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ABSTRACT
Constructing computational models of interactions during Foren-
sic Interviews (FI) with children presents a unique challenge in
being able to maximize complete and accurate information disclo-
sure, while minimizing emotional trauma experienced by the child.
Leveraging multiple channels of observational signals, dynamical
system modeling is employed to track and identify patterns in the
influence interviewers’ linguistic and paralinguistic behavior has
on children’s verbal recall productivity. Specifically, linear mixed ef-
fects modeling and dynamical mode decomposition allow for robust
analysis of acoustic-prosodic features, aligned with lexical features
at turn-level utterances. By varying the window length, the model
parameters evaluate both interviewer and child behaviors at dif-
ferent temporal resolutions, thus capturing both rapport-building
and disclosure phases of FI. Making use of a recently proposed
definition of productivity, the dynamic systems modeling provides
insight into the characteristics of interaction that are most relevant
to effectively eliciting narrative and task-relevant information from
a child.
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1 INTRODUCTION
When a child is a suspected victim or witness to a crime, legal-
experts will conduct forensic interviews (FI) in order to elicit testi-
mony from the child. The high-stakes nature and potential risks of
the process requires that interviewers are prepared to effectively
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evoke substantive and accurate details concerning the crime. Fur-
thermore, in an effort to not emotionally impact the child during
recall of traumatic events, interviewers must be able to leverage af-
fective markers through various modalities to guide their decisions
as they navigate through the semi-structured interaction. Compu-
tational models would enable interviewers to identify patterns in
the progression of interviews enabling methodological analysis
and development of robust strategies and interviewing procedures.
This study presents applications of dynamical systems modeling
and system identification (SID) as a novel method to analyze the
time-evolution of interaction dynamics across various modalities
of FI interactions.

FI is a semi-structured interaction in which an interviewer must
first establish rapport and then elicit a narrative from the child
recanting their possible experience and recollection of a crime. The
child’s ability to cohesively structure a testimony is often a function
of contextual factors such as their age, linguistic development, ex-
tent of trauma experienced and cognitive development [9, 21, 38]. In
order to overcome the variability found in individuals and develop
optimal interview strategies, we suggest implementing computa-
tional models which can predict and identify dynamics underlying
both temporally within interviews, and across conditions.

Utilizing time-series analysis methods, we further develop re-
cent proposals towards quantification of “verbal productivity" of
child utterances within context of the interview “agenda” and the
child’s responsiveness to inquiries [3]. The current study presents
a methodology for taking a child’s per-turn productivity and af-
fective lexical features as observations of a dynamical system and
interviewer acoustic measurements and lexical features as a con-
trol input. By utilizing the Dynamic Mode Decomposition with
control (DMDc) framework, we build predictive models of child
responses, as well as, study broader behavioral patterns observed
in the derived dynamics.

2 BACKGROUND
Children are exceptionally vulnerable to abuse and maltreatment,
which has been shown to have long-term impacts and threats to
their mental health and well-being. For example, child sexual abuse
is known to manifest as various psychological disorders, including
PTSD, anxiety, depression and attention problems [10, 12, 15]. Often
in these cases, the primary perpetrator is a child’s legal guardian
or care-giver, placing the child in a dichotomy, where they may be
tempted to protect their abuser [20, 32]. The high stakes emphasize
the need for substantive and accurate information, as releasing a
child to their previous care situation may put them at further risk.
Further still, a child’s cognitive abilities, language development
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and age contribute to their capacity to completely and consistently
recount the incidents in courtroom in the presence of a stranger
(attorney) and possibly, the defendant. These factors in conjunction
with their susceptibility to coercion and intimidation, make their
testimonies incredibly delicate and predisposed to dismissal[23].

In an effort to protect children from coercion and intimidation,
forensic interviews are administered outside of the courtroom set-
ting. These interviews are held in isolation from the defendant and
often lawyers, with the aim to create conditions where the child
feels comfortable disclosing sensitive information pertaining to the
case. Interviewers conduct the interaction in two phases: rapport
building and disclosure. During rapport building the interviewer
must establish a sense of trust with the child, and delineate truth
from narrative building. Rapport building is followed by disclosure,
during which the interviewer attempts to maximize the amount of
substantive information the child will share, while also minimizing
the emotional distress and retraumatization.

