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ABSTRACT
Aggression to others by youth with autism is a significant problem
since their difficulties self-reporting distress can lead to behaviors
that appear to occur without warning. To address this issue, we
recently demonstrated that biosensor data combined with linear
classification algorithms (i.e., ridge-regularized logistic regression)
can be used to predict aggression up to 1 minute before it occurs
using 3 minutes of data from the past with an average area under
the curve (AUC) of 0.71-0.84 depending on whether population
versus individual models are used. In the present study, we both
extend and enhance these prior results through the use of principal
component analysis and a nonlinear kernel-based classifier (Support
Vector Machines). Our results illustrate that these newly applied
methods yield significant improvements, predicting aggression up
to 3 minutes before it occurs with an average AUC of 0.98 in both
population and individual models. Furthermore, we extend our
prior work by evaluating aggression prediction performance across
varying observed aggression intensities and find that moderate
and high intensity aggression episodes are detectable with 2 to 5%
higher average AUC than low-intensity aggression episodes.
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1 INTRODUCTION
Autism spectrum disorder (ASD) is an increasingly prevalent (1
in 59 children by age eight) childhood disorder [4] and is associ-
ated with high health care costs [2]. One of the most frequently
observed problem behaviors in youth with ASD is aggression [14],
which is a primary cause for referral to behavioral healthcare ser-
vices [3]. Physical aggression – including scratching, biting, hitting,
and throwing objects at others – is particularly debilitating in youth
with ASD because it can occur without warning, sometimes long
after any observable trigger. Unpredictable aggression creates a
barrier to accessing community, therapeutic, medical, and educa-
tional services since caregivers are understandably afraid to put the
individual with ASD into potentially stressful environments that
might lead to aggression without warning.

Recent work performed by our team demonstrates that linear
classification techniques (i.e., ridge-regularized logistic regression)
can be used to predict aggression to others in ASD youth up to
1 minute before it occurs using 3 minutes of prior biosensor data
with an average area under the curve of 0.71 for a population model
and 0.84 for individual models [7–9, 16]. While promising, this
prior work only considered linear classification techniques that do
not account for nonlinear relations between extracted features and
aggressive behavior onset. In the present study, we explore Support
Vector Machines (SVMs) as a way to capture such nonlinear relations.
Additionally, we consider the contribution of Principal Component
Analysis (PCA) to reduce data redundancy and evaluate whether
it improves SVM performance. Finally, we extend our prior work
by evaluating aggression prediction performance across varying
observed aggression intensities when LR and SVM approaches are
used.

This paper is organized as follows. Section 2 presents the data
set and our preprocessing methodology. Section 3 presents gen-
eral SVM theory and our specific aggression prediction classifier.
Experimental results are discussed in Section 4 and final remarks,
including ongoing work, are presented in Section 5.

2 DATA SET AND PREPROCESSING
2.1 Participants
Twenty ADOS-2 [15] confirmed, behaviorally unstable, ASD youth
in the Developmental Disorders Unit at Spring Harbor Hospital
in Portland, Maine contributed data in this study. The sample on
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averagewas 10.8 years old (SD= 3.10, range= 6−17), 75%male (n =
15), 95% Caucasian (n = 19), and 90% non-Hispanic (n = 18). Mean
nonverbal IQ (NVIQ) of the sample assessed at hospital admission
was 66.1 (SD = 18.99, range = 31 − 98), with 65% of participants
(n = 13) meeting criteria for intellectual disability (NVIQ ≤ 70).
Severity of behavior in the sample was also assessed at intake
using the caregiver-rated Aberrant Behavior Checklist (ABC [1])
Irritability subscale, and resulted in a mean of 28.11 (SD = 8.55,
range = 16 − 42).

