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Abstract.
Background: Few efficient and simple models for the early prediction of Parkinson’s disease (PD) exists.
Objective: To develop and validate a novel nomogram for early identification of PD by incorporating microRNA (miRNA)
expression profiles and clinical indicators.
Methods: Expression levels of blood-based miRNAs and clinical variables from 1,284 individuals were downloaded from
the Parkinson’s Progression Marker Initiative database on June 1, 2022. Initially, the generalized estimating equation was
used to screen candidate biomarkers of PD progression in the discovery phase. Then, the elastic net model was utilized
for variable selection and a logistics regression model was constructed to establish a nomogram. Additionally, the receiver
operating characteristic (ROC) curves, decision curve analysis (DCA), and calibration curves were utilized to evaluate the
performance of the nomogram.
Results: An accurate and externally validated nomogram was constructed for predicting prodromal and early PD. The
nomogram is easy to utilize in a clinical setting since it consists of age, gender, education level, and transcriptional score
(calculated by 10 miRNA profiles). Compared with the independent clinical model or 10 miRNA panel separately, the
nomogram was reliable and satisfactory because the area under the ROC curve achieved 0.72 (95% confidence interval,
0.68-0.77) and obtained a superior clinical net benefit in DCA based on external datasets. Moreover, calibration curves also
revealed its excellent prediction power.
Conclusion: The constructed nomogram has potential for large-scale early screening of PD based upon its utility and
precision.
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INTRODUCTION

Parkinson’s disease (PD) is a neurodegenerative
illness that particularly affects older populations and
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poses a significant health burden with a doubling
in prevalence, mortality and disability-adjusted life-
years from 1990 to 2016 [1]. Recently, the prevalence
of PD is rising faster than any other neurological
disorder; therefore, PD has become an urgent pub-
lic health issue [2]. The clinical features of PD
worsen with time, often showing several non-motor
symptoms (e.g., rapid eye movement sleep disorder,
anosmia, constipation) early and then gradually pro-
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gressing to severe and irreversible postural instability
and cognitive impairment. The misfolded and aggre-
gation of alpha-synuclein (SNCA) in the degenerative
progression of PD are involved with the onset of
motor and non-motor symptoms. PD is not curable;
therefore, the prevention or delay of disease progres-
sion at an early stage (prodromal and early PD) is
imperative. Because prodromal and early PD has an
inconspicuous clinical presentation, it is necessary
to obtain novel biomarkers for early identification.
Recent studies suggest [3, 4] that miRNAs can be
used as potential biomarkers for early diagnosis of
PD, and a recent meta-analysis [5] indicates that
blood miRNAs can serve as diagnostic biomarkers of
PD by quantitative assessment of published miRNA
expression data. The stable and abundant concen-
tration of miRNA in blood and the development of
ultrasensitive assays enable both accurate and precise
measurement of miRNA expression. Increasingly,
RNA databases also provide efficient annotation of
miRNA targets [6]. Multiple studies demonstrate the
downregulation/upregulations of miRNAs accompa-
nied by the progression of PD [7–10]; however,
the inconsistent findings among various studies have
impeded the utilization of miRNA as an early diag-
nostic biomarker. Additionally, studies have revealed
that many important demographic characteristics are
associated with PD progression, including age and
gender [11]. Clinical information can be obtained
easily during routine follow-up, whereas the predic-
tion power is controversial perhaps due to population
heterogeneity in terms of inherent racial and ethnic
disparities [12]. Taking into consideration the estab-
lished evidence, we speculated that the combination
of miRNA expression profiles and clinical variables
may achieve a good value for the early prediction of
PD.

