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Abstract. Parkinson’s Disease (PD) is the second most common neurodegenera-
tive disease. With the advancement of technologies of big data, wearable sensing
and artificial intelligence, automatically recognizing PD patients’ Physical Activi-
ties (PAs), health status and disease progress have become possible. Nevertheless,
the PA measures are still facing challenges especially in uncontrolled environ-
ments. First, it is difficult for the model to recognize the PA of new PD patients.
This is because different PD patients have different symptoms, diseased locations
and severity that may cause significant differences in their activities. Second, col-
lecting PA data of new PD patients is time-consuming and laborious, which will
inevitably result in only a small amount of data of new patients being available. In
this paper, we propose a novel up-sampling active learning (UAL) method, which
can reduce the cost of annotation without reducing the accuracy of the model.
We evaluated the performance of this method on the 18 PD patient activities data
set collected from the local hospital. The experimental results demonstrate that
this method can converges to better accuracy using a few labeled samples, and
achieve the accuracy from 44.3% to 99.0% after annotating 25% of the samples.
It provides the possibility to monitor the condition of PD patients in uncontrolled
environments.

Keywords: Activity Recognition - Active Learning - Parkinson’s Disease -
Cross-Subject

1 Introduction

Parkinson’s Disease (PD), one of the common chronic diseases in the elderly, is a pro-
gressive neurological disorder caused by the loss of dopamine-producing nerve cells in
the brain [1]. The estimated number of PD patients will reach 8 million in 2030 [2].
One of the main challenges is how to monitor the condition of PD patients for a long
time to improve efficiently the healthcare of these patients. In the course of treatment,
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the dosage of the medicine given by the doctor usually vary with the patient’s condi-
tion. Especially the motor state of the PD patients in late stage may generate different
symptoms from patient to patient [3-5]. Usually, patients need to go to the hospital to
assess their condition under the guidance of neurologists. In view of the high correlation
between the human Physical Activity (PA) index and the PD diagnosis score, the Move-
ment Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating
Scale (MDS-UPDRY) is utilised by physicians for the diagnosis of functional symptoms
of PD in the early attempts, such as tremor and postural balance disorders [6]. Physi-
cal activity recognition (PAR) can provide clinicians with quantitative profiles of motor
function behavior in natural environments in long-term period, which can further make
treatment strategies objectively adapted.

However, due to the complicated and subjective scoring process, clinically automatic
identification of the PAR for PD patients is urgently needed to reduce requirements for
physicians as well as save time and effort. As such, researches on objective scoring via
computer-aided diagnosis systems have been laid considerably theoretical foundations
in previous studies [7-11]. Among them, most attentions focus on either designing stan-
dalone novel wearable sensors to achieve highly accurate PAR [12-14], or investigating
advanced machine learning algorithms for training features from observed wearable
sensory data of human body positions into specific several PA subjects [15-17]. Addi-
tionally, some researchers investigate how to attach wearable sensors into the most
suitable positions for the best performance [18-21]. While these typical technologies
have been capable of achieving satisfactory results, the majority concern on controlled
environments (e.g., hospitals) but not uncontrolled environments (e.g., home). How-
ever, most patients measure PA after medication in controlled environments and thus the
results may impact the overall diagnosis of the symptom [22]. Therefore, lifelong PA
monitoring in an uncontrolled environment is extremely significant.

Nevertheless, measuring lifelogging PA currently may have the following obstacles
that would affect their practical usefulness. First, in order to achieve high performance,
some specific wearable sensors have to be distributed over the human body [23-25],
but the accuracy would usually be greatly reduced by using consumer wearable devices
in uncontrolled environments. Second, the types of PA are predefined and verified in
manual-designed controlled environments, but for the PA data in the uncontrolled envi-
ronment, PD patients may not be required to accurately record and label data samples
for such a long time [26, 27]. Third, the individual conditions and life patterns of each
patient are different, and thus the accuracy of PA measurement would be greatly affected
by these uncertain factors, making traditional methods inapplicable. Thus, PAR for PD
diagnosis in uncontrolled environments is still a very challenging issue [28].

