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Abstract

This volume contains the papers presented at the International Workshop DETERMINED 2022: Neu-
rodevelopmental Impairments in Preterm Children — Computational Advancements that was held at the
University of Ljubljana, Faculty of Computer and Information Science in Ljubljana, Slovenia on 26
August, 2022. The workshop, held in a hybrid mode, consisted of fourteen contributions: a keynote
speech given by Marinka Zitnik from Harvard Medical School and thirteen oral presentations based
on as many submissions accepted after a single-blind peer-review process. Each oral presentation was
complemented by a poster displayed throughout the workshop. The workshop organisers thank all
authors, contributors, and attendees to DETERMINED 2022.

Keywords
Preterm Children, Neurodevelopmental Impairments, Computational Advancements, Machine Learning,
PARENT project, scientific event, MSCA-ITN, Horizon2020, Workshop

1. Introduction

The first instalment of the DETERMINED 2022 international workshop was held at the University
of Ljubljana, Faculty of Computer and Information Science in Ljubljana, Slovenia on 26 August
2022. The workshop was held in conjunction with the machine learning training school that
has been organised in the framework of the PARENT project funded by the European Union’s
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Horizon 2020 research and innovation program under the Marie Sklodowska-Curie-Innovative
Training Network 2020, Grant Agreement N° 956394 (https://parenth2020.com/). The goal of
the DETERMINED 2022 workshop was to provide a unique forum for graduates, post-docs, and
other scientists to present and exchange new research and ideas for the advancement of early
diagnosis of motor and cognitive impairments in preterm children. This year the workshop
hosted an exciting keynote talk, oral presentations, poster exhibitions, and a networking event
to discuss such advancements.

DETERMINED 2022 was held in person with around fifty attendees. The whole workshop
was also streamed live via ZOOM.

2. Call for papers, submission, and peer-review process

The call for papers was published on the workshop website! and distributed to the researchers
via e-mails. The invitation to participate in the workshop aimed to gather contributions in terms
of research ideas, research results, or literature reviews exploring technological innovations
related to neurodevelopmental disorders, focusing primarily on preterm infants. Contributions
targeted the following areas but not limited to:

« Machine Learning for Preterm Neonatal Care Applications;
+ Big Data Analytics;

« Medical Image Processing and Signal Processing;

« Clinical Decision Support Systems (CDSSs);

» Precision Medicine;

+ Biology and Bioinformatics;

+ Neuroscience and Computational Neuroscience;

« 10T for Healthcare;

« Computational Modelling in Biological Systems and Medicine.

Authors submitted the papers to the workshop via EasyChair? conference management
system. The system was used also for gathering the reports from reviewers selected by the
scientific committee.

Each paper was reviewed by at least three independent reviewers through a single-blind
review process. Thirteen papers (out of 15 submitted) were accepted for an oral presentation at
the workshop.

3. Scientific Programme

DETERMINED 2022 opened with a keynote “Enabling scientific discovery using artificial intelli-
gence” given by Marinka Zitnik, an Assistant Professor of Biomedical Informatics at Harvard
Medical School. The keynote lecture was followed by the oral presentations given by the authors
of the accepted submissions. The presentations were organised in two sessions.

'https://parenth2020.com/2022-determined/
*https://easychair.org/
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The oral presentations were supported by posters that were displayed during a co-located
training event of the PARENT project and during the workshop.

3.1. Keynote speaker

Marinka Zitnik is an Assistant Professor at Harvard University with appointments in the
Department of Biomedical Informatics, Broad Institute of MIT and Harvard, and Harvard Data
Science. She studies applied machine learning with a focus on challenges in scientific discovery
and medicine. Her methods leverage biomedical data at the scale of billions of interactions
among millions of entities, blend machine learning with statistics and data science, and infuse
biomedical knowledge into deep learning. Problems she investigates are motivated by network
biology and medicine, genomics, drug discovery, and health.

Before joining Harvard, she was a postdoctoral scholar in Computer Science at Stanford
University. She was also a member of the Chan Zuckerberg Biohub at Stanford. She received
her bachelor’s degree, double majoring in computer science and mathematics, and her Ph.D.
in Computer Science from the University of Ljubljana. During her Ph.D. studies she was also
researching at Imperial College London, University of Toronto, Baylor College of Medicine, and
Stanford University.
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Abstract

Eye-hand coordination is a challenging skill to measure objectively, especially in children with motor
disabilities such as Cerebral Palsy (CP). The recent development of robotic technology provides non-
invasive tools for the simultaneous acquisition of eye and hand movement data. One such technology is
the remote eye-tracking and virtual-reality systems namely the Kinarm Gaze-Tracker™ installed in the
Kinarm Exoskeleton™. Unfortunately, no standard software interface exists to extract the data contained
in the Kinarm proprietary files for an efficient further analysis in common programming languages
such as Python. Additionally, in the standard Kinarm reports only hand movements parameters are
available, while eye movements are only stored as raw data files. These limitations lead to difficulties in
performing a complete analysis of eye-hand coordination in research settings. Additional problems can
arise in the case of missing data (due to loss of tracking). The software described in this paper allows
the extraction of the hands and eye-gaze time series for efficient further analysis directly from the raw
data. Furthermore, a study of the distribution of missing data is presented. Finally, this paper describes a
revised median filter application to deal with large windows of missing data.

Keywords

Eye-Gaze, Software, Median Filter, Unilateral Cerebral Palsy, Kinarm

1. Introduction

Cerebral Palsy (CP) describes, based on an international consensus, “a group of permanent
disorders of movement and posture, causing activity limitations, that are attributed to non-
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progressive disturbances that occurred in the developing foetal or immature brain. The motor
disorders of CP are often accompanied by disturbances of sensation, perception, cognition,
communication, and behavior, by epilepsy, and by secondary musculoskeletal problems” [1].
The development of movement capacity in addition to muscle tone and posture [1, 2] is affected
by brain injury in the prenatal, perinatal, and postnatal phase up to the age of two years [3]. CP
is a neurological disorder recognized as the leading cause of childhood motor disability and its
appearance is estimated from 1 to nearly 4 per 1,000 live births [1]. Children with CP develop a
wide range of conditions that may affect their functional abilities [4]. The clinical variability
of children with CP can be explained by the heterogeneity of the underlying brain injury [5],
which also affects the nonmotor pathways of the developing brain. Among these, the visual
network is often affected in children with CP [6]. This leads to impairments in visual function
[7] which is a prerequisite for typical eye-hand coordination [8] since it is crucial for planning
and performing movements [9, 10]. Therefore, children with CP also suffer from difficulty in
grasping objects [11].

Accurate reaching develops in children between 5 to 13 months of age [12] and is fine-tuned
over a longer period of several years (often more than 8) [12, 13]. In this process, eye-hand
coordination plays a fundamental role. Despite a large amount of research in this area, several
aspects of the development of eye-hand coordination remain unsolved in children with CP.
In addition to motor problems, 60 to 75% of children with CP also have visual deficits [14, 7].
Eye-tracker systems, which allow quantification of looking behaviour, nowadays are considered
a valid tool for investigating visuomotor coordination in CP children [15, 16]. Furthermore, their
implementation with robotic technology can provide an in-depth quantification of eye-hand
movement impairments in the pediatric neurological population. Previous studies [15, 16, 17]
attempted to quantify eye-hand coordination in children with CP using different methodologies.
Results showed that children with CP have increased visual attention towards the impaired
limb during object grasping and reaching [18, 17] and impaired anticipatory visual control in
eye-hand coordination when compared to typically developing children [15, 19].

One novel application is the use of the Kinarm Exoskeleton [20] which allows an in-depth
quantification of bimanual motor control during symmetrical and asymmetrical tasks and
the simultaneously recording of eye movements via the Kinarm Gaze-Tracker [21]. With
this technology, both motor and gaze measures can be seamlessly integrated for effective
experimental control and data analysis. To our knowledge, no previous work fully evaluated eye-
hand coordination in children with CP with the use of such a technology, although investigating
this relationship would provide a better understanding of the complex function of the visual
motor system. In addition, such results would provide useful information for clinicians and
researchers to be applied in diagnosis and possible rehabilitation settings.

The first step for such an analysis is the extraction of information, such as gaze and hands
parameters over the time course of a movement, from the Kinarm saved files. This is not a trivial
task as the data is stored in proprietary file formats, making the desired analysis very difficult.
This work addresses this problem and describes a possible solution. The contributions of this
paper are fourfold. First, it describes a software framework able to extract hands and eye-gaze
coordinates with time from the Kinarm Exoskeleton files as time series (a time series is, in its
most common occurrence, a sequence of points taken at successive equally spaced points in
time). Secondly, this work describes and discusses a variation of the median filter for data with



large windows of missing values. Thirdly, this paper analyses missing data windows in terms
of distributions of width and frequency of the gaps in the data in two separate cases. Finally,
it demonstrates the median filter variation described in this paper applied to two different
examples with very different distributions of missing data windows.

The paper is organised as follows. In Section 2, the Kinarm Exoskeleton and the eye-gaze
module are briefly described. The data and the median filter are also discussed and defined
respectively. In Section 2.4, the different tasks possible with the Kinarm exoskeleton are
described. In Section 2.6, the monitored parameters are listed. In Section 3, the Software is
described. In Section 4, the results are presented and in Section 5, the conclusions are discussed.

2. Methodology and Data

2.1. The Kinarm Exoskeleton

Data collection was carried out with the Kinarm Exoskeleton Lab (BKIN Technologies, Kingston,
ON, Canada) [20] combined with an integrated EyeLink 1000 Plus eye tracking system (SR
Research, Ottawa, ON, Canada) [21]. The Kinarm Exoskeleton can be seen in Figure 1. The
Kinarm Exoskeleton Lab (BKIN Technologies, Kingston, ON, Canada) allows movement of the
arm in the horizontal plane such as flexion and extension of the shoulder and elbow joints
[20]. The hands are free to interact with objects in the environment surrounding the subject.
Patterns of joint motion are recorded and the system computes muscular torques, allowing the
study of upper limb movement and coordination. The use of Kinarm Lab’s operating system
and its control software, Dexterit-E1M [20], allows data collection in a user-friendly way. At
the end of each experimental task, reports can be extracted from the Dexterit-E™ software in a
Comma-Separated Values format (CSV) where a division in LEFT and RIGHT-hand parameters
is available.

2.2. Eye-Gaze tracking system and parameters

Eye tracking and gaze estimation systems are well-established techniques used to study eye
movements and position, both in clinical and research settings [22]. In eye tracking systems, the
eye position is calculated through different sequential steps (detection of the eyes, interpretation
of eye positions, and frame-to-frame tracking) with the help of the pupil or the iris centre [23].
Gaze estimation, that is, the process made to estimate and track the 3D line of sight, is calculated
from the analysis of eye movements through a device called gaze tracker [23]. A gaze tracker
simultaneously records the location of the eye position and its motion to determine the direction
of the gaze [24]. The EyeLink 1000 Plus system (SR Research, Ottawa, ON, Canada) integrated
into the Kinarm Exoskeleton Lab (BKIN Technologies, Kingston, ON, Canada) allows recording
binocular eye movements at up to 2000 frames per second. Camera images are processed using
a real-time operating system from which gaze data is recorded. More information on the eye
gaze estimation system can be found in the work of A. Kar et al. [25]. Eye tracking systems
allow the quantification of different types of eye movements such as fixations, saccades, and
smooth pursuit.



Figure 1: Kinarm Exoskeleton Lab (BKIN Technologies, Kingston, ON, Canada) [20] with integrated
EyeLink 1000 Plus system (SR Research, Ottawa, ON, Canada) [21].

This paper will specifically focus on the data used to estimate fixations and saccades [26].
A visual fixation is the maintenance of gaze in a single location or area [27]. Fixations phases
are defined as moments where the eyes are stationary between movements while the visual
input occurs. A saccade is a quick and simultaneous movement of the eyes between phases of
fixation in the same direction [27]. Saccades are mainly used for orienting the gaze towards an
object of interest. They can be triggered voluntarily or involuntarily, with both eyes moving in
the same direction.

Fixations and saccades can be quantified in terms of different parameters which can be used
for further analysis (i.e., eye-hand coordination). The mathematical algorithms to compute
them are not discussed in the present paper. For further information, the interested reader can
refer to the following papers [28, 25].



The data output from Kinarm software includes gaze position (x and y positions), gaze
direction, pupil position (x, y and z positions) and area, time stamps, and events such as start
and end of fixations and saccades. The Kinarm software automatically saves these features in
stored files, making them available to researchers. If necessary, averages and other statistical
analyses of the available metrics are then possible. Additionally, by adding the formerly listed
features, the parameters mentioned below can be calculated.

Fixations and saccade parameters include:

« Fixation Duration - total duration of a fixation in seconds.

« Fixation Area - position where the fixation is recorded in meters.

« Saccadic Peak velocity - the highest velocity recorded during the saccade in metres per
second.

+ Saccadic amplitude - the horizontal displacement during eye movement in meters.

« Saccade Duration - total duration of a saccade in seconds.

+ Gaze latency - time taken from the appearance of a target to the beginning of a saccade
in response to that target in seconds.

« Gaze Accuracy - the average distance between the target and the participant’s eye position
in meters.

