











CHAPTER 3. PROPOSED METHODS

Pseudo-code 1 Training and testing LSTM network with m hidden states using
Nn-channel gyroscope signal.
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Initialize hyper-parameters to build and train LSTM network
Build the LSTM network
Load the dataset
# Subject-based leave-one-out cross-validation
Divide the dataset into k_fold # k=number of patients
for Pn«+ 1;k fold do
# Training LSTM model on all folds except fold #Pn
for Ei < 1; max number of epochs do
Select Ng seconds randomly on the training signal
Create Ng segments that start from the Ng seconds
Initialize the hidden and internal states of LSTM network with zeros
while no segment reached the end of the signal do
Construct a mini-batch of size Ng from the segments
# training LSTM network using the mini-batch
for s <+ 1; last sample in the segments of mini-batch do
Linearly transform the samples S to a depth of m instead of n
Perform forward propagation on LSTM using the samples S

Linearly transform the hidden states of last sample to a depth of 2
Compute the loss using softmax cross entropy

Perform L2-norm regularization and find mean loss of the mini-batch
Perform back-propogation through time using an optimizer

# Finding and saving the training loss and the model from epoch Ei
for g < 1, last segment in the signal do
for s < 1; last sample in the segment g do
Linearly transform the sample S to a depth of m instead of n
Perform forward propagation on LSTM using the sample s

Linearly transform the hidden states of last sample to a depth of 2
Compute the loss of segment g using softmax cross entropy

Compute the average training loss

# Selecting and testing LSTM model on fold #Pn to find testing loss and
# other performance metrics
Select the trained model with lowest training loss
for g < 1, last segment in the signal do
for s + 1; last sample in the segment g do
Linearly transform the sample S to a depth of m instead of n
Perform forward propagation on LSTM using the sample S
Linearly transform the hidden states of last sample to a depth of 2
Pass them through a soft-max layer
Find the medication state for segment g
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Chapter 4

Results and Discussions

This chapter starts by explaining the parameters that were used to evaluate the
proposed methods. Next, it reports the evaluation results of the developed methods
on the two datasets that included recordings of 19 PD patients. Two scenarios were
considered: general training/classification and patient-specific where the former trains
and tests the algorithm using subject-based leave-one-out cross-validation for each of
the datasets, and the latter trains and tests the algorithm for each patient individually.

In patient-specific scenario, data that were recorded while patients were perform-
ing four activities in ON and OFF states was used to train a classifier for each pa-
tient, whereas, the rest of the data for the same patient were used for testing. These
activities are ambulation, drinking, arm resting and dressing that are used in the
routine clinical settings for rating dyskinesia severity in Unified Dyskinesia Rating
Scale (UDysRS) and Core Assessment Program for Surgical Interventional Therapies
in Parkinson’s disease (CAPSIT-PD). Hence, collecting the required data for training
patient-specific classifier will be through the existing PD clinical settings and will not
enforce additional burden to patients or clinicians. In addition, for patient-specific
scenarios, a new method is proposed to select the number and placement of sensors
for each patient.

The results of supervised classification using SVM and LSTM in the first scenario
are presented first, and they are compared with the results of patient-specific super-

vised and semi-supervised approach which reported next. After that, the method with
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CHAPTER 4. RESULTS AND DISCUSSIONS

the highest results is compared with other studies. Lastly, this chapter presents the
results of feature analysis to show the advantage of using the directional information

in X, Y, and Z axes vs. their magnitude.

4.1 Performance metrics

Three metrics were used to evaluate the trained classifiers to detect the two medication
states which are accuracy, sensitivity and specificity of the OFF state. The accuracy
is the percentage of correct medication state predictions that classify each second in
the recorded signals. Sensitivity of the OFF state is the percentage of correct OFF
medication state predications that classify each second in the recorded data during
the OFF state. Specificity of the OFF state is the percentage of correct ON state

predications that classify each second in the recorded data during the ON state.

4.2 Generally-trained Classifiers

4.2.1 Supervised Classification: SVM

Supervised classification method using SVM (refer to section 3.2) was trained and
validated using subject-based leave-one-out cross-validation. Equal amount of data
for each state for each patient selected in the training folds was used for training
and all the data for each patient selected in the validation folds was used for testing.
Using equal number of windows for each state prevents the SVM model from being
bias toward one of the states. Training and validation were performed separately
dataset 1 and 2. LibSVM library [63] was used to train and test the SVM classifier.

For dataset 1, if only one round of activities was recorded in the OFF state for a
patient, then it was used with one round of ON state for training, else all the rounds
were used for training for the patients selected in the training folds. This dataset

contains twelve patients, so 12-fold cross-validation was used. The eleven folds that
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were used for training each time had roughly 1.5 hours of recorded data that split
equally between the two states. The fold that was used for testing in each time had
about 15 minutes of recorded data.

For dataset 2, equal amount of recorded data that represents ON and OFF states
are used for training from each patient selected in the training folds. This dataset
contains seven patients, so 7-fold cross-validation was used. The six folds that were
used for training each time had roughly 5.5 hours of recorded data that split equally
between the two states. The fold that was used for testing in each time had about
two hours.

The data recoded using each of the sensors and a combination of the sensors
were used to train and validate the SVM classifier to experiment the effect of the
sensors placement on detecting the ON and OFF state for each patient and for all
of them. Three sensors from the first and second datasets were experimented which
were (wrist, trunk and ankle) and (wrist, thigh and ankle), respectively. Table 4.1
and 4.2 shows the average testing accuracy, sensitivity and specificity for the first
and second datasets, respectively. Medication state detection using data recorded
using sensor mounted on the ankle outperformed the detection that was based on
data recorded using wrist, trunk, or thigh sensors. Using two sensors increased the
accuracy for both first and second dataset, and using the ankle with trunk or with
thigh resulted in the highest accuracies which were 71.64 for the first dataset and
78.48 for the second dataset. Using three sensors together reduced the accuracy and
specificity and increased the sensitivity.

