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Distinguishing Patients with a Coordination
Disorder from Healthy Controls using Local

Features of Movement Trajectories during the
Finger-to-nose Test

Venustiano Soancatl Aguilar, Octavio Martinez Manzanera, Deborah A. Sival, Natasha M.
Maurits, Senior Member, IEEE and Jos B.T.M. Roerdink, Senior Member, IEEE

Abstract—Assessment of coordination disorders is valuable for
monitoring progression of patients, distinguishing healthy and
pathological conditions, and ultimately aiding in clinical decision
making, thereby offering the possibility to improve medical
care or rehabilitation. A common method to assess movement
disorders is by using clinical rating scales. However, rating scales
depend on the evaluation and interpretation of an observer,
implying that subjective phenotypic assignment precedes the
application of the scales. Objective and more accurate methods
are under continuous development but gold standards are still
scarce. Here, we show how a method we previously developed,
originally aimed at assessing dynamic balance by a probabilistic
generalized linear model, can be used to assess a broader range
of functional movements. In this paper the method is applied
to distinguish patients with coordination disorders from healthy
controls. We focused on movements recorded during the finger-to-
nose task (FNT), which is commonly used to assess coordination
disorders. We also compared clinical FNT scores and model
scores. Our method achieved 84% classification accuracy in
distinguishing patients and healthy participants, using only two
features. Future work could entail testing the reliability of the
method by using additional features and other clinical tests such
as finger chasing, quiet standing and/or usage of tracking devices
such as depth cameras or force plates.

Index Terms—Coordination disorders, classification, finger-to-
nose test, generalized linear models, instantaneous speed and
local curvature.

I. INTRODUCTION

HUman movement analysis can be valuable for diagnosis
and monitoring of motor disorders; it can aid in distin-

guishing healthy and pathological conditions and in following
the progression of patients over time and underpinning the
efficacy of interventions [1]. A common method to assess hu-
man movement in a clinical setting is provided by standardized
clinical rating scales, which are validated and easy to admin-
ister [2]. However, one of the main drawbacks of rating scales
is that they depend on the evaluation and interpretation of an
observer and thus contain a subjective component. Moreover,
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clinical scales are not enough to assess different motor control
strategies during the execution of movements [2]–[4]. Thus,
techniques for reliable and objective movement assessment
could contribute to clinical practice in neurology, rehabilitation
and other fields of medicine. As added benefit, they could be
used in combination with clinical rating scales [5].

One of the challenges when developing quantitative and
objective methods to assess human movements is the lack
of methods to establish the validity of the measurements.
In a previous study (see [6], [7]) we used the movement
performance of younger and older participants as a proxy
for better or worse movement, knowing that movement in
older participants is generally worse than in younger partic-
ipants. We then successfully used generalized linear models
(GLMs) [8] to predict movement category (young or old)
based on features derived from the movement trajectory. One
characteristic that makes GLMs appropriate to classify human
movement as better or worse is that their outcomes can be
probability values that reflect movement performance. In case
of diagnostic applications, if we assume that probability 0
represents “healthy” performance and probability 1 represents
“pathological” performance, we propose that a probabilistic
GLM could be used in a similar way. Intermediate probability
values as estimated by the GLM would then indicate how
similar the movements are to those movements that reflect
pathological performance.

Here, we evaluate how the method used in our previous
study [6] performs when applied to the problem of distin-
guishing patients, with a coordination disorder, from healthy
controls. We focused on movements recorded from the finger-
to-nose task (FNT) as recorded using inertial measurement
units (IMUs). The FNT is a kinetic subscale measuring
dysmetria and intention tremor during coordinated upper-limb
movements between the tip of the nose of the participant and
the tip of an examiners index finger [9]. This subscale score
is included as part of the summed scores of the International
Cooperative Ataxia Rating Scale (ICARS) [10] and the Scale
for the Assessment and Rating of Ataxia (SARA) [11]. This
test can thus be used to quantify coordination impairment
in patients with Early-Onset-Ataxia (EOA) or Developmental
Coordination Disorder (DCD) [12]. In the present study, we
aimed to compare quantitative FNT-IMU data of pediatric
and adult patients with ataxia or DCD to those of healthy
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Fig. 1. Steps of the method to assess movement trajectories.

controls [12]. If both groups could be reliably discerned by
FNT-IMU data, we would conclude that the test could provide
an objective instrument to support the distinction of patients
with coordination problems from controls.

