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APPENDIX 1. SEGMENTATION OF THE DATA 

Circle task 

For the circle task a start and end sector were defined as shown in Figure A1.1. 
One repetition of the circle task was considered to end and the next one to start 
when the pen tip moved from the end sector to the start sector. For this study 
this simple rule was sufficient for unambiguously defining the start and end 
times of each repetition since none of the participants crossed this border 
multiple times per circle.  

Spiral task 

In the spiral task a repetition was considered to start when the pen tip left the 
start circle and to end when the pen tip entered the end circle (see Figure A1.1 
for illustration). Similar to the circle task this simple rule was enough to 
unambiguously define the start and end points of each repetition.  

 
Figure A1.1. Illustration of the start and end areas in the circle and spiral task. A: Circle task; 
B: Spiral task. Green: start area; Red: end area. 

 



 

136 
 

Star task 

For the star task each individual line-segment drawn by the participant was 
detected automatically using the following procedure: 
1) The distance travelled by the pen-tip was estimated for each data point by 

computing the cumulative sum of distances between two successive data 
points. 

2) New time series of x and y coordinates in which the data points were equally 
spaced in distance travelled by the pen were constructed from the original 
time series, in which the data points are equally spaced in time, using linear 
interpolation. This transformation removes variation due to varying 
drawing speed within participants and between participants. The 
transformation is illustrated in Figure A1.2. 

3) A function which consists of two straight line segments, 25 mm each, joined 
together at one end was fitted locally to each data point in the x and y time 
series minimizing the least squares error. This function fits nearly perfectly 
to the data when the participant is drawing a straight line or an angle 
(Figure A1.2). 

4) The local minima within 25 mm of the fitting error of this function were 
searched and the minima in which the angle, which can be computed from 
the parameters of the functions (line segments) fitted to the x and y 
coordinates, was larger than 0.8*pi were classified as points where the 
participant drew an acute angle (Figure A1.2). 

5) The complete line segments drawn by the participant were found by 
searching for segments that start by the participant drawing an acute angle 
in the origin and end by the participant drawing an acute angle in one of the 
end points of the star, or vice versa.
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Figure A1.2. Illustration of the star task segmentation method. A: the original x (blue) and y 
(green) coordinate time series recorded by the digitizer. B: the x and y coordinates as a 
function of the distance travelled by the pen tip. The function fitted to the coordinates is 
shown in red for two points, one of which is a point where the subject has drawn an acute 
angle and the other is slightly after such a point. C: turning angle estimated from parameters 
of the functions fitted to the coordinate series (green) and fitting error of the functions (blue); 
the local minima of the fitting error are shown as red circles in the angle series. D: the turning 
points detected by the algorithm are marked in the original time series by red squares. 
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APPENDIX 2. ‘ELELELEL’ WRITING TASK: LETTER 

SHAPE RECOGNITION ANALYSIS 
To calculate the mean width and height of each letter in the ‘elelelel’ writing task, 
the pen tip position data (x and y coordinates) were preprocessed. First, the data 
were split into separate segments, where each segment represented one line of 
text. This was done using an ‘in range’ signal, which indicates whether or not the 
pen is in detection range of the tablet employing that, after writing one line of 
text, the patient lifts the pen so that it is outside the detection range of the tablet. 
Subsequently, the segments corresponding to an ‘e’ or an ‘l’ were identified. The 
shapes in each line were recognized by using a state machine that employs the 
direction of change of the pen tip position as input (similar to the method used 
in Smits et al.*). The data was processed according to the following steps. 

 

1) The direction of change (∆x, ∆y) of the pen tip position was approximated 
by dividing the difference between samples that are 20 samples apart by 20. 
A sample distance of 20 rather than 1 is used as a data smoothing method 
thereby filtering irregularities in the input signal. The distance of 20 
samples corresponds to a time span of 100 milliseconds, because the signals 
were sampled at 200 Hz. 

2) The signs of ∆x and ∆y were used to drive a state machine. For a ‘perfect 
signal’, the states cycle through the following states in order (see also Figure 
A2.1): 

State 1: ∆x>0, ∆y>0: the pen is moving right and up, from the start of 
the curve toward the rightmost point. 

