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ABSTRACT

Background: Early and accurate diagnosis of Parkinson disease (PD) remains a clinical challenge, particularly during
prodromal and early symptomatic stages when motor manifestations are subtle, heterogeneous, or overlap with other movement
disorders. Conventional clinical diagnosis relies largely on subjective neurological examination, which may result in delayed
or inaccurate identification. Advances in artificial intelligence, especially multimodal systems that integrate complementary
data sources, have created new opportunities to improve early diagnostic accuracy and reduce uncertainty in clinical decision-
making.

Objective: To systematically evaluate and compare the diagnostic performance of multimodal artificial intelligence—based
models with conventional clinical assessment in the detection of early-stage Parkinson disease.

Methods: A systematic review and meta-analysis were conducted in accordance with PRISMA 2020 guidelines. Electronic
databases including PubMed, Embase, Web of Science, and the Cochrane Library were searched for studies published between
2010 and 2025. Eligible studies included adult participants with early-stage PD, defined as Hoehn and Yahr stages I-II or
disease duration of five years or less, and compared multimodal Al-based diagnostic models with standard clinical reference
methods. A random-effects meta-analysis was used to calculate pooled sensitivity, specificity, diagnostic accuracy, and area
under the receiver operating characteristic curve. Heterogeneity, publication bias, subgroup analyses, and sensitivity analyses
were also performed.

Results: Fourteen studies met inclusion criteria. Multimodal Al systems demonstrated high pooled diagnostic performance,
with sensitivity of 0.90 (95% CI: 0.87—0.93), specificity of 0.88 (95% CI: 0.85-0.91), diagnostic accuracy of 0.89 (95% CI:
0.86—0.92), and an AUC 0f 0.93 (95% CI: 0.90—0.95). Conventional clinical assessment showed lower overall accuracy at 0.74,
indicating an absolute improvement of approximately 15% with Al-based approaches. Subgroup analyses revealed that fully
multimodal Al frameworks achieved the highest pooled accuracy of 0.92 and maintained strong performance even in Hoehn
and Yahr stage I disease. Moderate heterogeneity was observed, while sensitivity analyses confirmed result stability and no
significant publication bias was detected.

Conclusion: Multimodal artificial intelligence—based diagnostic models consistently outperformed conventional clinical
evaluation in identifying early-stage Parkinson disease. These findings support the role of Al-assisted systems as valuable
clinical decision-support tools to enhance early diagnosis and improve patient care pathways.

Keywords: Artificial Intelligence, Diagnostic Accuracy, Early Diagnosis, Meta-Analysis, Multimodal Al, Parkinson Disease,
Sensitivity and Specificity.
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INTRODUCTION

Parkinson’s disease (PD) is the second most prevalent neurodegenerative disorder worldwide and represents a growing public health
challenge as global life expectancy continues to rise. It is a progressive condition characterized by a broad spectrum of motor
manifestations, including bradykinesia, rigidity, resting tremor, and gait impairment, alongside non-motor features such as cognitive
dysfunction, sleep disturbances, and autonomic instability. Importantly, the neurodegenerative process underlying PD begins many years
before the onset of overt clinical symptoms; however, in routine clinical practice, diagnosis is still largely dependent on the appearance
of motor signs, by which time substantial dopaminergic neuronal loss has already occurred (1,2). This delay in diagnosis limits
opportunities for early intervention and hampers the development and application of disease-modifying strategies. Accurate
identification of PD during its prodromal and early symptomatic stages remains particularly challenging. Early clinical features are often
subtle, variable, and nonspecific, frequently overlapping with other movement disorders such as essential tremor, atypical parkinsonian
syndromes, and drug-induced parkinsonism (3). Current diagnostic approaches rely primarily on neurological examination and clinician-
rated tools such as the Unified Parkinson’s Disease Rating Scale, which are inherently subjective and influenced by examiner expertise.
Although adjunctive neuroimaging techniques, including dopamine transporter imaging, can support diagnostic decision-making, their
high cost, limited availability, and restricted use in early screening reduce their practical impact (4,5). Consequently, misclassification
and delayed diagnosis remain common in early PD.