As a result, using two sensors mounted on ankle and trunk or ankle and thigh
had the highest accuracy in general. However, generalizing the same number and
placement of sensors was not the case for all the patients. Figure 4.1 and 4.2 shows
the results for each the patients for the first and second datasets, receptively. For

instance in dataset 1 as shown in Figure 4.1 , the highest accuracy that was obtained
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Table 4.1: Average testing results of SVM model that was generally training using patient-
based leave-one-out cross-validation (12 folds) on dataset 1. The results are the accuracy,
sensitivity and specificity for multiple experiments using single or a combination of sensors.

Sensors Used | Accuracy | Sensitivity | Specificity
Wrist 65.65 72.26 63.41
Trunk 65.85 63.75 67.09
Ankle 67.37 66.9 68.17

Wrist and trunk 71.44 76.71 69.17

Wrist and ankle 68.67 72.59 67.86

Trunk and ankle 71.64 70.97 72.72

Wrist, trunk
— 71.59 77.79 68.74

Table 4.2: Average testing results of SVM model that was generally training using patient-
based leave-one-out cross-validation (7 folds) on dataset 2. The results are the accuracy,
sensitivity and specificity for multiple experiments using single or a combination of sensors.

Sensors Used | Accuracy | Sensitivity | Specificity
Wrist 64.94 62.69 70.64
Thigh 74.18 72.78 73.03
Ankle T7.27 75.99 72.66

Wrist and thigh 74.05 70.82 79.9

Wrist and ankle 77.22 75.34 79.45

Thigh and ankle 78.48 78.13 74.26

Wrist, thigh
nd ankle 77.61 86.61 48.92
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for patient 1, 3 and 7 was for the wrist and trunk sensor, and for patient 2, 4, and
9 was for the ankle sensor. In addition, OFF sensitivity changed significantly if the
sensor that was used to training the SVM model was changed as shown for patient 2,
4,7 and 9 in 4.1 and patient 1, 4 and 5 in Figure 4.2. Therefore, there is a need to

train a patient-specific classifier to cope with this variability between patients.

4.2.2 Supervised Classification: LSTM

Supervised classifier using LSTM network was trained and validated using subject-
based leave-one-out cross-validation. Datasets were divided for training and testing
data in the same way described before in the previous Section 4.2.1. TensorFlow [64]
was used to implement, train and test the LSTM network proposed in this thesis.
LSTM networks were trained for 300 epochs and the calculated training loss and
trained weights were saved after each epoch. Because both datasets are relatively
small, no validation set was used to select the best model for testing. Instead, the
model with the lowest loss on the training data was selected and validated on the
testing folds.

Table 4.3 contains the LSTM hyper-parameters that were examined. They were
mainly explored on data recorded using the ankle sensor which was shown in the previ-
ous section to provide the highest accuracy if only one sensor was used. In addition,
three types of optimizers are tested which are: adagrad [65], momentum [66], and
adam [67]. The following parameters were shown to yield the highest accuracy with
adam optimizer: 64 hidden states of two LSTM layers, truncated back-propagation
length = one second, learning rate = 0.001, min-batch size = 128, out-keep proba-
bility = 0.5, carry-out probability = 1. The learning rate and out-keep probability
had the highest effect on the LSTM performance. Using carry-out probability lower
than 1 on the internal states didn’t help improving the results. In addition, applying

carry-over probability on both internal and hidden sates reduced the oscillation in the
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Figure 4.1: Testing results of SVM model that was generally training using patient-based
leave-one-out cross-validation (12 folds) on dataset 1. The results are the accuracy, sensi-
tivity and specificity for multiple experiments using single or a combination of sensors for
each of the patients or the folds.
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Figure 4.2: Testing results of SVM model that was generally training using patient-based
leave-one-out cross-validation (7 folds) on dataset 2. The results are the accuracy, sensitivity
and specificity for multiple experiments using single or a combination of sensors for each of
the patients or the folds.
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Table 4.3: The LSTM Hyper-parameters that were explored in this thesis

# of L 1, and 2 # Unit 32, 64,
of Layers , an nits
Y 128, and 256
Tr ted Back- ti 0.1, 0.025
hcated back-propagation 1, and 5 Learning Rate ’ ’
Length (sec) 0.01, and 0.001
) 32, 64, Out-keep
Batch Size 1, 0.7, and 0.5
128, and 256 | Probability
. 1, 0.7, Ankle, and
Carry-over Probability 7# Sensor Used
and 0.5 (ankle and trunk)

training and testing losses, but at the same time reduced the testing accuracy signif-
icantly. Therefore, using carry-over probability less than 1 prevented LSTM model
from memorizing long sequences precisely, but at the same time the LSTM was less
dependent on patterns flow more than one second in the signal. In other word, this
method was forcing the model to learn from each window, so the internal and hidden
states of LSTM from the previous window will have small or no effects. To check this
behavior, the internal and hidden states was initialized to zero after each mini-batch
training and the results were similar to using carry-over probability=0.5. The trained
networks did not suffer from exploding gradient, so gradient clipping technique was
not applied.

The results of LSTM network are shown in Table 4.4 using data recorded using
only ankle sensor or both trunk and ankle in dataset 1. The accuracy of LSTM model
using only ankle sensor outperformed SVM classifier accuracy for this sensor by 5%.
However, the LSTM network was overfitting the training data very quickly using two
sensors which made it poorly generalize to the testing data. The reason for overfitting
was adding new channels to relatively small training data.

For the second dataset, the results of the LSTM network are shown in Table 4.5
using data recorded using only ankle sensor. Only ankle senor was used because it was

shown to have the highest performance and also using two sensors for small dataset
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Table 4.4: Average testing results of LSTM model that was generally training using patient-
based leave-one-out cross-validation (12 folds) on dataset 1. The results are the accuracy,
sensitivity and specificity using the ankle or a combination of trunk and ankle sensors.