A nomogram is a representative graphical calculat-
ing tool that has been widely used in clinical practice
since it is easy to conduct and can be utilized for
repeat assessments during clinical follow-ups [13].
Although many clinical models have been formulated
for early identifying PD patients, none can be used
widely among the general population. The possible
reasons are due to the lack of effective external valida-
tion and inconvenience [14] as well as low accuracy.
Furthermore, nearly all existing models rely on a
very limited sample size of cross-sectional design
while lacking robust support of evidence originat-
ing from the large longitudinal cohort. Therefore,
there is an unmet need to formulate a risk clinical
model for the early prediction of PD in usage. The

Parkinson’s Progression Marker Initiative (PPMI,
https://www.ppmi-info.org/) is a multi-center large-
scale cohort study that began in 2010 and was aimed
to identify biomarkers for early diagnosis and moni-
toring of therapy through enrolling newly diagnosed
PD patients and matched healthy controls. The study
samples come from 33 clinical sites that cover the
United States, Europe, Western Asia (Israel), and
the Western Pacific Region (Australia), which should
make the findings generalized and reliable. Several
studies have applied the clinical factors and genetic
information [15] from the PPMI to predict motor
progression and cognitive impairment of newly diag-
nosed PD, but none combined clinical features and
miRNA as predictors for prodromal and early PD.

To fill this gap, this study aimed to develop
and independently externally validate a nomogram
by integrating a miRNA panel and several easily
obtained clinical variables using PPMI. We hypoth-
esized that the addition of a blood-based miRNA
expression profile to clinical variables may contribute
significantly to improved early prediction of PD.

MATERIALS AND METHODS

Study design and participants

The current study is based on the PPMI cohort
established in 2010. The subjects include newly diag-
nosed PD patients, participants in the prodromal
stage, and healthy controls from 33 clinical sites in
the United States, Europe, Israel, and Australia. The
clinical variables and blood samples were obtained
at the study baseline and during four clinical follow-
up visits during the next three years (6, 12, 24, and
36 months). Blood samples were obtained by venous
draw during periodic clinical visits and small non-
coding RNA sequencing was performed in batches.
Detailed information regarding quality control and
sample preparation of blood samples was provided
in a previous study [16]. All microRNA (miRNA)
expression levels were counted as normalized read
counts, reads per million (RPM), and mapped to
miRbase-v22. All datasets were downloaded from the
PPMI database on June 1, 2022. The included criteria
of participants were as follows: 1) Newly diagnosed
PD patients in Hoehn and Yahr (HY) stage 1 or 2;
2) Participants in the prodromal stage; 3) Healthy
controls; 4) Participants who underwent blood RNA
sequencing. The excluded criteria were as follows: 1)
Participants who had missing values of the Movement
Disorder Society-Sponsored Revision of the Unified

https://www.ppmi-info.org/
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Fig. 1. Flowchart of the study design. The nomogram was developed and validated in three phases, including biomarker screening, model
construction, and external validation. For the biomarker screening phase, GEE model1ξ used the HY stages as an outcome indicator, while
GEE model2� used MDS-UPDRS as an outcome.

Parkinson’s Disease Rating Scale (MDS-UPDRS)
total score or HY stage in the baseline; and 2) The
specific miRNA will be deleted if in > 50% of blood
samples the miRNAs are not expressed or expressed
at levels too low to measure (RPM = 0). The determi-
nation of the cut-off value (50%) was mainly based on
the distribution of the histogram (Supplementary Fig-
ure 1) for counts of blood samples with the abundance
of miRNAs equal to 0 (RPM = 0) as well as considera-
tion of corresponding standards in tissue /disease/cell
lines samples demonstrating that about 70% of known
miRNAs are expressed at a low level or not expressed
(RPM < 1) [17].

A total of 1,284 subjects (706 men and 578
women) aged 19 to 92 years met the inclusion cri-
teria and unmet excluded criteria and were admitted
into the formal analysis. All participants were ran-
domly divided into discovery datasets (n = 23) and
external testing datasets (n = 10) based on the 33
clinical sites via simple sampling. In the discovery
phase, a total number of 794 subjects contributed
to 2,211 blood samples at 3 years of follow-up. To
train and evaluate an accurate PD model, the discov-

ery datasets were further randomly split into training
and separate internal validation datasets at a ratio of
7 : 3 without replacement. Moreover, the established
nomogram model was independently validated in the
testing phase (n = 490). The complete study design is
shown in Fig. 1.

