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Abstract. Clinical assessments are an integral part of the care and management of Parkinson’s disease, but full spectral assessments are difficult
to obtain consistently, especially at follow-up visits. To better understand
the etiology and pathogenesis of the disease and to o↵er accurate prognosis and tailored treatment plans, data-driven computational methods
that rely on a large amount of quality clinical assessments have been
proposed. However, major limitations, such as privacy and security issues have hindered the greater impact of these techniques. Motivated
by the advantages of distributed and collaborative learning, we explore
data imputation and reconstruction of clinical scores from the Parkinson Progression Marker Initiative (PPMI) in a multi-center distributed
learning environment and we evaluate the reconstruction performance
with two aggregation algorithms: Federated Averaging and Precisionweighted Federated Learning3 . Our results suggest that while the first
algorithm provides accurate reconstruction, the latter can better handle
data heterogeneity between centers, reaching up to 19% lower reconstruction error.
Keywords: Parkinson’s disease · Distributed learning · Imputation ·
Clinical assessments · Federated Averaging · Precision-weighted Federated Learning
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Introduction

Parkinson’s disease (PD) is the second most frequent neurodegenerative disorder worldwide, associated with both motor and non-motor symptoms. Due to
dopamine depletion from the disease, classic motor symptoms involve tremor,
rigidity and bradykinesia, severely a↵ecting the patient’s daily functions. In addition, psychiatric issues including compulsive behaviors and depression [22],
?
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cognitive decline, and sleep disorders can also a↵ect PD patients [9]. As the
complexity of the disease has become more evident than previously assumed,
further research is crucial to better understand the disorder.
1.1

Clinical Assessments and Challenges

To assess the degree of impairment and clinical progression of PD, clinical assessments are crucial in the care and management of PD, and are conducted
in the forms of questionnaires, interactive tests, and objective measurements to
gather information regarding both motor and non-motor symptoms. With the
aim to search for e↵ective biomarkers for accurate diagnosis and prognosis of
PD, various data-driven approaches have been proposed to link imaging or biosample data with these clinical evaluations through statistical or machine/deep
learning methods [12].
The Parkinson Progression Marker Initiative (PPMI) [11], sponsored by Michael
J. Fox Foundation for Parkinson Research, is a comprehensive public multicenter database (www.ppmi-info.org/data), which includes longitudinal imaging, genetic, biosample and clinical assessment data of large PD cohorts. The
up-to-date information on the study can be found at www.ppmi-info.org. Due
to missing paper records and the nature of clinical protocols, some tests cannot
be performed on the patient at the time of the visits, thus it is not uncommon
for there to be missing clinical scores, especially in follow-up visits. This is a
common issue when pooling data from multiple centres for disease-related studies, and exclusion of subjects with incomplete records has been adopted in some
studies. As PD is highly heterogeneous in disease progression among individuals
[8], exclusion of subjects may introduce sample bias in the related statistical
and machine/deep learning methods, resulting in unreliable insights. Often data
imputation is a solution to the problem. In this technique missing values are
replaced with estimations based on the interpretation of contextual information
and population distribution [7]. Accurate data imputation of the clinical scores
in PD will e↵ectively ensure the reliability and accuracy of the related studies
and the proposed machine learning algorithms.
Another major challenge in the application of clinical data-driven algorithms
is associated to restrictions on sharing patient data between medical and research
centers. Patient data is sensitive and cannot be disclosed as serious privacy issues
may arise. For example, patient may be discriminated by employers, insurance
companies, or peers based on their health condition, causing embarrassment,
paranoia or mental pain [16]. Owing to this, the access to clinical data is limited
to the amount of information available within the medical or research center.
This may not be adequate for training optimal machine/deep learning algorithms
for clinical tasks and biomarker discoveries as it often leads to biased analysis.
This is especially relevant for rare diseases, where very few patients are seen at
any single institution [20, 5]. To alleviate these issues, emerging data aggregation
techniques have been developed to combine data from multiple sources with
special attention to security and privacy.
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Contributions

In this paper, we compare two types of aggregation algorithms based on distributed and collaborative learning: Federated Averaging and Precision-weighted
Federated Learning. We explore the task of data imputation and reconstruction
of clinical scores for PD using the PPMI database and investigate the e↵ects
of: (1) the performance of distributed machine learning aggregation algorithms,
and (2) the imputation and reconstruction performance varying the number of
missing values in the training dataset. To the best of our knowledge, we are the
first to evaluate the performance of Federated Averaging and Precision-weighted
Federated Learning aggregation algorithms in distributed learning environments
for the task of data imputation and reconstruction of PD clinical assessments.