Targeting on the challenges above, we propose a novel up-sampling active learning
(UAL) framework by using only 5%—20% of the labeled samples to achieve the training
effect of using all the labeled data. The ensemble classifier is exploited to train PA
data of the PD patients collected from our local hospital. Under the circumstances that
minimize the annotation cost, we explored the effect of different sampling strategies and
up-sampling on active learning performance that is able to dynamically discover new
patient PA. The proposed method is capable of adapting PD patients’ PAR and compared
the effects of different sampling strategies and up-sampling on the experiment results.
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The experimental results demonstrate that by using the active learning of Best-versus-
Second Best (BvSB) sampling strategy, the model can converge to the better accuracy.
For the 6 new PD patients in the test set, after annotating 5.63% to 25.00% of the data,
the model accuracy can reach 99%. For the more severe PD patients, the proportion
of labeled samples required to achieve 99.0% classification accuracy is 17.26% with
23.15% samples without annotation.

The remainder of this paper is organized as follows. Section 2 reviews related work
on activity recognition. We describe the details of data acquisition in Sect. 3, the Sect. 4
introduces the details of our proposed method up-sampling active learning (UAL), the
experimental results are in the Sect. 5, and the Sect. 6 states our conclusions and future
work.

2 Related Work

PAR leveraging advanced sensors has been investigated extensively over the past decade.
Among the sensor-based methods, devices such as accelerometers, gyroscopes, magne-
tometers, ambient sensors, and RFID tags are widely used [29-31]. These technologies
have shown great potential and are beneficial to medical care services such as clinical
interventions for the elderly and patients with chronic diseases [7, 9, 32, 33]. In recent
years, increasing number of researches have focused on PAR for PD diagnosis in natu-
ralistic settings with easy-to-easy devices such as mobile phones or wrist band. Cheng
etal. [34] proposed a deep neural network to distinguish gait activities (walking, jogging,
etc.) from stationary activities (sitting, standing, etc.) between PD patients and healthy
subjects with 98% of accuracy. Albert et al. [35] used standard machine learning algo-
rithms to recognize PAs of PD patients and healthy subjects respectively and analysed
the different features of PA between PD patients and healthy subjects. MPower [36], a
typical mobile app developed using Apple’s ResearchKit library, is to remotely moni-
tor PAs of PD patients and then analyze daily changes in their symptom severity and
medicine conditions. The platform is a promise to conduct in naturalistic environments.

Deep learning is robust to noise and has high classification accuracy compared with
traditional machine learning methods. The study [37] combined Linear Discriminant
Analysis (LDA) and Long Short Term Memory (LSTM), and performed non-steady-
state circuit tests including stairs, slopes and direction changes in mild PD patients and
healthy subjects, achieved 80% F1 score when using LSTM only for the lower body data.
However, deep learning requires a large amount of data, large amount of calculation,
high cost and long time. Research [38] solves the problem that CNN is not suitable for
small-scale and large-scale intra-class noise data sets through data enhancement. Using
the enhanced data for model training, the recognition accuracy of CNN on 25 PD patient
data reached 86.88%, and the accuracy of CNN was 7% higher than standard machine
learning methods.

On the other hand, supervised learning methods require a large number of correct
annotated data sets for training, which is often difficult to achieve in a naturalistic envi-
ronment. Conventional inertial sensor data is difficult to annotate, so regardless of the
actual experimental environment or the real environment, researchers generally use video
to assist them in annotating [13]. In addition, self-recall and experience sampling are
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also commonly used to obtain labeled data, but such methods are prone to errors. In
order to reduce the amount of data required by the classifier, semi-supervised learning
[39, 40] and transfer learning [41-43] have also been widely used in the field of PAR.
The semi-supervised method predicts unlabeled samples, selects the samples that the
classifier has the most confidence in the prediction results, and then adds them to the
training set for training. One drawback to this is that the accuracy of the classifier will
be reduced when incorrect predictions are added to the training set. Transfer learning
leverages the knowledge learned from source domain to predict the target domain which
has a small number of labels. This method usually requires that the source domain and
the target domain are very similar, which is often difficult to achieve in the real setting.