Predictors and outcomes definition

To screen candidate progressive biomarkers of
PD, we defined the widely used two approaches
to assess the progression of PD, including the HY
stage and MDS-UPDRS. The HY stage describes
5 stages in the progression of PD, which were still
recognized as an important reference standard for
disability and impairment measures, although it put
much attention to PD symptoms, for instance, pos-
tural instability [18]. The MDS-UPDRS refers to
using four parts of scores reflecting the major symp-
toms of PD and monitoring the disease progression
[19]. Emerging evidence suggests that PD severity,
which was measured by HY stages, is associated
with the differences defined by the MDS-UPDRS



476 X. Hou and G. Wong / A Simple Nomogram for Early Prediction of PD

in all aspects of PD [20]. This study combined
MDS-UPDRS and HY stages as outcomes, which
contributed to improving the precision of the asso-
ciation analysis between miRNA expression and PD
progression. To better assess the relationship between
miRNA expression and PD progression risks, this
study included healthy controls in the association
analysis. The MDS-UPDRS total score and HY Stage
of the control group were obtained from the PPMI
database based on the assessment of both motor and
non-motor symptoms associated with PD.

Furthermore, data on demographics and years
of education were available in PPMI. The miRNA
expression profiles of all participants cover 2,656
miRNAs, and the MDS-UPDRS total score was the
addition of UPDRS part I, II to III. The case group
was defined as newly diagnosed PD in HY stage 1 or
2 and participants in the prodromal stage, whereas all
healthy participants were determined as the control
group in this study.

Statistical analysis

Data on continuous variables were described as
median (P25, P75), while category variables were
represented as frequency (proportional). Chi-square
test and Kruskal-Wallis test were utilized to com-
pare the difference in baseline characteristics among
training, validating and testing datasets. Initially, gen-
eralized estimating equation (GEE) models were used
to examine the associations between miRNA expres-
sion levels and disease progression of PD which was
reflected by the HY stages (GEE model1, GEE1) and
MDS-UPDRS total score (GEE model2, GEE2). The
sample size at the study baseline and additional 4 clin-
ical visits are listed as follows: 794, 316, 432, 384,
and 285. GEE is a quasi-likelihood estimating process
that can give unbiased results under some missing
data assumptions and analyze both discrete and con-
tinuous outcome variables. Finally, a total of 106
miRNAs were identified in GEE1 and 102 in GEE2
(p < 0.05). To screen the most relevant miRNAs of PD
progression, we obtained intersect miRNAs (n = 17)
between 106 miRNAs in GEE1 and 102 miRNAs in
GEE2. Then, the randomly divided training datasets
(n = 556) were used to develop a nomogram, while
the remaining datasets (n = 238) further validated the
model performance. Since several studies [21, 22]
have demonstrated that elastic net generally outper-
forms both lasso and ridge regression by balancing
between lasso and ridge penalties, the elastic net
regression model was applied to select predictors

associated with early PD by comprehensively con-
sidering the Akaike information criterion (AIC) and
the sample-size adjusted AIC (AICC). Moreover, the
lasso regression model was additionally performed
to evaluate the variables selection approach of this
study.

In clinical studies, especially those conducted
across multiple centers, it can be challenging to gather
complete data on participants at every site. There-
fore, we utilized random sampling for validation
(split sample validation) instead of full validation
using a different study. Although training and vali-
dation sets were not selected by some characteristic,
such as patient enrollment/diagnosis time, or geo-
graphic region, we still yielded valid results via
random sampling. Moreover, we implemented the
elastic net regression model in training datasets for
variable selection by cross-validation (8-fold), which
improves the stability of the selection of predictors
and the quality of predictors [23].