2

Related Work

Previous studies have addressed the problem of data imputation in biomedical
data from di↵erent angles. The simplest case is deletion, where an entire patient
record is removed from the database in the presence of missing values. However,
it has been demonstrated that this method degrades the statistical power and
yields bias estimates [1]. A more sophisticated statistical method for handling
missing values is the single imputation technique. An example of this method is
the last observation carried forward (LOCF) approach, where missing values in
a longitudinal study are replaced by the last observation recorded [10].
Other methods require the analysis of multiple instances of the data, such as
is the case of multiple imputation (MI). MI creates multiple copies of the plausible imputed data sets and estimates associations between the aggregated results
[19]. Similarly, the multivariate imputation by chained equations (MICE) creates multiple imputation predictions for each missing value [2]. This method was
particularly used to prepare the PPMI data used by Long-Short Term Memory
networks to define PD subtypes and predict symptom progression [23]. Alternatively, machine learning-based techniques have been used to compressed clinical
assessments and estimate missing scores. Peralta et al. investigated data imputation and reconstruction performance of clinical assessments with autoencoders
[15]. With FCAEs, the encoder and decoder layers are organized in a fullyconnected fashion, which rely on residual substructures called “Computational
Blocks”.

3
3.1

Methods
Data

We included 17 primary clinical assessments (and their sub-scores) and factors of
the PPMI dataset (Table 1). These clinical assessments evaluate both motor and
non-motor symptoms of the disease, including motor dysfunctions, psychiatric
issues, cognitive functioning. Compared to the work of Peralta et al. [15], we
utilize half the number of features for the training of machine learning models.
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To prepare for the data ingestion process, we performed feature scaling by
applying min-max normalization to transform the input data into the range [0,1].
Categorical data were mapped to ordinal values. Crucial information to the diagnosis and prognosis of the disease, such as demographic data (e.g., age, sex,
and education) and patients’ genotypes were collected at baseline visits and considered constant responses across visits (with the exception of age that changed
according to the year of the next assessment). Similar to [15], we excluded the
level of dopamine (LEDD) and SPECT imaging data, and focused our work in
the primary clinical assessments. The final database contained baseline clinical
assessments of 678 subjects and their follow-up visits over 3 years, containing
2466 rows and 102 columns. Table 1 demonstrates the percentages of missing
values per assessment.
Table 1. Clinical assessments taken from PPMI and the percentage of rows with
missing scores
Questionnaire
% missing value Questionnaire
% missing value
Benton JLO Test
0.64
SCOPA
1.09
Epworth Sleepiness
0.32
Semantic Fluency
0.40
Geriatric Depression Scale
0.24
Schwab & England ADL
28.66
Hopkins VLT
0.68
STAI
0.36
LNS
0.40
UPDRS I
0.36
MoCA
0.77
UPDRS IP
0.32
QUIP
0.28
UPDRS II
41.20
REM Behavior Disorder
0.40
UPDRS II
41.20
Symbol Digit Modalities
0.48
UPDRS III
41.24
Score

Additionally, to simulate the training of multi-institutional models in a distributed learning environment, we split patients randomly into four cohorts.
With each cohort assigned to a site, patient information remains independent
and is never shared between centers. Given this setup, we reserve one of these
sites as the test set to measure the model’s generalization performance with patient data never used during training based on the accuracy of reconstruction
estimations for missing and non-missing clinical scores.
3.2

Model Setup

Fully-Connected Autoencoders (FCAEs) We use FCAEs introduced by
Peralta et al. [15]. The architecture is available in a public repository 4 . Each
FCAE is trained with a NAdam optimizer using an initial learning rate of 0.001.
The NAdam algorithm is a variation of the Adam optimizer that implements
Nesterov momentum that accelerates convergence. To control the amount of
unnecessary computation per client, we apply a strategy to reduce the learning
rate when the model reaches a plateau in learning and stop training when this
plateau persists for more than 60 training passes. We use a Mean Squared Error
4
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(MSE) to minimize the loss function over the reconstruction estimations. FCAEs
models are implemented with Keras 2.4.3 and Tensorflow 2.4.1.
For evaluation purposes, reconstruction estimations are evaluated on the test
site based on the two accuracy measurements defined in [15]:

A1 =

N M
1 XX i
(x̂
K i=1 j=1 j

N M
1 XX i
A2 =
(x̂
U i=1 j=1 j

xij )2 ⇤ Mji

xij )2 ⇤ (1

Mji )

(1)

(2)

where Equation 1 measures the reconstruction performance for non-missing clinical scores based on the total number of known scores (K) in the database, and
a mask that identifies non-missing values Mji , and where xij represents individual clinical scores and their respective reconstruction estimation x̂ij . Similarly,
Equation 2 quantifies the reconstruction performance of missing clinical scores
given the total number of unknown clinical scores (U) and a mask that identifies
missing values.
3.3

Aggregation Algorithms

Federated Averaging (FedAvg) Federated learning introduced by McMahan
et al. [13] works in rounds of communication through a distributed batch of local
devices to learn a shared global model. At the beginning of each round, a server
sends the initial shared global model to every client. Then, every client uses
the shared model to compute stochastic gradient descent (SGD) optimizations
with the local data and the resulting update (e.g., network weights) is sent to
the server for further processing. After receiving all individual local updates,
the central server aggregates them via the FedAvg algorithm to update the
parameters of the shared global model, such that:

wt+1

K
X
nk

k=1

n

k
wt+1
.