In contrast to semi-supervised learning, active learning reduces the amount of data
required by the model by detecting the most informative samples and asking users to
query a label. This method improves the performance of the model and reduces the
requirement of the model on the amount of data. A large body of work has used active
learning to tackle the issue of label acquisition in activity recognition. For example, Stikic
et al. explored and analyzed the effects of semi-supervised learning and active learning
on reducing the label requirement of model [44]. Liu et al. analyzed the feasibility
of active learning to search for the most informative samples to be labeled in activity
recognition, by using the lowest confident level and high disagreement between two
classifiers as the active sampling [45]. Study [46] derives a hierarchical Bayesian model,
which combines active learning and transfer learning. Finally, they conclude that this
method can use fewer tags on the target domain to achieve faster learning. AALO [47]
label overlapped activities by active learning. The combination of deep learning and
active learning has also been widely used to identify human activities [48—51]. However,
there are few studies on the activity recognition of PD patients, especially for new PD
patients. In this paper, for ensuring that the classifier converges to good accuracy with
fewer annotated examples, we propose an up-sampling active learning method, which
makes it possible to recognize the activity of PD patients in a real environment.

3 Data Collection

The participants were recruited from patients with PD symptoms who visited the First
People’s Hospital of Yunnan Province neurology clinic from August 2020 to January
2021. A total of 18 patients voluntarily participated in the experiment under the premise
of obtaining the written informed consent of each patient. Neurologists label the PD
patients with any of the (0—4) MDS-UPDRS score based on the intensity and prevalence
of these motor symptoms. After being rated by a professional doctor, among the 18
patients, 8 had mild symptoms, 6 had moderate symptoms, and 4 had severe symptoms
with age from 31 to 82 years old, 52% male and 48% female.

First, PD patients wear a shimmer sensor on the right wrist. The sensor is placed
in this position to imitate the wristband that people wear in daily life (In fact, we put
5 sensors on the patient’s limbs and waist as shown in Fig. 1, but in order to simulate
the daily environment, we only used one sensor in this study). Then, we use the 200
Hz frequency to collect the accelerometer, gyroscope and magnetometer data of the
three axes. The full scale range of the sensor is £2.0 g, and sensitivity is 600 mV/g. A
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Fig. 1. Sensors wearing position of a PD patient in hospital

Lenovo ThinkPad E440 laptop connects to sensors via Bluetooth and stores data through
a software called ConsensysPro.

We collected a total of 14 activities including some activities in the third part of
MDS-UPDRS and some daily activities, and each action was collected from 20 s to 90
s. For daily activities, in order to reflect the differences in the habits of different patients
in the real environment, we briefly tell the patients the actions that need to be performed
instead of specifying the way to perform them. The activities in the third part of MDS-
UPDRS can reflect the difference in the degree of patient disease, so we told the patient
in detail how to perform. We described the details of all the activities in Table 1.

4 Methodology

4.1 Problem Formulation

‘We define activity recognition as a classification problem. Unlike the conventional clas-
sification, we will divide PD patients into two parts according to the severity of the
patient. The first part simulates the previous patients, including mild, moderate and
severe patients, and the other simulates the new PD patients. And then we will perform
the same preprocessing and feature extraction on the data of all PD patients. Next, the
classification model first learns from the previous PD patient activities data, and then
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Table 1. The description of each activity

NO | Activity name Activity description

1 Fingers tapping Quick pinch with thumb and index finger

2 Hands closing—opening Clench your hands and open them quickly

3 Pronation—supination Both wrists rotate quickly to the left and right

4 Leg agility Sitting in a chair and raising your heels repeatedly

5 Right hand flip Continuously pat the left hand with the palm and back of the
right hand

6 Left hand flip Continuously pat the right hand with the palm and back of
the left hand

7 Finger_to_nose(l) First touch the tip of your nose with your left index finger,
then touch the doctor’s index finger, and repeat

8 Finger_to_nose(r) First touch the tip of your nose with your right index finger,
then touch the doctor’s index finger, and repeat

9 Stand and hand raised flat | Stand and hand raised flat for 30s

10 | Walking back and forth Walk back and forth in a room

11 | Free walking Walk freely in the crowd

12 | Sit-to-stand Cross your hands in front of your chest and stand up from
your seat

13 | Drink water Drink water from a cup

14 | Pick up object Pick up things from the ground

apply the learned model to identify the activities of the new PD patient, which is in line
with the actual life situation. We aim to evaluate the performance of the activity recog-
nition model when it faces PD patients in real setting and analyze the reasons behind
them. Finally, we propose how to solve this problem through active learning methods.