State 2: ∆x<0, ∆y>0: the pen is moving further up but leftward, from 
the rightmost point to the top. 

State 3: ∆x<0, ∆y<0: the pen is moving further left but downward, from 
the top to the leftmost point. 

State 4: ∆x>0, ∆y<0: the pen is moving further down but rightward 
again, from the leftmost point to the bottom. 

 

Since not all signals were perfect, the actual state machine was designed to detect 
errors and correct for these imperfections. Several additions were implemented:
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During normal operation the state can only change from state N to state N+1 (or 
from state 4 to state 1). For each of these state changes there is only one 
component that changes, and that is the only change the algorithm looks for. For 
example, in state 1 the algorithm only searches for a time point when ∆x becomes 
negative, and then the state changes to state 2. 

• If the algorithm would try to go back one state (moving in the wrong 
direction) it stays in the  

• current state; if it would try to go back yet another state (both x and y going 
in the wrong direction) an error state is entered. If it recovers from the 
initial “wrong direction” it updates the starting point of the current state.  

• A fifth state, state 0, was included which indicates an error or initial state. 
When in this state, 

• the next state (1, 2, 3 or 4) is selected based on the signs of ∆x and ∆y 
directly (the state machine stays in state 0 in case either or both 
components are 0). 

• If the direction component that is not expected to change in a state does 
change, the state 

• changes to the error state, and recognition of the current shape is cancelled: 
the ‘current’ curve is skipped. For instance, this error handling mechanism 
is evoked if the state is in state 1 (the pen is in the lower right quadrant of 
the shape, moving right and up) and a downward move is detected. 
 

3) A shape is considered recognized if it went through states 1, 2, 3, 4 and into 
the next state 1 without errors. The four characteristic points are at the four 
samples where the state changes occurred. 

4) Recognized “shapes” that are very narrow (width<0.7) or low (height<2.0) 
are discarded. These limits were empirically determined. This step was 
added to the algorithm for the analysis in Chapters 5 and 6, to discard small 
movements that were sometimes classified as a letter. 

 
For each recognized segment in the line the rightmost, leftmost and bottommost 
points were saved and each of these points was characterized by an x coordinate, 
y coordinate and a timestamp. Then the letters were classified as an ‘e’ or an ‘l’ 
according to the height of the segment. A letter was classified as an ‘e’ when the 
height of the segment was below the mean letter height and a letter ‘l’ was 
classified when the height of the segment was above the mean letter height. To 
finish the analysis, width and height were calculated for each letter.
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Figure A2.1. Left: A sample of text containing one ‘e’ and one ‘l’, including the recognized 
characteristic points (red dots). The numbered black arrows show the states of the state 
machine. Right: An example of a real detected letter ‘e’.  The light blue box indicates detected 
letters ‘e’. The line color indicates the state of the algorithm; black: state 1, dark blue: state 2, 
light green/cyan: state 3, green: state 4, red: state 0/error. Markers indicate state changes; 
blue upward arrow indicates transition from state 1 to 2, blue leftward arrow indicates 
transition from state 2 to 3, blue downward arrow indicates transition from state 3 to 4, a 
green circle indicates a transition from state 4 to state 1 and a red cross indicates a transition 
from any state to state 0 (the points where an error is recognized). Below: full-scale examples 
of ‘elel’ writing by a PD patient (top) and HC participant (bottom). 

 
* Smits, E. J., Tolonen, A. J., Cluitmans L., van Gils, M., Conway B.A., Zietsma, R. C., 

Leenders K.L., Maurits N.M. Standardized handwriting to assess bradykinesia, 
tremor and micrographia in Parkinson’s disease. PloS ONE 9: e97614 (2014). 
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APPENDIX 3. ICC ESTIMATION 
The variance model used for ICC(C,1) is (McGraw and Wong*): 
 

      (1) 
 

According to this equation, each variable (VAR) from each participant p at measurement day m 
(VARp,m) can be modelled by the mean of the variable for all observations (μ) plus rp, which depends 
on the participant, plus cm, which depends on the measurement day, plus a residue, ep,m. The definition 
of ICC with this model is the ratio of the variance due to the time effect and the total variance: 
 

       (2) 
  

