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Abstract. Missing data presents a critical challenge in longitudinal
studies of Parkinson’s Disease (PD), often leading to biased predictions
and reduced reliability in clinical assessments. Building upon our initial
findings, this revised manuscript introduces a fairness-optimized frame-
work for longitudinal data imputation in PD research. By analyzing the
Parkinson’s Progression Markers Initiative (PPMI) dataset, we evalu-
ate imputation methods across three dimensions: accuracy, demographic
fairness, and computational sustainability. Our results reveal that tra-
ditional accuracy-centric methods exhibit significant performance dis-
parities across demographic subgroups. Specifically, transversal meth-
ods like MICE achieve superior overall accuracy (MAE: 4.15) but show
considerable variability in performance across age groups (up to 15.2%
difference). Similarly, longitudinal methods like LMM offer temporal
consistency but require substantial computational resources (execution
time: 1:03h). We introduce novel fairness metrics, including the Fairness-
Aware Imputation Score (FAIS) and Computational Sustainability Ratio
(CSR), which enable quantitative assessment of algorithmic equity and
resource efficiency. Our analysis demonstrates that balancing these di-
mensions is crucial for ethical and sustainable healthcare analytics. The
highest FAIS value (0.88) was achieved by Linear Interpolation, while
Mean imputation offered the best sustainability (CSR: 0.64). These find-
ings establish new standards for ethical and sustainable data imputation
in PD research, directly addressing the critical need for both accurate
and equitable healthcare analytics.

Keywords: Missing Data Imputation · Parkinson’s Disease · Longitu-
dinal Analysis · Algorithmic Fairness · Computational Sustainability ·
Healthcare AI
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1 Introduction

Parkinson’s Disease (PD) is a progressive neurodegenerative disorder requiring
precise longitudinal monitoring to understand its progression and optimize treat-
ment strategies. The Parkinson’s Progression Markers Initiative (PPMI) dataset
provides comprehensive longitudinal data for studying PD progression, including
clinical assessments like the Unified Parkinson’s Disease Rating Scale (UPDRS)
and Montreal Cognitive Assessment (MoCA). However, missing data remains a
pervasive challenge, with significant portions of motor and cognitive assessments
exhibiting missingness across different visits.

Our previous analysis compared transversal and longitudinal imputation
methods for handling missing data in the PPMI dataset, focusing primarily on
traditional accuracy metrics such as MAE, MSE, RMSE, and R². While these
metrics provide valuable insights into prediction accuracy, they fail to address
two critical dimensions of modern healthcare analytics: algorithmic fairness and
computational sustainability.

Building on our initial findings, this revised manuscript expands our evalu-
ation framework to incorporate these dimensions, addressing three key innova-
tions:

1. Demographic fairness quantification: We stratify imputation perfor-
mance by demographic subgroups to identify and quantify disparities in pre-
diction accuracy, thereby highlighting potential algorithmic biases.

2. Computational sustainability assessment: We evaluate the resource ef-
ficiency of different imputation methods, considering execution time as a
proxy for computational cost and environmental impact.

3. Multi-dimensional evaluation framework: We introduce novel metrics
that enable comprehensive comparison across accuracy, fairness, and sus-
tainability dimensions, providing a more holistic assessment of imputation
strategies.

This revised approach responds to emerging concerns about algorithmic bias
in healthcare AI and the growing awareness of computational sustainability in
data science. By addressing these dimensions, we aim to establish a more robust
and ethical framework for handling missing data in longitudinal PD research.

The remainder of this paper is structured as follows: Section 2 reviews ex-
isting methods for handling missing data and introduces fairness considerations
in healthcare analytics. Section 3 examines bias in clinical assessment scores
and highlights the need for fairness-optimized approaches. Section 4 details our
methodology for fairness-aware evaluation. Section 5 presents experimental re-
sults comparing transversal and longitudinal methods with respect to accuracy,
fairness, and sustainability. Finally, Section 6 discusses implications for clinical
research and outlines future directions.
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2 State of the Art and Fairness Considerations

2.1 Traditional Imputation Methods

Traditional imputation methods for handling missing data include deletion tech-
niques, single imputation approaches, and multiple imputation methods, as out-
lined in our previous analysis. These methods vary significantly in their approach,
computational requirements, and performance characteristics.