Figure 1 illustrates the general steps of FNT-IMU measure-
ments in a heterogeneous group of pediatric and adult patients
with coordination impairment (ataxia or DCD) and healthy
controls. In step 1, the three-dimensional (3D) trajectories are
collected (during a functional task) using tracking technology
such as inertial measurement units or depth cameras. Step
2 involves smoothing the signals, segmenting the movement
trajectories (if necessary), or any other preprocessing of the
data. Step 3 involves the extraction of local features from
the 3D trajectories. This is one of the most important steps
in the methodology, as the local features must characterize
the movements under study. Three important local features
are curvature, torsion, and velocity, as these features fully
characterize a curve in 3D space [13]. In addition, depending
on the task other features can also be included for the
assessment of the movements such as the number of velocity
peaks, the target error, and spatial overshoot [2]. In step 4, one
or more (probabilistic) GLMs are defined as a function of the
local features estimated in step 3. The mathematical definition
of GLMs can be given following the steps in [8]. In step 5,
the GLMs are fitted using R, Matlab or any other specialized
statistical software. In step 6, the performance of the models
on new data is assessed using the Akaike or Wanatabe-
Akaike information criteria [14], [15]. Cross-validation [16]
can also be used for model comparison, although this is
computationally more expensive.

In Section II we detail the steps in Figure 1 to investigate
the predictive accuracy of a GLM to distinguish between
healthy participants and patients with coordination disorders,
regardless of age and class of coordination disorder. In general
we expect that FNT movement trajectories are smoother and
faster in healthy participants than in patients. Results are
presented in Section III. Finally, in Section IV a general
discussion and ideas for future work are presented.

II. METHODS

This study was performed using data acquired in the con-
text of the project Quantification of symptoms of movement
disorders employing motion sensors [17]. Part of the data
in [17] were previously used to investigate whether a ran-
dom forest classifier employing 14 features derived from 3D
movement trajectories during the FNT could classify children
with coordination problems and age-matched healthy control
children. In the present study we only use two features, which
are different from those used in [17] and include additional
participants.

A. Participants
In the present study we included two groups of partici-

pants. The first group concerns the data used in the study
mentioned above, consisting of 34 children: 16 patients with
a coordination disorder, of which nine with EOA (mean age
13.3 years, SD 4.0 years) and seven with DCD (mean age
9.4 years, SD 2.2 years), and 18 healthy age-matched controls
(mean age 11.8 years, SD 3.4 years). The second set involved
36 participants: 34 patients with a coordination disorder, of
which 12 children with EOA (mean age 13.5 years, SD 2.8
years) and 22 adults with Adult Onset Ataxia (AOA; mean age
54.9 years, SD 14.7 years), and two healthy participants 20
and 21 years old. DCD participants were included as patients
with mild coordination disorders increasing the difficulty to
distinguish between patients and healthy participants.

By including patients and controls over a wider age range,
we increased the complexity of the data compared to the pre-
vious study (see [17]). All parents of the children and all adult
participants provided written informed consent. Children who
were 12 years or older provided informed assent. Inclusion
criteria for ataxia patients were a clinical diagnosis of pediatric
ataxia or recognition of ataxia as a primary movement disorder
as assessed by three experts in movement disorders.

Presence of ataxia was clinically established in accordance
with the definition of ataxia (see [18]). As part of their
diagnostic assessment, included EOA and AOA patients had
received radiologic, metabolic and generic assessments at the
department of (pediatric) neurology at University Medical
Center Groningen (UMCG). According to the official DSM-
V criteria, DCD is a developmental disorder, characterized by
non-progressive motor incoordination, interfering with daily
activities or academic achievement, not attributable to a neu-
rological, intellectual or visual condition. This implicates that
a neurologic investigation always precedes the referral to the
pediatric rehabilitation doctors. All included DCD patients
were thus assessed at the outpatient clinic of the department
of pediatric neurology at UMCG, as well. When necessary
to exclude other neurologic disorders, these assessments also
included MRI, electromyography, muscle ultrasound and/or
laboratory tests. Exclusion criteria for healthy participants
were a neurological and/or orthopedic disorder and/or any
medication with a negative effect on coordination. Further-
more, healthy children were declared to be healthy by their
parents.