4.2 Data Preprocessing and Feature Extraction

In order to remove the noise in the raw data, for all signal data, we use the band-pass
filtering and standardization by zero-mean normalization (z-score), as Eq. (1) where
and o represent the mean and standard deviation of data, respectively.

Table 2. Features extracted from time domain and frequency domain

Category

Feature sets

Time domain

Mean, Standard deviation, Variance, Skewness, Kurtosis, Root mean
square, Energy, Median, Range, Correlation

Frequency domain

FFT energy, Mean amplitude, Max amplitude, Spectral entropy
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Fig. 2. Overall framework for up-sampling active learning activity recognition mode

There are 9 dimensions of raw data (a Shimmer sensor consists of three sensors and
each of which has three axes of X, Y and Z). Then we got 3 extra axes after calculating
signal magnitude vector (SMV) by Eq. (2), which helps to measure the intensity of
activities. On each axe, as shown in Table 2, we extract independently the time domain
and frequency domain features based on the sliding windows. Based on our experience,
we chose a sliding window size of 3 s and the data was segmented according to the
window overlap ratios of 50%. Of course, we have tried other sliding window sizes and
overlap rates, but they have no significant impact on the results, and they are not the
focus of our research.

4.3 Up-Sampling Active Learning

In the real setting, there are great diversities in performing a same activity between
different PD patients. In this work, one of our aims is to train a robust and adaptive
activities recognition model for each PD patient, which usually requires abundant labeled
data with possible variations. Because annotating the activities of PD patients is time-
consuming and laborious, we introduce active leaning to select the most informative
samples, so as to ease the burden of activities data annotations. Besides, the proportion
of activity data of a new patient is very small, which leads to model to ignore them, so
up-sampling is also integrated into active learning to improve the model convergence
speed.

Based on the above considerations, we propose an UAL pipeline (as illustrated in
Fig. 2). We first extract features by sliding window technique from preprocessed data.
Starting from an initial labeled PD patients’ activity data, we iteratively update the



236 P. Yue et al.

Entrpy=2.72 Entrpy=2.31
0.40
0.35
£ 0.30
=
8 0.25
o
a
5 0.201
2
£ 0151
k7
“0.10
0.05
0.00 -
1 2 3 4 5 6 7 8 9 10 5 6 8 9 10
Class label Class label

Fig. 3. The estimated probability of prediction results to two unlabeled sample and its entropy

training set by adding new patient activity samples. The steps are as follows: firstly,
on previous patients dataset, we train an initial classification model using LightGBM
[51]. Then the model will predict the new PD patients’ activities and several informative
sample will be chosen according to uncertainty sampling strategy BvSB. Next, selected
samples will be passed to an oracle to be annotated. Finally, we add the newly annotated
sample to previous labeled dataset after up-sampling. This iteration (the part in the dotted
box in Fig. 2) will stop when a certain condition is satisfied to get the final model. The
classifier LightGBM and the uncertainty sampling strategy BvSB are demonstrated as
below:

LightGBM is an efficient gradient boosting decision tree algorithm (GBDT) proposed
by the Microsoft team. It is an improved algorithm for GBDT and an integrated learning
algorithm based on Boosting. The traditional Boosting algorithm has some drawbacks,
especially in scalability and operating speed, and the emergence of Light GBM has solved
these problems. Compared with other Boosting algorithms (such as XG Boost [52]), itcan
shorten the training time by more than 20 times without reducing the prediction accuracy,
and the memory overhead is also greatly reduced. After considering the training time,
memory usage and model accuracy, we chose LightGBM as the classification algorithm
instead of using SVM, XGBoost, CNN, LSTM, etc., which can make our method more
adaptable to the real environment.