Ankle Trunk and ankle

Patient # | Acc. | Sens. | Spec. | Acc. | Sens. | Spec.
1 89.14 | 88.77 | 89.30 | 89.95 | 81.81 | 93.48

2 82.34 | 62.2 | 89.24 | 68.99 | 61.04 | 71.71

3 60.57 | 67.56 | 58.21 | 46.65 | 94.59 | 30.47

4 93.85 | 93.98 | 93.81 | 88.85 | 93.44 | 87.23

5 80.15 | 86.52 | 78.01 | 69.06 | 59.06 | 72.42

6 75.33 | 24.55 | 92.36 | 42.85 | 76.64 | 31.52

7 75.33 | 56.52 | 93.9 | 74.62 | 70.65 | 78.67

8 54.14 | 29.91 | 78.51 50 28.49 | 71.63

9 80.79 | 51.47 | 90.71 | 69.26 | 88.72 | 62.68

10 61.94 | 71.12 | 58.59 | 62.94 | 87.7 53.9

11 56.53 | 80.58 | 30.76 | 64.51 | 93.35 | 33.61

12 64.46 | 47.11 | 84.85 | 62.78 | 49.33 | 78.59
Average | 72.86 | 63.36 | 78.19 | 65.87 | 73.73 | 63.83

will lead to overfitting. LSTM for dataset 2 yielded approximately the same accuracy
and sensitivity for SVM, but it outperformed SVM specificity by about 10%.

To sum up, when only one sensor mounted on the ankle was used for general
training and testing, the algorithm based on LSTM performed better than SVM with
74.91%, 69.42%, and 80.55% for accuracy, sensitivity, and specificity, respectively,

whereas, SVM yielded 72.32% accuracy, 71.44% sensitivity, and 70.41% specificity.

4.3 Patient-specific Classifiers

Three methods which are supervised classification using SVM (refer to Section 3.2)
and semi-supervised using k-means or SOTM (refer to Section 3.3 and 3.4) were
trained for each patient specifically. Data that were recorded while patients were

performing four activities in ON and OFF states were used to train a classifier for
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Table 4.5: Average testing results of LSTM model that was generally training using patient-
based leave-one-out cross-validation (7 folds) on dataset 2. The results are the accuracy,
sensitivity and specificity using the ankle sensor.

Patient # | Acc. | Sens. | Spec.
1 87.27 | 84.03 100
86.686 | 99.4 | 60.74
80.84 | 79.91 100
91.56 | 88.54 | 100
74.78 | 63.55 | 97.35
71.23 | 81.84 | 41.07
7 46.37 | 31.02 | 81.17
Average | 76.96 | 75.47 | 82.9

S| O = | W | N

each patient. These activities are ambulation, drinking, arm resting and dressing.

For dataset 1, the four activities were selected from two round, one for each
medication state, and were used to train the classifier for each patient individually,
whereas, the rest of the data from the same patient were used for testing. Total
time of the recorded data that was used for training and testing for each patient was
roughly four and ten minutes, respectively.

Despite the small amount of data used for training the patient-specific classifier
(about 250 feature vectors), supervised classification using SVM obtained higher ac-
curacy and sensitivity using single or a combination of sensors for each of the patients
as shown in Figure 4.3. However, SVM resulted in classification specificity that is ap-
proximately equal to the results of other two methods, or a little bit lower especially if
the trunk sensor was used. The second high performance was for the semi-supervised
using SOTM that achieved a little bit higher accuracy than using k-means for the
semi-supervised classification.

Figure 4.4 shows the results of patient-specific classification using SVM for each
patient using single or a combination of sensors. SVM was used because it yielded

the highest accuracy as compared before in Figure 4.3. It is clear that specific sensor
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Figure 4.3: The average classification accuracy, sensitivity and specificity of the testing
data using single or a combination of sensors for each of the patients after training patient-
specific models on features extracted from X, Y, and Z signals. The classification models
are semi-supervised using k-means or SOTM and supervised using SVM.
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placement for each patient plays vital role in medication state prediction with high
accuracy. For instance, ankle sensor for patient 12 yielded 96% accuracy while the
second highest accuracy was 80% for the trunk sensor. For patient 10, the trunk gave
the highest accuracy while for patient 5, a combination of the ankle and trunk had
the highest accuracy.

Inspecting UPDRS score for each patient and comparing it with the results in
Figure 4.4 showed that for patient with average change in UPDRS score between OFF
and ON states more than 20, one sensor mounted on the limb with highest change in
tremor score is sufficient to obtain high classification accuracy. An exception for this
case is if the patient shows approximately equal rest tremor on the face, upper and
lower extremities, then two sensors mounted on ankle and trunk or wrist (if trunk
sensor was not used) are preferred. Examples of this case were patient 1 and 12,
while patient 9 was an example for the exception. For patient with average change
in UPDRS score between OFF and ON states more than 10 and lower than 20, two
sensors mounted on upper body (trunk) and lower body (ankle) are sufficient to
obtain high classification accuracy. Examples for this case were patient 4, 5, 7, 10
and 11. For other patients with change in UPDRS lower than 10, using three sensors
are preferred to get consistent results and to prevent the model from being bias to
one of the states.