We included these three groups (EOA, AOA and DCD)
as they are associated with a different factor that could
affect coordination performances and/or SARA scores: ataxia,
clumsiness in general and immaturity of the central nervous
system. In adults, these three factors would be expected to play
a smaller role, because the effect of DCD is clinically known
to diminish in adulthood. Furthermore, effects of immaturity
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on coordination performances generally disappear after pu-
berty [19]. Finally, pediatric onset ataxia (EOA) concerns a
highly heterogeneous group, which is more often associated
with other (comorbid) movement disorder features (mixed
movement disorder) than ataxia onset after the 25th year of life
(AOA). In children, it is thus much more difficult to distinguish
between the different factors that can affect coordination.

B. Data collection and preprocessing (steps 1 and 2)

Participants were asked to perform at least 10 FNT cycles
with both hands if they were able to do so, on average
the trials lasted 21.8 sec (SD 7.8 sec), left and right. The
trials were video recorded. Three pediatric neurologists ad-
ditionally assessed the FNT executed by EOA and DCD
participants, according to the official SARA guidelines [11],
for the first group of participants only. SARA assessment
was not performed for the second group of patients because
the goal of that study was not to compare results to the
SARA score, but to distinguish between groups. During task
execution, participants wore three inertial measurement units
(IMUs Shimmer3, Shimmer, Dublin, Ireland-based Realtime
Technologies) on the upper arm, fore arm, and index finger.
The data collected by the IMUs at 51.2 Hz were used to
estimate 3D trajectories of the participants’ index finger using
an upper limb model [17] implemented in Labview (Austin,
Texas, USA). We subsequently applied a moving-average filter
of the 3D trajectory data using a window of 15 samples to
smooth the signals.

C. Estimating local features (step 3)

Local features are those that can be estimated for short
segments taken from the 3D trajectories, such as curvature,
torsion, instantaneous speed, and their time-derivatives [20],
[21]. Compared to global features, local features have the
added value that they offer the possibility to assess perfor-
mance in “real-time” and provide immediate feedback. As
local features we selected local curvature and instantaneous
speed because they allowed high classification accuracy in
our previous study involving movement of younger and older
participants [6] and because they are expected to provide
relevant information about the ability of the current partici-
pants to perform the FNTs. The curvature of a trajectory is
defined as a measure of deviation of a curve from a straight
line. In this sense, a straight trajectory has a constant zero
curvature. One way to estimate the curvature of a trajectory
at a specific point in time xt is by fitting a circle to xt−1,
xt and xt+1 and taking the inverse of its radius. Thus, large
circles will reflect small curvature values and small circles
will reflect high curvature values. Curvature values of non-
intermittent (smooth) movement trajectories can be expected
to be small, whereas for the intermittent (non-smooth) cases
are expected to be high. In this way, curvature can indeed
provide information related to movement smoothness. Thus,
local curvature measures how smooth a 3D trajectory is for
each three consecutive points, while instantaneous speed is de-
termined between each two consecutive points. By visualizing
curvature and speed signals and identifying the repetitive FNT

movement, samples that preceded or followed FNT execution
were excluded from further analysis. After sample exclusion,
trials lasted 17.5 sec on average (SD 6.4 sec). Then, local
curvature (κ) and instantaneous speed (s) were estimated from
the FNT trajectories according to the method of Soancatl-
Aguilar et al. [20] and subsequently log-transformed. Finally,
mean speed (s̄) and mean curvature (κ̄) were estimated for
each participant k and used as predictors in the GLM.