Considerable efforts have been made in the past decade study-
ing structured protocols towards improving interview quality [19].
These studies have focused largely on the effects of categories of
question prompts, deriving anecdotal evidence of effectiveness.
As an example, focused-question prompts will produce fewer er-
roneous responses when compared to open-ended prompts [18].
Similarly, yes/no questions have been generally shown to have a
misleading nature [6]. However, coding question types has histori-
cally been a manual process that can potentially introduce subjec-
tivity among multiple annotators. In contrast, the current work is
free of question and prompt codes, and will investigate more subtle
aspects of the interviewer’s linguistic and paralinguistic influence
on the child behavior during interviews.

Dynamic Mode Decomposition (DMD) has been shown to effec-
tively construct interpretable and robust dynamical models from
time-series signals [36]. Developed as a method to numerically
model dynamical features of flow data it has been shown to be a
discrete approximation of the Koopman operator [34]. Importantly,
the eigenvalues of the extracted dynamics matrix can be interpreted
as the dominant spectral dynamics. DMD with Control (DMDc)
extends the methodology to also incorporate an input control signal
[31]. Framing domain relevant behavioral observations of the child
as the observations of a system, and those of the interviewer as the
input, the DMDc conceptualization models the dyadic interactions
of FI. Our work will extend on DMDc, introducing an Online and
Windowed DMDc building on the work presented in [41], which
will allow us to also track the evolution of the dynamics over time
and as more information becomes available.

Speech and language data are rich in the features need to con-
struct affective state estimates. Particularly, affective states are
captured in both the vocabulary and prosody of the interlocutor as
they engage in conversations [7]. The dynamics of these affective
states, and subsequently their expressions, can signal important
behavioral indicators such as trust [13]. For example conversa-
tional synchrony as expressed in the entrainment of conversational
partners has been shown to signal trust in economic exchanges
[22, 37]. Following suit previous work [7, 14, 25], this study uses
prosodic features of speech and psycho-linguistic norms to capture
and model representation of emotion. A more detailed outline of
the features used can be found in Section 3.1.

Figure 1: Expressiveness (in terms of average turn-level
word count) of children across age groups collected over 527
Forensic Interview Transcripts

Behavioral signal processing (BSP) is a framework for compu-
tationally characterizing an individual’s psychological state and
traits, to produce a quantifiable understanding of their interaction
and behavioral dynamics [27]. Operating within this framework,
our models fuse extracted acoustic-prosodic (intonation, loudness)
and lexical (psycho-linguistic norms) features to construct a mul-
timodal time-series signal representing behavioral states for each
utterance. In order to take advantage of this paradigm and gain
immediately relevant insights, our models will be utilized to model
verbal recall productivity. Most previous FI studies use word count
[2, 8] or subjective measures such as the number of informative
details [1], or other qualitative measures such as ‘richness’ [17] as
representations of verbal productivity. However, the low variance
within each child’s per-turn word count (Figure 1) suggests that
word count is reflective of an individual’s language use and ability,
rather than an indicator of expressiveness or narrative structuring.
In contrast, Section 3.5 presents recent advances in computational
verbal productivity representation which builds on topic model-
ing techniques allowing for a BSP formulation free of subjective
notions of verbal productivity.

3 METHODS
3.1 Data preparation
In this paper, a total of 200 forensic interviews are analyzed. The
children are separated into 2 groups according to their age as Early
Childhood (EC) (4-6 years; µ=4.95, σ=0.73) and Late Childhood (LC)
(10-12years; µ=10.92, σ=0.82).

The interviews were manually transcribed by trained research as-
sistants at the utterance-level (Utterances/session: µ=176.74,σ=88.74),
which are directly used for lexical feature extraction. In order to
extract acoustic features audio and text for the entire session are
automatically forced-aligned as described below.

Considering the long duration of sessions (µ=39.63 min, σ=13.46
min) and the difficulty in building automatic speech recognition
(ASR) systems for child speech, straightforward forced-alignment
often fails to provide accurate alignments. An iterative version of
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forced-alignment is implemented by building atop of Gentle 1 2

[26]. The original transcripts are matched with the output of the
alignments to identify specific regions of audio associated with each
utterance. These regions are then processed for prosodic feature
computation. An utterance is considered successfully aligned if 5
consecutive words are successfully aligned at both the beginning
and end of utterance.

