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5D I S T I N G U I S H I N G PAT I E N T S W I T H A
C O O R D I N AT I O N D I S O R D E R F R O M H E A L T H Y
C O N T R O L S U S I N G L O C A L F E AT U R E S O F
M O V E M E N T T R A J E C T O R I E S D U R I N G T H E
F I N G E R -T O - N O S E T E S T

abstract

Quantitative assessment of movement disorders is valuable for moni-
toring progression of patients, distinguishing healthy and pathological
conditions, and ultimately aiding in clinical decision making, thereby of-
fering the possibility to improve medical care or rehabilitation. A com-
mon method to assess movement disorders is by using clinical rating
scales. However, such scales depend on the evaluation and interpreta-
tion of an observer and thus contain a subjective component. 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 proba-
bilistic generalized linear model, can be used to assess a broader range
of functional movements. We here apply this method to distinguish pa-
tients with coordination disorders from healthy controls. We focused
on movements recorded during the �nger-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% clas-
si�cation accuracy in distinguishing patients and healthy participants,
using only two features. Future work could entail testing the reliabil-
ity of the method for distinguishing groups of patients and/or controls
using other clinical tests such as �nger chasing or quiet standing and
using other tracking devices such as depth cameras or force plates.

5.1 introduction

Quantitative analysis of human movement can be valuable for diag-
nosis and monitoring of motor disorders; it can aid in distinguishing
healthy and pathological conditions and in following the progression of
patients over time as well as the e�cacy of interventions [156]. A com-
mon method to assess human movement in a clinical setting is provided
by clinical rating scales which are easy to administer and have been val-
idated and standardized [108]. 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, clinical
scales are not enough to assess di�erent motor control strategies during
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distinguishing patients with a coordination disorder

the execution of movements [108, 114, 142]. Thus, objective measures
and methods that quantify aspects of movement could be valuable in
neurology, rehabilitation and other �elds of medicine. As added bene�t,
they could be used in combination with clinical rating scales [25].

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, as the more subjective rating scales
usually provide the only reference. In a previous study (see [129, 130])
we used the movement performance of younger and older participants
as a proxy of better and worse movement, knowing that movement in
older participants is generally worse than in younger participants. We
then successfully used generalized linear models (GLMs) [159] to pre-
dict movement category (young or old) based on features derived from
the movement trajectory. One characteristic that makes GLMs appro-
priate to classify human movement as better or worse is that their out-
comes can be probability values that re�ect movement performance. In
case of diagnostic applications, if we assume that probability 0 repre-
sents “healthy” performance and probability 1 represents “pathologi-
cal” 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 move-
ments that re�ect pathological performance.

Here, we evaluate how the method that we used in our previous study
to distinguish young and old participants [129] performs when applied
to the problem of distinguishing patients with a coordination disorder
from healthy controls during a movement task that is recorded using in-
ertial measurement units (IMUs). We focused on movements recorded
from the �nger to nose task (FNT). The FNT is a neurological exami-
nation that measures smooth and coordinated upper-limb movements
between the tip of the nose of the participant and the tip of an exam-
iner’s index �nger[70]. This test can be used to assess coordination in
diseases such as Early-Onset-Ataxia (EOA) or Developmental Coordi-
nation Disorder (DCD) [81]. Although there are valid clinical scales
measuring the severity of ataxia [155] such as the International Coop-
erative Ataxia Rating Scale (ICARS) and the Scale for the Assessment
and Rating of Ataxia (SARA), assessing the presence of dysmetria (di�-
culty in controlling the range of movement resulting in undershooting
or overshooting a target [70]) and tremor in FNT trials is challenging.
Even experienced clinicians have exhibited low reliability in the assess-
ment [135]. Our aim is to contribute to the development of objective
measures and methods to quantify movement in patients with a coordi-
nation problem thereby eventually aiding in diagnosis and monitoring
of such patients. A very �rst step in achieving this is to be able to dis-
tinguish between patients and controls [81].

