual Abuse as anything from receiving a
proposal to do something sexual to sexual penetration of a person below 17
years of age by an offender that is at least 5 years older than the victim. Please,
keep this definition in mind when you perform the subsequent tasks.

Scenario F1
Milla is a 15-year-old Finnish girl. Her father is a retired officer of the Finnish
army. He has always been extremely strict with the daughter. He forbids her to
have a cellphone and to make use of social networks. She says she has never
been bullied, threatened, or sexually harassed by phone or phone messages.
Also, no one has ever behaved in a rude way towards her on the web, and she
is not aware of any bad gossip in social networks that would concern her
person.
Milla is also not allowed of being out after 10pm, not even during weekends
or when a party is organized by her classmates. At home, she has dinner with
the family every day—it is considered as a sort of ritual. Two years ago, Milla
was studying for the entire afternoon at her best friend’s place and came back
one hour late for dinner. Her father got very angry, violently shook her by the
shoulders and told her she was “a stupid little girl if she thought she could do
whatever she wanted in that house”.
On the other hand, Milla fights her father’s authority when she is out of
home. She admits to having tried ecstasy a couple of times and that she
sometimes smokes cigarettes with her friends at school, not daily. However,
she has never drunk alcohol.
Milla has a boyfriend that she keeps secret. They never had sex. Also no one
among her peers has tried to have sex with her.
Milla says that in the last six months she certainly feels worried, but she does
not say why.
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Questions (repeated for the scenario about the boy)
Your gender:
Your age:
What is your role in this Child Sexual Abuse unit? (e.g. psychologist, medical
doctor, etc.):
How many years of experience with working on CSA cases do you have?
Approximately how many CSA allegations have you worked on?
Would you conclude that Milla has been victim of CSA or not? (Yes/No)
After having used all the available material, what is for you the probability of
the CSA? (0-100%)
--- page break --Scientific information about 0-16 years old females in Finland
The following information is taken from a recent study of Finnish youth, and is
presented in the same order as in the scenario.
• The prevalence of CSA among females in this age range is 3%.
• Being bullied or insulted by text messages affects 31% of CSA victims and
10% of non-victims.
• CSA victims are 8 times more likely than non-victims to have received
threatening messages by phone in the last 12 months. The same is true for
sexually harassing messages on the phone during the last year.
• 60% of CSA victims and 92% of non-victims says no unknown people
behaved in a rude way with them on the web during the last year.
• 7% of non-victims and 32% of CSA victims have experienced negative
gossip on the Web in the last 12 months:
• 15% of CSA victims report that they often stay out between 10 pm and
12am in public places. 15% report they do this fairly often, 41% sometimes,
and 29% never. For non-victims, the corresponding rates are 2% often, 4%
fairly often, 23% sometimes, and 71% never.
• 42% of CSA victims and 16% of non-victims have dinner with parents once
a week or less.
• 15% of CSA and 3% of non-victims have been pushed or shaken by their
father earlier than one year ago.
• 14% of non-victims and 40% of CSA victims have been insulted by their
father earlier than one year ago.
• 19% of CSA victims and 2% of non-victims has tried using drugs at least
once.
• 18% of CSA victims and 4% of non-victims smoke cigarettes, but not daily.
• CSA victims are 3 times more likely than non-victims (27%) to have tried
drinking alcohol.
• 28% of non-victims and 58% of CSA victims have had sex with a
boyfriend/girlfriend.
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• 38% of CSA victims and 11% of non-victims have experienced that a peer
has tried to have sex with them.
• 46% of CSA victims feels very worried in the last six months, compared to
20% of non-victims.
--- page break --Scenario F2 – Additional information
• The math teacher said that in the last months, she saw several times a
group of dangerous looking guys waiting for Milla outside the school. She
never looked happy to follow them. When the teacher asked her if they
were her friends, she replied they were, but in a very elusive way.
• A gynecologist has examined Milla. She had some concerns for partially
damaged hymen she observed during the examination, but she could not
draw a definite conclusion about abuse. The gynecologist did not find
other signs of possible violence.