3.2 Lexical Features
Lexical norms provide dimensional descriptions of affective and
other psycholinguistic constructs from spoken language [24, 40].
Classical application of lexical norms were restricted to emotion
(arousal, valence and dominance), however diverse affective norms
such as age of acquisition, gender-ladenness, concreteness etc. have
been applied in behavioral modeling tasks such as therapist empa-
thy prediction during psychotherapy interactions [11] and mod-
eling psychologist language use during autism diagnosis sessions
[16]. In this work, norms representing three affective behaviors
are selected which are hypothesized to play an important role in
the emotional state of the child and thereby influencing verbal
productivity. Namely the features examined are:
• Arousal represents the degree of physiological excitement
associated with a wide range of emotions like anger, fear,
enthusiasm, etc.
• Valence represents the polarity of emotion (positive:happy,
negative:sad).
• Pleasantness measures the degree of friendliness or agree-
ableness, and as a result is highly correlated with the valence
of a word.

Durations of strong arousal are expected to be encountered while
children are recalling emotionally charged incidents during FI. Dur-
ing these highly aroused recalling valence and pleasantness act as
indicators of whether the child is upset or not. We remove pleas-
antness from the linear mixed effects (LMEs) analyses to prevent
multi-collinearity effects. Our choice of pleasantness is motivated
by the fact that most discrete emotion can be captured by their
relative valence and arousal [35].

The Emotiword tool [24] is used to identify words with emotional
content. In the LME models the median value across an utterance
is captured, while an utterance intensity-inverse session intensity
session is computed for the time-series analysis. Stopwords are
ignored in both cases. It should be noted that the Emotiword affec-
tive values range between -1 and 1, where a lower value represents
lower arousal and negative valence.

3.3 Utterance Intensity-Inverse Session
Intensity

Extending the concepts of term frequency-inverse document fre-
quency (tf-idf), let us define utterance intensity-inverse session in-
tensity (ui-isi) as amethod for computing a logarithmically smoothed
count vector for utterance. The motivation is to scale the intensity
of each affective dimension (valence, arousal, and pleasantness)
relative to the average intensity per utterance and per speaker.
1https://github.com/lowerquality/gentle
2Our specific implementation is open for further development and input from the
community at: https://github.com/nsheth12/canetis

Given an emotion dictionary E such that

∀w ∈ E, ∃ew = {valencew , arousalw , . . .}

expresses the mapping of wordw onto its psycho-linguistic norms.
η is then defined as:

η(w ) =



⟨valencew , arousalw , pleasantnessw ⟩ w ∈ E

⟨0, 0, 0, ⟩ else

Then given S = [s0, s1, . . . , sN ] representing all of the utterances
of only one of the speakers in a specific interview define

νS =
1
m

∑
∀s ∈S

∑
∀w ∈s

|η(w ) |

wherem represents the count number of words for which η(w ) ,
⟨0, 0, 0, ⟩. Then for a given utterance s ∈ S , the ui-isi is defined as:

ξ (s ) =
log(N )

log(νS )
∑
w ∈s

η(w )

in this case the log(·) and division is performed element-wise across
the vector.

3.4 Prosodic Features
Prosody refers to the rhythm, rate and intonation associated with
speech and is concerned with how something spoken, rather than
what was spoken. Speech prosody has been hypothesized as pri-
mary feature for understanding emotion from speech [29], and
prosodic features have been used extensively to study affect from
speech [33].

The fundamental frequency (intonation) and intensity (loudness)
are used as the features representative of the vocal prosody. Log-
pitch and intensity contours are extracted at frame-level using Praat
[5], and mean normalized per speaker and per session. The median
and standard deviation for each feature is computed across and
utterance resulting in 4 prosodic features.