Uncertainty sampling strategy: If we predict new patient activities using trained
model by other patient activities data, we will able to select the most informative sample
to annotate according the uncertainty sampling strategy. By mixing these samples with
previous training set and adding them to the model to train, the decision boundary of
the model will be changed, which allows the model to have better prediction results for
new patient activities. Uncertainty of a prediction result can be quantified by entropy
measure, least confident, and BvSB [53]. Among them, BvSB is proved to be excellent
in activity recognition based on active learning [10]. Uncertainty sampling strategy
using entropy measure is subject to small probability values of unimportant classes. The
histogram Fig. 3 shows the estimated probability distribution of two unlabeled samples
in a 10-calss classification problem, which explains why entropy cannot calculate the
uncertainty well. In Fig. 3 (b), the classifier hesitates between class 6 and 7, but in Fig. 3
(a), the classifier is relatively confident in its prediction results. A prediction result like
Fig. 3(a), will be considered to have higher entropy, even if the model is much more
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confident about the prediction of the example. In the case of multiple classifications,
this situation will be even worse. To avoid above problems, we adopted the BvSB as a
metrics. BvSB uses the difference between the probability values of the two classes that
have the highest estimated probability value as an indicator to measure uncertainty, the
sampling criterion can be described as Eq. (3), where P(yg|x;, Fp) and P(ysp|xi, Fp)
denote the two highest estimated class probabilities output from classifier and u denote all
unlabeled data sets. So, BvSB sampling strategy tends to select this prediction situation
in Fig. 3(b).

BB — arg min(P(yplx;, Fg) — P(ysglxi, Fg)) 3)

X, i€u

S Experiments Results

In this section, we evaluate and analyze the unreliability and instability of directly pre-
dicting the activity of a new patient using classifier trained by other subjects’ activ-
ities dataset. Then, also on the PD patient activity data set collected in hospital, we
demonstrated and analyzed the performance of active learning with up-sampling.

5.1 General Experimental Settings

All our experimental data comes from the data set mentioned in Sect. 3. After performing
data preprocessing and feature extraction described in Sect. 4, we get 11115 samples
from 18 PD patients. We selected 12 patients as the previous patients, and the remaining
6 patients were simulated as new patients in turn. For convenience, the classification
accuracy (CA), the proportion of correctly classified samples to the number of test
samples, is used as an indicator to evaluate model performance.

5.2 The Unreliability and Instability of Directly Predicting

In order to evaluate the performance of the PD patient activity recognition model trained
by other subjects’ activities dataset, we conducted the following experiments.

(1) As differences between patients with different symptoms, different ages etc. will
cause unstable results due to the different division of the training set and test set. At
the same time, in actual situations, patients are usually tested by wearing the device
alone. The Leave-One-Out (LOO) validation method is explored in our experiment,
which may derive more stable results and avoid over-fitting in real environment.
The LOO method is a special case of cross-validation. Obviously, since there is only
one way to divide m samples into m subsets (each subset contains one sample), the
method is not affected by the way that how random samples are divided.

(2) Then we use Lightgbm package in the Scikit-learn library to train a PAR model elim-
inate randomness and select the best hyperparameters of the classification model.
The learning rate is set to 0.05, the maximum number of decision trees is 300, and
the model converges at 100 training epochs.
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(3) We subjectively believe that different patients will have different ways of performing
activities, which will make it difficult to apply an activity recognition model to
all patients. But this view is ambiguous. In order to intuitively see the difference
between different patients, we designed the following scheme: Firstly, we reduce the
dimensions of the extracted 161-dimensional features to two dimensions through the
t-SNE algorithm. Then we draw the same activity of different patients into a scatter
plot based on the reduced dimensionality data. Here, for convenience of display, we
only randomly selected 6 patients and 4 activities.

5.3 Results and Discussions on Cross-Subject Prediction

Table 3 exhibits the classification accuracy of the model trained by previous dataset for
each new patient’s activity. The table suggests: 1) If the model is trained by previous data
but apply to never seen new patient data, the prediction results will be relatively poor
and unstable. It is worth mentioning that the model has a classification accuracy of 99%
on the test set of the previous data. 2) The model has different classification accuracy on
different patients, the highest is 90.1%, but the lowest is only 44.3% recognize the PAs
of patients with severe PD.