As established in our initial study, Multiple Imputation by Chained Equa-
tions (MICE) demonstrated superior performance among transversal methods,
achieving the lowest MAE (4.15) and highest R² (0.40). However, MICE requires
moderate computational resources (execution time: 3:10m). Among longitudinal
methods, Linear Mixed Models (LMM) performed best (MAE: 5.42, R²: 0.23)
but demanded substantial processing time (1:03h).

2.2 Fairness Considerations in Healthcare Analytics

Recent research has highlighted the importance of fairness in healthcare ana-
lytics, particularly when dealing with sensitive clinical data [1]. Fairness in this
context refers to the equitable performance of analytical methods across different
demographic groups, ensuring that predictions do not systematically disadvan-
tage specific populations [2].

In the context of PD research, fairness concerns arise from the potential
interaction between imputation methods and demographic factors such as age
and gender. Previous studies have shown that cognitive assessments like MoCA
are influenced by demographic factors [10], suggesting that imputation methods
might perform differently across demographic subgroups.

Despite the growing importance of fairness in healthcare analytics, existing
imputation methods primarily focus on overall accuracy without explicitly ad-
dressing potential disparities across demographic groups. This gap motivates our
development of fairness-aware evaluation metrics and our stratified analysis of
imputation performance.

2.3 Computational Sustainability in Data Science

Computational sustainability has emerged as a critical consideration in mod-
ern data science, acknowledging the environmental impact of computationally
intensive methods [18]. As healthcare analytics increasingly employs complex
algorithms, the computational cost of these methods warrants careful consider-
ation.

In the context of imputation methods, computational sustainability involves
evaluating the resource efficiency of different approaches, considering factors such
as execution time and memory usage. Methods that achieve high accuracy with
minimal computational resources represent more sustainable options, particu-
larly for large-scale healthcare applications.
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Our previous analysis revealed significant variations in execution time across
imputation methods, ranging from under a second for simple approaches like
mean imputation to over an hour for complex methods like LMM. These varia-
tions highlight the importance of considering computational sustainability along-
side accuracy when selecting imputation methods for clinical applications.

3 Bias in Clinical Assessment Scores

Fig. 1. Comparison of execution time and MAE across different imputation methods.
This visualization highlights the trade-off between computational efficiency and pre-
diction accuracy, with methods in the lower left quadrant offering the best balance.

The challenges of demographic and temporal biases in the PPMI dataset are
illustrated in Fig. 1, which shows the trade-off between execution time and MAE
for different imputation methods. This visualization highlights how methods that
achieve lower error rates (e.g., MICE, LMM) often require substantially more
computational resources, raising both fairness and sustainability concerns.

Missing data in longitudinal studies often arises from mechanisms such as
Missing Not At Random (MNAR), where the probability of missingness depends
on unobserved values like disease severity or cognitive decline [3]. For example,
older participants or those with lower educational attainment are more likely to
exhibit lower MoCA scores, which can introduce systematic biases in predictive
modeling if not properly accounted for.
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These biases manifest in two primary forms:

– Demographic Bias: Features such as age and gender disproportionately
impact cognitive scores like MoCA due to learning effects or age-related de-
cline. If imputation methods perform differently across demographic groups,
they may amplify existing disparities in healthcare outcomes.

– Temporal Bias: Missingness at intermediate visits disrupts temporal con-
tinuity, making it difficult to model disease progression accurately. This can
lead to biased estimates of disease trajectory, particularly for progressive
conditions like PD.

To address these challenges, fairness-optimized approaches are needed to in-
corporate demographic factors while utilizing temporal dependencies inherent
in longitudinal datasets. By embedding fairness considerations into imputation
evaluation, these approaches aim to minimize biases introduced by missingness
patterns and ensure equitable performance across demographic subgroups.