(3)

where wtk + 1 denotes the model weights of client k at iteration t, nk is the
number of local training samples nk and n is the total number of samples. The
round of communication repeats and as more rounds of communications are
performed with this setting, the model learns a better representation of the
data distribution and thus performance of the shared global model is optimized.
Furthermore, when a new client joins the round of communication, the global
model contains enough information from other clients that there is no need to
retrain the model as it can be used immediately on the new device.
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Precision-weighted Federated Learning (PW) In [18], we proposed the
PW algorithm as a variance-based aggregation scheme that averages the weights
of distributed machine learning models. This algorithm di↵ers from FedAvg in
the way that individual local updates are aggregated. Instead of using the ratio
of data samples as the multiplicative factor for weight update, PW takes into
account local variance estimations, which are computed by the optimizer, and
the update of the parameters of the shared global model is made in proportion
to the inverse of this variance:
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(4)

k
where vt+1
denotes the estimated variance of a given weight w at iteration
t for client k. This method has shown significant advantages when the data
is highly-heterogeneous across clients for benchmark datasets (e.g., MNIST,
Fashion-MNIST, and CIFAR-10). However, to the best of our knowledge, no
prior studies have examined the performance of this algorithm with medical
data.

4
4.1

Experimental Results
E↵ect of number of missing modalities during training

Given a corruption ratio, FCAEs implement a masking layer to remove an entire
modality (i.e., a clinical test) from patient records at random. We vary the
corruption ratio of the training data to show how the heterogeneity (in terms
of the number of missing entries of clinical information) a↵ects the performance
of each aggregation method. To do so, we use a fixed batch size of 50 epochs to
train each FCAE with corruption rates of 10%, 30% and 60% for 300 iterations.
Figure 1 shows the performance evaluations between FedAvg and PW and the
reconstruction estimations for non-missing scores (A1). We observe that FedAvg
achieves up to 2.7% lower reconstruction error than PW with a 10% corruption
ratio. However, PW reaches 16.4% and 5% lower errors than FedAvg with a
30% and 60% corruption ratio, respectively. This experiment suggests that a
weighted average can be e↵ective with subtle variations in training data across
centers, but when variability in the input data is considered into the aggregation,
more accurate imputations and reconstructions may be obtained with highly
heterogeneous inputs.
As a point of comparison for model generalization with distributed models,
we trained a central model with the pooled dataset (test set excluded). Table 2
summarizes the A1 (MSE) scores obtained on the hold-out test set. Interestingly,
these results begin to demonstrate an advantage in using distributed algorithms
as we observe lower A1 scores on the reconstruction of non-missing clinical scores
compared to those values obtained with a centralized learning setting.
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Fig. 1. Performance of FedAvg and PW aggregation algorithms based on the reconstruction error of known values (A1) with an increasing number of missing data in the
training dataset.
Table 2. Summary of the performance of the central model and two aggregation
algorithms based on known values (A1) on the test set
Corruption Ratio
FA
PW
Central
10%
0.044 ± 0.002 0.044 ± 0.001 0.192 ± 0.000
30%
0.054 ± 0.002 0.045 ± 0.004 0.183 ± 0.000
60%
0.045 ± 0.004 0.044 ± 0.004 0.166 ± 0.000

4.2

E↵ect of number of missing values during evaluation

We evaluate the reconstruction performance of each aggregation method with
additional missing scores. We set the experiment with the same training hyperparameters as above. This time, we introduce additional missing scores into
the test set with a 10% and 20% chances for a given score to be missing and
compute its A2 error between the estimation and ground truth. Given this setup,
it will allow us to explore the scenario when the imputation is implemented in
new sites with di↵erent levels of missing patient records. Figure 2 shows the
performance evaluations based on the A2 (MSE). As expected, the accuracy of
the reconstruction A2 is a↵ected by the number of missing scores injected. More
specifically, FedAvg shows 1% and 4% lower error than PW with 10% and 20%
missing ratio in test, respectively, and 10% corruption ratio. This suggests that
FedAvg is a more robust method for the aggregation of homogeneous data. On
the contrary, PW reached up to 19% lower reconstruction error than FedAvg
with additional heterogeneity in either the training or test sets.
Further evaluations with a central model trained with the pooled dataset
were conducted to measure the model generalization based on the reconstruction
estimations for missing values. Table 3 summarizes the A2 (MSE) scores of the
central model and each aggregation algorithm with 10% and 20% missing values
in the test set. We obtained lower A2 scores on central models as more data
is available during training for the estimation of missing scores. However, this
e↵ect was pronounced when we introduced 10% missing values into the test set.
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Fig. 2. Performance of FedAvg and PW aggregation algorithms based on the reconstruction error of missing values (A2) with an increasing number of missing values in
the testing dataset.