2.3. Data

In the present paper, data from two subjects, namely A and B, are discussed. Both participants
have been diagnosed with unilateral CP (mean age: 11y4m). Test subjects are chosen only if they
have minimal ability to actively grasp and hold an object and sufficient cooperation to perform
the assessments. None of the participants received botulinum toxin injections six months before
testing or had a history of arm surgery two years prior to the assessment. Each experimental
session lasted about one hour. After the experimental session, the data were anonymised and
extracted from Dexterit-E™ software in a Comma Separated Values (CSV) format where a
division in the left and right upper limbs and the left and right eye gaze parameters is available.

The available records for this study consist of two separate file groups: group A is defined
as the group that contains the first cohort of experiments, and group B is the second group.
Both groups contain eight files for the three different tasks studied: Ball On Bar task (2 files),
Object Hit task (2 files), and Visually Guided Reaching task (4 files). The files of the second group
contain incomplete and damaged data: missing values are detected for the Gaze X and Gaze Y
positions. In addition, the remaining values translate into a different gaze behaviour.

A comparative view of the gaze behavior in the three tasks can be seen in Figure 4. Due to the
individual differences in the task protocol and the numerous rows that make up the experiment
dataframes, the CSV files are of various sizes. In Table 1, the average total lines and the size of
the CSV files related to subjects A and B are reported.

Size differences are directly correlated with the duration of recorded trials ( number of
attempts) on tasks (i.e., exercise type).



Table 1

Time series length from groups A and B. The Average file size is the total length of the CSV file, the
Average total lines represents the average line count of a type of task, and the Maximum size is the
maximum line count.

Exercise type Average file size  Average total lines Maximum size
Ball On Bar 81032 79 918 130 621
Object Hit 15274 10 427 28 080
Visually Guided Reach. 49 787 46 002 107 427

2.4. Experiment tasks and datasets differences

In this paper, the focus is on three custom experimental tasks (i.e., Kinarm standard test-KST),
namely, the Ball On Bar, Object Hit, and Visually Guided Reaching task. Each task is standardised
and performed with the Kinarm Exoskeleton, allowing the assessment of upper limbs’ motor
control and the simultaneous acquisition of eye-movements data [29]. A description of the KST
taken from the Kinarm manual is provided below.

Ball On Bar The Ball on Bar task assesses the ability of subjects to perform a motor activity
that requires coordination of the two arms. [30] A virtual bar is presented between the
subject’s hands, and a virtual ball is placed on the bar. The objective of the task is to move
the virtual ball on the bar to successively presented targets as quickly and accurately as
possible.

Object Hit The Object Hit task [31] assesses rapid motor skills throughout the workspace. It
is developed to assess the ability of a subject to select and engage in motor actions with
both hands over a range of speeds and a large workspace. Good performance requires the
ability to generate a goal-directed motor action on a moving target, bimanual planning to
select which arm to use to hit each object, and spatial awareness across the workspace.

Visually Guided Reaching The purpose of the Visually Guided Reaching task is to quantify
voluntary control directed toward the goal [32]. This task assesses visuomotor response
time and arm motor coordination. During this task, a central target is presented, and the
subject must move a cursor (white circle) representing hand position to this target.

For each task, the Kinarm software can automatically compute a standard report (SR), as
well as a CSV file [33]. CSV files contain a metadata header with calibration and experimental
set-up information such as the Kinarm experiment instructions, the accessories used and the
calibration values. The file header also includes the definition of all recorded channels that
measure features with their unit of measurement. For each task, a different number of trials
are presented, namely an attempt to accomplish the exercise. Note that the number of trials
varies depending on the task exercise in both groups (A and B). For the Object Hit task, there
is a single trial in each file. A total of 1 to 3 trials are presented for the Ball On Bar, and 1 to
24 for the Visually Guided Reaching task. In the trial information, the different time series are
provided in terms of a dataframe where each row contains the data measured at a given time in
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milliseconds. Rows are separated by 1 ms intervals. The individual trials also include a trial
header with several lines regarding metadata that needs to be removed in pre-processing.

2.5. Files processing

The experiment files are presented as CSV files containing dataframes. In this case, the columns
are the measured kinematics features, and the rows are the individual values of each frame
saved. The extraction process allows the reading of the dataframes contained as raw content.
Furthermore, the goal is to obtain the experiment data as time series. In the files, each trial
is represented as a separate dataframe. The pre-processing algorithm allows us to extract
these dataframes by splicing the CSV files and removing the general metadata header and the
individual trial headers. This is done for each of the four possible tasks. The methods involved
can be used for new experiment files to automate the analysis.

Table 2
Parameters of interest selected from the list of features.

Parameter (measurement unit) Definition

Sample duration (s) Interval between each data sample taken
Sample count Total number of data points for each measurement
Frame number Individual identifier of each row in the dataframe

Unique timestamp to each row.

Frame time(s) Starts at 0 for each trial

Event name Name of the event, automatically given by Kinarm

Event time (s) Frame time of the detected event

Right and left hand

... Position of each hand, X and Y component
position (m)

Gaze position (m) Gaze position in global coordinates, X and Y component

Right and left hand

speed (m/s) Individual speed of each hand

Right and left hand

. 9 Individual acceleration of each hand
acceleration (m/s®)

Ball position (m) Only for Ball-On-Bar exercises, ball X and Y position on screen

Ball relative position (m) Only for Ball-On-Bar exercises, ball relative position on the bar

2.6. Monitored parameters

The features of interest used for visualisation and analysis are listed in Table 2. Note: the total
real time of each trial is equal to sample count multiplied by sample duration. It can also be
retrieved by looking at frame time in the last row of the selected trial. All tasks from both file
groups are saved in a single trial (that is, in one dataframe). Some files contain more than one



trial: in the first group of files, the two Ball-On-Bar tasks include, respectively, 3 and 2 trials,
and the two Visually Guided tasks include 3 (for the child practise set) and 24 (for the complete
exercise) trials. And in the second group, two out of four Visually Guided tasks contain 9 trials.

2.7. Analysis of Missing Data in the Eye-Gaze Measurements

As mentioned in Section 2.3, some of the experiment data lines contained in the CSV files of the
second group of files appear incomplete. The features presented previously require continuous
data to study the detailed actions of gaze and hands. In practise, the missing values detected
in the files make a complete analysis and visualisations impossible; since both gaze and hands
position data in multiple time windows are missing. Indeed, events like fixations and saccades
cannot be entirely detected and understood when positions are only partially saved during a
given time window. As a first step, the number of extended regions of continuous missing data,
or gaps, are counted and their respective lengths measured. Depending on the type of trial,
the complete length of recorded experimental data changes, but it is possible to estimate the
percentage of missing data for each trial to quickly quantify the impact on the final analysis.
And this is possible for each experiment regardless of the length. This result is represented in
Table 3.

Table 3

List of the nine trials contained in the CSV report file of a Visually Guided Reaching task for group B.
The Average gap size column shows the rounded averages over all the detected gap sizes of size 1 and
more. The amount of gaps detected in a trial is noted in the Gaps count column. Max gap size contains
the size of the largest gap in the trial. Not a Number values (NaN values) column contains the total
amount of NaN values in each trial, the Total length column contains the time series entire length.

Trial ID  Average gap size Gaps count Max gap size NaNs values Total length  NaNs %

0 181 3 281 543 3353 16.2
1 98 10 318 980 8414 11.7
2 60 9 192 539 5857 9.2
3 126 9 576 1132 4838 234
4 41 32 228 1299 8258 15.7
5 65 10 222 654 6665 9.8
6 65 36 1051 2355 8880 26.5
7 200 1 200 200 1269 15.8
8 210 1 210 210 2586 8.1
Mean 116 12.3 364.2 879.1 5569 15.2
Std Dev 62 12.1 267.7 633.9 2591 6.0




The selected example file from a task of Visually Guided Reaching in group B contains 9
separate trials, all of which are made of a large amount of NaN values. The minimum value of
missing values is 8.1% (in trial 8) of the total data points, while the maximum is 26.5% (in trial 6).
The mean proportion of missing values over the 9 trials is 15.2%. The example is representative
of group B, where each file contains randomly placed NaNs gaps of various sizes.

Table 4

List of trials containing gaps from a CSV report file of a Visually Guided Reaching task from group A.
The file contains 24 trials, of which only 4 contain NaN values represented in the table. The remaining
20 trials do not contain gaps or a single NaN value. The Average gap size column shows the rounded
averages over all the detected gap sizes of size 1 and more. The amount of gaps detected in a trial is
noted in the Gaps count column. Max gap size contains the size of the largest gap in the trial. NaNs
values column contains the total number of NaN values in each trial, the Total length column contains
the time series entire length.

Trial ID  Average gap size  Gaps count Max gap size NaNs values Total length  NaNs %

4 24 1 24 24 5559 0.4
10 104 1 104 104 4941 2.1
20 144 1 144 144 5303 2.7
21 83 1 83 83 4312 1.9
Mean 14.8 1 14.8 88.7 4177 1.8
Std Dev 43.3 0 43.3 43.3 1340 0.8

2.8. Median Filter

To preserve the recorded data saved in the incomplete files and to reduce noise, a median filtering
technique is applied. The method is compatible with missing data. Due to the noise reduction
obtained, the local trend can be preserved by replacing incorrect data. The median filter
eliminates extreme or empty values without having to do a mean averaging of the neighbour
values, which would heavily impact the correct values. Although typically used for image
pre-processing [34], the algorithm can be applied to one-dimensional signals [35] as is the case
here. When used on one-dimensional input, the process is simplified : the neighbourhood
includes values before and after the index.

Definition 1. Given an array of M values (Xq, ..., Xjp), the median filter (MF) of size Q (in this
paper Q is taken to be odd for simplicity of notation) is a mapping RM — RM. By defining
Q = 2n+ 1, the output of the MF will be an array with elements Xl-f given by

Xl-f = median({X; — n, ..., X; + n}) (1)

The median filter algorithm replaces each individual value X; (starting from i = n) of the original
array by the median of the following and previous n values. The window or filter size of total
size Q defines the amount of neighbour values considered to compute the new filtered signal x/.
Since there are no values preceding the first and last elements of the signal, the first and last values
are repeated until enough values are reached to fill the window.



Figure 2 shows an example of the median filter applied to a hypothetical data set with some
quantity (x;) measured at specific time points t,,. In Step 1, a time window is selected (in Figure 2
the selected time window includes the time points £, to t5). In Step 2, the values are sorted, and
the median value is selected (Step 3). The time window then moves along the entire data set.

Step 1 Step 2 Step 3

Time Position

tl LU1:3

to T2 =06 3 2 z6 =1 Median Filter
ts  a3=4 _§ Zlzye=3 Output
ty Ty = 3 é z T3 4 xr3 = 4
[} [}
t5 Iy = 7 § g D) E 6
H wn
te g =1 x5 =T

t7 1'7:2

tn Ty =8

Figure 2: Diagram of an example application of the median filter to a hypothetical dataset. A hypo-
thetical dataset with some quantity (x;) measured at specific time points ¢, is considered. In Step 1, a
time window is selected (in this example the selected time window includes the time points ¢, until ).
In Step 2, the values are ordered, and the median value is selected in Step 3.

The median filtering is applied to the experimental data in Figure 5, with two filter sizes
presented. Fixations and saccades rely on specific windows of gaze position. It is important to
note, as a downside, the risk of losing short movement detections as the filter size selected gets
larger. Movements shorter than the filter window might be lost. This is a risk in the time series
containing gaze positions if the filter is longer than some of the actual events happening within
the task. The window size choice is an important parameter further developed in the article.

2.9. The Median Filter for Large Windows of Missing Data (MFLWMD)

A statistical analysis of the features of saccades and fixations is made difficult, if not impossible,
when large windows of missing data are present. The most appropriate solution is to split the
time series each time a gap larger than a specific size is encountered. As a possible solution
to the presence of large windows of missing data, the following median filter application is
presented. Given a certain measurement of a generic quantity x; (for example, the x coordinate
of the eye-gaze) at various t; time points (for i = 1, ..., M). A median filter of size n can be applied
by sliding a window of size n on the measured data. Let us also suppose that M € N windows
of missing data, in which gaps of size s; are present at various positions along the array x;. If
a missing data window is encountered, there are two possible scenarios. Let us indicate with
g € N an integer that can be called threshold.
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1. s;=g: the array x; is split at that point and every calculation of the statistical estimators is
stopped. The two parts are considered for all purposes as separate files.

2. 5; < g the median filter can be applied simply by removing the missing data and consid-
ering only the available values.

The best choice of g is, of course, related to the median filter window size. g should be larger
than n to make this proposed variation of the median filter meaningful. From the available
missing values files and experiments, and since the filters span across windows of size n, the
authors propose that a good choice is g = 2n to 3n. If the threshold is less than n, complete
missing value gaps are never considered since the filter size will cover all possible cases. On the
other hand, if the threshold is greater than 3n the starting and end points are considered too far
apart for the filter to sufficiently fill the gap considered.