Based on the correlation between the average change in UPDRS score between
OFF and ON state for each patient and the presence of rest tremor, selecting the
number of sensors and their placement for each patient was proposed as shown in
Table 4.6. The low accuracy for patient 3, 6, 8 and 11 was because they had low
benefit from their medication as it is clear from their change in UPDRS score which
were 4.7, 6.7, 6.5 and 14.5, respectively. In addition, having dyskinesia during OFF
state was another reason for low performance for Patients 6 and 8, whereas, patient

3 showed higher tremor in one of the ON rounds than OFF rounds. The data used
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for training the model for patient 11 did not include tremor, whereas, this symptom
presented in testing data and it was the main reason for misclassification for this
patient. An example of the report generated by patient-specific SVM classifier is
shown in Figure 4.5 for patient 12 using the data recorded using ankle sensor. This
figure also shows the classification certainty for each second and it was low for the
transition between the two states and for activity 5 and 8 that were misclassified in
round 3.

The proposed method for selecting the number and placement of the sensors was
validated on the second dataset. After annotating the activities that the patient were
doing in dataset 2, the same four activities used before were selected for the two
medication states and were used to train the classifier for each patient individually,
whereas, the rest of the data from the same patient were used for testing. Each of
the selected activities was about two minutes. Total time of the recorded data that
was used for training and testing for each patient was roughly 15 and 105 minutes,
respectively.

Table 4.7 shows the detection results for dataset 2 based on the proposed selec-
tion of the number of sensors and their placement for each patient. Because sensor
mounted on trunk was not used in dataset 2, thus wrist sensor was used instead if
required. Patients 1 and 4 showed average change in UPDRS score > 20 and rela-
tively high wrist tremor, thus the sensor mounted on the wrist was used for them
instead of ankle sensor. Patient 7 showed average change in UPDRS score > 20 with
face, wrist and leg tremor, thus sensors mounted on wrist and ankle were used for
this patient. For other patients, the same proposed method for dataset 1 was used.
The highest accuracy was associated with patients who showed change in UPDRS >
20, and the lowest accuracy was for patients 2 and 6 who showed low improvement in
their UPDRS score after medication in addition to having tremor score in ON state

that was higher or equal to tremor score in the OFF state.
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Figure 4.4: Testing results of patient-specific SVM model for each of the patient in dataset
1. The results are the accuracy, sensitivity and specificity for multiple experiments using
single or a combination of sensors.
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Table 4.6: Average testing results of patient-specific SVM model for dataset 1. The results
are the accuracy, sensitivity and specificity using single or a combination of sensors based
on the average change in UPDRS score between OFF and ON state for each patient and

the presence of rest tremor.

Average Change
in UPDRS S
Patient # | Acc. | Sens. | Spec. | Sensor used m core
between OFF
and ON
1 99.22 | 100 | 99 Ankle 929.7
ist. trunk
9 63.26 | 87.78 | 58.73 | Uik trun 9
and ankle
ist. trunk
3 13 | 100 | 33.06 | VISt trun 47
and ankle
Trunk
4 98.64 | 100 | 98.39 runk and 15
ankle
Trunk
5 95.89 | 90.67 | 96.77 runk and 12
ankle
Wrist, trunk
6 4118 | 80 | 34.02 | "EHMER 6.7
and ankle
Trunk and
7 8254 | 7016 | 95.03 | A 15
ankle
Wrist, trunk
8 64.38 | 51.17 | 77.76 | oo AR 6.5
and ankle
Trunk and
9 94.28 | 85.62 | 95.66 24
ankle
Trunk and
10 8547 | 40 | 93.85 Ful at 13.7
ankle
Trunk and
11 63.86 | 99.68 | 27.92 14.5
ankle
12 95.45 | 91.28 | 100 Ankle 22
Average 77.26 | 83.03 | 75.84
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Round 3, 3 hour after medication
OFF
UPDRS=42, mAIMS=4 —
50 seconds

Round 0, before medication Round 1, 1 hour after medication Round 2, 2 hour after
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UPDRS=49, mAIMS=4.7 UPDRS=30, mAIMS=7 ON with Dyskinesia
UPDRS=17, mAIMS=16

Figure 4.5: The classification results (1 OFF, 2 ON) with the certainty (continuous red
line between 0 and 1) for each round for patient 12 using patient-specific SVM trained and
testing on data recorded using ankle sensor in dataset 1. The activities are 1=ambulation,
2=arms resting, 3=cutting, 4=dressing, 5=drinking, 6=unpacking groceries, 7=hair brush
with left hand, and 8=hair brush with right hand.

To inspect if the selection of sensors was optimal for each patient in dataset 2,
patient-specific SVM classifier was trained and tested on all possible combination of
wrist, thigh and trunk sensors. The results for this experiment are shown in Figure

4.6. For all the patients, the selected sensors yielded the highest accuracy except for

patients 3 and 5, but the difference was not significant.

4.4 Patient-specific vs. Generally-trained Classifiers

To compare the results of generally-trained SVM classifier with patient-specific SVM
classifier, the highest results of using generally-trained SVM in Tables 4.1 and 4.2
are used which was based on using trunk and ankle sensors for dataset 1 and using
thigh and ankle sensors for dataset 2. In addition, highest results of generally-trained
LSTM network are used for the comparison. The comparisons are shown in Tables
4.8 and 4.9 for the first and second datasets, respectively.

Patient-specific SVM outperformed generally-trained SVM and LSTM by about
5% accuracy for both datasets. For the first dataset, the results of the three methods

were correlated for most patient. However, for some patients, the results were signifi-
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Table 4.7: Average testing results of patient-specific SVM model for dataset 2. The results
are the accuracy, sensitivity and specificity using single or a combination of sensors based
on the average change in UPDRS score between OFF and ON state for each patient and
the presence of rest tremor.