D. GLM definition and GLM fitting (steps 4 and 5)

Following the steps described in [8] we specified a GLM as
follows. First, we defined an outcome variable (d) as binary (0
- healthy class, 1 - coordination disorder class) and assumed
that it follows a Bernoulli distribution. Second, a linear model
was specified as a function of mean speed s̄ and mean cur-
vature κ̄. Third, the logit function [22] was used to transform
the probability distribution constrained between 0 and 1 into
a function that can take any real value. Mathematically:

dk ∼ Bernoulli(Pk), k = 1 . . . n

logit(Pk) = α+ β1 · κ̄k + β2 · s̄k,
α ∼ N (0, 10), β1 ∼ N (0, 50), β2 ∼ N (0, 50)

(1)

where n is the number of participants, α is the intercept, β1

and β2 are the slopes, and k is a participant index. The logit
function is defined as the logarithm of the odds (log-odds) [22],
where the odds of Pk is Pk/(1−Pk). Thus,

logit(Pk) = log

(
Pk

1−Pk

)
= α+ β1 · κ̄k + β2 · s̄k, (2)

and solving for Pk

Pk =
eα+β1·κ̄k+β2·s̄k

1 + eα+β1·κ̄k+β2·s̄k
(3)

N represents a normal distribution with 0 mean and standard
deviation 10 for the intercept (α) and standard deviation 50
for the slopes (β1 and β2). These features and values are
just initial assumptions. For simplicity, we used the same
probability distributions for the model as in our previous
study [6] where we used high posterior density interval (HPDI)
bands, which are conceptually similar to confidence interval
bands. The GLM fitting method will iteratively estimate the
final values of these parameters [23]. To fit the GLM (Eq. (1))
we built a model in Stan, which is a probabilistic programming
language [24], using the rethinking R package [23].

E. GLM performance (step 6)

We performed leave-one-out cross validation (LOOCV) [25]
to test the performance of the model on new data. Suppose that
the set U contains the pairs (κk, sk) collected from the two
groups of participants (k = 1 . . . 70). Then, for each partici-
pant k in U we fitted a model on the set {U − (κk, sk)} and
used the fitted model to predict the probability that participant
k belongs to the coordination disorder class. The predicted
probabilities were used to estimate an optimal threshold to
classify FNT trials as belonging to a healthy or coordination
disorder participant. This threshold was estimated as the point
with the best sum of sensitivity and specificity known as the
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Fig. 2. Local curvature (κ) and instantaneous speed (s) during FNT execution, using the right hand, for a healthy (top) and an EOA (bottom) participant.

Youden index [26], closest to the point (0,1) of the receiver
operating characteristics (ROC) curve [27]. Sensitivity is the
proportion of correctly classified patients. Specificity is the
proportion of correctly classified healthy participants. The
threshold was estimated using the pROC R-package [28].

1) SARA FNT scores compared to GLM scores: To gain
further understanding of any misclassifications, SARA FNT
scores and model scores were compared for the first group of
patients only. The mean SARA FNT score across observers
for each patient in the first data set was determined. Then, to
investigate to what extent SARA FNT scores coincide with
model scores a scatter plot was used. For specific cases, we
visualized 3D trajectories and the distribution of curvature and
speed values as violin plots to gain further understanding.

III. RESULTS

Figure 2 provides an example of local curvature and in-
stantaneous speed (in log-scale) as a function of time for a
healthy participant and a participant with EOA. Both measures,
speed and curvature, are clearly regular and repetitive for the
healthy participant. For the patient, however, both measures
behave more irregularly. Taking into account the range of
the measures, the healthy participant displayed faster and
smoother movements than the EOA participant, as indicated
by higher speed values and lower curvature values. It can
also be observed that high speed values coincide with low
curvature values and, vice versa, low speed values coincide
with high curvature values. This is known as the power law
relation between curvature and speed in log-scale [29].

A. GLM classification

After performing LOOCV and using the ROC curve, the
probability threshold that best separates healthy participants
from patients was found to be 0.587 (Figure 3). Using this
threshold, 84% of the healthy participants were correctly
classified and 84% of the patients were correctly classified.
Figure 4 shows the LOOCV predictions of model (1). Most
of the healthy participants are grouped in the top left corner
of the graph; this group represents participants who scored
probability values lower than the threshold, and were classified
as healthy participants. Most of the patients are in the group
dispersed between the center and the bottom right corner
of the graph; this group represents participants who scored
probability values higher than the threshold and were classified
as patients. These findings again illustrate that in general
healthy participants displayed faster and smoother FNT move-
ments than patients. Some overlap between the two groups of
participants, however, prevents a better separation. For exam-
ple, some healthy participants (5, 23, and 25) score similar
probabilities as patients, while one DCD patient and one EOA
patient (32 and 61, respectively) score similar probabilities as
healthy participants. Thus, according to model (1) participants
32 and 61 behave very much as healthy participants.