3. Software Functionalities

The KinarmPython extraction library presented in this article, called KiPy, can read CSV files
generated from the Kinarm Dexterit-E™ software [33] and support their analysis. The software
provides the user with the ability to parse all accessible kinematics logs. Concerning the research
questions previously mentioned in Section 2.3, the software extracts relevant information and
can create visualisations which can also be easily changed by the user. The tool currently uses
command-line scripts and Python functions; the goal is to keep it simple, configurable, and
performant. The application is written in Python 3.8 and requires the additional Pandas, NumPy,
Pickle, and Matplotlib libraries. It is open source and is available on GitHub [36]. Once the files
are read, all metadata are excluded, and the remaining data are read as a Pandas DataFrame. The
Pandas DataFrame is an efficient data structure to store structured data and provides powerful
functions to filter and search for specific rows of columns.
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Figure 3: Software Component Diagram. The main components of the software package KiPy are
depicted in this Figure. The different parts (sub-packages, notebooks, functions and classes) are repre-
sented with different colors explained in the legend. Further documentation is available online [36].
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main library

From the extracted dataframes, the algorithm accesses the visual data events. For each trial,
the duration and count of all the events are given. This information can be further used to
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analyse the frequency of the events over a single trial, a complete experiment, or a group of
experiments (e.g., the events statistics for a given type of experimental task).

4. Results
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Figure 4: Gaze comparison: group A and B. Group A and group B tasks are represented on the left and
right sides, respectively. Numbers 1 to 2 represent X and Y movements of the gaze on the Ball On Bar
tasks. The ball position is shown in dotted grey lines. Numbers 3 to 4 correspond to an Object Hit task,
and numbers 5 to 6 correspond to the Visually Guided Reaching task.

4.1. Eye-gaze and Hand Position Data

The central idea behind the software tool is to give the user the ability to read the CSV files and
visualise and analyse the Kinarm experiments. The software makes it possible to first, given
any task input, visualise the movements of the gaze and hands. The visualisation can be done
with both static plots and animations. Animations are short videos that the user can produce at
a chosen speed. Examples of visualisations can be seen in Figure 4 for gaze movements and in
Figure 6 for hands movements over the duration of the task in the three different tasks. The
figures display the differences between the two groups of files. One can identify gaps of missing
values, saved as NaNs in files, and numerous peaks, hence the name of noisy flickering data.
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4.2. Median Filter Application

Examples of the distribution of NaN gaps in gaze time series are presented in Tables 3 and 4.
The examples selected are described with a precise description of the impact of the missing
values. The difference is comparably significant over all the tasks and trials. In group A of the
files, only 17 of 65 total trials contain missing values, and the average proportion of missing
values within the 17 affected trials is 2.8%. However, 29 of the 29 trials in group B have missing
values, which represent 18.8% of the total trial values on average. Due to the high variation
rates and missing values in group B, the median filter technique was developed and applied to
gaze X and Y time series of this group. An example of a median filter application is shown in
Figure 5. In each of the three panels, missing data points are not replaced by the median filter.
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Figure 5: Median filter application: two different filter sizes applied to a Ball On Bar task result file. In
this example application, extreme flickering values are effectively removed. On the left panel are the
original Gaze X and Y over time. On the center panel a filter of size 140 is applied. On the right panel
the filter is of size 500. The filter is centered on the current value if this value is not a NaN, as presented
in Section (2.8).

Two different filter sizes are applied: 140 and 500, respectively, on the centre and right panels,
with the filter centred on the replaced value. On the gaze Y, the range of values went from
0.0-0.83, to 0.17-0.61 in the 140-filtered time series, and to 0.22-0.46 in the 500-filtered time series.
A similar result is obtained for the Gaze X values. Although some flickering outliers remain
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in the 140-filtered time series, they are all smoothed in the 500-filtered time series. In this
example, the smoothing appears to be effective. In practice, a 500-sized filter may be damaging
for some tasks since it represents half a second of gaze movements; ruling out the gaze events
with shorter durations. The filter of 500ms is used here as a display example of a high value.
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Figure 6: Hands movements comparison: group A and B. Group A and B tasks are represented on the
left and right sides, respectively. Number 1 to 2 represent X and Y movements of the hands on the Ball
On Bar tasks. The ball position is not plotted for visibility. Numbers 3 to 4 correspond to an Object Hit
task, and numbers 5 to 6 correspond to the Visually Guided Reaching task. In black: left hand position,
gray: right hand position.

5. Conclusions

Eye movement tracking combined with bimanual motor movement recording allows a com-
plete experimental analysis during symmetrical and asymmetric tasks. From the combined
measurements, precise parameters can be extracted and analysed. In this paper data extracted
from measurements obtained with the experimental setup described in Section 2.1 and 2.2, is
used to highlight the possible applications of the KiPy software analysis library. For each task,
it is possible to extract the recorded parameters, including the gaze and hands positions with
the timestamp, thanks to various automated functions. Additionally, statistics of ranges of
movements and speeds can be individually calculated. If files with flickering and missing values
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are present, the software can smooth the flickering signals, detect the size of missing value gaps,
and effectively count the number of consecutive data sections. The visualisations and statistics
on incomplete experimental data are therefore possible, allowing the analysis of all datasets,
including those that present a high percentage of missing data. In the available data, half of the
files displayed such problems.

The ability to obtain as much information as possible from the experiments is crucial. The
variation of the median filter described in this paper can be applied to all kinds of datasets. To
derive an optimal strategy for the choice of the parameter Q, more experimental and different
data will be needed. This analysis is planned for a future publication.

To the best knowledge of the authors, no previous work has looked at the automatic detection
and filtering of missing data in Kinarm report files. With access to more statistical samples, the
KiPy software can be confidently used to extract the desired features and make the analysis
much more robust. The authors plan to use and apply the KiPy software to the analysis of a
larger dataset to study the eye-hand coordination in a group of children with unilateral cerebral

palsy.
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Abstract

Brain injury in preterm infants is associated with a high risk of neurodevelopmental disability. One of
the most frequent forms of brain injury is white matter injury. The largest white matter structure is the
corpus callosum and measurements of this structure have been associated with white matter volume.
Consequently, quantification of the corpus callosum could provide an insight into the white matter
injury related to preterm birth. However, manual measurements require an experienced rater, are highly
time-consuming and suffer from high inter- and intra-rater variability.

In this paper, we present an automated method for measuring the corpus callosum on T1-weighted
images of children, and we evaluate the model in terms of accuracy performance. Automatic measure-
ments of the anterior area, posterior area and length of the corpus callosum have a good intraclass
correlation coefficient while relatively low absolute error compared to the same measurement performed
manually by an expert child neurologist.

Keywords

MRI quantification, follow-up of preterm infant, corpus callosum, white matter injury

1. Introduction

Brain injury in preterm infants is associated with a high risk of neurodevelopmental disability
[1]. White matter injury (WMI) is one of the most frequent forms of brain injury in this
population [2]. It includes a spectrum of lesions from periventricular leukomalacia (PVL) to a
diffuse pattern of WMI [2]. WMI is associated with adverse neurodevelopmental outcomes, for
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example, around 10 % of infants with very low birth weight (those born with 1500g or less ) that
develop PVL later exhibit cerebral palsy and 50% have cognitive and behavioral deficits [3].

The corpus callosum (CC) is the largest white matter (WM) structure and has a key role in
interhemispheric functional connectivity [4]. As a result of the importance of this brain structure,
the CC is defined as a region of interest in several assessment tools of brain abnormality in
preterm infants[5] and children [6]. In addition, this WM structure is associated with WM
volume in children with cerebral palsy [7].

Consequently, quantification of this structure could provide an insight into the WM injury
related to preterm birth. In spite of the potential of manual quantification of CC [8, 9], these
manual measurements require an experienced rater, are highly time-consuming and suffer from
high inter- and intra-rater variability [10].

In contrast, artificial intelligence-based software for analysing magnetic resonance images
(MRI) has proven to be highly successful in boosting accuracy and increasing time efficiency.
In a systematic literature review, Cover et al. summarized the methods for segmentation and
parcellation of CC divided in model-based, region-based, thresholding and machine learning
[10].

A semi-automatic segmentation tool via constrained elastic deformation of flexible Fourier
contour model was applied to a pediatric dataset [11]. Despite the high reliability of the method
segmenting the CC (test-retest intra-class correlation coefficient of 0.99), user interaction is
required to correct the automatic segmentation. The development of a fully automatic tool for
quantification of CC in pediatrics is delayed significantly due to considerable challenges such as
partial volume effect, intensity inhomogeneity, extremely variable anatomy, and image artifact
(e.g. ghost artifact).

In this study, we aim to overcome these challenges and propose a novel methodology that
automatically quantifies the CC and its subregions. Moreover, we will evaluate the performance
of these measurements compared with those obtained by manual segmentation.

2. Dataset and methods

2.1. Dataset

The dataset is composed of 65 MRI
scans from patients that had been

admitted at the Neonatal Intensive Table 1: Demographics of the dataset

Care Unit after being born preterm. # Patients 65

These scans were performed during Sex Female (%) 36 (55.3%)

the follow-up of these children at 8 Age (min-max) 8.48 (6.37-10.25) years

years of age. Gestational Age at birth (min-max) 29.6 (24.0-34.0) weeks
T1-weighted (T1w) images were Birth Weight (min - max) 1325 (550 - 2345) g

acquired at the Hospital Puerta del Birth Weight<1500g (%) 48 (73.8%)

Mar, Cadiz, using a Siemens Sym-

phony 1.5T MRI system with two different scanning parameters (repetition time = 1910 ms,
echo time = 3.5 ms, flip angle = 15 degrees, voxel, size = 1z121 mm3) and (repetition time = 2200
ms, echo time = 3.25 ms, flip angle = 8 degrees, voxel, size = 0.520.521 mm3). Two scans were
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excluded due to low image quality. Table 1 summarizes the main demographic characteristics
of this population.

2.2. MRI analysis

Automatic quantification of the CC from a T1w image was performed in several steps. Figure 1
illustrates the steps proposed in this algorithm. Below, we describe the different steps in detail.
Wh‘rt alter

a
4
&
"
v

T1w Image Corpus Callosum Midsagittal plane Result

Pediatric - Optimal
Icobrain ». Slice

Figure 1: Main processing steps of the pipeline to obtain the automatic measurements of the corpus
callosum

2.2.1. Pediatric icobrain

Pediatric icobrain is a model optimized for the pediatric population that is based on the medical
device software of icobrain adult pipeline. In summary, the icobrain adult pipeline works as
follows: After skull stripping, bias correction and atlas to image registration, the T1w image
is segmented optimizing a Gaussian Mixture Model that considers the image intensity, the
spatial prior knowledge, the intensity nonuniformities and the spatial consistency [12]. As
icobrain is an adult-based pipeline, it was modified to be used for pediatric patients by including
age-specific pediatric atlases [13, 14] . Automated segmentation of WM, CC and vermis of the
cerebellum was performed on the T1w MR scans using the Pediatric Icobrain model.

2.2.2. Selection of the Optimal Slice

CC is well defined in the 2D midsagittal plane. However, this structure can not be defined in
the axial plane and coronal plane since there is not a discontinuity in the WM tracks. Therefore,
structural measurements of the CC are performed in the midsagittal plane.

Midsagittal plane is the sagittal slice in which the 4th ventricle and the vermis of the
cerebellum are maximally visible. Taking into consideration these prior anatomical landmarks,
we used the argmax algorithm to select the midsagittal plane as the sagittal slice with maximum
area of vermis.
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argmazx f(x) :={z: f(s) < f(z)foralls € X} (1)

T

where f(x) denotes the amount of the vermis in an z sagittal slice and X the complete set of
the sagittal slices.

Alignment with the horizontal axis. As there is considerable heterogeneity in the CC
orientation within healthy brains, mainly following the orientation of the brainstem, expert
readers typically align all the CC by manually defining the anterior and posterior points of the
CC. The proposed algorithm takes advantage of the morphology of the CC to mimic this manual
process. Firstly, the contour of the segmentation was fitted to an ellipse. The major axis of the
ellipse represents the maximal anterior-posterior distance of the CC and therefore, it can be
used to rotate and align all the images (see Figure 2). Alignment of all the images using the CC
anterior-posterior axis facilitates the visual interpretation of the parcellation while enhancing
the explainability of the algorithm.

T1 Original T1 Rotated

Figure 2: Midsagittal plane of T1-weighted image. Note how the corpus callosum is aligned with the
horizontal axis by capturing the anterior-posterior axis of this structure with an ellipse fitting.

2.3. Post-processing

Several post-processing steps were conducted in order to fine-tune the segmentation of the CC.

Prior Anatomical Knowledge of the CC defines WM as the only tissue in this structure.
Consequently, this anatomical knowledge was forced into the CC segmentation.

Smoothing of the contours. Alignment of the CC requires a rotation and therefore, an
interpolation (bilinear), producing noisy sharp edges in the contour of the CC (which does
not represent the anatomy of the structure). This noise was removed using a morphological
operation of opening.

CCoK=(CCoK)®K ()

where o denotes the morphological operation of opening, which is just an erosion ' & followed
by a dilation 2 @, K denotes a 2x2 kernel.

!Erosion. The value of the output pixel is the minimum value of all pixels in the neighborhood defined by the kernel.
*Dilation. The value of the output pixel is the maximum value of all pixels in the neighborhood defined by the
kernel.
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Largest connected component. CC appears in the midsagittal plane as a single component.
However, in some patients the CC is over-segmented, capturing another WM structure, the
fornix. The selection of the largest connected component (i.e. the CC) removed the unconnected
segmentation of the fornix. This step has the potential limitation of removing an unconnected
region of the CC mask, although, as consequence of the robust pediatric icobrain pipeline were
atlas to image registration is used, there are no cases with an unconnected CC mask.