Average Change
in UPDRS S
Patient # | Acc. | Sens. | Spec. | Sensor used mn core
between OFF
and ON
1 96.64 | 97.93 | 90.3 Wrist 23
ist. thigh
2 64.37 | 6152 | 7131 | ‘st thig 3
and ankle
ist. thigh
3 79.38 | 80.12 | 52.13 | ‘st thig 3
and ankle
A 99.43 | 99.26 | 100 Wrist 34
5 7818 | 791 | 760 | “ristand 13
ankle
Wrist and
6 63.94 | 59.02 | 81.58 Fst atl 10
ankle
Wrist and
7 92.68 | 91.24 | 96.26 Hst an 929
ankle
Average 82.09 | 81.17 | 81.11
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Figure 4.6: Testing results of patient-specific SVM model for each of the patient in dataset
2. The results are the accuracy, sensitivity and specificity for multiple experiments using
single or a combination of sensors.
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Table 4.8: Average testing results of patient-specific SVM model vs. generally trained SVM
and LSTM models for dataset 1. Training patient-specific SVM used single or a combination
of sensors based on the average change in UPDRS score between OFF and ON state and
the presence of rest tremor for each patient, whereas, training generally-trained SVM and
LSTM used two sensor mounted on trunk and ankle, and only one sensor mounted on the
ankle, respectively.

Patient-specific Generally-trained | Generally-trained
SVM SVM LSTM
Patient # | Acc. | Sens. | Spec. | Acc. | Sens. | Spec. | Acc. | Sens. | Spec.
1 99.22 | 100 99 92.32 | 94.52 | 91.37 | 89.14 | 88.77 | 89.30
63.26 | 87.78 | 58.73 | 63.97 | 38.73 | 72.58 | 82.34 | 62.2 | 89.24
43 100 | 33.06 | 49.83 | 82.03 | 38.98 | 60.57 | 67.56 | 58.21
98.64 | 100 | 98.39 | 98.91 | 100 | 98.53 | 93.85 | 93.98 | 93.81
95.89 | 90.67 | 96.77 | 88.7 | 64.44 | 96.86 | 80.15 | 86.52 | 78.01
41.18 | 80 34.02 | 60.78 | 50.75 | 64.14 | 75.33 | 24.55 | 92.36
82.54 | 70.16 | 95.03 | 88.21 | 84.03 | 92.47 | 75.33 | 56.52 | 93.9
64.38 | 51.17 | 77.76 | 43.41 | 49.64 | 37.16 | 54.14 | 29.91 | 78.51
94.28 | 85.62 | 95.66 | 42.57 | 81.78 | 29.33 | 80.79 | 51.47 | 90.71
85.47| 40 |93.85(92.62(79.91| 97.2 | 61.94 | 71.12 | 58.59
63.86 | 99.68 | 27.92 | 71.11 | 83.41 | 58.07 | 56.53 | 80.58 | 30.76
12 95.4591.28 | 100 | 67.19 | 42.41 | 95.94 | 64.46 | 47.11 | 84.85
Average | 77.26 | 83.03 | 75.84 | 71.64 | 70.97 | 72.72 | 72.86 | 63.36 | 78.19

O |0 ||| T = W| N

[
o

—_
—_

cant using specific method. The significant results were for patient 2, 9, 10 and 12 in
dataset 1 (as shown in bold font in Table 4.8). Patient-specific SVM yielded very high
accuracy that is more than 90% for patient 12, whereas generally-trained SVM and
LSTM classifiers poorly performed. For patient 2, LSTM network yielded the highest
accuracy. For patient 9, patient specific SVM and LSTM performed much better than
generally-trained SVM. For patient 10, SVM performed better than LSTM.

For the second dataset, the same correlated pattern between the methods results
occurred. However, LSTM performed very well for patient 2, but it performed poorly
on patient 7. In addition, for patients in dataset 2 with average change in UPDRS
> 20, generally-trained SVM classifier did not exceed 89% accuracy whereas Patient-

specific SVM yielded accuracy > 92% (as shown in bold font in Table 4.9). The
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Table 4.9: Average testing results of patient-specific SVM model vs. generally trained SVM
and LSTM models for dataset 2. Training patient-specific SVM used single or a combination
of sensors based on the average change in UPDRS score between OFF and ON state and
the presence of rest tremor for each patient, whereas, training generally-trained SVM and
LSTM used two sensor mounted on thigh and ankle, and only one sensor mounted on the
ankle, respectively.

Patient-specific Generally-trained Generally-trained

SVM SVM LSTM
Patient # | Acc. | Sens. | Spec. | Acc. | Sens. | Spec. | Acc. | Sens. | Spec.
1 96.64 | 97.93 | 90.3 | 88.52 | 88.68 | 87.89 | 87.27 | 84.03 | 100

64.37 | 61.52 | 71.31 | 62.92 | 54.4 | 80.28 | 86.686 | 99.4 | 60.74

79.38 | 80.12 | 52.13 | 82.32 | 84.1 | 45.71 | 80.84 | 79.91 | 100

99.43 | 99.26 | 100 | 87.34 | 83.1 | 99.21 | 91.56 | 88.54 | 100

7818 | 79.1 | 76.2 | 83.64 | 80.59 | 89.76 | 74.78 | 63.55 | 97.35

| O = | W N

63.94 | 59.02 | 81.58 | 58.09 | 61.02 | 49.79 | 71.23 | 81.84 | 41.07

7 92.68 | 91.24 | 96.26 | 86.49 | 95.01 | 67.18 | 46.37 | 31.02 | 81.17

Average |82.09 |81.17 | 81.11 | 7848 | 78.13 | 74.26 | 76.96 | 75.47 | 82.9

reason behind poor performance of generally-trained SVM for some of the patients is
the significant variability between PD subjects as mentioned before in the introduction
of this thesis and as will be explained at the end of this section.

LSTM network for both datasets yielded the highest specificity of the OFF state.
In addition, it outperformed patient-specific and generally-trained SVM for some
patients using only one sensor. This shows its adaptation ability to new patient
to cope with the variability between patients if more data were recorded for more
patients and used for training.