Finally, the best nomogram consisting of a 10-
miRNA panel, age, gender, and education level was
established by the logistics regression model. The
receiver operating characteristic (ROC) and decision
curve analysis (DCA) curves were applied to eval-
uate the prediction accuracy and clinical net benefit
of the nomogram. Calibration curves were drawn to
determine the consistency between the observed and
predicted risks of the nomogram. Additionally, the
testing datasets were used to validate the efficacy and
generalization of the nomogram by integrating ROC,
DCA, and calibration curves. Waterfall plots were
used to depict the subjects with the application of
the nomogram for comparison risk scores between
healthy control and cases.

Target genes of the 10 miRNAs were obtained
from miRTarBase [24]. Enrichment function analysis
was additionally performed on the combined target
genes regulated by the obtained 10 miRNAs. The GO
analysis was used to identify potential biological evi-
dence of the target gene with PD in three ontologies:
biological process (BP), cellular component (CC),
and molecular function (MF). KEGG enrichment
analysis was performed to examine computationally
predicted biological pathways of target genes. All
bioinformatics analyses were performed by the R
package “clusterProfiler”, and a ‘simplify’ function
was used to eliminate redundant GO terms in
the analysis based on their semantic similarities
(>0.7) [25]. The adjusted p-value was calculated
by the Benjamini and Hochberg (BH) approaches.
All tests were two-sided and a p value less than
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0.05 was recognized as statistically significant.
The data management and statistical analyses in
this study were completed by SAS 9.4 (Copyright
2002–2012 by SAS Institute Inc., Cary, NC, USA)
and R-studio 2021.09.1 (Copyright 2009–2019
RStudio, Inc.). All sampling was conducted utilizing
PROC SURVEYSELECT (SEED = 123) in SAS
9.4. The source code and part data were deposited
at https://github.com/XiangqingHou/Blood-based-
miRNA-and-its-nomogram-for-early-prediction-of-
PD.

RESULTS

The characteristics of study populations

A total of 1,284 participants were included in
the formal analysis, and the baseline median (P25,
P75) age was 62 (54, 69) years. The ratio of males
to females was approximately 120%. In this study,
55.4% of subjects (n = 711) were classified as case
groups which included early PD and prodromal cases,
while the remaining were defined as healthy controls
(n = 573). A table comparing PD cases, prodro-
mal cases, and controls is shown in Supplementary
Table 1. We obtained the MDS-UPDRS total score
and HY stage and then integrated the 2 methods
to assess the disease progression of PD. The MDS-
UPDRS total median (P25, P75) score was 31 (21, 42)
among the case group, which was significantly larger
than healthy controls (p < 0.001). At baseline, the
numbers of subjects in HY stages 0, 1, and 2 were 617,
244, and 423, respectively. According to the study
design (Fig. 1), we assigned the 33 clinical sites as

numerical labels and then used simple sampling ran-
domly selecting 23 sites labeled as discovery datasets
and the remaining (n = 10) as external testing datasets.
Then, the discovery datasets were randomly split into
a training and another separate validation set at a
ratio of 7 : 3 without replacement. Finally, all partic-
ipants were assigned to training (n = 556), validation
(n = 238), and external testing sets (n = 490) sepa-
rately. The comparison of baseline clinical indicators
among the three datasets (Table 1) suggests there is
no significant difference in all variables (p > 0.05),
which suggests well-balanced comparability. In the
discovery phase, 794 subjects contributed to 2,211
blood samples at 5 longitudinal follow-ups over 3
years.

Biomarker screening of miRNA profiles

To screen reliable candidate miRNAs which were
associated with the progression of PD, we con-
ducted a comprehensive integrative analysis using
2 GEE models which applied MDS-UPDRS total
score and HY stages as outcomes separately. The
GEE model is very suitable for modeling longitudi-
nal samples, which enabled our findings to be robust
and reliable. Finally, we obtained 17 miRNAs from
2,656 miRNAs that were annotated by miRbase-
v22 from PPMI. Additionally, we also implemented
the elastic net regression model in training datasets
for variable selection by cross-validation (8-fold).
Finally, we obtained 10 miRNAs to calculate the
transcriptional score since the model with the 10-
miRNA panel has the lowest AIC and AICC. The
10-miRNA panel included miR-4301, miR-190a-5p,
miR-22-3p, miR-3200-5p, miR-3613-5p, miR-423-