4 Methodology for Fairness-Optimized Evaluation

4.1 Data Preparation and Feature Selection

We utilize the same PPMI dataset from our previous analysis, focusing on demo-
graphic variables (age, gender, education), clinical assessments (UPDRS scores),
and cognitive measures (MoCA scores). As documented in the original study, our
analysis of missingness patterns revealed significant variations in data complete-
ness across visits and cohorts, with demographic variables like age exhibiting
different missingness patterns (8.5-54.2% for PD patients, 0.5-89.9% for Prodro-
mal patients) compared to clinical assessments like UPDRS scores (16.4-92.1%
for PD patients, 12.8-99.7% for Prodromal patients).

These missingness patterns informed our stratified evaluation approach, which
assesses imputation performance across different demographic subgroups to iden-
tify potential disparities and biases.

4.2 Novel Fairness and Sustainability Metrics

To address the limitations of traditional accuracy metrics, we introduce three
novel metrics that evaluate imputation methods across fairness and sustainability
dimensions:

1. Fairness-Aware Imputation Score (FAIS):

FAIS = 1− max(MAEsubgroup)−min(MAEsubgroup)

MAEglobal
(1)

This metric quantifies the disparity in imputation performance across demo-
graphic subgroups. Values closer to 1 indicate more equitable performance,
while values closer to 0 suggest significant disparities. We calculate FAIS
separately for age subgroups and gender subgroups, then take the minimum
value to identify the most significant disparity.
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2. Computational Sustainability Ratio (CSR):

CSR =
R2

log(Execution Time)
(2)

CSR balances predictive performance (measured by R²) with computational
efficiency (measured by execution time). Higher CSR values indicate bet-
ter sustainability, achieving good performance with minimal computational
resources.

3. Distribution Preservation Index (DPI):

DPI = 1− |µorig − µimputed|+ |σorig − σimputed|
2σorig

(3)

DPI measures how well an imputation method preserves the statistical prop-
erties of the original data, considering both the mean (µ) and standard devi-
ation (σ). Values closer to 1 indicate better preservation of the original data
distribution.

These metrics complement traditional accuracy measures, providing a more
comprehensive evaluation framework that considers fairness and sustainability
alongside predictive performance.

4.3 Stratified Evaluation Approach

To assess fairness across demographic subgroups, we implement a stratified eval-
uation approach that analyzes imputation performance separately for different
demographic categories. Specifically, we stratify our analysis by:

1. Age Groups: We divide patients into age categories (<60, 60-70, >70 years)
based on the AGE_AT_VISIT variable in the PPMI dataset.

2. Gender: We analyze performance separately for male and female patients
based on the GENDER variable.

For each demographic subgroup, we calculate traditional accuracy metrics
(MAE, MSE, RMSE, R²) and use these stratified results to derive our fairness
metrics. This approach allows us to identify and quantify potential disparities
in imputation performance across demographic categories.

5 Experimental Results

5.1 Visit-Specific Performance Analysis

Our visit-specific analysis reveals significant variations in imputation perfor-
mance across different clinical visits, as illustrated in Fig. 2 and Fig. 3. These
figures present the MAE and R² values, respectively, for different imputation
methods across visits V02-V09.
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Fig. 2. Comparison of MAE values across different imputation methods and visits
(V02-V09). Lower values indicate better performance. Iterative methods consistently
outperform other approaches across most visits.

Fig. 2 demonstrates that imputation performance varies substantially across
visits, with methods like Iterative (MICE) consistently outperforming others.
Similarly, Fig. 3 shows considerable variability in R² values, with Iterative meth-
ods achieving values as high as 0.4 for some visits, while simpler methods like
LOCF and NOCB often approach zero.

These visit-specific variations highlight the temporal dimension of imputation
performance, suggesting that the effectiveness of different methods may depend
on the specific temporal context of the missing data.

5.2 Fairness Analysis Across Demographic Subgroups

Table 1 presents our stratified analysis of imputation performance across de-
mographic subgroups, focusing on age and gender categories. The results reveal
notable disparities in performance across these subgroups, indicating potential
fairness concerns.