B. SARA FNT scores compared to GLM predictions

In Figure 5 GLM scores are plotted against SARA FNT
scores to gain further understanding of misclassified patients
from group 1. From this figure we can observe that most of the
misclassified patients had relatively low SARA FNT scores,
meaning that the observers noticed only small or no tremor at
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Fig. 3. ROC curve (non-smoothed) of the LOOCV showing the threshold that
best separates patients from healthy participants. The plot was created using
the pROC-Rpackage [28] and the tikzDevice package [30]. CI: confidence
interval.

all (smooth FNT trajectories). However, some patients received
a low SARA score (suggesting that the FNT trajectories looked
smooth to the observers) whereas the model score was high
(participants 4, 24 and 30, in the top left corner of Figure 4).
From a classification point of view, this suggests that the model
classifies patients not only on the presence of irregularities
(tremor) which would result in high curvature.

To understand why the model classifies some patients with
no visible or minor tremor as healthy and others (correctly) as
patients, we present violin plots of the curvature and speed
distributions in Figure 6 and 3D trajectories in Figure 7,
for participants 4, 8, 14, 24, 30, and 31 (both hands). We
included participant 8 as an example where no visible tremor
was observed and the model classified the patient as healthy,
and participants 4 and 24 as examples where no visible
tremor was observed but the model correctly classified them as
patients. For comparison, we also included patients 30 and 14
where minor to moderate tremor was observed and the model
correctly identified them as patients. The level of tremor is
based considering the average SARA FNT subscores of the
three pediatric neurologists. Thus, there was assumed to be
no tremor if the FNT score equals 0, minor tremor (< 2cm) if
the score is less than 1, and moderate tremor (< 5cm) if the
score is < 2. There were no scores of 3 (> 5cm) or 4 (unable
to perform 5 pointing movements). Finally, participant 31 was
included as an example of a healthy participant. To start with
this participant, the trajectory is regular and smooth (Figure 7)
with relatively high speed values and low curvature values
(Figure 6). In strong contrast, participant 14, who exhibited
“moderate” tremor (based on the average score 1.3 provided
by the neurologists, amplitude between 2-5cm), had relatively
low speed and high curvature values during very irregular
trajectories resulting in a high model score. A similar, although
more subtle, difference compared to the healthy participant
(31) can be observed for participant 30, who exhibited minor

tremor, but also had relatively low speed and high curvature
values during trajectories that were also irregular, although
less than for participant 14. This explains the high model
score for this patient as well. Participants 4 and 24, who
had no visible tremor, did have relatively low speed and high
curvature values, while their trajectories looked very similar
to those of the healthy participant (31), explaining the high
model score as well as why no tremor was observed. Finally,
participant 8, who had no visible tremor either, but was scored
as healthy by the model, indeed had curvature and speed values
that were very similar to those of the healthy participant (31).

In summary, the model seems to classify some patients
with no visible or minor tremor as patients, because it picks
up features from the movement trajectories that have been
recorded by the IMUs and that are not visible to the naked
eye. On the other hand, if the trajectory of a patient is similar
to that of a healthy participant in terms of speed and curvature
values, as may be the case for some of the (mildly affected)
DCD patients, it seems the patient will be classified as healthy.

IV. DISCUSSION

The goal of the present study was to apply a recently
developed method for distinguishing between patients with co-
ordination disorders and controls who performed the FNT. We
expected that FNT movement trajectories would be smoother
and faster for healthy participants than for patients and that
these movement characteristics should be reflected in lower
local curvature and higher instantaneous speed values in
healthy participants, which was indeed confirmed. Using local
curvature and instantaneous speed as features the method
achieved 84% accuracy distinguishing patients and controls.