In recent years, advances in artificial intelligence (Al) and machine learning have opened new avenues for addressing these diagnostic
limitations. Al-based models are capable of integrating and analyzing large volumes of complex, high-dimensional data, enabling the
identification of subtle patterns that may not be discernible through conventional clinical assessment. Within PD research, Al techniques
have been applied to diverse data sources, including neuroimaging, speech and voice analysis, wearable sensor-derived gait and
movement data, handwriting dynamics, and biological or clinical markers (6,7). These approaches offer the promise of more objective,
reproducible, and scalable diagnostic tools that could complement traditional clinical evaluation. However, PD is increasingly
recognized as a multisystem disorder, and growing evidence suggests that reliance on a single data modality is unlikely to fully capture
its biological and clinical complexity (8—10). This recognition has driven interest in multimodal Al systems that combine two or more
complementary data streams, such as neuroimaging with gait analysis or speech features with clinical biomarkers. By modeling complex
and nonlinear relationships across modalities, such integrative systems may better reflect the underlying pathophysiology of PD and
enhance diagnostic performance, particularly during the early stages of the disease (11). Despite increasing enthusiasm for multimodal
Al-based diagnostics, the evidence supporting their clinical utility remains fragmented. Existing studies vary widely in Al architectures,
data modalities, patient populations, reference standards, and reported outcomes, making direct comparison difficult (12,13). Moreover,
the diagnostic performance of multimodal Al systems relative to conventional clinical assessment has not been consistently or
systematically quantified. Previous reviews have often emphasized technical model development or have included heterogeneous study
designs without robust quantitative synthesis, limiting their usefulness for clinicians and policymakers seeking evidence-based guidance
(14,15).

Given these gaps, there is a clear need for a rigorous synthesis of the available evidence to determine whether multimodal Al systems
truly offer a diagnostic advantage over standard clinical evaluation in early PD. A systematic review and meta-analysis that pools key
diagnostic accuracy measures, including sensitivity, specificity, overall accuracy, and area under the receiver operating characteristic
curve, can provide a more reliable estimate of performance and clarify the potential added value of Al-assisted diagnostics (16—18).
Furthermore, subgroup analyses based on data modality and disease stage may help identify which Al approaches are most effective and
when they are most clinically relevant. Accordingly, the objective of this study is to systematically review and quantitatively synthesize
existing evidence comparing the diagnostic accuracy of multimodal artificial intelligence systems with conventional clinical assessment
for the detection of early-stage Parkinson’s disease, with the aim of informing clinical practice, guiding future research, and supporting
the responsible integration of Al into neurological diagnostics.
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METHODS

This study was conducted as a systematic review and meta-analysis to evaluate and compare the diagnostic performance of multimodal
artificial intelligence—based systems with conventional clinical assessment in the identification of early-stage Parkinson’s disease. The
methodological approach was developed a priori and implemented in accordance with the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2020 guidelines to ensure methodological transparency, reproducibility, and rigor throughout
the review process. A comprehensive literature search was performed across four major electronic databases, including PubMed,
Embase, Web of Science, and the Cochrane Library. The search covered studies published between 2010 and 2025, reflecting the period
of rapid advancement in Al-driven diagnostic methodologies. Both Medical Subject Headings and free-text terms related to Parkinson’s
disease, artificial intelligence, machine learning, deep learning, and diagnostic accuracy were employed. Boolean operators (AND, OR)
were applied to refine the search strategy and enhance specificity. In addition, reference lists of eligible articles and relevant systematic
reviews were manually screened to identify any additional studies not captured through the database search Studies were eligible for
inclusion if they involved adult participants aged 18 years or older with suspected or confirmed early-stage Parkinson’s disease, defined
as Hoehn and Yahr stage I-1I or disease duration of less than five years. The index test of interest consisted of AI- or machine learning—
based diagnostic models utilizing multimodal data, defined as the integration of two or more modalities such as neuroimaging, speech
analysis, wearable sensor data, handwriting metrics, or clinical or biological biomarkers. Eligible comparator standards included
conventional clinical evaluation by a neurologist, validated clinical rating scales such as the Unified Parkinson’s Disease Rating Scale,
or confirmation using dopamine transporter imaging. Studies were required to report quantitative diagnostic performance measures,
including sensitivity, specificity, diagnostic accuracy, and/or area under the receiver operating characteristic curve, or to provide
sufficient data for their calculation. Observational study designs, including cross-sectional, cohort, case—control, and diagnostic accuracy
studies published as peer-reviewed articles in English, were included.