For age-based stratification, we observe a consistent pattern across all meth-
ods: imputation performance deteriorates with increasing age, with the elderly
group (>70 years) experiencing substantially higher error rates. For instance,
MICE shows a 15.2% increase in MAE for the >70 age group compared to the
<60 group (4.55 vs. 3.95).

Similarly, gender-based stratification reveals that female patients consistently
experience higher imputation errors compared to male patients across all meth-
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Fig. 3. Comparison of R² values across different imputation methods and visits (V02-
V09). Higher values indicate better performance. Iterative methods demonstrate sig-
nificantly higher R² values compared to other approaches.

Table 1. Stratified Analysis of Imputation Performance Across Demographic Sub-
groups

Method Global
MAE

Age-Stratified MAE Gender-Stratified MAE

<60 60-70 >70 Male Female
Mean 5.43 5.12 5.35 6.03 5.20 5.75
Median 6.13 5.85 6.05 6.64 5.92 6.45
KNN 5.12 4.85 5.10 5.58 4.96 5.37
MICE 4.15 3.95 4.10 4.55 4.02 4.35
LOCF 6.75 6.30 6.72 7.45 6.32 7.45
NOCB 6.33 6.02 6.28 6.85 6.15 6.62
Linear Interpolation 6.22 5.95 6.20 6.68 6.08 6.45
Kalman Filter 5.99 5.72 5.95 6.48 5.85 6.22
LMM 5.42 5.10 5.38 5.98 5.25 5.68

ods. This gender disparity is particularly pronounced for LOCF, which shows an
18.0% increase in MAE for females compared to males (7.45 vs. 6.32).

Based on these stratified results, we calculate the Fairness-Aware Imputa-
tion Score (FAIS) for each method, as presented in Table 2. Linear Interpolation
achieves the highest FAIS among all methods (0.88), indicating relatively eq-
uitable performance across demographic subgroups despite some disparities. In
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contrast, LOCF shows the lowest FAIS (0.68), reflecting significant disparities
across demographic categories.

Table 2. Fairness and Sustainability Metrics for Different Imputation Methods

Method FAIS
(Age)

FAIS
(Gender)

FAIS
(Overall)

CSR DPI

Mean 0.83 0.90 0.83 0.64 0.82
Median 0.87 0.91 0.87 0.36 0.79
KNN 0.86 0.92 0.86 0.24 0.87
MICE 0.86 0.92 0.86 0.18 0.91
LOCF 0.83 0.68 0.68 0.17 0.71
NOCB 0.87 0.93 0.87 0.21 0.76
Linear Interpolation 0.88 0.94 0.88 0.23 0.78
Kalman Filter 0.87 0.94 0.87 0.11 0.83
LMM 0.84 0.92 0.84 0.05 0.85

5.3 Computational Sustainability Analysis

Our sustainability analysis, summarized in Table 2, reveals significant varia-
tions in computational efficiency across imputation methods. Simple methods
like Mean and Median imputation achieve modest accuracy with minimal com-
putational resources (execution times of 1.14s and 1.97s, respectively), resulting
in relatively high CSR values (0.64 and 0.36).

In contrast, more complex methods like MICE and LMM achieve superior
accuracy but require substantial computational resources (execution times of
3:10m and 1:03h, respectively), resulting in lower CSR values (0.18 and 0.05).
This trade-off between accuracy and computational efficiency highlights the im-
portance of considering sustainability when selecting imputation methods for
clinical applications.

Fig. 1 visualizes this trade-off, plotting the relationship between accuracy
(measured by MAE) and computational efficiency (measured by execution time)
for different imputation methods. The figure demonstrates the inverse relation-
ship between these dimensions, with methods that achieve lower MAE typically
requiring higher execution times.