2.2 Data Acquisition
Data recorded in this Institutional Review Board approved study
included naturalistic observational sessions in a specialized ASD
psychiatric inpatient unit. Participants wore an E4 biosensor (Em-
patica Inc., United States) on their wrist that records peripheral
physiological arousal (blood volume pulse [BVP] and inter-beat-
interval [IBI] at 64 Hz using photoplethysmography and electroder-
mal activity [EDA] at 4 Hz) and motion activity (8 g at 32 Hz using
a 3-axis accelerometer [ACCx ,ACCy,andACCz]) while inpatient
research staff concurrently coded time-stamped naturalistic obser-
vations of operationally defined aggression to others (e.g., hitting,
kicking, biting, scratching, grabbing, pulling). Inter-rater reliability
for observed aggression onset and offset between two research staff
from the inpatient site yielded 0.90 percent agreement and a cor-
responding Cohen’s Kappa of 0.79, wherein a maximum tolerance
of 2sec onset or offset difference between raters was considered
an agreement (see aggression duration mean and standard devi-
ation in Table 1, i.e., average duration of observed aggression in
the sample was 28sec, much longer than a 2sec difference between
raters) in 20% of data randomly selected from our corpus. Research
staff conducted these data collection observations with minimal
interference to participants’ regularly scheduled daily routines over
the course of their inpatient stay. Since the data collection sessions
were observational and naturalistic, researchers did not interact
with participants or clinical staff before, during, or after aggression
episodes, they only provided clinical staff with assistance donning
and doffing the E4 (see [8] for more detail about our data collection
procedures).

Sixty-nine independent naturalistic observational sessions were
collected (Table 1), including m(sd) = 3.45(2.84) observational ses-
sions per participant and totaling 87hrs (m(sd) = 4.35hrs(4.8hrs) per
participant). Out of 548 total aggressions observed with concurrent
E4 data, mean and standard deviation of aggression frequency and
duration was 27(34) episodes in a four-hour period of 28sec(32sec)
average length, respectively.

2.3 Data Preprocessing
Naturalistic observations yielded labeled time-series data via six
biosignal sources (i.e., BVP , IBI , EDA,ACCx ,ACCy ,ACCz ). Statisti-
cal analyses on these physiological and motion activity signals were
performed through extracted time-series features offline. In bins of
T0 = 15 seconds, the following features were calculated: first, last,
maximum, minimum, mean and median value, amount of unique
values, and the sum, standard deviation, and variance of values
falling in a bin. Thus, for every 15-second bin a time-dependent
feature vector zt ∈ Rdz , with dz = 60, t = kT0, k ∈ Z+, and a

label yz,t ∈ {−1,+1} indicating if an aggression episode occurred
(yz,t = 1) or not (yz,t = −1) was created.

The objective of our work is to predict future aggression episodes
by processing biosensor data from the past. To this end, given a time
index k > 0, we construct the dataset by concatenating feature vec-
tors from the past and compose their respective labels by observing
if an aggression episode happens in the future. Thus, given past and
future window lengths τp = nbpT0 and τf = nbf T0 withnbp andnbf
being the number of bins used in the past and future, respectively,
the final features are created as xk = [z⊤k , . . . ,z

⊤
k−nbp

,σ⊤
zk ]

⊤,
wherezk = zkT0 , and [σzk ]i , i = 1, . . . ,dz , is the standard-deviation
of the vector [zk,i , . . . , zk−nbp ,i ]. The dataset is then composed by

pairs (xℓ ,yℓ), ℓ = 1, . . . ,N , xℓ ∈ Rd , d = (nbp +1)dz ,y ∈ {−1,+1},
and ℓ = k − nbp .

Next, to quantify the intensity of observed aggression episodes,
we used the accelerometer (ACCx ,ACCy ,ACCz ) time-series to build
a new feature time-seriesNACCt = (ACC2

x,t +ACC
2
y,t +ACCz,t )

1/2

that quantifies the square root of the energy of XYZ movements
over time. This time-series was also averaged for every 15-second
bin resulting in a unidimensional temporal featureγ (NACC)

k . Cluster

analysis on this new feature (γ (NACC)

k ) was used to provide more
detailed labels for observed aggression episodes, wherein three
clusters sorting into low,moderate, and high intensities were derived
for each participant.

3 SVM-BASED AGGRESION PREDICTOR
In this section we present our SVM-based predictor. Kernel methods,
including SVMs, have been used in a variety of domains including
classification, regression, detection of nonlinearity [12, 13], dic-
tionary learning [10, 11], among others [18, 20]. Nonlinear SVMs
implicitly map input features into a Reproducing Kernel Hilbert
Space (RKHS), where maximal-margin linear classifiers are then
employed. Kernel functions play a central role in this process as
they allow both mapping of data into the RKHS and computation of
inner products of two mapped features by evaluating a real function
in the original feature space, thus allowing one to implicitly work
in a possible infinite dimensional Hilbert space.