Questions (repeated for the scenario about the boy)
After these new pieces of information, would you conclude that Milla has been
victim of CSA or not? (Yes/No)
What is now the probability of the CSA? (0-100%)
--- page break --Scenario M1
Otto is a 15-year-old Finnish boy. He is going through a difficult period. His
father had an accident on the job and lost mobility in his legs. This happened
one year ago. After this, the father started drinking heavily, and, maximum once
a month, Otto finds his father completely drunk and has to take care of him.
Otto’s classmates have heard about the father’s problems and started to
mock Otto. In particular, there are some boys his age calling him names every
time they run into him on the public transport. Because of his father, the boys
call Otto “alcoholic” and “junkie”—even if Otto never drank or smoked
anything. It is not rare that, on the public transport, these boys also attack Otto
physically, and once he ended up with a black eye. Recently, the bullying also
happens through messages to his phone. No one has encouraged him to talk to
some authority or to his teachers about the situation.
Even if Otto doesn’t like his classmates, he feels the need to belong to his
peer group and to stay out of his home as much as possible. Often he hangs out
with peers in the park or at the main square. He stays out late, fairly often even
until after midnight. During these moments it sometimes happened that the
peer group plays a game, in which someone chosen at random needs to touch
someone else’s genitalia. Otto recalls he has done this with about five of his
peers. This is the only form of sexual contact he had with someone his age. Otto,
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in fact, disagrees to some extent when asked if the others consider him
handsome. He has never had a girlfriend or a boyfriend, and no peers never
showed any interest in having sex with him. Otto says no one ever asked him
for anything sexual online.
Last month Otto was victim of a robbery where his wallet was taken and his
phone was broken. Otto thinks he recognized the attacker as a classmate’s 27year-old brother.
--- page break --Scientific information about 0-16 years old males in Finland
The following information is taken from a recent study of Finnish youth, and is
presented in the same order as in the scenario.
• 51.3% of Finns under 16 years of age are female.
• The prevalence of CSA involving boys as victims is 0.7%.
• Seeing their parent(s) drunk about once a month, is common both for nonvictims (23%) and CSA victims (29%).
• If the child has been sexually abused, it is a lot more probable the
peer/sibling that mocks him is a girl (63%). They are girls in only 23% of
cases if the victim of the mocking has not been abused.
• CSA victims are 5 times more at risk to be mocked on public transports.
• 1% of non-victims and 72% of CSA victims have at least once been drunk
or high when mocked by peers or siblings.
• 0.2% of non-victims and 11% of CSA victims have been attacked by peers
or siblings on public transports.
• Among all the children who have been physically assaulted, CSA victims
are four times more likely than non-victims to have been injured.
• 78% of CSA victims who are bullied on the phone are encouraged to report
it to authorities, only 5% of non-victims get the same piece of advice.
• 27% of CSA victims report that they often stay out after midnight in public
places. 20% report they do this fairly often, 42% sometimes, and 11%
never. For non-victims, the corresponding rates are 2% often, 2% fairly
often, 18% sometimes, and 78% never.
• 20% of CSA victims and 6% of non-victims report sexual touching with 46 peers.
• 30% of non-victims and 9% of CSA victims disagree to some extent when
they are asked if they are considered handsome by others.
• 15% of CSA victims has not had sex with boyfriend/girlfriend, 77% of nonvictims.
• 11% of non-victims answered and 74% of CSA victims answered “yes”, to
the question “Have you ever had, or have any people of your age attempted
to have intercourse or anal or oral sex with you?”,
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• CSA victims are 20 times more likely than non-victims to have received a
sexual proposal on the Web from an unknown person in the last 12
months.
• 35% of CSA victims and 3% of non-victims have been robbed in the last 12
months.
• Among the children who have reported that their property has been
damaged, 17% of CSA victims and 2% of non-victims report that the
perpetrator was older than 25.
--- page break --Scenario M2 – Additional information
The suspicion of CSA comes from Otto’s worried grandmother. She said that
her grandson had changed, was frequenting bad company, and she was sure
someone was doing “bad things, sexual things” to him. The woman, in the past,
already has reported possible CSA for other grandchildren. Some of these cases
are still under investigation, the others have been classified as “unfounded”.
Otto denies having been victim of any sexual violence.
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Alessandro Tadei
FICSA: The Finnish Investigative Instrument of
Child Sexual Abuse
Machine Learning Applied to Criminal Investigations
Child sexual abuse (CSA) investigations are challenging, and wrongful conclusions have
detrimental effects on those involved. This dissertation presents the creation of FICSA,
a Naïve Bayes classifier that separates between true and false CSA allegations. FICSA
uses only self-reported demographic and socioeconomic information about the alleged
victim, and does not require any details about the CSA events in question. FICSA can
therefore identify false allegations at the beginning of the investigative process and help
authorities prioritize the investigation of CSA allegations most likely to be true.

ISBN 978-952-12-4004-1