3.5 Verbal Productivity
Verbal Productivity is a measure which acts as a proxy to represent
how much a child’s utterance reveals relevant information during
an interview [2, 30, 39]. To begin we introduce the “agenda” A
which is a vector representation of words (excluding stop words)
most frequently referenced by an interviewer. Each of the child’s
responses is mapped to rt using term-frequency on the same dic-
tionary as the agenda. The “agenda” score is computed as

дt = rt · A

and is justified by noticing that the words most commonly repeated
by the interviewer are also likely to be words that are very rele-
vant to the over-arching topic of the interview. As such, the score
captures a child’s response being relevant to the topics at play.

By recognizing that the agenda is not always revealed to the child
at the beginning of the interview, another mechanism is constructed
to capture the child’s responsiveness to prompted questions. To
accomplish this a “rolling”-agenda vector is constructed for each
time step:

at = ϕt + γat−1
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where ϕt refers to the agenda features observed at time-step t
and γ is decay term for historical data. The responsiveness is then
measured by computing:

ρt = rt · at

Finally, to capture a balance between the global verbal produc-
tivity дt and the more localized version ρt , π∗t is computed:

π∗t = β
ρt
| |at | |

+ (1 − β ) дt
| |A||

where β ∈ [0, 1] allows us to flexibly leverage the complementary
importance of the skills being captured by each sub-metric.

3.6 Linear Mixed Effects Models
To begin, Linear Mixed Effects (LME)Models are utilized to examine
overall relationship between the extracted features of both, child
and interviewer, and verbal productivity. LMEmodels fit the present
problem due to their ability to model individual sessions. In two
different model constructions, the fixed effects are set as either the
median lexical affective features or the acoustic prosodic features,
and the session IDs are set as the random effect.

Given a set of interviews Ψ, define cψt as the features associated
with child and uψt as either the lexical or acoustic features observed
for the interviewer at turn step t for interviewψ ∈ Ψ. With:

Φ
ψ
t = [cψt−1 u

ψ
t−1]

capturing the features of the previous child and interviewer features,
the LME formulations then follows as:

π̂
ψ
t = π̄ + π̄

ψ +WΦt + ϵ
ψ
t

where π̄ represent the mean productivity for all sessions and π̄ψ is
the mean productivity of session ψ . ThenW are the LME coeffi-
cients and ϵ is the residual defining a linear approximation which
only considers the most recent preceding utterances.

3.7 Dynamical System Models
Following notation presented in Section 3.6, let us define ap-dimensional
observation of a child as ct and interviewer input, of dimensionq, as
ut at given time-point t ∈ [0,n]. With this construct the dynamical
model:

ct+1 = Act + But

where A is referred to as the transition matrix, describing the au-
tonomous evolution of the child’s observations, and B henceforth
referred to as the controller indicates the influence that the input
signal has on the evolution of the observations.

When analyzed on per-session basis, the transition matrix and
controller capture individual’s interaction dynamics, illuminating
the nature of how different children respond to input from their
interviewers. By utilizing DMDc, the time-series observations of
child’s productivity, the interviewers prosodic features, and both
interlocutor’s lexical affective norms can be used to reconstruct the
interaction dynamics.

The construction leverages the fact that forC′ = [ct+1, ct , . . . , c1],
C = [ct , ct−1, . . . , c0], and ϒ = [ut ,ut−1, . . . ,u0]:

C′ = AC + Bϒ

Since the controller is not known a priori, the problem is re-
framed as:

C′ = [AB]
[
C

ϒ

]
= GΩ

To solve for G = [AB], it is required that rank|Ω | = p + q. With
this assumption upheld, it follows that:

G = C′Ω†

where (·)† refers to the Moore-Penrose inverse.
This analysis assumes that the snapshots for the entire interac-

tion are available. However FI is typically broken up into at least 2
phases - rapport building, and disclosure (Section 2), during which
times it is reasonable to expect changes in the dynamics. In order
to capture this progression DMDc is extended by the Online and
Windowed DMD paradigms presented in [41]. This framework al-
lows us to update our interaction dynamics model as more data
becomes available. However, the methods are still contingent on
the rank requirement of Ωt in order to produce the initial fit of the
data.