Figure 5.1 illustrates the general steps of our method. In step 1, the
three-dimensional (3D) trajectories are collected (during a functional
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5.2 methods

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 tra-
jectories and 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 fea-
tures fully characterize a curve in 3D space [88]. 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 [108]. In step 4, one or more (probabilistic) GLMs are
de�ned as a function of the local features estimated in step 3. The math-
ematical de�nition of GLMs can be done following the steps in [159].
In step 5, the GLMs should be �tted using R, Matlab or any other spe-
cialized statistical software. In step 6, the performance of the models
on new data can be assessed using the Akaike or Wanatabe-Akaike in-
formation criteria [6, 144]. Cross-Validation [68] can also be used for
model comparison, although this is computationally more expensive.

1

Data
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2

Data
preprocessing

3

Local
features

4

GLM
definition

5

GLM
Fitting

6

GLM
performance

Figure 5.1: Steps of the method to assess movement trajectories.

In sections 5.2 and 5.3 we applied the steps in Figure 5.1 to investi-
gate 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 move-
ment trajectories are smoother and faster in healthy participants than
in patients. Finally, in section 5.4 a general discussion and future work
is presented.

5.2 methods

This study was performed using data acquired in the context of the
projectQuanti�cation of symptoms of movement disorders employingmo-
tion sensors [83]. Part of the data were previously used to investigate
whether a random forest classi�er 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 di�erent from those
used in [83] and include additional participants.
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distinguishing patients with a coordination disorder

5.2.1 Participants

In the present study we included two sets of participants. The �rst set
concerns the data used in the study mentioned above and consisted
of 34 children: nine children with EOA (mean age 13.3 years, SD 4.0
years), seven children with DCD (mean age 9.4 years, SD 2.2 years), and
18 healthy age-matched control children (mean age 11.8 years, SD 3.4
years). For the second set, the data were collected at a di�erent time and
involved 36 participants: 12 children with EOA (mean age 13.5 years, SD
2.8 years), 22 adults with ataxia (mean age 54.9 years, SD 14.7 years), and
two healthy participants (age unknown). By including patients and con-
trols over a wider age range, we increased the complexity of the data
compared to the previous study (see [83]). All parents of the children
and all adult participants provided written informed consent. Children
who were 12 years or older provided informed assent. Inclusion crite-
ria 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. The DCD inclusion criterion was
an o�cial diagnosis as determined by a rehabilitation center. Exclusion
criteria for healthy participants were a neurological and/or orthopedic
disorder and/or any medication with a negative e�ect on coordination.
Furthermore, healthy children were declared to be healthy by their par-
ents.

5.2.2 Data collection and preprocessing (steps 1 and 2)

Each participant performed the FNT during 21.8 sec on average (SD
7.8 sec) with both hands, left and right. The trials were video recorded.
Three pediatric neurologists additionally assessed the FNT executed
by EOA and DCD participants, according to the o�cial SARA guide-
lines [119], for the �rst set of participants only. SARA assessment was
not performed for the second set of participants. 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 �nger. The data collected by the IMUs at 51.2
Hz were used to estimate 3D trajectories of the participants’ index �n-
ger using an upper limb model [83] implemented in Labview (Austin,
Texas, United States of America). We subsequently applied a moving
average �lter of the 3D trajectory data using a window of 15 samples to
smooth the signals.

5.2.3 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

72



5.2 methods

and their time-derivatives [128, 153]. Local features have the added
value compared to global features that they o�er the possibility to as-
sess performance in “real-time” and provide immediate feedback. As
local features we selected local curvature and instantaneous speed be-
cause they allowed high classi�cation accuracy in our previous study
involving movement of younger and older participants [129] and be-
cause they are expected to provide relevant information about the
ability of the current participants to perform the FNTs. Local curvature
measures how smooth a 3D trajectory is for each three consecutive
points, while instantaneous speed is determined 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. [128] 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.