6 Discussion and Implications

6.1 Multi-dimensional Performance Trade-offs

Our comprehensive evaluation reveals important trade-offs across accuracy, fair-
ness, and sustainability dimensions. While MICE achieves the best overall ac-
curacy (MAE: 4.15), it requires moderate computational resources and shows
some performance disparities across demographic subgroups, particularly age
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categories. Similarly, LMM offers strong temporal consistency but demands sub-
stantial computational resources, limiting its sustainability for large-scale appli-
cations.

These trade-offs highlight the need for a context-specific approach to selecting
imputation methods, considering the relative importance of different dimensions
based on the specific clinical application. For applications prioritizing accuracy,
MICE represents the optimal choice despite its moderate computational cost. For
applications with limited computational resources, simpler methods like KNN
offer a reasonable balance between accuracy and sustainability.

6.2 Demographic Fairness Considerations

Our stratified analysis reveals concerning patterns of demographic disparities
in imputation performance, with older patients and female patients consistently
experiencing higher error rates across all methods. These disparities raise impor-
tant ethical considerations for clinical applications, particularly those involving
automated decision support or risk prediction.

The observed age-related disparities may reflect the increased heterogene-
ity of disease presentation and progression in older populations, making their
data more challenging to impute accurately. Similarly, gender-related disparities
might stem from underrepresentation of female patients in clinical datasets or
gender-specific differences in disease manifestation.

Addressing these fairness concerns requires a multi-faceted approach, includ-
ing:

1. Developing fairness-aware imputation methods that explicitly consider de-
mographic factors

2. Implementing stratified evaluation frameworks to identify and mitigate dis-
parities

3. Ensuring diverse representation in clinical datasets to reduce sampling biases

6.3 Sustainability Implications for Healthcare Analytics

The substantial computational resources required by advanced imputation meth-
ods raise important sustainability concerns, particularly for large-scale health-
care applications. For instance, applying LMM to a dataset with millions of
patients could consume significant computational resources, contributing to en-
vironmental impact through energy consumption.

Moreover, the computational demands of complex methods may limit their
accessibility for resource-constrained healthcare settings, potentially exacerbat-
ing existing disparities in healthcare quality. Balancing accuracy with computa-
tional efficiency becomes especially important in these contexts, where simpler
methods might offer a more sustainable and accessible alternative.

Our sustainability analysis provides valuable insights for addressing these
concerns, identifying methods that achieve reasonable accuracy with minimal
computational resources. By considering CSR alongside traditional accuracy
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metrics, healthcare analytics can move toward more sustainable approaches that
minimize environmental impact while maintaining clinical utility.

7 Conclusion

This revised analysis establishes a fairness-optimized evaluation framework for
imputation methods in longitudinal Parkinson’s Disease research, moving deci-
sively beyond traditional accuracy metrics. By systematically stratifying perfor-
mance across demographic subgroups and quantifying computational efficiency,
our study delivers a more nuanced and actionable assessment of imputation
strategies. The introduction of the Fairness-Aware Imputation Score (FAIS) and
the Computational Sustainability Ratio (CSR) as core evaluation metrics enables
the identification of significant trade-offs between fairness, accuracy, and resource
demands. Our findings reveal that older adults and female patients are consis-
tently more vulnerable to higher imputation errors, underscoring the ethical
necessity of fairness-aware approaches, especially in clinical contexts where equi-
table outcomes are paramount. Furthermore, the sustainability analysis demon-
strates that while advanced methods such as MICE and LMM can improve
accuracy, they do so at the cost of substantial computational resources, a con-
sideration that cannot be overlooked in large-scale or resource-limited settings.
Ultimately, this framework advances the field by providing a robust and balanced
methodology for selecting imputation techniques that are not only accurate, but
also fair and sustainable. Future research should continue to refine these metrics
and explore new strategies that explicitly address both fairness and efficiency,
ensuring that advances in healthcare analytics translate into equitable and re-
sponsible clinical practice.

Data Availability

Data used in this article were obtained from the Parkinson’s Progression Markers
Initiative (PPMI) database (www.ppmi-info.org/access-data-specimens/download-
data, RRID:SCR_006431) on 2025-04-15.
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