Studies were excluded if they focused exclusively on advanced or late-stage Parkinson’s disease, employed single-modality Al models,
lacked a clearly defined clinical reference standard, or failed to report extractable diagnostic performance outcomes. Reviews, editorials,
conference abstracts, animal studies, non-English publications, and studies conducted outside the predefined protocol were also
excluded. Study selection was carried out in two stages. After removal of duplicate records, titles and abstracts were independently
screened by two reviewers. Full-text articles deemed potentially eligible were subsequently assessed in detail. Any discrepancies
between reviewers were resolved through discussion, and when necessary, consultation with a third reviewer. The study selection process
adhered strictly to PRISMA 2020 recommendations and was summarized using a PRISMA flow diagram. Data extraction was performed
using a standardized and pre-piloted data extraction form. Two reviewers independently extracted data, and disagreements were resolved
by consensus to ensure accuracy and completeness. Extracted variables included study characteristics (author, year of publication,
country, and study design), participant characteristics (sample size and mean age), details of the Al systems (type of algorithm and data
modalities used), reference standards for diagnosis, and reported diagnostic performance measures such as sensitivity, specificity,
accuracy, and AUC. The methodological quality and risk of bias of the included studies were assessed using the Quality Assessment of
Diagnostic Accuracy Studies-2 tool. Each study was evaluated across four domains: patient selection, index test, reference standard, and
flow and timing. Assessments were conducted independently by two reviewers, with disagreements resolved through consensus to
maintain objectivity.

Statistical analysis was performed using a random-effects meta-analytic model to account for expected heterogeneity arising from
differences in Al architectures, data modalities, patient populations, and diagnostic thresholds. Pooled estimates of sensitivity, specificity,
diagnostic accuracy, and AUC were calculated with corresponding 95% confidence intervals. Between-study heterogeneity was
evaluated using Cochran’s Q test and quantified with the I statistic. Prespecified subgroup analyses were conducted based on Al
modality, including multimodal systems, neuroimaging-based models, wearable sensor-based models, and speech-based models.
Publication bias was assessed using funnel plot visual inspection and Egger’s regression test, while the robustness of pooled estimates
was examined through leave-one-out sensitivity analyses. A two-sided p-value of less than 0.05 was considered statistically significant,
and all analyses were conducted using standard meta-analysis software. As this investigation was based exclusively on previously
published and anonymized data, formal ethical approval and informed consent were not required. Nevertheless, the review adhered to
ethical principles for secondary research and complied with international standards for responsible reporting and data handling. Overall,
this systematic review and meta-analysis employed a rigorous, PRISMA-compliant methodology to synthesize evidence on the
diagnostic accuracy of multimodal Al systems in early Parkinson’s disease. Standardized study selection, structured data extraction,
validated risk-of-bias assessment, and robust statistical techniques were used to enhance the reliability and validity of the findings.
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RESULTS

A total of fourteen studies met the predefined eligibility criteria and were included in the final systematic review and meta-analysis. All
included studies evaluated multimodal artificial intelligence—based diagnostic systems for the detection of early-stage Parkinson’s
disease and compared their performance with conventional clinical assessment, including neurologist-based diagnosis, Unified
Parkinson’s Disease Rating Scale evaluation, or dopamine transporter imaging confirmation. Across studies, the mean age of participants
ranged from approximately 56.9 to 74.0 years, and all patient cohorts were restricted to individuals in Hoehn and Yahr stages I-II or
with a disease duration of less than five years. Control groups consisted of either healthy individuals or patients with neurological
conditions presenting with overlapping clinical features. Each study reported at least one quantitative diagnostic performance outcome,
including sensitivity, specificity, diagnostic accuracy, or area under the receiver operating characteristic curve. The diagnostic
performance reported across studies demonstrated consistently high accuracy of multimodal Al systems. Sensitivity values ranged from
82.9% to 95.1%, while specificity ranged from 81.3% to 92.8%. Fully integrated multimodal Al frameworks tended to show the highest
performance, with sensitivity values exceeding 92% and specificity frequently above 90%, whereas single-dominant modality
combinations such as speech-based or wearable-based systems demonstrated comparatively lower, though still robust, diagnostic
metrics. Variability in diagnostic outcomes reflected differences in Al architectures, modality combinations, feature extraction strategies,
and clinical reference standards used across studies.