The main reason for the large fluctuations in the performance of the model among
different people is that different patients have different symptoms, severity, and activity
habits. These factors firstly lead to differences in the data collected by the sensors,
leading to different feature spaces of the data. If a new sample is outside the decision
boundary learned by the classifier, it will be difficult for the classifier to make a correct
judgment. The classifier has a 90.1% accuracy for patient 4, which is probably because
the patient’s activity execution method is very similar to some patients in the training
set. However, patient 6 was just the opposite of the above, so the classification accuracy
is only 44.3%.

Through the visualization results shown in Fig. 4, we can better illustrate this prob-
lem, where the horizontal and vertical coordinates are the data obtained after dimen-
sionality reduction of 161 features and the different colors indicate the data of different
patients. It can be seen from Fig. 4 that different patients gather in different areas on a
two-dimensional plane, especially the three activities of “finger tapping”, “sit-to-stand”,
and “drink water”. Take activity “free walking” as an example. If the model training set
only includes the data of patients p1 to p5 (The part in the dotted box in the Fig. 4, then
the data of patient p6 will be outside the decision boundary, and the classifier will have
difficulty making accurate predictions.

Carefully observe the data distribution of “free walking”, we can find that its spatial
distribution of activity features is relatively chaotic. The data of patients p1, p3, p4, and
pS are clustered together, which shows that they perform this activity very similarly.
However, patients p2 and p6 were gathered in other areas, which shows that they are
very different from others in performing this activity. This is mainly because patients
pl, p3, p4, and p5 are patients with mild or moderate PD, but patients p2 and p6 are
patients with severe PD. And the mobility of severe patients is severely restricted, so
they cannot complete this activity well. It is worth mentioning that even if patients 2
and 6 are both severe PD patients, their data distribution is still quite different, which
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Fig. 4. Feature distribution of 4 kinds of activities in two-dimensional space

explains why the training set contains data from severe PD patients, but the classifier
still unable to accurately.

Table 3. The classification accuracy to 6 new patients with the model trained by the previous 12
patients

Patient ID 1 2 3 4 5 6

Severity of illness | moderate | severe mild mild mild severe
Accuracy (%) 66.6+1.659.1+0.7 |745+1.0[90.1£19 |643£1.1 443+05
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Table 4. The number of labeled samples and the proportion of the total samples required to
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achieve 99% accuracy with different methods

Patient Method
UAL/(Ours) BvSB entropy random

Patient 1 70 (19.18%) 105 (28.77%) 90 (24.66%) 340 (93.15%)
Patient 2 75 (15.96 %) 100 (21.28%) 105 (22.34%) 365 (77.66%)
Patient 3 70 (15.91%) 80 (18.18%) 105 (23.86%) 195 (44.32%)
Patient 4 20 (5.63%) 25 (7.04%) 35 (9.86%) 165 (47.14%)
Patient 5 85 (20.48 %) 125 (30.12%) 175 (42.17%) 260 (63.41%)
Patient 6 105 (25.0%) 135 (32.14%) 170 (40.48%) 305 (72.62%)

Table 5. The highest classification accuracy value (the first number) that each method can achieve
and the proportion of the total samples required to achieve corresponding highest accuracy (the
second number)

Patient Method
UAL(Ours) BvSB entropy random

Patient I | 100% (20.5%) 100% (41.1%) 100% (34.2%) 100% (100.0%)
Patient2 | 99.51% (22.3%) |99.61% (23.4%) |99.51% (26.6%) |99.51% (78.7%)
Patient3 | 100% (40.9%) 100% (55.7%) 100% (68.2%) 100% (62.5%)
Patient4 | 100% (8.5%) 100% (8.5%) 100% (25.4%) 100% (85.7%)
Patient5 | 100% (28.9%) 100% (69.9%) 100% (75.9%) 99.78% (85.4%)
Patient 6 | 99.89% (51.2%) |99.78% (66.7%) | 99.78% (57.1%) | 99.57% (95.2%)