Table 1
Baseline characteristics in the training, validation, and testing datasets

Variables Training (n = 556) Validation (n = 238) Testing (n = 490) p

Age, y 62.9 (54.7,69.9) 61.2 (54.1,69.7) 62.0 (51.8,68.5) 0.122
MDS-UPDRS total score 18.0 (5.0,34.0) 16.0 (5.0,32.0) 15.0 (5.0,32.0) 0.533
Gender 0.348

Man 297 (53.4) 127 (53.4) 282 (57.6)
Woman 259 (46.6) 111 (46.6) 208 (42.4)

Education level 0.715
Less than 12, y 49 (8.8) 15 (6.3) 36 (7.3)
12–16, y 262 (47.1) 116 (48.7) 216 (44.1)
Greater than 16, y 221 (39.7) 97 (40.8) 216 (44.1)
Missing 24 (4.3) 10 (4.2) 22 (4.5)

Hoehn and Yahr staging 0.293
0 252 (45.3) 113 (47.5) 252 (51.4)
1 106 (19.1) 45 (18.9) 93 (19.0)
2 198 (35.6) 80 (33.6) 145 (29.6)

The Hoehn and Yahr staging (HY Stage) 0 indicates no signs of PD symptoms, whereas the HY Stage 1 and 2 mean that tremor, rigidity,
reduced arm swing, and slowness are present on one or both sides of the body.

https://github.com/XiangqingHou/Blood-based-miRNA-and-its-nomogram-for-early-prediction-of-PD
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5p, miR-4433b-5p, miR-4677-5p, miR-548b-5p, and
miR-654-5p. (Supplementary Figure 2). Moreover,
the results (Supplementary Figure 3) clearly reveal
that the best LASSO model consists of 13 predictors
(10 miRNAs, age, sex, and education level), which is
consistent with the variable selection of the elastic net
model. Additionally, the box plots for the expression
level of the 10 identified miRNAs based on control
(healthy participants) and case groups in the train-
ing, validation and testing datasets separately can be
observed in Supplementary Figure 4.

Development and construction of a nomogram

The logistics regression model was utilized to
establish a nomogram using 10 obtained miRNAs,
age, gender, and education level (Fig. 2). Based on
the coefficients of the regression model, the transcrip-
tional score was defined as follows and the abundance
of miRNAs was measured with normalized expres-
sion units (RPM, reads per million mapped reads):

Transcriptional score = (miR − 4301, rpm)

×0.0855 + (miR − 190a − 5p, rpm) × 0.0561

−(miR − 22 − 3p, rpm) × 0.00119

+(miR − 3200 − 5p, rpm) × 0.00859

−(miR − 3613 − 5p, rpm) × 0.0113

−(miR − 423 − 5p, rpm) × 0.00003

−(miR − 4433b − 5p, rpm) × 0.00227

+(miR − 4677 − 5p, rpm) × 1.294

−(miR − 548b − 55p, rpm) × 0.7392

−(miR − 654 − 5p, rpm) × 0.2011

This nomogram is convenient to use in the
clinic. For instance, we take as an example a man
aged 55 years with about 15 years of education,
with a transcriptional score of the miRNAs pro-
file equal to 1. Based on the nomogram, we can
obtain the corresponding score of about 5, 29, 13,
and 88, respectively. Then, the total score is 135
(5 + 29 + 13 + 88), which can indicate the risk of PD
is approaching 0.8 to 0.9.