Equidistant parcellation and area computation The subdivision of the CC into smaller
regions, such as rostrum, genu, body and splenium, is known as parcellation [10]. Our parcella-
tion is based on the study by Park et al. [4], which was also used in prior manual segmentation.
The subdivision in 3 sub-regions is proposed in this work in order to be easily reproducible in
the clinical setting. In our model, a longitudinal division of 5 equidistant regions was computed.
These regions were then clustered as follows: the anterior region, including the rostrum and
genu; the central region, including the 2nd, 3er and 4th equidistant regions of the body of the
CC; and the posterior region, including the splenium. The anterior-posterior length was also
computed.

2.4. Statistical methodology

Accuracy can be defined as the degree of closeness of measurements of a quantity (e.g. area of
the CC) to that quantity’s actual value. In most cases, this actual value will not be known and,
therefore, the accuracy is assessed by comparing the measurements produced by the algorithm,
with reference values (ground truth), in this case, produced by an independent child neurologist.

Intraclass correlation coefficient (ICC) computes the reliability of measurements of two
raters (i.e. manual and automatic). We selected the two-way random-effects model with absolute
agreement. Interpretation of ICC follows the well-known guidelines presented in [15].

Mean absolute error (MAE) is a measure of errors between automatic and manual quantifi-
cation of the regions.

MAE:M (3)
n

where n denotes the number of patients, y; the measurement of the manual expert and ¢; the
automatic measurement.

3. Results

3.1. Quantitative analysis

The ICC (CI 95%) performance of the algorithm is not uniform in all the measurements, ranging
from 51.23 (2.03-74.06) for the central region to 94.77 (85.86 - 97.53) in the measurement of the
length. Automatic measurements of the anterior area and length show a good ICC with the
manual measurements with a relatively low percentage of mean absolute error (i.e. <10%). A
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more detailed description of this inter-rater reliability experiment can be seen in Figure 3 and

Table 2.
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Figure 3: Scatter plots illustrating the corpus callosum quantification compared to the manual quantifi-
cation of an expert child neurologist.

Table 2

Accuracy of the automatic measurements compared with expert manual quantification. The reference
for the Mean Absolute Error is the manual measurement

Region

ICC (Cl 95%)

Mean Absolute Error (%)

Anterior
Central
Posterior
Length

86.48 (76.25 - 92.08)
51.23 (2.03 - 74.06)

88.12(20.34 - 96.11)
94.77 (85.86 - 97.53)

16.33 mm2, (9,61%)
40.83 mm2, (21,12%)
16.40 mm2, (10,94%)
1.89mm, (2,79%)

The central region has a mean absolute error higher than 20%. As illustrated in Figure
4, measurements in this region have a non-zero difference due to an overestimation of the

automatic method.
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Figure 4: Bland—Altman plot of the corpus callosum measurements. Horizontal lines represent the
average difference and the 95% limits of agreement (i.e. average difference + 1.96 standard deviation of
the difference).

3.2. Qualitative analysis

Figure 5 illustrates the automatic parcellation of the CC in three patients. We can observe an
accurate segmentation in patients A and B. In contrast, in patient C, there is prominent thinning
of the CC producing an extreme variability from the healthy anatomy and consequently, an
inaccurate quantification (see red circle in Figure 5).

4. Discussion and conclusions

In this paper, we presented a preliminary evaluation of the proposed automatic method. Results
seem to be in line compared with other proposed methods, although direct comparison is not
possible as no other work computes the same region of interest.

Measurements of the anterior area and length of the CC have a good ICC while relatively low
absolute error compared to manual measurement of an expert child neurologist. In the posterior
region, the ICC is high although the poor level of reliability of 95% confident interval should be
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Normal Anatomical Variability Severe

Figure 5: lllustration of the corpus callosum parcellation for several anatomical variabilities.

further studied. These promising results allow a quantitative and objective future investigation
of the relationship between the anatomy of the CC and white matter injury related to preterm
birth.

In contrast, the automatic measurement of the area of the central region of the CC shows
a high error with respect to the manual measurement. This overestimation of the area is
consequence of the over-segmentation of the CC including the fornix in this central region.
Segmentation of CC without including the fornix is a complex task as both structures are similar
and proximal [10].

We have been able to show that the methodology has the potential to properly handle the
main challenges in pediatric quantification of the CC (e.g. intensity heterogeneity, minor image
artifact). However, in some cases where there is extremely variable anatomy (i.e. prominent
thinning of the CC) the algorithm under-segments this structure, proving an even lower vol-
ume quantification. Nevertheless, this low volume quantification also highlights the volume
abnormality.

The methodology will be further improved in order to face the mentioned challenges. The
pediatric icobrain block could be updated with a more advance supervised learning methodology
(i.e. deep convolutional neural networks) which will allow to remove consistent errors, such as
the over-segmentation of the fornix or under-segmentation in cases with extremely variable
anatomy, by adding new training cases [16]. Moreover, the current turn-around-time of 30
minutes could be potentially improved by removing the computationally expensive registrations.
In addition, the performance of the model could be further validated in a multi-center study
and the reliability could be assessed in a test-retest study. After these improvements and
additional validations, we will investigate the relationship of the CC measurement with the
clinical outcome and WM volume.
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Abstract

Premature birth exponentially increases the risk for impaired neurological outcomes later in life, and
early diagnosis is critical to optimise therapeutic options. There is evidence that oculomotor movements
can be used as biomarkers for cognitive impairment (CI) in adults and young children. The aim of this
study is to develop a prototype of a test battery using screen-based eye-tracking for detecting early
signs of CI in preterm children and monitoring their neurological development. The study will also
delve into identifying potential biomarkers of cognitive functions based on oculomotor movements
found in medical literature, and provide methods to design explainable features and models. Finally, we
summarise the most common experimental design practices, and propose an eye-tracking test battery
that, by combining different stimuli, could be able to measure CI in different cognitive domains.

Keywords

Eye-tracking, premature children, neurodevelopment impairment

1. Introduction

An estimated 15 million births in the world every year are preterm, amounting to 9.4% of all live
births [1]. Prematurity leads to an increased risk of altered neurodevelopmental outcomes in
childhood and adolescence (such as Autism Spectrum Disorder [2], altered brain development [3],
or cognitive and motor delays [4]), with many survivor children facing a lifetime of disability
[5]. Despite that advances in neonatal care have greatly improved survival of preterm born
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infants even at an extremely low gestational age, long-term neurodevelopmental outcomes have
not improved significantly. For this reason, early diagnosis is an important strategy that could
lead to a quick treatment and a wider array of therapeutic options.

There is evidence that oculomotor movements during specific tasks, such as smooth pursuit
(6, 7], reading [8] and dot counting [9] are biomarkers for impaired cognitive processes in
adults (e.g. linked to Alzheimer or Parkinson’s disease). In the case of children, eye-tracking has
been used to measure sensory [10], cognitive [11] and social [12] functions. Thus, a combined
eye-tracking test battery able to summarise the state of the patient’s cognitive development
appears feasible; and it would help identifying early signs of altered brain maturation and detect
a wider spectrum of symptoms.

The objective of this work is to summarise the current standard practices in test design and
data analysis, and to provide the reader with a handbook of eye-tracking-based diagnostics.
Moreover, we propose a novel testing paradigm that, by combining existing methodologies,
allows to monitor the neurodevelopment of young children. In the Sections 2-3 we describe
the state of the art in using a screen-based eye-tracking with children, highlighting the most
common issues and challenges of creating a test battery for very young patients. We will also
present existing eye-tracking test batteries based on machine learning [8, 13] used as part of
a clinical decision support system. In Section 4 we present a prototype of our combined test
battery for children (as young as 3 months corrected age) and briefly describe how data may be
parsed.

2. Related Work

The non-invasiveness of eye-tracking methods has made them a particularly appealing approach
with younger patients and has inspired a variety of works in the last two decades [14]. In
Section 3, we build upon the previous work by Venker et al. [15], which presents an overview of
using eye-tracking with children afflicted by Autism Spectrum Disorders, and Gredeback et al. [7]
which summarises how eye-tracking can be used to monitor neurodevelopment in children.
We review the state-of-the-art in diagnosing with oculomotor movements and highlight the
challenges of testing younger patients with eye-tracking.

Different test procedures have been used with children to measure cognitive functions such
as ability to smooth pursuit [10], attention [11], spatial inhibition [16], memory [17], and social
orienting [12], these works offer adaptations of existing cognitive tests to the eye-tracking
paradigm. An alternative approach is proposed by Oakes [18], who advises against using the
device to adapt tests that could be conducted by medical professionals and instead suggests
a more exploratory approach of gaze trajectories during everyday activities. Data disruption
is investigated by Wass et al. [19], where they describe how age can impact the quality of
eye-tracking data and design some strategies to preprocess raw data. Other factors that have
been found to influence data quality are eye colour [20] and head positioning [21]. Moreover,
as reported in previous studies [15, 10], standard calibration procedures can prove difficult with
younger patients.

Test batteries using oculomotor movements as a biomarker to detect cognitive impairment
have been employed with ageing patients for an early diagnosis of dementia [22, 13, 8]. With a
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similar approach, Kaul et al. relate eye movements during smooth pursuit to neuropsychological
tests taken at 6.5 years. These methodologies, once properly adapted by age group, provide a
blueprint for our combined test battery.

3. Eye-tracking tests overview

From a physiological point of view, there are three main types of eye movements: saccades are
very rapid movements that align a stimulus to the area of highest acuity (fovea), a fixation is
defined as the moment where gaze position is fixed on the image, usually between two saccades.
Finally, smooth pursuit is the type of movement where eyes remain fixed on a moving object
without saccadic activity and thus the gaze position changes slowly. Smooth pursuit develops
early in life [10] and it is a biomarker of cognitive functions [6, 23].

There are two main types of eye-tracking devices used in infancy research: head-mounted
and screen-based [24]. In the former case, the device is fitted on a helmet and can be carried as
the patient moves in an environment; in the latter case, the eye-tracker is fixed under a screen
where the stimuli are presented. In both setups the gaze is recorded by capturing the cornea
reflection of a small infrared light with a camera and reconstructing the person’s point of view.
Since we aim at creating a test battery that can be applied to patients as young as 3 months
old and a head mounted tracker could prove uncomfortable for infants, in this work we focus
our attention on the screen-based eye-tracker. This choice allows us to create different types
of tests for the same instrument and monitor patients during early development. Nonetheless,
both methods present advantages and disadvantages in a clinical setting and for an overview
we refer to [24].

In the next section we compare the setup and of medical studies using eye-tracking in children,
especially if preterm, describe tests batteries based on eye-tracking, and present how the data
can be parsed and analysed.

3.1. Patient setup and calibration procedure

During testing, the patient is seated comfortably in front of the screen from a distance that
varies from 60 cm [17, 25, 16] to around 120 cm [26, 10, 27, 11, 28], younger patients can be
positioned in either a baby seat by themselves [26, 16] or in their caretaker’s lap [10, 11]. Ben
Itzhak et al. [29] compile a set of good practices to follow when setting up the environment (e.g.
having natural light coming from the side). The authors warn about having the caretaker behind
the patient, which is a very common practice, since the eye-tracking device could erroneously
detect their gaze, and suggest to employ sunglasses to solve this problem. Another difference
that can influence analysis [19] is the sampling rate of the eye-tracker, which can reach the 300
Hz [26, 17] in a hospital setting but for a widespread application the commercially available 60
Hz sampling device is more affordable due to cost.

Calibration is an essential first step when using an eye-tracker. The participant needs to look
at different points spanning the entire screen, this allows the device to adapt to the patient and
map camera signals to gaze positions. For adults and older children (> 6 years) the procedure
poses no issue, the patient can simply be instructed to look at the dots. Thus, a higher (5 to
8) number of dots is used to ensure high precision in the measurements during testing, the

30



sufficient number of dots is suggested by the device’s manufacturer. In case of younger patients,
calibration becomes challenging since the participant cannot be instructed and might not pay
attention to the screen. The common solution employed [19, 10] is using a lower number of
points (2 to 4), substituting dots with attractive stimuli such as smiling faces and coloured balls,
and animating the stimuli and playing a rhythmic sound.

3.2. Type of stimuli and analysis

We divide the stimuli in three macro categories depending on the type of eye-movements the
test should elicit:

1. Smooth pursuit tasks present an object (usually a dot but sometimes a smile for younger
patients [10]) moving in a periodic pattern, usually a sinus wave [10, 22, 9] but some
works use in addition triangular waves [26, 6, 23]. The stimulus can move either in
one dimension along the horizontal or vertical direction [26, 6, 9, 22, 23] or in a circular
pattern to test both directions simultaneously [10]. One approach is to study smooth
pursuit from an input/output dynamical system prospective, with the moving stimulus
as input term and the gaze position as output [23, 10]. Features encoded within this
paradigm are inspired by dynamical systems and time series analysis (e.g. gain ratio,
phase shift, cross-correlation, and mean squared error between input and output). It is
detected that with high frequency stimuli often the patient starts compensating with
anticipatory saccades [9, 10, 23], in this case it is possible to separate the saccadic and
smooth pursuit contributions and analyse them separately.