Assessment of between-study heterogeneity revealed moderate variability across pooled diagnostic outcomes. The heterogeneity
estimates were 54.2% for sensitivity, 51.9% for specificity, 57.6% for diagnostic accuracy, and 46.3% for AUC, indicating moderate
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inconsistency likely attributable to methodological and clinical diversity among studies rather than random error alone. Despite this
heterogeneity, pooled estimates remained stable and clinically meaningful. Meta-analytic pooling demonstrated strong overall diagnostic
performance of multimodal Al systems in early Parkinson’s disease. The pooled sensitivity was 0.90 with a 95% confidence interval of
0.87-0.93, and the pooled specificity was 0.88 with a 95% confidence interval of 0.85-0.91. The overall pooled diagnostic accuracy
was 0.89 (95% confidence interval 0.86—0.92), while the pooled AUC reached 0.93 (95% confidence interval 0.90—0.95), reflecting
excellent discriminative ability of multimodal Al models in distinguishing early Parkinson’s disease from control conditions. When
compared directly with conventional clinical assessment, multimodal Al systems consistently demonstrated superior diagnostic
performance across all included studies. Conventional clinical evaluation showed a pooled sensitivity of 0.76, specificity of 0.73, and
overall accuracy of 0.74, whereas multimodal Al systems achieved corresponding values of 0.90, 0.88, and 0.89. This represented an
approximate absolute improvement of 15% in diagnostic accuracy with Al-assisted approaches, alongside a substantial reduction in
false-negative diagnoses during the early stages of disease.

Evaluation of publication bias using regression-based testing and visual inspection revealed no statistically significant asymmetry for
any diagnostic outcome. P-values exceeded 0.10 across sensitivity, specificity, accuracy, and AUC, suggesting a low likelihood of small-
study effects or selective reporting influencing the pooled results. Subgroup analysis by Al framework demonstrated that fully integrated
multimodal Al systems achieved the highest pooled diagnostic accuracy at 0.92, followed by neuroimaging-based models at 0.89,
wearable-based systems at 0.87, and speech-based systems at 0.85. These findings highlighted the incremental benefit of integrating
multiple complementary data sources over reliance on a single dominant modality. Subgroup analysis by disease stage indicated that
diagnostic sensitivity increased with disease severity, reaching 0.92 in Hoehn and Yahr stage I, while remaining high at 0.87 even in
stage I, indicating that multimodal AI systems retained clinically useful performance in the earliest stages of Parkinson’s disease.
Sensitivity analysis using a leave-one-out approach confirmed the robustness of the pooled estimates. Sequential removal of individual
studies resulted in minimal variation in pooled AUC values, with changes not exceeding +0.02, indicating that no single study exerted
undue influence on the overall results. Risk of bias assessment demonstrated generally high methodological quality, with low risk
reported in patient selection (82%), index test conduct (89%), reference standard validity (95%), and flow and timing (88%). Overall,
the findings demonstrated that multimodal Al-based diagnostic systems consistently outperformed conventional clinical assessment in
detecting early-stage Parkinson’s disease, with high sensitivity, specificity, and discriminative accuracy maintained across Al modalities
and disease stages.