The experiments in dynamic interaction modeling presented
here will first examine the derived dynamics of using full DMDc,
and evaluate predictive components in the child’s state, and the
interviewers input. The eigenvalues of the extracted dynamics will
be evaluated to explore similarity and identify behavioral patterns
with control theoretic conceptualizations. Next, we will experimen-
tally evaluate the ability of online algorithms to capture changes in
the dynamics over time, and compare them to a full DMDc as an
oracle.

4 RESULTS AND DISCUSSION
4.1 Statistical Analysis
The intensity variations (as measured using the standard devia-
tion of speech intensity within an utterance) of both speakers are
found to be statistically correlated with the productivity. Large vari-
ation in the child’s prosodic intensity is suggestive of productivity.
In contrast the intensity variations in the interviewer’s questions
(ad_in_st ) are negatively associated with productivity, suggesting
that interviewers speaking loudness is consistent prior to a pro-
ductive response from the child. However this observation varies
with age, where children in the LC group do not have a significant
correlation (p ≈ 0.12) with adult intensity. These results support the
notion that adult paralinguistic behavior observed in their speech,
plays a greater role for younger children. One explanation is that
LC children will typically have more developed language ability,
and require less indicators from the voice of the interviewer.

Arousal as measured through the psycho-linguistic norm from
both child and interviewer is significantly associated with produc-
tivity. Some of the emotions that encompass high arousal especially
anger and fear have been reported during forensic interviews [4, 28],
hence this result shows that entities salient to the alleged crime in-
cluding names, places and objects (which were shown to feature in
top productive responses [3]) tend to be associated with, and possi-
bly evoke strong emotions in the child during FI. The corresponding
valence normative from the interviewer questions was negatively
associated, although not significant (p ≈ 0.14). Surprisingly, va-
lence from the child’s preceding response was positively associated
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Table 1: LME analysis for studying effect of (a) prosodic
features, and (b) lexical features on verbal productivity. t-
statistics for statistically significant features are reported
here. (p < 0.05)∗, (p < 0.01)∗∗

(a) Prosodic Features
All

(df=895)
EC

(df=497)
LC

(df=389)
ad_in_st -2.66** -2.77** -1.55
ch_in_st 2.36* 1.60 2.30*

(b) Lexical Features
All

(df=35343)
EC

(df=19162)
LC

(df=15726)
ad_ar 3.21** 3.07** 2.67**
ch_ar 2.41* 1.75* 2.07*
ch_va 2.09* 1.41 2.06*

Figure 2: Dominant Eigenvalues associated with transition
matrix of child state evolution. This is indicative of the dy-
namics that are dominantly present in the observation time-
series

with productivity, suggesting that narratives by children expressing
positive but strong emotion tend to facilitate productivity in the
following responses.

4.2 Dynamic Modes Analysis
Performing DMDc and evaluating the eigenvalues of the transition
matrix helps identify the dominant dynamical characteristics associ-
ated with the child, as well as visualizing common behavioral types
across children. In Figure 2 it can be observed that many children in
the EC age group have eigenvalues that lie closer to +1 consistent
with slow decaying and dampened oscillation. Meanwhile older
children generally lie on the other side of the unit circle implying
faster decaying exponentials. This can imply that children who are
older generally have behavior that is more sporadic and closer to
impulse characteristics, while younger children have behaviors that
are more constant.

Since the controller, B, is not square in this case, eigenvalue
decomposition cannot be performed. Instead singular values can
be interpreted in a similar fashion. Figure 3 demonstrate the distri-
butions of singular values rounded to their closest integer values.

Figure 3: Distribution of dominant singular values. All rep-
resenting all age groups together, EC and LC represent-
ing “Early Childhood” and “Late Childhood” respectively.
Larger dominant singular values indicate larger contribu-
tion to output from the control input.

Large singular values correspond to large gain applied on the inputs.
Children in EC generally have smaller singular values, implying
that they respond slower to the inputs of the interviewer than
the children in the LC group, whose singular values are generally
more spread out, implying a varying degree of responses across the
group.