First a (probabilistic) GLM was defined as a function of
curvature and speed to estimate the probability that the FNT
trajectories were collected from a patient. Then, to test the
GLM on new data we performed LOOCV resulting in 84%
accuracy. In addition, we expected that misclassified patients
would exhibit FNT trajectories similar to those of healthy
participants, exhibiting smooth trajectories as reflected in low
model scores. For further understanding of misclassifications,
we plotted SARA scores against model scores, as well as
violin plots of the local curvature and instantaneous speed
distributions of selected participants. This suggested that the
model classifies some patients with no visible or minor tremor
as patients, because it detects features from the movement
trajectories recorded by the IMUs that are not visible to the
naked eye. On the other hand, if the trajectory of a patient is
similar to that of a healthy participant in terms of speed and
curvature, it seems the model classifies the patient as healthy.

Our accuracy results are consistent with other studies [17],
[31], [32] that tried to distinguish between healthy and
pathological FNT trials. Table I displays characteristics of
earlier studies and ours using different techniques to distin-
guish patients from healthy participants, allowing a direct
comparison. First, because we combined participants of two
different studies, our study includes the largest number of
healthy participants and patients, so far. Second, our method
involved only two variables whereas the other methods [17],

This is the author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at  http://dx.doi.org/10.1109/TBME.2018.2878626

Copyright (c) 2018 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



TBME-00256-2018.R1 6

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22
23

24

25

26

27

28

29

30

31

32

33

34

35

36
37

38

39

40

41

42

43

44
45

46

47

48

49

50

51

52

53

54

55
56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

-1

0

1

0 1 2 3

curvature log(κ)

sp
ee
d
lo
g
(s
)

0.25 0.50 0.75
P

Category: Healthy Movement disorder

Fig. 4. Visualization of the predictions of model (1). Black edges of the shapes represent participants classified as healthy, while green edges represent
participants classified as patients.

4 6

8

10

12 14

16
18

20
22

24

26 28

30

32

34

0.25

0.50

0.75

1.00

0
No tremor

1
Tremor
< 2 cm

2
Tremor
< 5 cm

SARA scale

M
o
d
el

sc
or
es

(P
)

GLM prediction:

a

a

Healthy

Coordination disorder

Diagnostic:

EOA

DCD

Fig. 5. Model scores against SARA scores. SARA scores are averaged over
left and right hands and observers. The vertical axis indicates the probability
of having a coordination disorder. The numbers represent participants. The
misclassified patients from group 1 are in the lower left corner of the plot
(numbers 8, 26, 28 and 32).

[31], [32] involved 11 variables or more. Third, because of
the relatively large number of variables the other methods
used dimensionality reduction techniques such as PCA and
Sammon’s map. As our method involves only two variables,
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Fig. 6. Violin plots of the distribution of curvature and speed values for 6
participants. L: left hand, R: right hand. The numbers on top represent SARA
scores. Violin plots provide a way to visualize the differences between a
healthy participant and patients in terms of distributions of curvature and speed
values. For example, clear differences can be noticed (visually) between the
healthy participant and patients 14 and 30. Statistical descriptors are included
in terms of the boxplots showing medians and interquartile ranges. Medians
show that the healthy participant had higher speed values than patients. In
contrast, the healthy participant scored lower curvature values than patients.
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TABLE I
MAIN FEATURES OF RECENT FNT STUDIES TRYING TO DISTINGUISH

HEALTHY PARTICIPANTS AND PATIENTS WITH A COORDINATION
DISORDER. KFCV: K-FOLD CROSS VALIDATION.
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[31] 10 10 16 PCA, k-means
MS-clustering

91.4% controls
98.5% patients

[32] 10 28 16 Sammon’s
map, KFCV

72%

[17] 16 11 14 PCA, LOOCV,
random forest

83% controls
78.5% patients

present 20 68 2 GLM, ROC
LOOCV

84% controls
84% patients

there was no need to apply such techniques allowing for
straightforward visualization and interpretation of the results.
The other studies apply different classification algorithms such
as random forest and k-means. One advantage of GLMs is that
the probabilistic outcomes are useful not only for classification
(using an optimal threshold) but also for gaining insight into
the performance of the FNT. For example, regardless of a
clinical diagnosis, values close to 0 would suggest “good” per-
formance during the test while values close to 1 would indicate
“bad” performance during the test. Fourth, the classification
accuracy is on average 84.4% with SD 8.5% among the four
studies. The highest accuracy (more than 91%) was reported
by [31]. We believe that this highest accuracy can be explained
in part by the smallest number of participants, 10 controls and
10 patients, among the four studies and because the patients
might have had more severe coordination disorders. As a
result, there was less overlap in study [31] between patients
and controls than in the other studies, including ours.