3.1 SVM for Classification
Given a training set {xℓ ,yℓ}Nℓ=1, nonlinear SVMs aim to find the
maximal-margin separating hyperplane by casting the convex prob-
lem in the RKHS [5, 6, 20]. By virtue of the kernel reproducing
property, the solution to this problem is a linear combination of
kernel functions of the training data:

f (x) = sgn

(∑
ℓ∈S

yℓαℓκ(xℓ ,x) + b

)
= sgn (h(x) + b) (1)

where sgn(·) is the sign function,h(x) =
∑

ℓ∈S yℓαℓκ(xℓ ,x),κ(x ,x ′) :
X×X → R is the kernel function, αℓ , ℓ = 1, . . . ,N are the Lagrange
multipliers introduced in the dual formulation of SVMs [6, 20], and
S is the index set of support vectors.

Probabilistic estimates can be obtained by using a sigmoid func-
tionp(h(x)|y = 1) = [1+exp(Ah(x)+B)]−1 whose parameters (A,B)
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Table 1: Naturalistic data collection descriptive statistics of participants.

Participant P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19 P20 Group Mean SD

Number of
Sessions 5 3 3 2 2 2 8 9 2 1 1 1 2 6 1 1 10 1 5 4 69 3.45 2.84

Total Obs.
Duration∗ 9.33 3.97 3.77 3.02 1.25 0.57 7.02 8.47 2.72 1.43 0.22 1.38 1.6 8.47 0.52 1.02 20.48 0.78 5.1 5.87 86.99 4.35 4.80

Number of
Aggression
Episodes

72 7 13 8 9 6 35 30 50 1 2 3 9 39 1 8 130 2 76 47 548 27.40 33.84

Mean Agg.
Duration†

9 102 77 11 19 9 19 18 50 3 1 15 19 6 51 7 103 4 7 22 − 27.6 31.93

∗ Total observation durations are presented in hours. † Mean aggression durations are presented in seconds.

can be obtained via maximum likelihood estimation [17]. Finally,
defining the hypothesesH0 andH1 as being “non-aggression” and
“aggression,” respectively, the SVM detector reduces to:

p(y = 1|h(x)) =
p(h(x)|y = 1)p(y = 1)∑
j=±1 p(h(x)|y = j)p(y = j)

H0
≶
H1

ξ (2)

where ξ ∈ R+ is the detection threshold.
The literature suggests a variety of kernel functions with dif-

ferent properties [19, 20]. In the present work, we consider the
Gaussian kernel due to its smoothness and universal property [19].
The Gaussian kernel is given by:

κ(x ,x ′) = exp
(
−∥x − x ′∥2/(2σ 2

)
(3)

where the parameter σ 2 > 0 controls the kernel bandwidth.

3.2 Individual and Population Models
In order to make direct comparisons between our previously pub-
lished results and current approach, we we followed the exact
methodology presented in [7–9, 16] wherein we evaluate predic-
tion accuracy at both individual and population levels at varying
past and future time periods. At the individual level we learn a
model specific to each participant. At the population level we learn
a model from all participants. By comparing both approaches we
can evaluate relative trade-offs between a more flexible strategy,
which requires training a model for each participant, versus a less
flexible one, in which all participants use the same model.

4 EXPERIMENTS
In this section we present results obtained with the dataset de-
scribed in Section 2 and compare performance of the previous lo-
gistic regression (LR) strategy in [9] with the SVM-based classifier
discussed in Section 3.

During all experiments, features extracted as described in Sec-
tion 2 were normalized to have zero mean and a standard deviation
of one. We also performed stratified cross-validation (CV) with
four folds and six repetitions. In individual models, normalization
constants (mean and standard deviation) were estimated using data
from other participants. In the population model, these constants
were estimated using the training set in each CV split. We imple-
mented the same strategy in analyses involving PCA to ensure

that test data were never used during the training phase, and that
enough data was available to perform the estimation process. More
specifically, in the population model PCA parameters were com-
puted as eigenvectors associated with the largest eigenvalues from
the estimated covariance matrix, using only the training set at each
CV iteration. In these models, test data is projected in the space
spanning these eigenvectors. For individual models, we create a
separate PCA model for each participant. To estimate PCA parame-
ters we used data from all participants except for the model “owner.”
This approach was adopted to ensure that: (1) enough data is avail-
able to estimate the data covariance matrix and, as a consequence,
generate meaningful PCA parameters and (2) both population and
individual test data within each CV iteration are never used in
the pre-processing stage. Fig. 1 presents percentage explained by
the largest eigenvalue as the number of eigenvalues increase. A
clear knee in the curve is visible before 10 eigenvalues, thus we
performed PCA with 10 principal components.
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Figure 1: PCA: 1 - percentage explained by the eigenvalues.