2. Fixation and saccade tasks measure how quickly (time to first fixation) and how long
(looking time) the patient fixates on a new stimulus. This paradigm covers a wide variety
of approaches aimed at monitoring different cognitive functions, depending on the type
and timing of the stimuli. Attention tests measure reaction time to a stimulus given
different cues [11, 28, 25]. Memory capabilities are measured by presenting a pattern,
letting the patient get acclimatised to it, displaying the same image with some differences
and measuring the looking time to the novel stimuli [16, 17]. Social interaction is tested
by presenting images containing or not human presence and measuring the difference in
looking pattern [30, 12, 31]. The study by Oyama et al. [13] proposes an example of a test
battery consisting exclusively of fixation tasks, displaying the versatility of this type of
tasks.

3. General tasks that mimic everyday activities instead of adapting existing neuropsycho-
logical tests, and as such can elicit saccades, fixations and smooth pursuit. In contrast
with the other categories, in this case the objective is data exploration and the challenge
is feature design, since there is no well-defined cognitive ability under scrutiny. The
approach then consists in finding differences in gaze behaviours during complex activities,
and the challenge lies in designing suitable features and parsing methods without specific
domain knowledge. An example is given by paper [8], where the authors show that there
is a significant difference in reading behaviour between healthy and cognitively impaired
individuals when measuring reading time and the distribution of forward (right) and
backward (left) saccades.
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4. Combined test battery

Combining the works presented in Section 3 and building up from existing test batteries to
diagnose cognitive impairment in adults [8, 9], we present a first prototype of test battery
designed to identify and monitor cognitive impairment due to premature birth. The test is
appropriate for 4 months old participants and as such it contains no complex tasks and no
instructions.

The present study was conducted on 23 babies (10 females and 13 males, 15 term babies ranging
from 3 to 24 months of age, and 8 preterm babies ranging from 3 to 20 months of corrected age)
at the Hospital Universitario Puerta del Mar, Cadiz (ethical committee code PIEBA 0672-N-22,
register number 44.22). The babies’ caretakers voluntarily accepted to participate in the pilot
study after routine visits at the hospital. The aim of this pilot study is designing a first version
of a test battery to study the feasibility of employing eye-tracking to find statistically significant
differences in gaze behaviour of premature children. In particular, we investigate if the tasks
can be presented in a single session and how long we could feasibly keep the participant’s
attention. The considerations in the current paper are mostly qualitative, and data analysis is
left for future work. The setup is inspired by previous works in the field described in Section 3:
the procedure is conducted in a small room lighted from the side, the patient is seated on their
caretaker’s lap at 60 cm from a 24 inches computer screen. A simple seven points calibration
procedure using a sequence of white crosses as fixation stimuli proved to work correctly for the
majority of the patients, as such we do not employ different stimuli for the calibration process
in this test. All tests were conducted using a Tobii 4C Eye-Tracker working at 90 Hz.

The test battery is designed to measure responses across a wide variety of cognitive functions
while at the same time being short enough that an average young child will not become fussy
before the end. The test battery is comprised of the following tasks, which are presented on a
black background to offer the maximal contrast with the stimuli, and are interspersed with a
smile appearing at the centre of the screen to attract the patient’s attention:

+ Sensation task: a smooth pursuit task with a sinusoidal ~0.4 Hz one dimensional wave
and a smiling face as stimulus. The original study [10] reports that 5 months old children
are able to follow a smiling face in a circular movement and the optimal frequency to
minimise missing data is between 0.1 and 0.4 Hz. The movement is exclusively horizontal
since it develops earlier than vertical smooth pursuit [6, 9]. The stimulus remains on the
screen for a total of 8 s. Figure 1a shows an explicative diagram of the task.

« Attention task: this task takes inspiration from similar existing methodologies [11, 28]
to measure the response of the patient given a cue. First a smile appears in the centre
to induce a fixation, then an auditory aid accompanies a visual cue to one side of the
screen along the horizontal axis followed by an attractive target (the colourful image of
an animal). The cue can appear in the same position of the target (valid anticipation), in
the opposite side (invalid anticipation), in both sides (double) or not appear at all (baseline).
If the child inhibits correctly then we expect the valid modality to show faster reactions
time compared to baseline, while the invalid modality should be slower than both. A
summarising picture can be found in Figure 1b. The smile appears for 1.5 s followed by
the cue that lasts 100 ms, then after a 100 ms delay the target appears and remains on the
screen for 1 s.
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« Memory task: a task inspired by [17] that checks the predisposition of children to fixate
on novel stimuli. Two pictures are shown to the patient for 1 s, followed by a blank screen
lasting 500 ms, then the pictures are presented again with one of them substituted with a
new image and remain on the screen for 3 s. We use three types of differences to measure
what the child is able to identify: colour, shape, and faces. The face pictures are taken
from the London Set Dataset [32]. A summarising picture can be found in Figure 1c.

« Social orienting task: the aim of this task is measuring if the children displays social
responses to human stimuli, and is inspired by the previous similar studies [12, 31]. The
patient is presented with two pictures for 5 s, one containing a human face and the other
containing the front of a house, and the looking time to the former is measured. The face
pictures are taken from the London Set Dataset [32] and the house pictures are taken
from the DalHouses Dataset [33]. An example of how the task appears to the participant
can be found in Figure 1d.

« Face exploration task: in this task the patient is presented with the image of a human
face with a neutral expression viewed from the front and taken from the London Set
Dataset [32] (see Figure le for an example). Telford et al. [12] showed how the gaze
trajectories while observing a human face, and in particular the difference of looking
time with respect to the eyes and the mouth could be influenced by premature birth. In
total the face remains on the screen for 10 s.

Table 1
Order and duration of each task composing the test battery. The block described in the table is repeated
four times, for a total duration of 223.2 s.

Task Task duration | Cumulative duration
Smile 15s 15s
Sensation 7.5s 9s
Attention 2.7 s 11.7 s
Attention 2.7s 14.4 s
Attention 2.7 s 17.1s
Attention 2.7 s 198 s
Smile 15s 21.3ss
Memory (colour) 45s 258s
Smile 15s 27.3ss
Memory (shape) 45s 31.8s
Smile 15s 333ss
Memory (face) 45s 37.8s
Smile 15s 39.3s
Social orienting 5.0s 443 s
Smile 15s 458 s
Social orienting 10.0s 55.8 s

Each task is repeated four times and the test battery lasts approximately 223 s, which during
the pilot study appeared to be a time frame where we can expect the the children to be able to
maintain their attention. The timings of the singular tasks were kept as specified in the studies
that inspired them. Gaze trajectories acquired during the test battery are parsed and a first set
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of features can be computed following the original works that inspired the different tasks, as
found in Section 3.

(a) The sensation task shows a smile moving horizontally in a sinusoidal pattern.

Invalid

(c) The memory task. From top to bottom: colour, shape, and face differences.
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(d) Pictures appearing on the screen during the Social orienting task.

(e) Picture appearing on the screen during the Face exploration task.

Figure 1: Example of how the tasks appear on the screen.

5. Conclusions

In this study, we have reviewed current medical literature on the topic of eye movements and in
particular the recent advances in the application of eye-tracking to young children and infants.
We supplied a general guideline on how similar tests have been conducted: how the calibration
procedure should be modified to address the needs of younger patients, how to avoid fussiness
in the participant through a correct experimental setup, and how to optimise the quality of
acquired data. Then, we reported which stimuli can be employed to monitor neuropsychological
development in children. Finally, we presented a prototype transversal test battery that, by
combining and shortening existing experimental paradigms, might supply information on the
state of different cognitive functions in developing children.

Future works will consist in analysing the eye-tracking data obtained with the test battery by
defining features and comparing different classifiers. This analysis could lead to insights on how
to design the tasks, and may result in an improved test battery. Evaluation will be conducted
with different metrics (accuracy, Area under the Roc curve, explained variance etc.) and, by
integrating modern machine learning methods, we aim at improving current state-of-the-art
results. Moreover, we will judge our results by their clinical utility as per hospital requirements,
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and compare evaluation metrics to similar studies on adults.
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Abstract

Preterm birth is one of the leading causes of neurodevelopmental disabilities. Many efforts have been
made to improve the well-being and quality of life of preterm infants and their families, especially during
the first months of life. Several authors investigated cognitive impairments in children, such as social
disorders or attention deficit, using various remote eye-tracking techniques. However, this tool remains
poorly used in newborn infants, particularly in the first three months old children. Therefore, we aim to
create a neuropsychological test battery using screen-based eye-tracking that can also be used on the
above-mentioned population.

The aim of this study is to analyse the feasibility of the created pilot eye-tracking test battery and
the suitability of the different stimuli used. We also investigate how the current paradigm evolved based
on observations made during data acquisition, and how it was modified to achieve an appropriate test in
terms of composition and length to keep children’s attention.

Keywords
Eye-tracking test battery, Cognitive Impairments, Feasibility Study, Premature Children

1. Introduction

Every year 15 million babies worldwide are born preterm, 7.1% of them with some degree
of impairment. The World Health Organization (WHO) considers an infant as preterm if
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birth occurs before the 37" week of gestational age (GA). Furthermore, the WHO provided
a classification of preterm infants according to the gestational time window, thereby further
dividing children into late and moderate preterm, very preterm and extremely preterm [1, 2].
As the time span of gestation decreases (lower GA), the risk of complications caused by preterm
birth significantly increases. The primary causes of long-term disabilities, such as behavioural
alterations or neurological disorders (e.g. cerebral palsy), are related to brain injury occurring
in the neonatal period in the case of premature births [3]. Furthermore, the burden of preterm
birth extends beyond the well-being and overall health of the infants themselves as it also
includes economic impact on the healthcare system, e.g. in the form of a longer stay in neonatal
intensive care units (NICU) as well as an increased overall burden on the family [1, 2].

To date, a troubling dichotomy arises: despite the great improvement of the quality of prenatal
care in recent years, which dramatically improved the survival of preterm babies, the diagnosis
of motor and cognitive impairments has not progressed at the same pace, mostly relying on
monitoring the clinical parameters. Indeed, clinicians need a more robust and timely set of
biomarkers to assess the risk of disability of preterm infants to provide early intervention to
reduce the developmental delays associated with this condition.

Many authors in the past decades relied on eye-tracking to investigate the possible connection
between cognitive deficits and gaze behaviour in response to selected stimuli, both in adults
and children. Indeed, eye-tracking has been employed in children to study social orientation [4],
attention and memory [5, 6] or pursuit of moving objects [7]. In the specific context of the term-
vs. preterm-born infants, Stand-Brodd et al. showed that premature children would appear to
have delayed eye movements in following objects in comparison with term-born children of
the same age [8]. Other works highlighted that the ability to visually follow a moving object
at 4 months of age not only has a robust predictive power for neurodevelopment at 3 years in
children born very preterm [9], but can also predict future memory and attention problems at 6
years of age [10]. Nevertheless, very few of these works are performed in the very first months
after birth.

Whithin this framework of investigation, we created a neuropsychological test battery to
study different types of cognitive processes in children born prematurely, using screen-based
eye-tracking. The underlying goal is to give a quantitative and early prediction of possible
future impairments. For the development of this prototype, we studied 23 children with an
average age of 11 months (std 6 months), including eight babies born prematurely (8 months old,
6 months old CA). The purpose of this study is to analyse the evolution of the test battery and
to pinpoint and implement any needed changes, to obtain a tool that can capture and hold the
child’s attention and at the same time ensure the correct gathering of sufficient data for analysis.
Lastly, despite the young age of the studied population, we demonstrate the data acquisition
feasibility of the proposed test battery by measuring missing values and attention for each child
of the piloting cohort.

The article is organised as follows. First, we analyse the population studied during the imple-
mentation of the test battery. In the subsequent section, we introduce the neuropsychological
test battery with a brief explanation and representation of the tasks. We explain in detail how
we optimised the testing protocol, explaining the technical aspects in the fourth section. Finally,
the last paragraph concludes the article.
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2. Subjects

During the implementation of the neuropsychological test battery, we tested 23 subjects born
at the Hospital Universitario Puerta del Mar, Cadiz (ethical committee code PIEBA 0672-N-22,
register number 44.22), of whom 8 were premature. Table 1 summarises the subject data during
the implementation of the neuropsychological test battery.

Table 1
Summary of the performed tests with the different setups, including information about the involved
subjects. Total test times and inattention of the children during the test are also reported.