Feature analysis was performed on the extracted features from X, Y and Z signals
for all the patients in dataset 1 to illustrate the variability between patients on feature
selection. These signals were used before to train the patient-specific classifiers (refer
to Section 4.3). Feature selection was performed based on the statistical analysis
proposed in Section 3.2.3.1 on the features extracted from the three axes of sensors

mounted on wrist, trunk and ankle. Significant features were the features with p-value
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from the statistical analysis < 0.05. To inspect the effect of the variability between
patients on feature selection, the percentage of occurrence of the significant features
for at least one of the three axes of each sensor to the total number of patients was
determined as shown in Figure 4.7. The features were not selected uniformly for all
the patient, for instance, features number 1, 11, 16, 18, 23, 24 and 25 were selected for
one of the sensors of less than 70% of the patients. Therefore, nonuniform occurrence
of the significant features is an indication of the variability between patients. In
addition, selecting the features depended on the sensor location, for instance, feature
1, 2 16 had highest occurrence for wrist sensor, whereas, feature 23, 24 and 25 had
highest occurrence for ankle sensor.

Table 4.10 shows the number of selected features for each patient and for each
sensor location. Number of significant features was about 50 from the 69 features
extracted for each sensor. However, about 20 features were selected for patient 2, 11
and 12 using the ankle sensor, and 5 and 26 features were selected for patient 6 and
10, respectively, using the wrist sensor.

Furthermore, Significant feature as proposed by [28] was selected to show the
variability between patients in respect to the severity of PD symptoms. This feature
was the percentage of the powers for frequencies > 4 Hz. Figure 4.8 shows the box
plots of the log of the feature for three patients and two states. For each patient the
median of the two state are separable, but the median of ON and OFF states for two
patients can overlap such as the ON of patient 12 that overlap with OFF state of

patient 1 and 4.

4.5 Comparison to Other Studies

As mentioned in the literature review, many studies were published to discriminate
between OFF and ON medication states. Summary of these methods is shown in

Table 4.11. This section compares between the results of the published methods
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Figure 4.7: The percentage of occurrence of the significant features for at least one of the
three axes of sensors mounted on wrist, trunk and ankle to the total number of patients
in dataset 1 which is twelve. The features are l-average jerk, 2-Peak-to-peak, 3-Signal
power 1-4 Hz, 4-Signal power 4-6 Hz, 5-Signal power 0.5-15 Hz, 6-Percentage of the powers
for frequencies > 4Hz, 7-Temporal Shannon entropy, 8-Standard deviation, 9-The number
of autocorrelation peaks, 10-The sum of autocorrelation peaks, 11-First autocorrelation
peak, 12-Lag of the first autocorrelation peak, 13-Gini Index, 14-Sample entropy, 15-Mean
16-Skewness, 17-Kurtosis, 18-Spectral entropy, 19-The peak in the power spectral density,
20-Dominant frequency, 21-The second peak in the power spectral density, 22-Secondary
frequency, 23-Cross-correlation between X and Y axes, 24-Cross-correlation between X and
7 axes, and 25-Cross-correlation between Y and Z axes.
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Table 4.10: The number of the selected features for each patient and for each sensor
location. Selected features have p-value < 5% significant level as a result of the statistical
analysis on the training data for each patient separately, and all the patients (shown in last
row). Number of selected features in bold represents relatively low number of significant
feature for that location.

. # Selected Features for Total #
Patient # Each Location
Selected Features
Wrist | Trunk | Ankle
1 52 58 67 177
2 61 55 22 138
3 51 46 52 149
4 51 55 69 175
5 41 48 62 151
6 5 50 45 100
7 53 64 63 180
8 25 28 27 80
9 47 30 43 120
10 26 54 38 118
11 56 57 14 127
12 60 61 21 142
All Patients 59 57 58 174
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Figure 4.8: The box plots of the log of the feature (percentage of the powers for frequencies
> 4 Hz) for three patients and two states. The training data used to extract the feature
is four activities (ambulation, drinking, arm resting and dressing) from two rounds, one for
each MS. The dotted red rectangle shows the overlap between the medians of OFF state for
patient 4 and ON state of patient 12.
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that are activity-independent with the proposed patient-specific classification method
using SVM that is also activity-independent. The average accuracy, sensitivity and
specificity for the this method were 77.26, 83.03, and 75.84, respectively, for the first
dataset, and 82.09, 81.17 and 81.11 for the second dataset.

Hoff et al. proposed activity independent method based on 7 accelerometers
mounted on upper and lower externalities [27]. They validated their method 24
hours data for 15 patients and they obtained sensitivity (60%-71%) and specificity
(66%-76%) which are lower than the results in this thesis.

Salarian et al. published the results of medication state detection method that
was based on five accelerometer and gyroscope sensors and was trained and testing
using subject-based leave-one-out cross-validation on three to six hours recordings for
13 patients [9]. The minimum average change in UPDRS score was 16. They yielded
Sensitivity 90.1% and specificity 76.3%. To make a fair comparison, the results of
patients with average change in UPDRS score > 15 for both datasets (8 patients) were
determined which are accuracy 94.86%, sensitivity 91.94% and specificity 96.83%.
This result shows the correlation between the UPDRS score and good prediction and
it is higher than the results of Salarian et al. study.

Khan et al. suggested using a method based on SVM with RBF kernel to detect
hand and leg tremor, dyskinesias and ON state with dyskinesia [17]. They used
accelerometer sensor mounted on the waist to train the classifier using simulated
data and to test on 12 PD patients with mid to late stage disease. They reported
72% accuracy which is lower than the overall classification accuracy in this thesis for
dataset 1 and 2.

Hammerla et al. proposed using two sequences of Restricted Boltzmann Machines
to detect if the PD patient is asleep, in ON or OFF state or having troublesome
dyskinesia based on two accelerometers worn on each wrist [31]. They trained and

validated their model on overall 32 PD patients who were performing different activ-
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Table 4.11: Summary of the approaches in the published literature proposed to classify
the medication states, in addition to summary of patient-specific classification using SVM
proposed in this thesis.