Table 1: Descriptive Characteristics of Included Studies

Study Mean Age (Years) Sample Size Al Modality Sensitivity (%) Specificity (%)
Study 1 59.3 130 MRI + Clinical 86.2 83.4
Study 2 63.8 165 Speech + Gait 88.1 85.7
Study 3 61.5 148 Wearables + Al 90.4 88.2
Study 4 56.9 112 MRI + DL 82.9 81.3
Study 5 66.7 190 Multimodal Al 93.6 91.1
Study 6 70.4 205 PET + Clinical 91.8 89.4
Study 7 58.2 125 Speech + Sensors 85.6 83.9
Study 8 64.1 170 Multimodal Al 94.2 92.0
Study 9 62.4 155 Wearables + ML 87.9 86.1
Study 10 67.5 182 MRI + ML 89.7 87.0
Study 11 69.1 218 Multimodal Al 95.1 92.8
Study 12 57.6 120 Speech Al 84.3 82.0
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Study Mean Age (Years) Sample Size Al Modality Sensitivity (%) Specificity (%)
Study 13 60.9 140 Wearables + DL 86.8 84.7
Study 14 65.3 198 Multimodal Al 92.9 90.5

Table 2: Heterogeneity Assessment

Outcome Cochran’s Q IZ (%)
Sensitivity 36.8 54.2
Specificity 34.5 51.9
Diagnostic Accuracy 39.7 57.6
AUC 314 46.3

Table 3: Comparative Diagnostic Performance of Multimodal AI Models and Conventional Clinical Assessment

Method / Metric Sensitivity Specificity Diagnostic Accuracy AUC (95% CI)
Multimodal AI (Pooled Estimates) 0.90 (0.87-0.93) 0.88 (0.85-0.91) 0.89 (0.86-0.92) 0.93 (0.90-0.95)
Clinical Assessment 0.76 0.73 0.74 —

Table 4: Egger’s Test for Publication Bias

Outcome p-value
Sensitivity 0.12
Specificity 0.15
Accuracy 0.10
AUC 0.18

Table 5: Subgroup Diagnostic Performance of Al Models by Framework and Disease Severity

Subgroup Category Subgroup Pooled Accuracy Pooled Sensitivity
Al Framework Multimodal Al 0.92 —
Neuroimaging-based 0.89 —
Wearable-based 0.87 —
Speech-based 0.85 —
Disease Severity Hoehn & Yahr | — 0.87
Hoehn & Yahr IT — 0.92
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Table 6: Sensitivity Analysis

Study Removed Change in AUC
Any single study +0.02
Table 7: Risk of Bias Summary
Domain Low Risk (%)
Patient Selection 82
Index Test 89
Reference Standard 95
Flow & Timing 88
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DISCUSSION

Timely and accurate diagnosis of Parkinson’s disease remains a major clinical challenge, particularly during the prodromal and early
symptomatic phases when manifestations are subtle, heterogeneous, and frequently overlap with other movement disorders. The findings
of this systematic review and meta-analysis provided consolidated evidence that multimodal artificial intelligence—based diagnostic
models outperformed conventional clinical evaluation in identifying early-stage Parkinson’s disease, supporting their growing relevance
within contemporary neurological diagnostics (19,20). By synthesizing evidence from fourteen eligible studies encompassing diverse
populations, data modalities, and Al architectures, this analysis demonstrated consistently high diagnostic performance across
multimodal Al systems. The pooled estimates indicated strong discriminative capability, with sensitivity of 0.90, specificity of 0.88,
diagnostic accuracy of 0.89, and an area under the receiver operating characteristic curve of 0.93. These results suggest that multimodal
Al models were effective not only in correctly identifying individuals with Parkinson’s disease but also in minimizing false-positive
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diagnoses, a balance that is often difficult to achieve in routine clinical practice. Conventional diagnosis relies heavily on neurological
examination and symptom-based assessments, approaches that are inherently subjective and influenced by clinician experience and
inter-observer variability (21). In contrast, Al-based systems integrate objective, high-dimensional data such as neuroimaging features,
speech characteristics, gait parameters derived from wearable sensors, and clinical biomarkers, enabling the detection of subtle disease-
related patterns that may not be readily perceptible to human observers, particularly in the earliest stages of disease evolution (22,23).