Age . .o
e s e b O Caaion T, et Mg
(months)
All-in-one room, F No 12 Completed 04:42 02:29 57%
24-inch monitor

#1 (10 min) Partitioned room, M No 12 Completed 02:53 00:30 17%
24-inch monitor, F No 6  Completed 02:32 00:29 20%
Artificial light M Yes 5[3] Completed 03:10 00:57 27%

M No 9 Failed
Partitioned Room, M No 7  Completed 03:00 01:33 52%
27-inch Monitor, M No 24 Completed 03:00 00:31 17%
Artificial Light, M No 12 Completed 03:00 00:52 29%

#2 (3 min) Covered Table F No 18 Failed
F No 6  Completed 03:00 00:16 9%
Partitioned Room, M No 9  Completed 03:00 01:21 45%
24-inch Monitor, F No 18 Completed 03:00 00:23 13%
Artificial Light, M Yes 15[12]  Completed 02:17 00:45 35%
Covered Lateral Table  F Yes 8[6] Completed 03:00 00:16 9%
M Yes 2320  Completed 04:00 00:48 20%
Partitioned Room, F No 4 Completed 04:00 00:58 24%
24-inch Monitor, M Yes 12[10]  Completed 04:00 00:34 14%
Artificial Light, M Yes 6[5] Completed 04:00 00:02 1%
#3 (4 min) Covered Lateral Table M No 18 Completed 02:26 00:15 19%
F Yes 6[3] Completed 04:00 00:26 1%
Partitioned Room, M No 15 Completed 04:00 01:00 25%
18-inch Monitor, F Yes 6[3] Completed *Test aborted due to child crying.
Artificial Light, F No 3 Completed 04:00 02:02 51%

Covered Lateral Table

There were 10 females and 13 males, and their ages ranged from 3 to 24 months. The
premature babies ranged from 3 months CA to 20 months CA. Only three of the children did not
want to take the test (two of these completed the calibration). We also noticed that it is useful
to help the children perform the instrument calibration. During the actual test, however, the
children were mostly well-engaged. In fact, only in few cases the parents had to call the child’s
attention to the screen. The initial prototype was updated with minor changes as described
later, mostly regarding test design and not task design. The first child differed the most from the
other children in terms of the test setup. As a matter of fact, we noticed that there was a need
for separation between the examination area, where the child was tested, and the examiners’
space. In fact, the child was very distracted as witnessed by the percentage of missing values in
Table 1. As can be seen from the table, some differences in the length of the test emerge between
the prototypes. Specifically, with prototypes #1 and #2, where the tasks were consecutive, we
could get a maximum of three minutes of testing. Instead, with the last prototype, where task
repetitions were alternated, we were able to get up to four minutes of testing. The maximum
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distraction was approximately 25 seconds which corresponds to the length of one task. In
conclusion, we also noticed that although it is not evident from the data, from 15-18 months
of age it was more challenging to keep the children’s attention and therefore, there is likely a
need to develop a different test for that age group (and older).

3. The neuropsychological test battery

The test is composed of four different types of tasks (smooth pursuit task, attention task,
memory task and social orienting task), taken from the literature and adapted to test the
children’s cognitive development. Each task is consecutively repeated four times, obtaining
the total test battery duration of four minutes. As described in the subsequent paragraph, the
procedure proved able to engage the subjects for meaningful periods of time. The calibration
process was also largely successful.

3.1. Smooth pursuit task

In the smooth pursuit task, the child has to follow with the gaze a smiling face moving hori-
zontally with sinusoidal movements at a frequency of 0.4 Hz. This task is widely used for the
detection of possible cognitive deficits in adults [11]. An illustration of the task is shown in
Figure 1. The specific parameters which we plan to sample and analyse are related to how the
child follows the moving smiling face: examples include e.g. the quantitative assessment of the
anticipation of the movement of the dot, the delay in following the object and the latency in
starting the smooth pursuit movement.

*—

Figure 1: A graphical representation of the smooth pursuit task.

3.2. Attention task

The attention task was created to analyse the differences in the children’s response to specific
variations of the stimulus, inspired by the IOWA test [12, 13]. In detail, the test first presents a
white cross for a fraction of a second (a visual cue) along with a warning sound to keep the
child’s attention. Subsequently, a black screen is shown briefly, followed by a target image
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located either at the same location or at the opposite position of the initial white cross. In
one version of the task, the white cross is shown on both sides of the screen. Furthermore, an
additional baseline test instead consists of only the auditory stimulus prior to the appearance of
the target, without the appearance of the cross. The task is visually summarised in Figure 2.

2

l Double

|

Baseline

Figure 2: A schematic visualisation of the attention task.

3.3. Memory task

The memory task is inspired by [14] and it checks the predisposition of children to fixate on
novel stimuli. Initially, two identical pictures are shown to the child. The screen is subsequently
blanked, and then the pictures are presented again, with one of them substituted by a new,
unseen image. This test is performed using three types of differences in image content to
measure what the child is able to identify, namely differences in colour, shape, and faces. A
summarising picture can be found in Figure 3.

Figure 3: A schematic visualisation of the memory task. The face image dataset was taken from [15].
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3.4. Social orienting task

The goal of the social orienting task is to measure if the children display responses to stimuli
with social content, and it is inspired by the work of [4, 16]. The child is presented with two
pictures, one depicting a person and the other depicting an inanimate object. The test measures
the duration of the child’s focus on the human picture. This task can be visualised in Figure 4.

Figure 4: An illustration of the social orienting task. The face image dataset was taken from [15] and
the house image dataset was extracted from [17].

4. Optimisation of the testing protocol: operational and
technical aspects

4.1. Duration of the testing procedure and repetitions

The first prototype we developed was composed of the four above-mentioned tasks with 10
repetitions per task, leading to a total test length of around 8 minutes. During the initial tests
involving children under 12 months of age, we noticed how none of them successfully finished
the test as they started to get fussy, or were otherwise easily distracted. This allowed us to
estimate the maximum attention span of the tested children to at most 3 minutes. Hence,
subsequent tests consisted of a reduced testing protocol with only three repetitions of each task.
In most of the cases, the length of this updated test was adequate, but a few infants were still
unable to finish the test as they were too active or too nervous. These aspects were hard to
control in the experimental setting and, since the tasks were always administered in the same
order, this lead to an imbalance in the collected data for different tasks. We thus decided to
present the tasks in batches of one task of each type and we repeated the batches for three or
four times depending on the prototype. This ensured the availability of experimental data for
each individual task.

4.2. Child activity level and distracting elements

In the initial testing configuration, the child was seated on their parent’s lap at a distance of 60
cm from the 24-inch computer screen. For collecting the data on the child’s eye-movements, we

44



used a Tobii 4C eye-tracker (Tobii AB, Danderyd, Sweden) mounted to the computer screen.
The test operators and the other parent were located behind the computer screen, inside the
child’s field of view. This condition led to the loss of concentration of the children as they were
distracted by the people around the testing area. Thus, in the subsequent testing setup, we
decided to use a white separator screen (a curtain as seen in Figure 5) to divide the testing area
from the operator space. In this way, the children could not see the operators except for the
parent who was holding them in their lap. We also decided to increase the room lighting after
introducing the separator screen. Lastly, we covered the table in the testing area with a white
blanket as the light in the room gave rise to the reflections on the table surface that distracted
the child.

4.3. Technical aspects

We noticed that bigger screen sizes increased the occurrence of distractions in the children,
especially in the case of the attention task. Therefore, we fixed the computer screen size to
18 inches. We also noticed that the calibration procedure initially did not catch the children’s
attention as the crosses on the screen were too small in size. Hence, we made the calibration
more attractive in subsequent examinations by visualising larger crosses. Also, the presented
stimuli during the tests were increased in size to better keep the attention of the children. Lastly,
we noticed how the currently used testing protocol was only suitable for children of ages up
to 15-18 months since older children are less compliant to the testing procedure and are more
easily distracted (e.g. by wanting to touch the screen or wandering around the examination
room). The operators repeatedly made this observation during the examinations.

4.4. Room setup

The room setup comprises two separate parts: an examination room and an operator space
divided by a white separator screen. The child is inside the examination room and is seated
at a distance of 60 cm from the computer screen on his parent’s lap. All parents inside the
examination room wear sunglasses so their gaze is not interfering with the test. The eye-tracker
is held on a 24-inch monitor using magnets (not visible to the child). In this space, the child can
only see the parent and not the operators, which stay behind the white separator screen. The
lighting in the examination room is artificial and from the side, while there is no light in the
operator space. There is a table inside the examination room to the left of the child reflecting
the artificial light, and we covered it with a white blanket. The setup is shown in Figure 5.

5. Discussion and Conclusion

In this work, we briefly described our test battery exploiting screen-based eye-tracking for the
early detection of neuropsychological impairments in preterm babies. We explained how the
test battery evolved since the deployment of the first prototype giving the reasons behind the
changes. During the development of the test battery, we managed to increase the attention span
of the tested children to up to four minutes, with a progressive improvement in the amount of
missing values. Also, based on our findings, the current version of the test battery allows for a
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Figure 5: A representation of the final testing setup.

successful calibration of the test in more than 90% of the runs. Furthermore, we highlighted
some of the shortcomings and crucial aspects which emerged during the study, such as the
physical location of the examiners and operators in the room during the tests, or the need to
switch between the different tasks to keep the children’s concentration longer. We ultimately
demonstrated the feasibility of the current test battery and how it can be successfully applied
starting from the first three months of life up to a likely maximum of two years. Lastly, in
contrast to our previous belief, we saw that with children older than two years, we necessarily
need to change the design of the test to make it dynamic and interactive, using e.g. cartoons to
spark and maintain the child’s interest.

Our findings described herein pave the way for the refinement and deployment of an optimised
test battery suitable for the collection of eye-tracking data in preterm children, with the ultimate
goal of early detection of possible developmental impairments.
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Abstract

Ultrasound is widely used as a clinical routine tool for neonates’ brain assessment, especially for preterm
neonates. This population is at high risk of developing serious complications leading to neurocognitive
and motor impairments. However, the analysis of Cranial Ultrasound requires experienced personnel to
perform a time-consuming visual assessment, which is nontrivial due to the low quality and artifacts in
the images. For this analysis to be more objective, fast, and accurate, many automatic methods have
been proposed. Such methods usually rely on segmenting brain structures or regions of interest for
the extraction of subsequent clinically useful measurements. Deep Learning methods are being more
adopted recently as they proved to have a huge potential in many medical image analysis tasks.

In this review article, we present and discuss the Deep Learning-based methods developed for the
automatic segmentation of preterm neonatal ultrasound images, more specifically the methods developed
for segmenting the Cerebral Ventricle System. The performance and evaluation results of these methods
are compared, and their major contributions are outlined. Furthermore, we discuss the main challenges
of neonatal ultrasound automatic segmentation and possible ways to address these challenges. Finally,
we discuss the future directions in this very specific context.

Keywords
Cranial Ultrasound analysis, Deep Learning, Medical image segmentation, Preterm neonates, Cerebral
Ventricle System segmentation,

1. Introduction

Ultrasound (US) imaging has been widely used in clinical practice as the first screening and
diagnostic tool in many medical domains, including fetal and neonatal care. In neonatal care,
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Cranial US is extensively used for routine brain assessment of newborn infants and more
specifically preterm infants. This widespread use of US is due to its several advantages over
other imaging modalities, such as the low cost, non-invasive nature, non-ionizing radiation,
real-time display, operator comfort, portability, and accessibility [1, 2, 3, 4].

Cranial US can only be used in the newborn period during which the anterior fontanelle is
still open (usually until 18 months of age), but it is mostly used during the first 5-6 months of
age when the best US images can be obtained. After that age brain structures will start to be
less visible due to the processes of brain membranes thickening and fontanelle closure [5, 6].

Cranial US allows the detection of most neonatal hemorrhagic and ischemic lesions in addition
to the main congenital and maturational anomalies [7]. However, the use of US entitles some
challenges. For instance, US has low imaging quality and suffers from noise and artifacts.
Moreover, it requires trained and experienced operators to acquire good images and perform
a tedious visual assessment, which leads to high inter- and intra-observer variability across
different institutes and US systems manufacturers [1, 7].

Since the standard clinical practice is based on visual assessment and some 2D linear mea-
surements, much research has been conducted to propose the use of better quantitative analysis
over the visual assessment and to prove the usefulness of other measurements than the 2D
linear ones, such as volumetric measurements. This has the potential to improve the diagnosis
and prognosis of neurodevelopmental disorders in preterm neonates. However, this could not
be adopted in clinics yet because it requires manually segmenting anatomical structures of
interest in the brain, which is time-consuming and prone to inter- and intra-observer variability
[7].

Developing automatic methods for the analysis of Cranial US images can alleviate these
challenges by making such analysis more objective, accurate, and fast. Automatic methods
include segmentation as an important preliminary step for the extraction of clinical parameters
that neonatologists need in order to perform an assessment and diagnosis based on quantitative
measurements [8].

One of the important structures to be segmented in Cranial US images of preterm neonates
is the Cerebral Ventricle System (CVS). CVS can be affected by some serious complications
such as germinal matrix-intraventricular hemorrhage leading to posthemorrhagic ventricular
dilatation (PHVD). This happens because of preterm birth and causes neurocognitive and motor
impairments.

Currently, the clinical standard is to perform 2D measurements manually on 2D US images
to estimate the CVS volume. This practice, apart from being time-consuming and subjective, is
imprecise due to the unavailability of 3D information [2, 7]. Therefore, developing automatic
segmentation methods and quantitative analysis methods based on 3D US can help clinicians to
perform timely medical interventions and improve the outcome of those infants [9, 10]. However,
the task of automatically segmenting anatomical structures from Cranial US is very challenging
due to several reasons, such as the variable image quality, presence of noise and shading artifacts,
unclear and incomplete boundaries, similar intensities among different structures, variable
size and anatomical shape of the ventricles for neonates with abnormalities. Moreover, the
differences in shape, size, and texture characteristics caused by the change in blood pressure
[11].

Recently, there has been an increasing trend in the use of Deep Learning (DL) algorithms
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to segment CVS from neonatal Cranial US images. This is due to the success that DL methods
have been achieving in the field of medical image analysis in the last years.

There are several reviews focused on neonatal neuroimage segmentation, but most of them
focused on MRI [12, 13]. Although few reviews have been conducted on US segmentation
methods based on DL [1, 14], they were generic and included studies on different medical
domains (i.e. not focused on neonatal US segmentation). To this date, and to the best of our
knowledge, no reviews have been written on segmentation methods of neonatal US images
specifically.