. Data Duration Classification |Activity-dependent| Patient-Specific
References # Sensors |# Patients Results
for Each Patient Method Model (Yes, No) |(Yes, No, Partial)
7 uni-axial Linear Sens.: 60%-71%
Hoff et al. |27] taa 15 24 hours Heat No Yes ons ,O ,O
accelerometers discriminant Spec.: 66%-76%
L X o Partial (Tremor,
.. One tri-axial i . Linear discriminant Yes Sens.: 97%
Keijsers et al. [28] 23 About 3 hours and non-tremor
accelerometer and ANN (excluding walking) Spec.: 97%
groups)
5 sensors
gyroscopes Three to six Sens.: 90.1%
Salarian et al. [9] (Byroscopes 13 ree to i Logistic regression No No o ’
and hours Spec.: 76.3%
accelerometers)
o  acial SVM and Sens.: 84%
e tri-axial aj
Sama et al. [24] He traxd 20 About 1 hour e Yes (gait) No Spec.: 90%
accelerometer linear discriminant
Acc.: 94%
One tri-axial . .
Khan et al. [17] 12 About 1 hour SVM No No Acc.: 72%
accelerometer
Yes (walking and
L not walking for .
One tri-axial . L o Partial (Threshold | Sens.: 99.9%
Perez-Lopez et al. [29] 7 About 6 hours | Linear discriminant |  bradykinesia and
accelerometer . R on Bradykinesia ) | Spec.: 99.9%
dyskinesia detection
Jrespectively)
Rodriguez- One tri-axial About 1.4 - Sens.: 96%
rigues * 35 Linear discriminant Yes (walking) Yes C
Molinero et al. [30] | accelerometer 5.5 hours Spec.: 94%
In home, mean
Two tri-axial 4 hours (in lab) Restricted fl-score: 60%
Hammerla et al. [31] 32 No No
accelerometer 1 week (in home) |Boltzmann Machines In lab, mean
fl-score: 76%
In home,
Sens.: 50%
. Two tri-axial 4 hours (in lab) . Spec.: 83%
Fisher et al. [32] 32 ANN No No
accelerometer 1 week (in home) In lab,
Sens.: 60%
Spec.: 83%
Semi-supervised
Dataset 1: .
Rami Three tri-axial 15 minut using k-means
amji, hree tri-axia 5 minutes
) 18 ’ and No Yes Acc.: 80%
Hssayeni et al. [34,68]|  gyroscopes Dataset 2: i
supervised
about 2 hours X
using SVM
1,2,0r3
Dataset 1: X
tri-axial gyro. . . Acc.:80%
15 minutes SVM with fuzzy
Proposed based on change 19 No Yes Sens.: 82%

in UPDRS for

each patient

Dataset 2:

about 2 hours

classification

Spec.: 78%
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ities for about 4 hours in the lab and for 1 week in the home. They reported peak
mean fl-score 0.76 for 7-fold cross-validation on lab data, and poor generalization
to home data. Using stratified 7-fold cross-validation instead of using subject-based
cross-validation might lead to high validation accuracy and low testing accuracy. In
this thesis, mean fl-score was calculated for each of the patients in dataset 2 using
patient-specific method, and it was (0.94, 0.62, 0.5, 0.99, 0.76, and 0.6) with a peak
of 0.99.

Fisher et al. reported the results of using ANN to detect if the PD patient is
asleep, in ON or OFF state or having troublesome dyskinesia. The same data and
validation procedure were used in the study of Hammerla et al. [31] were used in
Fisher et al. study. Average 55% sensitivity of OFF and specificity of OFF 82% on
lab and home data were obtained. In this thesis average sensitivity and specificity of
OFF state for both dataset were 82.1 and 78.48, respectively.

In recent study, Vegnish proposed patient-specific semi-supervised classification
using k-means that was based on tensor decomposition of multi-channels of three
gyroscope sensors. Dataset 1 and 2 used in this thesis were used in [34]. He reported
average accuracy of 80% for both datasets which is approximately equal to 79.68%
accuracy in this thesis. The advantage of this thesis is using lower number of sensors

for the majority of patients.

4.6 Directional Information vs. Magnitude

Analysis of the directional information was performed to check the importance of
using X, Y and Z for each sensor instead of using their magnitudes. Training data for
the patient-specific classifiers (refer to Section 4.3) was used in this analysis. First,
feature selection was performed based on the statistical analysis proposed in Section
3.2.3.1 on the features extracted from X, Y and Z axes or from the magnitude of

these axes for each patient and for the sensors mounted on wrist, trunk, and ankle.
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After finding the number of significant features, it was found that at least 5 features
were significant if they were extracted from X, Y or Z signals for each of the sensors
and not significant if they were extracted from the axes magnitude as shown in Table
4.12.

Additional experiment was performed to inspect the effect of extracting significant
features from the axes and not from their magnitudes. In this experiment, patient-
specific SVM classifier (refer to Section 4.3) was trained and testing separately on
significant features extracted from X, Y and Z and from their magnitudes. Figure
4.9 shows the results of this experiment for all the permutations of wrist, trunk and
ankle sensors. The average classification sensitivity of the OFF state after training
patient-specific SVM model on features extracted from X, Y and Z signals was higher
than the sensitivity of training and testing on features extracted from the magnitude
of the axes. The only cases where the sensitivity of using the magnitude was higher
were using the signals of the ankle sensor or trunk and ankle sensors. The same
case for OFF specificity, using the axes individually instead of their magnitude led
to higher specificity, except the case where the magnitude of the axes’ signals from
wrist or wrist and trunk sensors was used.