It is remarkable that by using only two features we still
achieve high accuracy levels as in studies in Table I. We
suggest that because our method strongly focuses on local
features of the FNT trajectories, the method is able to detect
smaller changes than when using global features (as mostly
used in [17], [31], [32]). In addition, we also believe that local
curvature, which to our knowledge has not been used before to
study FNT trajectories, also plays an important role to assess
the smoothness of the FNT trajectories. These aspects of our
method (not fully present in the others) and although only two
features were used, thus lead to results comparable to those
of the state of the art.

IMUs are practical devices having several benefits such
as being affordable, non-invasive and the whole setup can
be placed in the same location where clinical evaluation
takes place. An advantage of our method is that after data
collection, only simple preprocessing steps are performed
such as smoothing of the signal (no need to apply PCA, for
example) and segmentation of the signal by removing extremes
of the signal which are not part of test. There is no need
to detect features such as peaks or inflection points. GLMs
offer the possibility to include many variables in the mod-
els and the probability values as outcomes have meaningful

and straightforward interpretation. In addition, the threshold
estimated using the ROC curve (Figure 3) can already be
considered as a cut-off score. These features of the method
are promising but for clinical application this approach needs
to be developed further because calibration is limitative now
and it is not fully automatic. Additionally, the main question
is not only to distinguish healthy persons from patients with a
coordination disorder, but also to distinguish between different
movement disorders. This was a first step towards that goal.

One limitation of the present study is that we pre-assigned
the subjects to the EOA or DCD group on clinical grounds.
In absence of a gold standard, we can never exclude the
possibility that clinical assignment is not 100% correct, either.
Another limitation is that the severity of ataxia in our group
of participants, as assessed by neurologists, does not cover
the whole range of the SARA FNT scale. The highest score
provided by the neurologists is not higher than 2 (tremor
smaller than 5 cm), whereas the maximum score is 4 (unable to
perform the pointing movements). Including participants with
more severe symptoms of a coordination disorder may change
the results. However, the classification accuracy should be
similar, as more severe symptoms should result in even higher
curvature values and slower speed values. In other words, we
could expect such participants to be in the lower right corner
of Figure 4 (high curvature and slow speed values), where we
expect the model to classify them as patients.

The need for objective and quantitative assessment of human
movement to reinforce and support the use of clinical rating
scales is evident [5], [33], [34]. A benefit of the presented
method is that it can be applied to a broad range of human
movements commonly used in clinical tests such as gait, static
postural control, dynamic postural control, finger chasing, path
drawing spirals, circles, squares, or figure-8 shapes, and fast
alternating hand movements [11]. In addition, the methodology
can be applied independently of the tracking device such as
force plates or depth cameras.

V. CONCLUSION

In conclusion, we have shown that the (probabilistic) GLM
we developed to assess dynamic balance can also be used
to assess patients with coordination disorders. The GLM as
a function of only two features (instantaneous speed and
local curvature) is useful to distinguish patients and healthy
participants based on an instrumented version of the FNT. The
quantification of smooth movements plays an important role
in the assessment of coordination disorders [35]. In previous
studies [7], [20] we proposed curvature as a measure of
smoothness of body movements. Here, we provide additional
evidence of the usefulness of this measure to assess body
movements and to differentiate pathological from healthy
movements. Future work could entail adding more features
(local and global) to the GLM, testing the reliability of the
method for distinguishing groups of patients and/or controls
using other clinical tests such as finger chasing or quiet
standing, and using other tracking devices such as force plates
or depth cameras that can be used to track body movements
without the need for markers or wearable measurement de-
vices.
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