Therefore, we conducted a literature search for all studies published in this field from 2018
until 2022 July 1st, by specifying keywords such as (preterm neonatal AND cerebral ventricles
AND ultrasound AND segmentation AND deep learning) in Google Scholar database. Abstracts
of papers resulting from this search were screened and only (8) relevant papers were chosen.

In this review we present a systematic overview of DL methods in segmenting Cranial US
images of preterm neonates, more specifically, segmenting the CVS. In Section 2 we briefly
mention the evolution of segmentation methods in this specific context and review several DL
methods developed for preterm neonatal ventricles segmentation from US images. In Section 3
we discuss the challenges of US image segmentation and the possible ways to address these
challenges in the future. Finally, in Section 4 we present our conclusions.

2. Cranial Ultrasound Image Segmentation

2.1. Non-DL Based Image Segmentation

Many studies have been conducted for automating US image analysis of different organs but
very few studies have focused on US neuroimaging [15, 16]. Most segmentation methods were
initially based on well-established image processing techniques. In those methods, images
are first pre-processed for denoising using image filtering. Then segmentation is carried out
using intensity thresholding or edge detection filters. Finally, image analysis of binary images
is carried out using morphological operations. For instance, Gontard et al. [17] used median
filtering followed by a global intensity threshold calculated automatically from the 3D volume
for segmenting cerebrospinal fluid (CSF).

Nevertheless, boundary incompleteness in US images raises great challenges to automatic
segmentation. Therefore, most methods were semi-automatic where some input from the user
is required. Additionally, shape prior can provide strong guidance in estimating the missing
boundary. Qiu et al. [18] proposed a semi-automatic convex segmentation algorithm for
ventricle segmentation in 3D US images. In [19] a geometric-based method using a 3D ellipsoid
estimation technique was proposed for ventricle segmentation. However, traditional shape
models often suffer from being reliable on hand-crafted descriptors and losing local information
in the fitting procedure, hence, such methods had poor generalization.

A semi-automatic approach was proposed in [20] for ventricle segmentation. In this study, the
image is denoised using complex wavelets and then 3 seed points are required to be manually
selected in order to perform an active contour segmentation where the contour is parametrized
implicitly using a level-set function. The most advanced non-DL-based segmentation method
for segmenting ventricles was developed by Qiu et al [21]. This method made use of a phase
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congruency map, multi- atlas initialization technique, atlas selection strategy, and a multiphase
geodesic level-sets evolution combined with a spatial shape prior derived from multiple pre-
segmented atlases. Nevertheless, the method proposed required 54 min to segment one volume,
which is too long to be used in clinical routine.

In addition to the previously mentioned methods, Machine Learning based methods have also
been proposed for US image segmentation. Tabrizi et al. [22] proposed an automatic method for
ventricle segmentation in 2D US images based on a hybrid approach consisting of fuzzy c-means,
adaptive thresholding, template matching, phase congruency, and active contour algorithms.

2.2. Deep Learning for Image Segmentation

Nowadays, DL methods represent the state-of-the-art methods for image analysis and have
outperformed any other conventional methods in both performance and speed in terms of the
specific task.

Two main methodologies are currently used to address boundary detection-segmentation in
US:

1) A top-down manner that takes advantage of prior shape information to guide segmentation.
For example, Yang et al. [23] formulated boundary completeness as a sequential problem and
a model of the shape in a dynamic manner using Recurrent Neural Networks. Authors in
[24] modified Convolutional Neural Network (CNN) architectures like the Hough-CNN which
include explicitly transforms for edge detection.

2) A bottom-up manner that classifies each pixel into foreground (object) or background in a
supervised manner. Most studies apply this approach by classifying each pixel in an image in
an end-to-end and fully supervised learning manner employing CNNs with encoder-decoder
architectures.

The first widely recognized encoder-decoder network was Seg-Net [25]. Later, UNet [26]
brought a major breakthrough in medical image segmentation, and became the backbone of
almost all the leading methods recently, such as UNet++, UNet3+, 3D UNet, V-Net, Res-UNet,
and Dense-UNet. In these extensions of UNet, the contribution was either in skip connections,
using better convolutional layer connections, or in applications. For instance, UNet++ [27], [28]
utilizes nested and dense skip connections for further reduction of the semantic gap between the
encoder and decoder feature maps. In UNet3+ [29], skip connections between different scales
are used. 3D UNet [30] and V-Net [31] are extensions of UNet for volumetric segmentation of
3D medical images. In Res-UNet [32] the encoder and decoder convolutional blocks consist of
residual connections [33], while in Dense-UNet [34], they consisted of dense blocks [35].

Due to the difficulty of 3D DL, the DL methods that are currently applied in medical US
analysis mostly use 2D images as inputs, although these 2D images might be taken from available
3D volumes. In fact, 3D DL is still a challenging task, due to the following limitations:

1) Training a deep network on a large volume might be too computationally expensive for real
clinical application (i.e. with a significantly increased memory and computational requirement).
2) A deep network with a 3D volume as input requires more training samples since a 3D
network contains parameters that are orders of magnitude higher than a 2D network. This may
dramatically increase the risk of overfitting, given the limited training samples. Alternatively,
there are authors that formulate the problem of optimizing 3D image segmentation as a patch-
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level classification task, as was proposed in [36].
In fact, there are not so many DL methods proposed for neonatal US segmentation, and in
this review (Section 2.3) we are reviewing the DL methods for CVS segmentation specifically.

2.3. Deep Learning for CVS segmentation from Cranial US images

In this subsection, we review 8 papers that were selected after a literature search for studies
published on the use of DL for segmenting lateral ventricles or the whole CVS from Cranial US.
The search included papers that were published from 2018 until 2022 July 1st. Those 8 papers
were the only studies found that utilize DL for this task and they are summarized in Table 1.

Architecture 2D/3D . . . Inference
(2D/3D) Dataset segmentation Augmentation Loss function Evaluation time (s)
Martin et al. UNet 15 volumes . DSC = 03816
(2018) [10] (D) (private) 3D - Soft Dice HD =13.6 5s
P MAD = 0.62
UNet and
DSC = 0.908
Wang et al. SegNet 687 slices horizontal flip, ~
(2018) [37] combination (private) 2D random crop MAE . [oU = 84.84% 0.022s
D) Pix. Acc. = 92.14%
Valanarasu et al. CBAS 1629 2D hferrltzi(;:ﬁiiar;d confidence DSC = 0.8901 0.01 s
(2020) [38] (2D) (private) . Cri ) guided IoU = 81.03% .
Tabrizi et al. UNet like 1253 slices 2D Ver;gﬁeﬂlp, probabilistic DSC = 0.86 174
(2020) [39] (2D) (private) transformation atlas-based HD = 0.3 mm ’
pretrained translation,

SegNet 152 \{Olumes 3D rotation, weighted BCE DSC =0.8 <60s
(private)

Gontard et al.
(2021) [40]

(2D) scale, shear
(for V-Net)
Martin et al. V-Net/ UNet 25 volumes BCE then DSC = 0.822 35s
(2021) [41] with CPPN (private) 2D and 3D . soft Dice MAD = 0.5 mm (for 2D)
(2D and 3D) § Va=0.35 cm?
6Vr=11.1%
Valanarasu et al. KiUNet 1629 slices
(2022) [42] (2D) (private) 2D ) BCE DSC = 0.8943 )
A UNet combined BCE DSC = 0.72
Szentimrey et al. 190 volumes . and Dice loss 3
2022 [43] ensemble (private) 3D translation (with MSE for VD =3.7 cm 5s
(3D) the 3rd model) = 114 mm

Table 1: Comparison of DL based methods for automatic CVS segmentation from Cranial US
images. Loss Functions: MAE is Mean Absolute Error loss, BCE is Binary Cross Entropy loss,
and MSE is Mean Squared Error loss. Evaluation Metrics: DSC is Dice Similarity Coefficient,
HD is Hausdorff Distance, MAD is Mean Absolute Distance, IoU is Intersection over Union, Pix.
Acc. is Pixel Accuracy, § Va is Absolute volume difference, § Vr is Relative volume difference,
and VD is Absolute Volumetric Difference

It is worth mentioning that to get an estimation of the CVS volume, clinicians usually obtain
various linear measurements manually from 2D images. However, this practice is imprecise
(since 3D information is missing), time-consuming, and operator dependent. Therefore, the
studies reviewed here mainly aimined to improve the accuracy and reduce the time required
to perform manual segmentation by automating this task and therefore paving the way for
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obtaining clinical measurements automatically. Some of the reviewed studies were also aiming
to improve the performance of automatic segmentation by utilizing 3D information, which may
result in more accurate and representative volumetric clinical measurements.

In 2018 Martin et al. [10] extended CVS volume estimation to 3D. They used a 2D UNet to first
segment 2D angular image sequence. Then they propose an algorithm for 3D reconstruction to
reconstruct 3D segmentation. This method can significantly reduce the extensive computation
cost and memory requirement of 3D processing. A limitation of this study is the small dataset,
which affects the ability of the model to generalize.

Wang et al. [37] proposed a CNN that combines the advantages of both UNet and SegNet
architectures to segment lateral ventricles from 2D US. The proposed network consists of two
components: a pre-trained DenseNet as the encoder to extract deep features, and a multi-
scale decoder that first applys pooling of the feature maps (resulted from the encoder) into
four different sizes and then applies a series of transposed convolutions to transform lower
dimensional feature maps into higher ones in steps. Moreover, the output of each transposed
convolution is concatenated with existing feature maps of the same size and then fed into the
next transposed convolution.

Since the resolution of small features is gradually lost along the deeper layers of a CNN, the
resulting coarse features can miss the details of small structures. This leads to poor performance
of traditional CNN architectures in segmenting small anatomical structures (as in the case
of normal ventricles for example). To address that, Valanarasu et al. [38] propose a network
(Confidence-guided Brain Anatomy Segmentation-CBAS), where segmentation and correspond-
ing confidence maps are estimated at different scales. Aleatoric uncertainty is computed as the
confidence scores to indicate how confident the CBAS network is about the segmentation output.
This allows CBAS to learn how to differentiate regions with higher error (low confidence score)
and therefore focus more on those regions in subsequent layers and block the propagation of
error while computing the segmentation output.

Tabrizi et al. [39] proposed a method to segment lateral ventricles from 2D US images. The
proposed method integrates anatomical information into a CNN by defining a new weighted
loss function and an image-specific adaption. First, a deep CNN was used to detect the cranium
and brain interhemispheric fissure to estimate the anatomical position of ventricles and correct
the cranium rotation. Then, lateral ventricles were segmented using a CNN with a similar
structure to that of a 2D UNet. The CNN learning was integrated with a prior model of the
lateral ventricles through a probabilistic atlas-based weighted loss function and an image-
specific adaption. Moreover, the authors performed posthemorrhagic hydrocephalus (PHH)
outcome prediction (necessity of intervention) using a support vector machine classifier that
was trained on ventricular morphology and clinical parameters. The segmentation performance
was affected by the unclear boundaries caused by the build-up of hemorrhage pressure, but
this is a challenge that experts also experience when doing manual segmentation. Regarding
PHH output prediction, although the prediction performance was good, the features used were
hand-crafted and based on 2D measurements. We believe that 3D features learned by the DL
model may improve the PHH output prediction accuracy.

Gontard et al. [40] utilized a pre-trained SegNet model based on VGG16 to obtain 3D ven-
tricular segmentation from 2D thickened sagittal slices (i.e. 3 consecutive slices). After that 3D
ventricular volumes were estimated using the segmented 2D slices.
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Martin et al. [41] utilized both V-Net and UNet (for both 2D and 3D images) to estimate
CVS volume in a dataset including both normal and dilated ventricles. Moreover, the use of a
Compositional Pattern Producing Network (CPPN) was proposed to enable the CNNs to learn
spatial information about the CVS location. Their results showed a comparative performance
for both V-Net and UNet, with V-Net being slightly better (especially in segmenting normal
ventricles). They also reported that CPPN increased the accuracy of the CNNs when having
fewer layers. It would be interesting to investigate the benefits of the CPPN for multi-structural
brain segmentation. Results reported in this study show that a 3D architecture is overall more
accurate for this task. Nevertheless, a 2D architecture was as accurate as a 3D architecture for
segmenting dilated ventricles. Moreover, it was shown that a 2D architecture enables to perform
the segmentations in clinical time with hardware that requires fewer memory resources and
therefore may be preferable to a 3D architecture in a clinical context.

To address the issue of poor segmentation of smaller structures and boundary regions in
medical image segmentation in general, Valanarasu et al. [42] proposed an architecture (KiUNet)
that consists of two branches. The first branch is an overcomplete convolutional network (Kite-
Net) which learns to capture fine details and accurate edges of the input by projecting the input
image into a higher dimension such that the receptive field is being constrained from increasing
in the deep layers of the network. The second part is a UNet which learns high-level features. A
cross-residual fusion strategy was proposed to combine the features across the two branches.
Moreover, the architecture was proposed in both 2D and 3D settings, and a Res-KiUNet and a
Dense-KiUNet architectures where also proposed for improving the learning of the network,
where residual connections and dense blocks are utilized. Finally, the proposed method was
tested on 5 different datasets of different medical image applications and modalities, including
lateral ventricles from US, and was proved to generalize well to different modalities.