Inspecting the accuracy in Figure 4.9 indicates that using X, Y, and Z signals
resulted in higher or approximately equal accuracy than using their magnitude for
all the sensor combinations, except the case of using only the wrist sensor. As it was
mentioned before, higher specificity was obtained using the magnitude and because
the time for the ON state was higher than the time for OFF state in the testing data,
thus the accuracy was higher despite that the sensitivity using the three axes was
higher than using the magnitude. To sum up, maintaining the directional information
by extracted features from X, Y and Z directly resulted in better overall sensitivity

and specificity.
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Table 4.12: The number of significant features that are selected using the statistical anal-
ysis on features extracted from X, Y and Z axes or from the magnitude of these axes for
each patient and for the sensors mounted on wrist, trunk, and ankle. This table also shows
number of features that were significant if they were extracted from X, Y or Z signals for
each of the sensors and not significant if they were extracted from their magnitude, and vice

versa.
## significant o # significant
L. . # significant .
# significant | features using . features using
) . features using .
Patient # | features using | x, y or z and . the magnitude
. the magnitude .
X, y and z axes not using and not using
. of the 3 axes
the magnitude X,y Or z
1 177 6 67 1
2 138 12 22 0
3 149 6 52 2
4 175 8 69 0
5 151 7 62 1
6 100 13 45 3
7 180 5 63 0
8 80 19 27 6
9 120 21 43 2
10 118 15 38 2
11 127 13 14 1
12 142 16 21 2
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Figure 4.9: The average classification results of the testing data after training patient-
specific SVM model on features extracted from X, Y, and Z signals vs. features extracted
from their magnitude signal. The results of using single or multiple sensors are presented.
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Chapter 5

Conclusion and Future Work

Patients with mid-stage and advanced Parkinson’s disease are facing motor fluctua-
tions that significantly affect their way of living and thus they are a major focus of
clinical management. In this thesis, four supervised and semi-supervised classification
approaches are developed to automatically assess the ON and OFF medication states
using wearable sensors while PD patients are engaging in a variety of daily living ac-
tivities. These methods are supervised learning using SVM with fuzzy classification,
semi-supervised learning using k-means or using SOTM with fuzzy classification, and
supervised classification using LSTM as a deep learning method.

Multiple temporal and spectral features that are relevant to PD symptoms are
extracted from the three axes of gyroscope sensors. After performing dimensionality
reduction, the features are passed through to the first three methods, whereas the
signals of gyroscope’s axes are used to train and test LSTM networks without apply-
ing prior feature extraction. The developed methods were evaluated on two datasets
that included recordings of 19 PD patients. Two scenarios were considered: general
training/classification and patient-specific where the former trains and tests the al-
gorithm using subject-based leave-one-out cross-validation, and the latter trains and
tests the algorithm for each patient individually. Based on the reported results, the

following were concluded:

e The results of generally-trained SVM showed that in general using two

sensors mounted on ankle and trunk or ankle and thigh had the highest accuracy.
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However, inspecting the results of using combinations of gyroscopes mounted on
wrist, trunk, thigh, or ankle showed that one sensor or different sensor placement
led to higher accuracy for specific patients. Therefore, there is a need for an

algorithm that adapts with this variability between patients.

e The results of generally-trained LSTM showed LSTM generalization and
adaptation ability using only one sensor mounted on ankle. It obtained signif-
icant accuracy for some of the patients for whom generally-trained SVM was

not able to classify their medication states correctly.

e The algorithm based on LSTM performed better than SVM with over-
all 74.91%, 69.42%, and 80.55% for accuracy, sensitivity, and specificity, re-
spectively, when only one sensor mounted on the ankle was used in the general
training scenario. In addition, LSTM network for both datasets yielded the
highest specificity of the OFF state. Those promising results show the poten-

tial outcome of developing deep learning methods in this field.

e Patient-specific SVM outperformed the proposed semi-supervised method
using k-means or SOTM despite the small amount of data used for train-
ing. The second high performance in patient-specific scenario was for semi-

supervised method using SOTM.

e Number of sensors and their placement for each patient that associated
with the highest accuracy in patient-specific scenario were correlated with the
average change in UPDRS score between OFF and ON state for each patient and
the presence of rest tremor. Therefore, a method for selected the number and
placement of gyroscopes were proposed and integrated with the patient-specific

algorithm using SVM.

e In the comparison between generally-trained SVM and LSTM with
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patient-specific SVM classifier, Patient-specific SVM outperformed generally-

trained SVM and LSTM by about 5% accuracy for both datasets.

e Performing feature analysis showed the variability between PD patients and
also showed retaining the directional information by using X, Y, and Z instead

of their magnitude is beneficial for medication state classification.

To sum up, activity-independent classification using patient-specific SVM classifier
was selected as the winning method. The selection of the number of sensors and
their placement on patient’s body depended on the average change in UPDRS score
between ON and OFF medication states and the presence of tremor for that patient.
Average accuracy, sensitivity and specificity of OFF state for both datasets were
80%, 82% and 78% using the proposed patient-specific SVM classifier. For group of
patients who had change in their UPDRS score between the two states more than 15,
classification results were very high which were accuracy 94.86%, sensitivity 91.94%
and specificity 96.83%. Comparing the proposed approach with other studies showed
it had either the highest performance or equal performance with the advantage of
using lower number of sensors. These results are promising and thus this algorithm
can be potentially used in routine clinical practice to improve the quality of this group

of PD patients.

5.1 Future Work

The limitation of the patient-specific algorithm is the need for prior knowledge about
each patient and training data, thus there is a requirement for developing algorithm
that can generally adapt to the X, Y, and Z data of gyroscope or accelerometer
sensors mounted on the limb that is most affected by PD symptoms. This means
training a model that can predict medication states from signals regardless of their

sensors placement. In other words, train a model that is independent on patient’s
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activities and sensor’s number or placement. LSTM performance on these small
datasets shows its ability for adaptation and generalization. Therefore, our future
work includes developing generally-trained LSTM model that can predict medication

states with significant accuracy.
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