Validation and evaluation of the nomogram

To comprehensively validate and evaluate the
prediction performance of the nomogram and fur-
ther investigate whether it performs better than the
individual clinical model and 10 miRNA panel indi-
vidually, we analyzed and compared the ROC, DCA,

Fig. 2. Nomogram to predict the risk of PD. Shown are clinical predictors and transcriptional scores as well as their corresponding nomogram
points. The total points indicate the addition of the scores for each variable, then a vertical line can be drawn to determine the risk of PD
according to the total points.
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Fig. 3. ROC curves for comparisons of the nomogram, clinical, and miRNA panel in the training, validation, and testing datasets. The labels
show the AUC and its 95% confidence interval in the nomogram (blue line), miRNA panel (red line), and clinical model (green line). The
clinical model consists of age, gender, and education level, while the miRNA panel includes 10 miRNAs.

Fig. 4. DCA curves for comparisons of the nomogram, clinical and miRNA panel in training, validation, and testing datasets. Shown are the
threshold probability (TP) on the x-axis and the net benefit on the y-axis. Assuming the TP is predetermined, the models which are close to
the top regions can obtain the maximum net benefit compared with treating all or treating none or other interventions. The clinical model
consists of age, gender, and education level, while the miRNA panel includes 10 miRNAs.

and calibration curves of the various models in this
study and concluded that for the ROC curves (Fig. 3),
the nomogram displayed overall satisfactory and sta-
ble predictive performance since the AUC (95% CI)
achieved 0.70 (0.65–0.74), 0.74 (0.68–0.80), and
0.72 (0.68–0.77) in training, validation, and test-
ing datasets, separately. Additionally, the nomogram
performs statistically better (p < 0.05) than the indi-
vidual clinical model or 10 miRNAs panel in all
three datasets (Supplementary Table 2). For the DCA
curves (Fig. 4), the results suggest that the nomogram
overall can achieve a higher clinical net benefit (NB)
than other intervention strategies in all three datasets.
Moreover, compared with others, the nomogram can
obtain the largest NB when the threshold probability
(TP) was between 50% to 75%. In contrast, in Supple-
mentary Figure 5, the nomogram presented a higher
net reduction (NR) than treating all strategies and

significantly reduced the unnecessary interventions
when the TP was greater than 15%. For the calibration
curves (Fig. 5), the nomogram displayed a good pre-
dictive consistency between observed and predicted
PD risk. The calibration curve achieved approxi-
mately ideal agreement between observed outcomes
and predictions and was shown with a 45◦ line in the
testing datasets, which further confirmed the predic-
tion accuracy and robustness of the nomogram.

In the training set, the total nomogram scores cal-
culated by the nomogram were categorized into two
risk groups, low-risk (<42.1) and high-risk (≥42.1),
following the cut-off points detected by the ROC
analysis. The waterfall plot for the distribution of
nomogram scores between healthy control and cases
(prodromal and early PD) of individuals in the train-
ing, validation and testing cohort separately can be
observed in Supplementary Figure 6.
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Fig. 5. Calibration curves of the nomogram in the training, validation and testing datasets. Shown are the nomogram predicted probability
(PP) for early PD on the x-axis and the observed probabilities (OP) on the y-axis. The “Ideal” grey dotted line represents the PP and OP are
totally anastomoses. The “Apparent” (red line) represents the comparison of the PP and OP of the nomogram, while the “Bias-corrected”
(green line) indicates an adjusted calibration curve across predicted values by 1,000 bootstrapped samples.

Prediction of miRNA targets and
over-representation analysis

To better interpret the biological correlations
between the obtained 10 miRNAs and the risk of PD,
we obtained 1,084 predicted target genes that may
be regulated by the 10 miRNAs. Over-representation
analysis of the target genes reported a significant
enrichment for response to oxygen levels, decreased
oxygen levels, hypoxia, etc. that were associated with
oxidative stress in biological processes terms. Addi-
tionally, significant enriched GO terms for protein
kinase activity or kinase regulator activity can be
identified in BP, CC, and MF ontologies (Supplemen-
tary Figure 7). Interestingly, the KEGG analysis not
only identified cellular senescence enrichment path-
ways implicated with DNA damage, oxidative stress
and neuroinflammation, but also depicted several
cancer-related enrichment pathways, for instance, the
glioma and p53 signaling pathways (Supplementary
Figure 8).