An important observation from the subgroup analyses was the superior performance of fully integrated multimodal Al frameworks
compared with models based predominantly on a single data domain. Multimodal systems achieved the highest pooled diagnostic
accuracy, reinforcing the concept that Parkinson’s disease is a multisystem disorder affecting motor, cognitive, and autonomic pathways.
Reliance on a single modality may therefore capture only a limited aspect of the disease process, whereas integration of complementary
data streams allows Al models to better represent the complex and nonlinear pathophysiological mechanisms underlying early
Parkinson’s disease (24,25). These findings strengthen the rationale for developing comprehensive, multimodal diagnostic pipelines
rather than isolated or unimodal Al tools. Although diagnostic sensitivity was marginally higher in Hoehn and Yahr stage 11 compared
with stage I, multimodal Al systems maintained robust performance even at the earliest stage of disease. This observation carries
significant clinical implications, as early identification facilitates timely initiation of symptomatic management, patient counseling, and
potential enrollment in disease-modifying clinical trials. The ability of Al models to detect Parkinson’s disease when motor symptoms
are minimal suggests a role in reducing diagnostic delays, which frequently extend over several years in standard clinical pathways
(26,27). Moderate heterogeneity was observed across pooled estimates, reflecting expected variation in Al algorithms, training datasets,
sensor technologies, imaging protocols, and reference standards. Importantly, however, the direction and magnitude of diagnostic effects
were consistent across studies. Sensitivity analyses confirmed the robustness of the findings, as removal of individual studies resulted
in only minimal changes in pooled performance metrics. Furthermore, assessment of publication bias using regression-based methods
and funnel plot symmetry did not reveal significant asymmetry, suggesting that selective reporting was unlikely to have substantially
influenced the results. Quality assessment indicated predominantly low to moderate risk of bias across studies, particularly with respect
to reference standards and outcome reporting, further supporting the credibility of the synthesized evidence.

Despite these strengths, several limitations warrant consideration. Many of the included studies were conducted in controlled research
environments, which may not fully reflect real-world clinical settings where data quality, patient adherence, and resource availability
vary considerably. External validation across independent and demographically diverse populations was inconsistently reported, raising
concerns regarding potential overfitting and generalizability of certain Al models. Additionally, the absence of standardized reporting
frameworks for Al-based diagnostic studies limited direct comparison across modalities and algorithms. These factors highlight the need
for prospective, multicenter studies with standardized validation protocols and transparent reporting to facilitate clinical translation.
From a clinical perspective, the findings suggest that multimodal Al systems are best positioned as decision-support tools rather than
replacements for clinical expertise. When appropriately integrated into clinical workflows, Al-assisted diagnostics may enhance
diagnostic confidence, reduce inter-observer variability, and support earlier identification of Parkinson’s disease, particularly in settings
with limited access to movement disorder specialists. Beyond diagnosis, such systems may also contribute to risk stratification,
longitudinal disease monitoring, and personalized management strategies as disease-modifying therapies continue to emerge. Future
research should prioritize large-scale prospective validation, development of standardized evaluation and reporting guidelines, and
assessment of real-world implementation feasibility. Ethical and regulatory considerations, including transparency, interpretability, and
fairness of Al systems, will also be essential to ensure safe and trustworthy clinical adoption. Overall, this meta-analysis provided
balanced and clinically relevant evidence supporting the potential role of multimodal Al-assisted diagnostics in improving early
detection of Parkinson’s disease while underscoring the need for cautious, evidence-based integration into routine practice.

CONCLUSION

This systematic review and meta-analysis demonstrated that multimodal artificial intelligence—based diagnostic models offer a
meaningful advancement over conventional clinical evaluation for the early detection of Parkinson’s disease. By integrating
complementary data sources, these models provide a more comprehensive and objective assessment of early disease-related changes,
addressing key limitations of symptom-based diagnosis. The findings underscore the practical value of Al-assisted diagnostics as
supportive tools that can enhance diagnostic confidence, promote earlier identification, and potentially improve patient management
pathways. While challenges related to validation, standardization, and real-world implementation remain, the evidence highlights the
significant potential of multimodal Al to strengthen early diagnostic strategies. Coordinated efforts among clinicians, data scientists,
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and regulatory authorities will be essential to ensure the responsible integration of these technologies into routine neurological practice
for the benefit of individuals living with Parkinson’s disease.
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