In ICC(C,1), the C stands for ‘consistency’ and for consistency measures the column variance 
(variance corresponding to cm  in this case) is excluded, because it is considered to be an irrelevant 

source of variance (McGraw and Wong, 1996). In equation 2, 
2
rσ and 

2
eσ are the variances 

corresponding to rp and ep,m, respectively. The variances in equation (2) can be estimated by using 
mean squares: 

 
       

       (3) 
 

 
MSr is the mean variation between the measurement days and MSe is the mean variation which cannot 

be explained by the effect of measurement day. If 
2
rσ or 

2
eσ  was negative, it was set to zero in 

further calculations. The mean squares are calculated by: 
 

   (4) 
 

 
 

where k is the number of participants. The variables in equation (4) were calculated by: 
 

      
      

      (5) 
 

 
 

Combining equation (2) with equation (3) results in: 
     (6) 
 

* Mcgraw, K.O., Wong S.P. Forming Inferences About Some Intraclass Correlation 
Coefficients. Psychological Methods  l, 30–46 (1996).
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APPENDIX 4. PROCEDURE FOR TREMOR FEATURE 

EXTRACTION 
For the resting, circle, and spiral tasks the gyroscope signals were analysed to 
assess tremor. In detail, the procedure to extract tremor features consists of the 
following steps: 
1) The gyroscope signals were filtered with a 5 samples long running median 

filter to remove artefactual peaks. 
2) To dampen the lowest frequencies (<3 Hz) to remove the frequency 

components not related to tremor, the gyroscope signals were filtered by 
removing the output of a second order Savitzky-Golay filter. The frame size 
of the filter is 0.33 times the sample rate of the signal for the circle and spiral 
tasks and 0.5 times the sample rate for the rest task. This filtering process 
increases the signal to noise ratio for the determination of the dominant 
tremor frequency. 

3) A principal component analysis was performed on the three filtered 
gyroscope signals (pitch, yaw and roll) only for the periods in which the 
patient was performing the task. Then, the first principal component was 
selected. 

4) Next, the power spectral density (PSD) of the first principal component was 
estimated using Welch’s method (3 s segments with 2 s overlap, Fourier 
transform length of 2048 samples) and the band power in a 1 Hz band 
around each frequency (overlapping bins) was computed. 

5) The frequency with the highest band power was selected as the peak 
frequency (PF). The relative power (RP, in %) was calculated by dividing 
the power in a symmetric 1 Hz band around the peak frequency by the total 
power. 

6) In addition to PF and RP, tremor amplitude (TA) was calculated. For this 
purpose, the filtered gyroscope signals were integrated over time to obtain 
angular displacement (in degrees) due to tremor. The tremor amplitude for 
each sample was obtained by computing the root mean square of the 
integrated signals in a 1 second window around that sample. The mean TA 
was determined for the posture, circle, spiral and zigzag tasks.  
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APPENDIX 5. MODIFIED FITTS’ TASK ANALYSIS  
The tradeoff between speed and accuracy was modeled by Fitts* in the time 
required for movement (T): 
 

𝑇𝑇 = 𝑎𝑎 + 𝑏𝑏 �𝑙𝑙𝑙𝑙𝑙𝑙
2𝐴𝐴
𝐷𝐷
� 

 
Here, A is the distance between targets and D the target diameter. The part 
log(2A/D) is known as the index of difficulty (ID). When multiple IDs are 
available, a and b can be estimated by linear regression. In our modified Fitts’ 
task eight IDs could be determined, since the task consists of eight subtasks, with 
varying difficulty. For each patient the mean T for each ID (each subtask) was 
calculated as the average time needed to move the pen from one target to the 
other, to allow determination of the relationship between movement time and 
ID. A linear curve was then fitted to the data points and a least squares 
calculation was used to determine the goodness of fit (R2). The R2 refers to the 
degree of compliance with Fitts’ law and was determined for each patient. The 
slope of the fitted curves describes the extent to which the performance becomes 
slower with an increase in ID and was calculated for each patient, as well. These 
calculations resulted in two measures: FittsSlope and FittsR2. 

 

 

 

 

 

 

 

 

 

 

 

* Fitts, P. M. The information capacity of the human motor system in controlling the 
amplitude of movement. 1954. J. Exp. Psychol. Gen. 121, 262–269 (1992). 



 

 
 

 