In our preliminary tests we found that PCA greatly improved
classification performance of SVMs while degrading performance
of the LR classifier. Thus, we only use PCA in conjunction with
SVMs in our subsequently reported results.
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4.1 Performance Metrics
We used receiver operating characteristic (ROC) curves and the area
under the curve (AUC) as our primary performance metrics in all
experiments, accompanied by confidence intervals (±1 standard
deviation). ROC curves plot the probability of false alarms (PFA)
versus the probability of accurate predictions (PD ) at varying pre-
diction thresholds ξ in (2). An ideal classifier presents PD = 1 for a
PFA = 0, and thus, an AUC = 1.

4.2 Results
We present results from two different experiments in this section. In
the first experiment, we compare our previous LR-based classifier
to our new SVM-based classifier at varying past observation τp
and prediction τf window lengths using only binary “aggression”
and “non-aggression” labels. In the second experiment, we use the
more detailed intensity of aggression labels, obtained by cluster
analyses on γ (NACC)

k features, to assess classifier performance as
τp is reduced.

Results of the first experiment are summarized in Table 2 for
τp ,τf ∈ [180, 120, 60] seconds. Fig. 2 present ROCs for the LR-
based (top panel) and SVM-based (bottom panel) classifiers for both
individual (colored dashed lines) and population (blue solid line)
models for [τp ,τf ] = [180, 60].

Table 2: Average AUC for individual and populationmodels.

Logistic Regression

Average AUC for individual models
τp (sec) τf = 60 τf = 120 τf = 180
180 0.84 ± 0.0369 0.84 ± 0.0327 0.86 ± 0.0293
120 0.83 ± 0.0444 0.85 ± 0.0314 0.85 ± 0.0310
60 0.80 ± 0.0550 0.82 ± 0.0447 0.82 ± 0.0453

Average AUC for population model
180 0.67 ± 0.0118 0.64 ± 0.0066 0.64 ± 0.0068
120 0.67 ± 0.0092 0.64 ± 0.0075 0.63 ± 0.0079
60 0.66 ± 0.0099 0.63 ± 0.0061 0.62 ± 0.0106

Support Vector Machine + PCA

Average AUC for individual models
180 0.97 ± 0.0044 0.98 ± 0.0161 0.98 ± 0.0122
120 0.94 ± 0.0256 0.94 ± 0.0256 0.94 ± 0.0231
60 0.76 ± 0.0598 0.77 ± 0.0487 0.78 ± 0.0557

Average AUC for population model
180 0.97 ± 0.0044 0.98 ± 0.0026 0.98 ± 0.0015
120 0.94 ± 0.0038 0.94 ± 0.0038 0.95 ± 0.0037
60 0.81 ± 0.0087 0.82 ± 0.0089 0.81 ± 0.0077

Results in Table 2 are aggression prediction accuracy levels ob-
served at different window lengths for both classifiers (LR and
SVM+PCA). At both individual and population levels, and across
both models, overall prediction performance degrades as τp de-
creases, yet remains constant as τf increases. When comparing
individual- versus population-trained models within each classifier,

it is evident that individual models have a greater impact for LR clas-
sifiers than SVMs models. Specifically, LR produces approximately
20% variability in accuracy between individual and population mod-
els. These results contrast with SVM classifier performance wherein
almost constant accuracy is observed across both model levels, ex-
cept for τp = 60, where the population model provides an accuracy
gain of approximately 6%. These results suggest that the flexibil-
ity of the SVM-based classifier at the population level minimizes
model bias and yields lower variance relative to those obtained
with individual models (see the ±1 standard deviation intervals
provided in Table 2). Comparing results between classifiers, greater
performance gains in the SVM-based method is evident at τp ≥ 120,
fluctuating between 9% and 13% for individual models and between
28% and 34% for the population model. At τp = 60, SVMs continue
to produce superior results to LR at the population level (ranging
from 18% to 23%), but prediction accuracy decreases by roughly 6%
at the individual level. These findings suggest that SVM benefits
more from observing data further in the past than LR, and that it is
possible to predict aggression with very high accuracy (up to 98%)
three minutes into the future using SVM.We highlight τp = 180 and
τf = 60 since these window lengths enabled the highest prediction
accuracy in our prior LR work [7–9, 16].