Alternatively, distributed learning improves performance over sites with higher
levels of missing patient scores (20% random missing values). These results are
consistent with the findings of Tuladhar et al. in [20] and suggest that better
generalization can be obtained with distributed models.
Table 3. Summary of the performance of the central model and two aggregation
algorithms based on the missing values (A2) on the test set
Miss Ratio Corruption Ratio
FA
PW
10%
10%
0.146 ± 0.006 0.148 ± 0.005
30%
0.187 ± 0.008 0.152 ± 0.017
60%
0.156 ± 0.012 0.152 ± 0.013
20%
10%
0.095 ± 0.004 0.096 ± 0.003
30%
0.120 ± 0.008 0.098 ± 0.011
60%
0.099 ± 0.010 0.095 ± 0.010

5

Central
0.117 ± 0.000
0.117 ± 0.001
0.118 ± 0.002
0.164 ± 0.000
0.167 ± 0.000
0.165 ± 0.001

Discussion and Conclusion

We compared two aggregation algorithms for distributed learning environments
and demonstrated that medical and research centers can embrace collaborate
learning to enrich estimations of statistical analysis for the severity and progression of Parkinson’s disease. To the best of our knowledge, this is the first
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work that provides a comparative evaluation of the Federated Averaging and
the Precision-weighted Federated Learning aggregation algorithms in the demonstrated domain.
The first point of discussion is that regardless of the aggregation algorithm
used, we observe a significant benefit by sharing multi-center clinical data for
collaborative model training. We showed that training independent distributed
models with information from PD patients can increase the model’s generalizability on a hold-out test set without transferring patient’s records to a central
data store. Notwithstanding, both aggregation algorithms remain vulnerable to
inference attacks, therefore, stronger privacy guarantees are needed to protect
the information transferred across sites. One solution is using secure protocols
[3] or di↵erential-privacy guarantees [6, 14] to ensure that data is transferred between clients and servers safely. Alternatively, we demonstrated that distributed
data not only augments the size and variety of the global training set, but also
it increases clinical utility. For example, the prediction of the progression and
trajectory of the disease can be achieve with less biased decisions than models
trained with data in single institutes, leading to more e↵ective treatments or
preventive strategies.
An important outcome from the present study is the evaluation of two distributed aggregation algorithms for the imputation and reconstruction of missing
scores in PD clinical assessments. Our study indicated that with the lowest level
of corruption introduced into the training data, FedAvg can achieve better generalization on a hold-out test set (based on A1 and A2 MSE) with a weighted
average, despite the subtle variations in the training data. These results can be
explained by the fact that PD patients exhibit high variations in disease patterns and when the number of incomplete responses rise the heterogeneity of the
data increases artificially. However, this e↵ect is not pronounced as the corruption rate increases. With less information available to the model to perform the
reconstruction, PW seems to be better suited for the reconstruction task.
In addition, it is important to highlight that a randomly initialization for
FCAEs was employed in our experiments. Perhaps with a better initialization
strategy we could obtain better estimations, especially in the reconstruction
errors for (A2). Despite this, we observed that machine/deep learning models
were able to leverage the condense information in the clinical scores and factors
to provide meaningful and accurate estimations that can be used to perform
imputation and reconstruction tasks with acceptable clinical outcomes. Future
work may investigate methods for combining information from local datasets,
such as cyclical weight transfer [4], split learning [21], or transfer learning [17]
as these o↵er performance improvements with small local training sets.
In conclusion, we present a comparative analysis of the performance of two
aggregation algorithms for distributed learning: Federated Averaging (FedAvg)
and PW Federated Learning. The task explored here is data imputation and
reconstruction of Parkinson’s disease clinical questionnaires. We built upon the
work of Peralta et al. and evaluate the reconstruction performance with FullyConnected Autoencoders operating in a distributed environment. The results in
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this study demonstrated that FedAvg is e↵ective in estimating the reconstruction
of data with subtle di↵erences across centers, but PW poses a better choice when
data is highly heterogeneous.
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