5.4 Active Learning with Up-Sampling

In order to verify and evaluate the efficiency of our proposed method and the effectiveness
of the up-sampling, we conducted the following experiments. Firstly, 70% of the data
of each new patient is used as a candidate set, and the remaining 30% is used to test the
accuracy on the new data set. Then, we train a classifier by previous patients training
set. When the model converges, we make predictions on the test set and candidate set at
the same time, and record the accuracy of the model on the test set. By calculating class
probabilities of samples in the candidate set, we select samples for annotation according
to the sampling strategy. Next, we copy the newly annotated data into the same five
copies and mix them all into the previous training set for the classifier retraining in
next iteration. It is worth noting that, after comprehensively considering the calculation
amount and performance of the model, we select 5 samples for annotation in each
iteration. We compare the performance of three different sampling strategies, BvSB,
entropy and random, and compare the effect of up-sampling on the results.
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5.5 Results and Discussions on Active Learning with Up-Sampling

Figure 5 presents the curves of the classification accuracy values of 6 new patients as
a function of the number of labelled samples using three different sampling policies,
where the x-axis is the number of annotated samples and the y-axis is the classification
accuracy of the classifier on the test set.

The number of labeled samples and the proportion of the total samples required to
achieve corresponding highest accuracy are listed in Table 5. The best results in Table 4
and 5 are shown in bold. From Fig. 5, Table 4 and 5, we can see that:

1) For all patients, our proposed UAL method can achieve 99% accuracy with the small-
est number of labeled samples, followed by active learning methods based on BvSB
and entropy, and the worst random sampling. We tend to randomly select some sam-
ples for labeling when active learning is not applied, which is often very inefficient.
We attribute this result as follows: Firstly, the BvSB sampling strategy allows the
model to quickly and accurately refine the decision boundary by selecting the most
informative samples, which allows the model to quickly adapt to samples of new
patients and make high-precision predictions. Secondly, through the up-sampling,
the weight of the newly labeled data in the model can be increased, which allows the
model to converge more quickly.

2) The sampling strategy based on BvSB tends to improve the accuracy faster than the
sampling strategy based on entropy. It’s because BvSB strategy is inclined to choose
samples meeting Eq. (3) in Sect. 4, such samples are just on the decision boundary
of the two classes. But the entropy sampling scheme tends to select samples whose
estimated probabilities are scattered over all classes with similar probability values,
such samples may not have high uncertainty as described in Sect. 4.

3) For patients 2 and 6, when we didn’t annotate their activities data, the classification
accuracy was only 59.1% and 44.3% respectively. Because they are patients with
severe PD and exhibits symptoms rigidity and bradykinesia, they are very slow to
perform an action, which is very different from patients with mild PD. For example,
patient4, he is amild PD patient, he performs these activities smoothly and standardly,
which is the same as most people in the training set, so the classifier’s classification
accuracy for him is 90% at the beginning. But with our method UAL, the classifier
only needs 20 additional labeled samples to achieve a classification accuracy of 99%,
which fully demonstrates the efficiency of UAL.

4) It can be seen from Table 5 that for patients 1, 3, 4, and 5, all methods except random
sampling can achieve 100% classification accuracy, but our proposed method requires
the least number of labeled samples. For patients 2 and 6, our method UAL and BvSB
method are almost the same in accuracy, but our method requires fewer labeled
samples. The difference between UAL and BvSB is that we have added up-sampling
to increase the weight of the data in the training process, which allows the model to
improve accuracy faster.
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Fig. 5. The curves of the classification accuracy values of 6 new patients as a function of the
number of labelled samples

6 Conclusions

In this paper, we analyzed the difficulties in identifying the activities of PD patients. An
up-sampling active learning method was proposed for effective long-term monitoring of
PD patients. This method iteratively selects the most informative samples for labeling,
and then adds them to the training set after up-sampling. We conducted experiments on
the data set collected from the local hospital to evaluate the performance of UAL. The
experimental results show that the effect of UAL is different for patients with different
symptoms. For the 6 new PD patients after annotating 5.63% to 25.00% of the data, the
model accuracy can reach up to 99%. Among them, for severe PD patients, this method
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has a more obvious performance improvement and need more labeled data. Compared
with other active learning sampling strategies, the UAL method that combines BvSB
sampling strategy and up-sampling trick can converge to the better accuracy, which
represents a lower annotation cost. In future work, we plan to combine active learning
and transfer learning to further reduce annotation costs and improve the robustness of the
model, and analyze the progress of the patient’s condition through the patient’s activity

data.
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