DISCUSSION

Recently, prediction models through simple tests
have been widely applied in many diseases such as
cardiovascular disease by detecting blood pressure
and glycated hemoglobin [26]. However, no such
simple clinical model has been developed for predict-
ing PD at the early stage (prodromal and early PD).
To address this issue, this study aimed to develop
and validate an easy-to-use clinical tool for the early
screening of high-risk PD patients among the gen-
eral population based on the PPMI database. Our
constructed and validated nomogram outperforms
an individual clinical model or 10 miRNA panel
separately, which confirms the improved prediction

efficacy for prodromal and early PD when blood-
based miRNA expression data are combined with
clinical variables. Blood-based miRNAs are believed
to be an ideal biomarker of PD because of their
cost-effective and non-invasiveness properties [27].
A recent study [9] identified a 6-serum extracellu-
lar vesicle-derived miRNA panel for early prediction
of PD and the model achieved a satisfactory predic-
tion power. However, in that study, the limited sample
size and all samples obtained from a cross-sectional
design reduced the reliability of the predictors which
can be observed by wider confidence intervals of
AUC in the ROC curve. Another similar study [28]
integrated a blood-based gene expression classifier
and DNA methylation data to predict the occurrence
of PD. Although the predictive performance of the top
21 hypo-up gene and top 33 hypo-up gene methy-
lation classifier is overall satisfactory, it lacks the
simplicity of use and independent external valida-
tion. Khoo et al. [29] demonstrated the feasibility of
a plasma-based circulating miRNA panel as diagno-
sis biomarkers via Real-Time Quantitative Reverse
Transcription PCR (qRT-PCR); however, their find-
ings lacked adequate evaluations for the predictive
performance of the miRNA panel, for example, the
discrimination, calibration, and clinical effectiveness
of the predictive model should be well considered
and reported [30]. In comparison to these, our study
has several strengths. First, this is the first to develop
a simple nomogram for early prediction of PD by
integrating miRNA expression levels and clinical
variables based on a large longitudinal multi-center
study. Second, we applied many statistical methods
and separate testing datasets to comprehensively eval-
uate the model performance. Third, the nomogram is
very convenient for clinical usage and repeat assess-
ments of individuals.
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Recently epidemiologic evidence [31] suggests
that nearly 0.1∼0.2% of the populations around the
world are affected by PD and the prevalence is
increasing with age as well as affecting approxi-
mately 1% of the population over 60 years of age.
We can take as an example, a hypothetical country
of 100 million people, and 10 million greater than 60
years of age. We define a benchmark that the gen-
eral population with a probability of early PD greater
than 75% should be directed towards clinical inter-
ventions, while the specific probability threshold was
reduced to 15% among those over 60. In this case,
our nomogram yielded a net reduction (NR)all=24%
and NR > 60,years = 1%, respectively (Supplementary
Figure 5). That means compared to the strategies of
treating all, the nomogram could reduce unnecessary
interventions of 24 million among the general popu-
lation and 1 million among those over 60, separately
[32]. Therefore, we propose using this nomogram as
a large-scale population screening tool for early PD
which can obtain a maximum benefit at a low cost.

To comprehensively investigate the associations of
the 10-miRNA panel and their 1,084 potential down-
stream target genes with the pathogenesis of PD, we
further performed miRNA target enrichment analy-
sis. Our findings revealed that several GO categories
are significantly implicated with oxidative stress
and the ubiquitin-proteasome system. More specif-
ically, it has been shown that oxidative stress and
the ubiquitin-proteasome system are the key molec-
ular pathogenic mechanisms of PD [33]. The GO
categories concerning several protein kinase com-
plex activities, for instance, serine/threonine kinase
[34] and mitogen-activated protein kinase [35], which
have been confirmed implicated with the patho-
biology of PD were also revealed by significant
enrichment of the miRNA targets. Serine/threonine
kinases play a role in the regulation of blood and
immune cell populations and meet the metabolic
demands of participating in an immune response
by mediating TCR signaling [36]. Mitogen-activated
protein kinase also acts as an integration point
for extracellular signals and regulates immune cell
defense [37]. Our findings also revealed several
cancer-related enrichment pathways of the target
genes. We speculate this is due to PD and some can-
cers, for instance, glioma, sharing several coincident
biological mechanisms in the development of disease
[38].