5.2.4 GLM de�nition and GLM �tting (steps 4 and 5)

Following the steps described in [159] we speci�ed a GLM as follows.
First, we de�ned 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 speci�ed as a function of mean
speed s̄ and mean curvature κ̄. Third, the logit function [24] 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)
(5.1)

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 de�ned
as the logarithm of the odds (log-odds) [24], where the odds of Pk is
Pk/(1 −Pk ). Thus,

logit(Pk ) = loд

(
Pk

1 −Pk

)
= α + β1 · κ̄k + β2 · s̄k , (5.2)

and solving for Pk

Pk =
eα+β1 ·κ̄k+β2 ·s̄k

1 + eα+β1 ·κ̄k+β2 ·s̄k
(5.3)

N represent a normal distribution with 0 mean and standard deviation
10 for the intercept and standard deviation 50 for the slopes (β1 and β2).
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distinguishing patients with a coordination disorder

To �t the GLM (Eq. 5.1) we built a model in Stan, which is a probabilistic
programming language [43], using the rethinking R package [87].

5.2.5 GLM performance (step 6)

We performed leave-one-out cross validation (LOOCV) [64] to test the
performance of the model on new data. Suppose that the set U con-
tains the pairs (κk , sk ) collected from the two sets of participants (k =
1 . . . 70). Then, for each participant k in U we �tted a model on the set
{U − (κk , sk )} and used the �tted 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 sensi-
tivity and speci�city known as the Youden index [157], closest to the
point (0,1) of the receiver operating characteristics (ROC) curve [38].
Sensitivity is the proportion of correctly classi�ed patients. Speci�city
is the proportion of correctly classi�ed healthy participants. The thresh-
old was estimated using the pROC R-package [111],

5.2.5.1 SARA scores compared to GLM scores

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

5.3 results

Figure 5.2 provides an example of local curvature and instantaneous
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, how-
ever, 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 [51].
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Figure 5.2: Local curvature and instantaneous speed during FNT execution, us-
ing the right hand, for a healthy (top) and an EOA (bottom) partici-
pant.

5.3.1 GLM classi�cation

After performing LOOCV and using the ROC curve, the probability
threshold that best separates healthy participants from patients was
found to be 0.587. Using this threshold, 84% of the healthy participants
were correctly classi�ed and 84% of the patients were correctly classi-
�ed. Figure 5.3 shows the LOOCV predictions of model (5.1). This visual-
ization shows that there generally is a good separation between healthy
participants and participants with a coordination disorder. 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 classi�ed as healthy participants. Most of
the patients are in the group dispersed between the center and the bot-
tom right corner of the graph; this group represents participants who
scored probability values higher than the threshold and were classi�ed
as patients. These �ndings again illustrate that in general healthy par-
ticipants displayed faster and smoother FNT movements than patients.
Some overlap between the two groups of participants, however, pre-
vents a better separation. For example, some healthy participants (5, 25,
and 23) score similar probabilities as patients, while one DCD patient
and one EOA patient (61 and 32, respectively) score similar probabilities
as healthy participants. Thus, according to model (5.1) participants 32
and 61 behave very much as healthy participants.
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Figure 5.3: Visualization of the predictions of model 5.1. Black edges of the
shapes represent participants classi�ed as healthy, while green edges
represent participants classi�ed as patients.
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5.3.2 SARA scores compared to GLM predictions

In Figure 5.4 GLM scores are plotted against SARA scores to gain fur-
ther understanding of misclassi�ed patients from group 1. From this
�gure we can observe that most of the misclassi�ed patients had rela-
tively low SARA scores, meaning that the observers noticed only small
or no tremor at 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 (partici-
pants 4, 24 and 30, in the top left corner of Figure 4). From a classi�ca-
tion point of view, this suggests that the model classi�es patients not
only on the presence of irregularities (tremor) which would result in
high curvature.
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Figure 5.4: 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 repre-
sent participants. The misclassi�ed patients from group 1 are in the
lower left corner of the plot (numbers 8, 26, 28 and 32).