Nevertheless, only one metric was used for evaluation in [42], that is the Dice Similarity
Coefficient (DSC), which might not be very indicative of the improvement in segmentation
unless the segmented structure is small. For instance, dice values for US ventricular segmentation
dataset were not significantly improved compared to other methods reported in this study, which
is expected since dilated ventricles are not very small structures (compared to tumors datasets
for example where improvement was reported to be clearer). Therefore, other metrics might also
be more useful for showing the improvement in segmenting ventricle boundaries. Also, it would
be interesting to test this method on 3D ventricles segmentation and use volumetric metrics to
evaluate the performance, since volumetric measurements might be more susceptible to slight
improvements in segmenting the surface or boundaries. Another contribution of this work
is that the network’s memory requirements are less while maintaining decent performance.
However, it would be interesting to compare with a deeper KiUNet that is as deep as the UNet
they compared with.

To address the limitations of 2D US, Szentimrey et al. [43] developed a method to segment
lateral ventricles from 3D US images using a 3D UNet ensemble model composed of three UNet
variants. Each variant highlights various aspects of the segmentation task such as the shape
and boundary of the ventricles. The ensemble is made of a UNet++, attention UNet, and UNet
with a DL-based shape prior combined using a mean voting strategy. The UNet++ has more
skip connections compared to the basic UNet, to allow for a more flexible fusion of feature
maps at the decoder pathway and make the semantic maps between the encoder and decoder
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more similar which is believed to make the learning task easier for the optimizer and either
improve the speed and/or performance of the model. The attention UNet incorporates attention
gates to improve the ventricle surface segmentation boundary (which is challenging in US
images) by improving the sensitivity to foreground voxels while adding minimal complexity to
the model. The UNet with a DL-based shape prior utilizes a shape prior loss function to add
surface regularization by conforming the predicted ventricle shape to that of the ground truth
segmentation.

Even though incorporating shape prior resulted in improving the segmentation of ventricles
according to [43], it might not be the case if an unseen test image has a unique ventricle shape
not captured in the training data, which is likely to happen because ventricles might have
several deformations. Another limitation is that the ensemble model is computationally heavy,
especially due to the UNet++ model. Therefore, GPU resources are required even during test
time, which might not always be available at healthcare points. Moreover, the ventricles were
manually annotated on the sagittal plane every 1mm such that slices between each manual
contour required interpolation, leading to possible inaccuracies of the ground truth volume.
On the other hand, they utilized bigger data compared to previous studies, and they included
scans with varying degrees of intraventricular hemorrhage and scans with only one ventricle
being visible due to the limited field of view. Several metrics were used for evaluating the
proposed method’s performance, including metrics that are clinically useful, especially absolute
volumetric difference (VD), which has been used for patients with PHVD to determine those
who need intervention [44].

All methods reviewed in this section seem to have good performance according to the
reported results (both in terms of accuracy and speed). Each method had its contributions and
limitations. However, it is worth mentioning that the comparability of methods, in this case,
is not straightforward since each method was developed using a different private dataset that
varies in the number of cases, image quality...etc. Moreover, in most cases, small datasets were
used, and it was not mentioned about the number of data resulting from Augmentation. This
becomes more of a problem in the case of training on 3D volumes. Therefore, we believe that
efforts are still needed to form large open datasets that will allow researchers to develop new
methods and compare them with others.

Another area that we believe needs to be further investigated is whether segmenting 3D
data would improve the performance. One would expect that incorporating 3D information
using 3D architectures would increase the accuracy of segmentation. Authors in [41] reported
comparative performance of both 2D and 3D architectures for segmenting dilated ventricles,
however, they used a small dataset.

Regarding the applicability of the proposed methods in clinical settings, memory, and com-
putational requirements are also important (besides the accuracy and speed). Even though
inference time was reported in most of these studies, it was not always mentioned whether the
developed methods can be used in machines with lower memory and computational resources,
or if they need special requirements. We believe that most of the proposed methods were
computationally heavy and therefore novel methods are still needed to tackle this issue.
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3. Challenges in US segmentation and Possible solutions

3.1. Limited availability of annotated data and Image Synthesis

One of the major problems in medical image analysis is the limited number of annotated data.
This is due to the difficulty of sharing patient data publicly and the difficulty of obtaining clinical
annotations since it is expensive and time-consuming.

However, most advanced research on automation of US analysis is based on supervised
learning which is strongly dependent on the access to open and considerable amounts of data,
acquired on different populations and with different operating conditions (and with different
US scanners). This leads to a lack of generalization and validation of the AI models. Moreover,
not having access to open large data makes it difficult to reproduce and compare the proposed
methods.

In this context, federated learning or data augmentation strategies are important for de-
veloping better algorithms. Moreover, novel image synthesis methods are proposed in the
literature to synthesize high-quality data that could be added to the training dataset. Generative
Adversarial Networks (GANSs) [45] and their variants are powerful architectures capable of
generating synthetic images to be used for training other networks, for example, UNet-based
networks. In addition, GANs are favored over traditional methods for handling data imbalance
[46] by synthesizing realistic-looking minority class samples, thereby balancing the class distri-
bution, and avoiding overfitting. GANs are being applied for generating 3D medical imaging
data [47], however, generating realistic-looking data samples in US neuroimaging is an open
research problem [48] and further research is required to improve and validate the quality of
the synthezised samples. Another challenge is that while using GANs in medical imaging to
synthesize new images solves the issue of limited available data, the problem of annotations
still exists in this setup. Therefore, novel methods are needed to synthesize annotations as
well. To tackle this issue, Valanarasu et al. [38] proposed a method for image synthesis using
multi-scale self-attention generator where 2D Cranial US images are synthesized directly from
manipulated segmentation masks (ventricle and septum pellucidi masks). Thus, there is no need
for annotation of the synthesized data.

Alternatively, data can be generated through the simulation of US images [49]. This is a field
largely unexplored in the context of neuroimaging. For example, we suggest that 3D models
of neonatal brain gyrification might be generated as in [50] and then used for simulating US
images using computing simulation toolboxes like MUST [51] or FIELD II [52].

3.2. Segmentation of other brain structures

MRI is used in neonatology to segment not only the lateral ventricles and external CSF but
also white matter, cortical gray matter, cerebellum, or brain stem [53]. US neuroimaging might
complement better MRI neuroimages if US data could provide information on other brain
structures. For example, most studies with US report measurements related only to ventricular
dilation but it would be more interesting to assess those measurements relative to the total
brain volume [19]. With appropriate data labeling US might also be used for the detection and
quantification of white matter injuries. Finally, the folding dynamics of the brain, occurring
mostly before normal-term birth, are vastly unknown. US might help to better understand this
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process by looking into the development of cortical sulci in infants. For instance, longitudinal
studies of the central brain sulcus could in principle be carried out with 3D US like it is done
with MRI [54].

3.3. Inherent US image limitations and Image preprocessing

US acquisition introduces noise in the signal, which corrupts the resulting image and affects
further processing steps, e.g., segmentation and quantitative analysis. US segmentation can
clearly benefit from the application of preprocessing methods for improving image quality
(denoising, deblurring, increasing resolution). DL is being applied to improve the resolution
and contrast-to-noise ratio of the reconstruction algorithms of the signal acquired with the
US sensors [55, 56]. And DL will certainly be very promising for US image enhancement and
denoising using super-resolution methods [57, 58].

3.4. Novel Al architectures

The aforementioned encoder-decoder CNN architectures achieved state-of-the-art performance
in medical imaging segmentation. UNet, has become the de-facto standard and achieved
tremendous success. However, due to the intrinsic locality of convolution operations, UNet
generally demonstrates limitations in explicitly modeling long-range dependency (i.e., they
lack focus in extracting low-level features) since the networks are built to be deeper and hence
more high-level features get extracted. As a result, they fail in providing a good segmentation
of small structures with blurred boundaries, which is the case with US image segmentation.
This implies the need for novel architectures or variants.

GANs for example are explored for image segmentation using image transfer methods
[45]. And Transformers, designed for sequence-to-sequence prediction, with innate global
self-attention mechanisms, have emerged strongly as alternative architectures [59] to Encoder-
Decoder architectures for medical image segmentation. To name some recent examples, Tran-
sUNet [60] merits both Transformers and UNet CNNs, UNetFormer [61] increases the effi-
ciency of conventional UNet architectures, and MedFormer can generalize to different medical
domains[62].

4. Conclusions

DL has meant a change of paradigm in medical imaging analysis, and new techniques and
architectures are in continuous development which will certainly impact US imaging and
analysis. Synthetic data generation, transformers, and super-resolution methods can help to
overcome some limitations of US image analysis with respect to MRI.

Automatic methods that yield reliable 3D measurements of the ventricles are expected
to provide a more accurate assessment of preterm neonates’ ventricles and other cerebral
structures, which can improve the monitoring and treatment decisions of preterm born infants.
Overall, the studies reviewed in this review demonstrate the possibility of achieving an accurate
segmentation of preterm neonates’ CVS in a clinical time in 3D US images and therefore pave
the way to prove the clinical benefits of 3D US in monitoring cerebral structures of preterm
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neonates, not only for CVS dilation but also for brain growth, sulci formation or detection of
white matter injuries.

In the future, studies that compare volumetric measurements obtained from both US and
MRI are needed, to show whether the measurements obtained from 3D US can be competitive
with those obtained from MRI. Moreover, models utilizing both US and MRI can be developed
to study whether both modalities contain complementary information that could help improve
the accuracy.

Another important future direction is automatic outcome prediction based on automatic
ventricular segmentation and measurements, this can include predicting the progression of PHH
which offers an opportunity for early interventions to improve outcome [39]. Developing Al
tools that combine measurements of other cerebral structures, like those related to White Matter
damage or Sulci malformation, can also be used to predict the long-term outcome of preterm
infants and the probability of them developing neurodevelopmental impairments. To the best
of our knowledge, this has not been achieved yet, but with the continuous developments of
methods in this field, this can be achieved in the following few years.
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Abstract

Cerebral Palsy (CP) is the most common developmental disorder in preterm infants with spastic CP as the
most prevalent motor type. Several aspects of visual perception and visuomotor control remain unsolved
in children with spastic unilateral Cerebral Palsy (uCP). This is remarkable since CP is recognized as
the leading cause of childhood motor disability, and comorbidities, such as visual problems, are well
recognized in this condition. The co-occurrence of visual and motor impairments is related to the fact
that the lesions to motor pathways are anatomically close to visual pathways in children with uCP.
Previous studies attempted to define the relationship between visual disorders and brain damage in
uCP, finding no specific correlation between the type and timing of the lesions and visual functions.
Furthermore, research investigating which brain regions and tracts are responsible for specific visual
functions and deficits is limited. The present review, therefore, aims to describe neurological correlates
(i.e., structural MRI and diffusion MRI) of visuomotor deficits in children with uCP to identify the gaps
in the current literature which could be addressed in future studies.
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1. Introduction

Preterm birth, defined as birth before 37 completed weeks of gestation [1], can result in long
term developmental impairments due to brain immaturity or damage occurring during the
prenatal or perinatal period. The main disorders associated with prematurity are intellectual
disability, hearing loss, visual impairment, and cerebral palsy [2].
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Visual impairments refer to any degree of impairment to a person’s ability to see, that
affects his or her daily life [3]. For years, retinopathy of prematurity (ROP) was considered the
most common cause of visual loss in infants with low birth weight [4]. ROP is an eye disorder
caused by abnormal blood vessel growth in the light-sensitive part of the retina. However,
recent studies [5] have shown that cerebral visual impairment (CVI) has replaced ROP as
the main cause of visual disability in ex-preterm children [6]. CVI refers to a heterogeneous
group of visual dysfunctions which “cannot be attributed to disorders of the anterior visual
pathways or any potentially co-occurring ocular impairment” [7]. It includes disorders of basic
visual functions such as acuity and stereopsis, but also higher visual dysfunctions of visual
attention, depth and motion perception, object recognition and spatial cognition [8, 9]. A ges-
tational age of less than 26 weeks is the most important factor associated with CVI(5.21%) [10, 2].

Cerebral Palsy (CP) is the most common developmental disorder in preterm infants.
According to the literature, over 50% of children with CP are born preterm [11]. The prevalence
of CP increases with decreasing gestational age at delivery [12]. In a meta-analysis, the pooled
prevalence of CP in preterm infants is estimated to be 6.8% [13]. However, in extremely preterm
born children (i.e. born before 28 weeks of gestation), the prevalence of CP increases up to 10%.
CP is defined as a non-progressive permanent disorder of movement and posture due to
disturbances in the developing fetal and infant brain [14]. In addition to impairments of gross
and fine motor function (i.e., muscle tone, posture, and movement), CP manifests with deficits
in sensory modalities such as visual function [14]. CVI in particular is reported in over half of
children with CP [15, 16]. The presence of such impairments can have an important impact on
planning and performing movements, due to a lack of information about the position of the
hands as well as the target [17, 18]. As a consequence, visuo-motor integration and motor co-
ordination skills might be hampered in children with CP not only due to their motor impairment.

CP also is a heterogeneous disorder and can be classified by its motor type and distri-
bution. According to the Surveillance of Cerebral Palsy in Europe (SCPE) the motor type
can be described as spastic, dyskinetic, ataxic, or mixed pattern [19], and the distribution of
limb involvement as unilateral or bilateral. Spastic CP, characterized by pyramidal signs (i.e.,
spasticity, weakness), increased muscle tone, and joint s