Currently, the diagnosis of PD mostly depends on
clinical symptoms; therefore, the misdiagnosis rate of
PD is still high because of indistinguishable symp-

toms between atypical parkinsonian disorders and
PD, especially at the early stage of PD. According
to Occam’s Razor [39], the best model is the one that
covers fewer variables and can achieve optimal pre-
diction performance simultaneously; therefore, we
utilized only three important demographic character-
istics (age, gender, and education level) which can
be easily obtained at the early stage of PD. It has
been well known that the risk of PD increases rapidly
with age, and the age-standardized prevalence ratio
of males to females is about 1.5 in 2016 according
to Global Burden Disease data [1]. Several studies
have revealed that demographic characteristics can
be good predictors of early PD, although their predic-
tive power is controversial. To improve the model’s
performance, we first combined miRNA profiles with
the clinical model to develop a novel nomogram for
the early prediction of PD. The results suggested
that compared with the individual miRNA panels and
clinical model, our nomogram has a superior predic-
tive power since it displays significantly higher AUC
of ROC than the two individual models separately
in the validation datasets (0.74 vs. 0.64, p = 0.002;
0.74 vs. 0.68, p = 0.004). Additionally, we compre-
hensively balanced the underfitting and overfitting of
the nomogram via cross-validation.

Several research limitations should be noted. We
speculate that there is still much room for improve-
ment in the predictive power of our nomogram via
identifying novel miRNAs or clinical features and
utilizing more machine learning (ML) methods. A
recent similar study [14] used PPMI datasets but
with more complicated ML methods and all avail-
able variables to predict PD risk, and their model
has shown a high AUC prediction. Compared with
Makarious et al.’s research [14], our study has sev-
eral outstanding features: 1) We utilized the GEE
model to analyze longitudinal RNA-sequencing data
in the biomarker screening phase, which makes our
results more reliable and stable. However, Makari-
ous and his colleagues only obtained blood samples
at baseline and used the logistic regression model
to perform differential expression between cases and
controls; 2) This study utilized non-coding miRNA
as predictors because of their availability in body flu-
ids and enrichment in serum extracellular vesicles;
therefore, miRNAs can penetrate the blood-brain bar-
rier [40] based on their small molecular weight ( 22
nucleotides) and stability when circulating between
cells. Moreover, miRNAs can significantly increase
blood–brain barrier permeability by regulating bio-
logical processes such as apoptosis and inflammation;



482 X. Hou and G. Wong / A Simple Nomogram for Early Prediction of PD

3) Our nomogram is very suitable for utilization in the
clinic since it is easy to use for doctors and to explain
to patients. On the contrary, Makarious’s model
used complex ML methods to integrate genetics,
clinic-demographic, and transcriptomics data which
requires highly technical and complicated tests at a
cost of more resources. It has been well known that
an AUC greater than 0.7 may be taken as an accept-
able clinical usage cut-off value [41], particularly
based on the evidence from a large-scale longitudinal
cohort. In this case, our model can provide satisfac-
tory cost-effective prediction performance now and
may present a good reference model for further sim-
ilar studies. Besides, more biological evidence of the
obtained miRNAs as early biomarkers of PD may be
further provided by experiments. The enrolled partic-
ipants only come from PPMI, and all samples were
assayed on a next-generation sequencing platform.
This might limit the generalizability of our findings
to other independent populations using different tech-
nologies.

In conclusion, we developed and validated an
effective and simple nomogram for the early iden-
tification of PD. This nomogram enables early
diagnosis, and monitoring of disease progression in
individuals as well as may guide limited clinical inter-
ventions.
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