Similar to LME, DMDc enables the analysis of model parameters
to understand dominant contributors in the interactions. Figure 4
shows that in general, the child’s preceding productivity is the most
indicative component in predicting their future state. Similarly, the
the preceding “rolling agenda” observations are most indicative
of the child’s productivity. This is expected since the productivity
is a measure of the child’s alignment and responsiveness to the
interviewer’s inquiries about agenda specific topics. Of particu-
lar interest though is the observation of the remaining features,
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Figure 4: Relative scale of influence on productivity across
age groups and features. Average absolute value of row used
to calculate contribution to productivity. Contributing com-
ponents from the derived “transition” (left) showing how
the child’s own state contributes to their future state, and
“controller” (right) indicative of which components of in-
terviewer speech contributes to the child’s productivity the
most. µi ,σi correspond to the mean and standard deviation
of the therapist prosodic intensity, while µp ,σp correspond
to the pitch. ζv , ζa , ζp correspond to the valence, arousal, and
pleasantness of the interviewers utterance. [L1 − L5] corre-
spond to the 5 most important “agenda” and their appear-
ance in the previous utterances.

the variability of the interviewers prosodic intensity is the next
strongest indicator of productivity in the child’s response. This
supports the results found in Table 1 which indicated a statistically
significant correlation between the two variables.

Figure 4 also suggests that affective lexical features make up a
larger part of the interviewer’s influence in EC children than it does
in LC children. This suggests that the content of the words being
said and questions being asked of the child become more important
the child gets older, and presumably will have better developed
language skills.

4.3 Evolving Dynamics
Online and Windowed DMDc algorithms allow for continually
update dynamics models as more data becomes available. This is
a highly useful tool when evaluating systems, especially when
the dynamics observed could be time-varying. The Online DMDc
algorithm efficiently updates the transition and controller matrix at
every time step taking into consideration the entire past. In contrast,
Windowed DMDc performs a similar update when new data is made
available, but will only consider the data from a predefined sized
window.

To evaluate the effectiveness of the Online andWindowed DMDc
algorithms we first compute an “Oracle”, which is a full DMDc

Table 2: Comparing Online DMDc and Windowed DMDc.
Values represent relative error when compared to an “Ora-
cle”

Age Group Online Windowed
All 0.17 1.04
EC 0.19 1.47
LC 0.13 0.27

performed on the entire time-series as tominimize the error globally.
Then after performing an initial fit both updating DMDc algorithms
and the “Oracle” are used to predict each next time step, after which
the update step occurs.

Table 2 shows that the Online DMDc algorithm performs better
than the Windowed DMDc algorithm when compared to the oracle.
This implies that keeping track of the entire history is generally
better than only keeping track of local window, suggesting that
behavior at the beginning of an interview will continue to remain
informative and indicative of behavior in the future. TheWindowed
“forgets" past experiences; over time the dynamics it derives will
change more rapidly than those computed using the Online DMDc
algorithm. The smaller errors produced by the Online DMDc, sug-
gest that the behavior observed during rapport building can be
highly predictive of the behavior observed in the disclosure phase.
The difference in errors between the Online and Windowed ver-
sions of DMDc drastically reduce for children in LC, suggesting
that the effect of early parts of interview (rapport-building) on
the productivity reduce in significance when compared to children
in EC. In other words, rapport-building plays a dominant role in
influencing session dynamics for younger children.

5 CONCLUSIONS
This work presented a number of different frameworks for the anal-
ysis of influence and dynamics of productivity in FI. In LME Models
we were able to identify statistically significant indicators of pro-
ductivity using first-order linear approximations. These indicators
were verified and expanded uponwhen exploring broader nonlinear
modeling techniques across a battery of DMDc algorithms.

DMDc provided meaningful visualizations and insights into the
intrinsic dynamics and influences predictive of child behavior. Fur-
thermore, DMDc demonstrated the temporal relationships present
between rapport building and disclosure phases of interview.

To the best of our knowledge this is the first work to computa-
tionally model the interaction dynamics of FI and we believe this is
a strong starting point towards developing BSP driven interview
strategies.

6 FUTUREWORK
The methods we presented are highly dependent on the ability of
prosodic feature extraction, which currently leaves room for im-
provement of child voice detection and utterance acoustic-lexical
alignment. As a result when performing the time-series dynamic
system modeling it was not currently possible to incorporate child
acoustic-prosodic features. In the future, as voice recognition tech-
nologies improve a richer feature set with a more diverse variety of
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prosodic features will be able to drive richer models of interaction
dynamics.
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