To understand why the model classi�es 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 5.5 and
3D trajectories in Figure 5.6, for each hand of participants 4, 8, 14, 24, 30,
and 31. We included participant 8 as an example where no visible tremor
was observed and the model classi�ed the patient as healthy, and par-
ticipants 4 and 24 as examples where no visible tremor was observed
but the model correctly classi�ed them as patients. For comparison, we
also included patients 30 and 14 where minor to moderate tremor was
observed and the model correctly identi�ed them as patients. Finally,
participant 31 was included as an example of a healthy participant. To
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Figure 5.5: Violin plots of the distribution of curvature and speed for 6 partici-
pants. L: left, R: right. The numbers on top represent SARA scores.

start with this participant, the trajectory is regular and smooth (Fig-
ure 5.6) with relatively high speeds and low curvatures (Figure 5.5). In
strong contrast, participant 14, who exhibited moderate tremor, had rel-
atively low speeds and high curvatures during very irregular trajecto-
ries resulting in a high model score. A similar, although more subtle
di�erence compared to the healthy participant (31) can be observed for
participant 30, who exhibited minor tremor, but also had relatively low
speeds and high curvatures during trajectories that were also irregu-
lar, although less than in 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 speeds and high curvatures, 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 curvatures and speeds that were
very similar to those of the healthy participant (31).

In summary, the model seems to classify some patients with no vis-
ible 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 speeds and
curvatures, as may be the case for some of the (mildly a�ected) DCD
patients, it seems the patient will be classi�ed as healthy.
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Figure 5.6: 3D trajectories collected from a healthy participant and 5 patients
with a diagnosed coordination disorder. The labels on the left repre-
sent participants and SARA scores.
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5.4 discussion

The goal of the present study was to apply a recently developed method
to distinguish between patients with coordination disorders and con-
trols who performed the FNT. We expected that FNT movement tra-
jectories would be smoother and faster in healthy participants than in
patients and that these movement characteristics should be re�ected in
lower local curvature and higher instantaneous speed values in healthy
participants, which was indeed con�rmed. Using local curvature and
instantaneous speed as features the method achieved 84% accuracy dis-
tinguishing patients and controls.

First a (probabilistic) GLM was de�ned 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 per-
formed LOOCV resulting in 84% accuracy. In addition, we expected that
misclassi�ed patients would exhibit FNT trajectories similar to those of
healthy participants, exhibiting smooth trajectories as re�ected in low
model scores. For further understanding of misclassi�cations, we plot-
ted SARA scores against model scores, as well as violin plots of the
local curvature and instantaneous speed distributions of selected par-
ticipants. This suggested that the model classi�es 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 classi�es the patient as healthy.

Our accuracy results are consistent with other studies [78, 83, 141]
that tried to distinguish between healthy and pathologic FNT trials. It
is remarkable that by using only two features we still achieve similar ac-
curacy, whereas the authors in [78, 83, 141] used 33, 11, and 14 features
respectively. A bene�t of using only two features is the ability to visu-
alize groups without the need of dimensionality reduction techniques
such as principal component analysis [66] or Sammon mapping [117].
Additionally, only one optimal threshold (simple classi�er) was used in
our approach to classify healthy participants and patients.

One limitation of the present study 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 classi�cation 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 5.3
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(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 move-
ment to reinforce and support the use of clinical rating scales is evi-
dent [25, 32, 135]. A bene�t of the presented method is that it can be
applied to a broad range of human movements commonly used in clin-
ical tests such as gait, static postural control, dynamic postural con-
trol, �nger chasing, path drawing spirals, circles, squares, or �gure-8
shapes, and fast alternating hand movements [119]. In addition, the
methodology can be applied independently of the tracking device such
as force plates or depth cameras. The quanti�cation of smooth move-
ments plays an important role in the assessment of coordination disor-
ders [10]. In previous studies [128, 130] we proposed curvature as a mea-
sure of smoothness of body movements. Here, we provide additional
evidence of the usefulness of this measure as a measure to di�erentiate
pathologic from healthy movements.

In conclusion, we have shown that the (probabilistic) GLM we devel-
oped to assess dynamic balance can also be used to assess patients with
coordination disorders. The method is useful to distinguish patients and
healthy participants based on an instrumented version of the FNT. Fu-
ture work could entail testing the reliability of the method for distin-
guishing groups of patients and/or controls using other clinical tests
such as �nger chasing or quiet standing, and using other tracking de-
vices such as force plates or depth cameras that can be used to track
body movements without the need for markers or wearable measure-
ment devices.
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