Finally, Fig. 2 presents LR (top panel) and SVM (bottom panel)
ROCs. In each panel, ROCs for individual (dashed lines) and popula-
tion (solid blue line) models are displayed for τp = 180 and τf = 60.
Again, we observe better performance with the SVM-based predic-
tor relative to LR. For instance, if we design our prediction system
with a PFA of 0.1 the PD at the population level is roughly 0.9 and
0.3 for SVM and LR models, respectively. Although LR results im-
prove at the individual level resulting in a PD ≈ 0.7, its variance
across different individuals is much larger than in SVM models.

The second experiment is summarized in Table 3 where AUCs
are presented for Low, Moderate, and High aggression intensities,
performed only at the individual level. Specifically, the ROC curves
were constructed by computing prediction probabilities (PD ’s) for
each individual aggression intensity class, resulting in the AUCs
presented in Table 3. One drawback to this strategy is that we
had to discard participants with very few observed aggressions
in each class in order to perform stratified CV. Overall, 7 of our
20 participants did not present with more than 4 instances of any
aggression intensity label and thus were removed. Results for the
remaining 13 participants are summarized in Table 3, where the
average AUC at the individual level is presented for τf = 120.1

Table 3: Average AUC for individual models (τf = 120).

τp (sec) Low Moderate High
180 0.96 ± 0.0292 0.98 ± 0.0183 0.97 ± 0.0224
120 0.92 ± 0.0447 0.94 ± 0.0390 0.94 ± 0.0512
60 0.71 ± 0.1252 0.74 ± 0.1138 0.75 ± 0.0914

Reviewing Table 3, we notice that conclusions made in the pre-
vious experiment regarding degradation of prediction performance

1We present results only for τf = 120 since τf = 180 resulted in even fewer partici-
pants available for analysis and results with τf = 60 led to equivalent results.
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Figure 2: ROC curves obtained with the LR (top) and SVM
(bottom) classifiers for the population (blue solid line) and
individual (dashed lines) models for τp = 3 and τf = 1 min-
utes.

as τp decreases holds. Furthermore, we note that prediction per-
formance decreases are noticeable across all aggression intensities.
However, prediction accuracy for high and moderate aggression
intensities is roughly 2 to 5% higher than results for low intensity.

5 CONCLUSIONS
This paper employed a kernel-based nonlinear classificationmethod-
ology and principal component analysis (SVM+PCA) to predict
onset of aggression using biosensor data in 20 psychiatric inpatient
youthwithmore severe forms of ASD. Our SVM results demonstrate
significant improvement in prediction performance (0.98 average
AUC) compared to the LR-based strategy (0.84 average AUC) we
published previously. Other key findings include extended per-
formance predicting aggression onset further into the future (i.e.,
three minutes opposed to one minute) and superior accuracy for
moderate- and high-intensity aggression episodes with shorter past
observational windows (i.e., one minute opposed to three minutes).

As a natural extension of the present investigation, we are cur-
rently working on assessing generalizability of the results we ob-
tained using kernel-based methods in a larger independent sample
of ASD youth. We are also exploring the development of a non-
homogeneous Poisson process model capable of providing a proba-
bilistic measure of aggression onset at longer future time intervals.

Finally, we are evaluating how well SVM can discriminate aggres-
sion to others vs. self-injurious behavior vs. perceived emotion
dysregulation without aggression (i.e., multi-class prediction).

The advantages of biologically based tools to identify processes
that underlie behavioral dysregulation in youth with ASD as it
unfolds during moments of escalation are numerous, including the
potential to enable real-time predictive alerts that facilitate preemp-
tive intervention strategies to help prevent or mitigate significant
behavior problems. Such capabilities would be especially useful for
those unable to provide reliable self-reports on their arousal states
that lead to aggression.
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