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A B S T R A C T

Introduction: Neuroprotective therapy to slow Parkinson’s disease (PD) progression is a critical unmet need. 
Neuroinflammation likely represents an important pathophysiologic mechanism for disease progression. Medi
cations that target this inflammation, such as immunosuppressants, represent potential disease-modifying 
therapies for PD. The relation between these medications and PD risk might inform candidate selection.
Methods: We conducted a population-based case-control study using Medicare data from the United States. The 
study included 207,532 incident PD cases and 975,177 controls from 2016 to 2018, age 67–110. We examined 
the association between PD risk and immunosuppressant use before PD diagnosis/control selection. We 
considered 37 immunosuppressants, representing >10 medication classes, in Part D prescription claims. We used 
logistic regression to estimate the relative risk (RR) and 95 % confidence interval (CI) between each medication 
and PD, while accounting for age, sex, race/ethnicity, smoking, and healthcare utilization. In sensitivity analyses 
we applied exposure lagging, restricted to immunosuppressant users, and corrected for multiple comparisons.
Results: Medicare beneficiaries using the calcineurin inhibitor tacrolimus (RR 0.49, CI 0.40–0.60) and mTOR 
inhibitors everolimus (RR 0.38, CI 0.26–0.56) and sirolimus (RR 0.59, CI 0.37–0.93) had a lower risk of PD 
compared to those not taking the medication. The TNF inhibitor certolizumab was also associated with lower PD 
risk (RR 0.54, CI 0.34–0.84). Tacrolimus and everolimus remained significant after Bonferroni correction. 
Sensitivity analyses otherwise confirmed results for all four medications.
Conclusion: Calcineurin or mTOR inhibition might reduce PD risk. Future studies should examine whether these 
medications or structurally similar agents might have potential as disease-modifying therapies for PD.

1. Introduction

Parkinson’s disease (PD) is a multi-system and multi-symptomatic 
neurodegenerative disorder for which the pathologic hallmark of PD is 
loss of nigral neurons and intraneuronal α-synuclein aggregation in 
Lewy bodies and Lewy neurites. While the pathogenic role of these ag
gregates is uncertain, neuroinflammation may contribute to the PD 
pathogenic process [1,2]. Numerous symptomatic therapies for PD exist, 
but identification of a disease-modifying therapy remains elusive. Given 
the inevitable disease progression in PD, there is an urgent need to 
identify disease-modifying therapies.

Recently, several investigators have harnessed the power of large 
administrative datasets to attempt to screen and identify neuro
protective medications [3–5]. Multiple lines of evidence implicate 
neuroinflammation in the pathogenesis of PD and progression of other 
neurodegenerative diseases [6–8]. Immunosuppressants can decrease 
inflammation, but epidemiologic studies are mixed whether immuno
suppressants might reduce PD risk [3–5,9–12]. We used a large, 
population-based United States (U.S.) Medicare dataset to examine the 
association between the use of immunosuppressant medications and 
subsequent risk of PD to identify potential novel disease-modifying 
medications that could possibly be repurposed as neuroprotective 
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therapies.

2. Methods

2.1. Study design

Utilizing Medicare data from 2014 to 2018, we conducted a 
population-based case-control study of incident PD cases and controls in 
2016–2018. To construct the sample of cases and controls and to obtain 
medical and demographic information, we used the following Medicare 
data files: Medicare beneficiary summary file, along with Medicare 
carrier (physician/supplier Part B), outpatient, inpatient, skilled nursing 
facility, hospice, durable medical equipment, home health care, and 
Medicare Part D (prescription medication) claims data. The inclusion 
criteria for both cases and controls required the following in the month 
of PD diagnosis or control selection: age-eligible for Medicare for ≥2 
years (age≥67), age ≤110, Medicare Part A, B, and D coverage, absence 
of Medicare Part C (Medicare Advantage plan) coverage, and residency 
in the U.S. (50 states or Washington, D.C.). We applied similar criteria to 
a previous Medicare-based pharmacoepidemiologic study [9] to ensure 
a population-based sample with complete medical and pharmacy claims 
information. After necessarily restricting to beneficiaries age-eligible for 
Medicare, historically [13] and in the present newer study, the primary 
exclusions pertained to Part C and Part D coverage, with both types of 
coverage becoming more common over time. This records-based study 
was approved by the Washington University School of Medicine and the 
Barrow Neurological Institute Institutional Review Boards and the 
Center for Medicare & Medicaid Services (CMS) as exempt from need for 
consent due to data de-identification.

2.2. Case ascertainment

We determined PD case status from comprehensive (inpatient, skil
led nursing facility, outpatient, physician/carrier, durable medical 
equipment, home health care, and hospice) Part A and B claims. Incident 
PD cases were defined as having ≥1 International Classification of Dis
eases (ICD) 9th or 10th Clinical Modification (ICD-9-CM, ICD-10-CM) 
diagnosis code for PD in 2016–2018 (ICD-10-CM: G20) and no years 
prior (ICD-10-CM: G20 or ICD-9-CM: 332.0). This approach nearly op
timizes sensitivity at 84.4 % while still achieving a specificity of 99.0 % 
[14]. We excluded those with a history of dementia with Lewy bodies 
(ICD-9-CM: 331.82; ICD-10-CM: G31.83) or atypical parkinsonism 
(ICD-9-CM: 333.0; ICD-10-CM: G23.1, G23.2, G23.8, G23.9, or G90.3). 
Otherwise, we included all incident PD cases who met all study inclusion 
criteria.

2.3. Control selection

Eligible controls were Medicare beneficiaries who, at selection, also 
met the study inclusion criteria and did not have a history of PD, de
mentia with Lewy bodies, or atypical parkinsonism. Prior to applying 
the Part D coverage criteria, which was specific for the present phar
macoepidemiologic study, we randomly selected controls 5:1 to cases 
while frequency matching on the month and year of case diagnosis. We 
did not match on demographic factors because our large sample size 
allowed full adjustment for these factors without matching.

2.4. Exposure ascertainment

Using Medicare Part D data from 2014 to 2018, we identified use of 
immunosuppressants as a binary variable (yes/no for the respective 
active ingredient, hereafter “medication”) any time in this period prior 
to the PD diagnosis or control selection date. We excluded medications 
available over the counter and non-systemic formulations (e.g., topical 
and ophthalmologic) from this analysis. In total, 37 medications across 
>10 categories of immunosuppressants were available for analysis, i.e., 

used by > 10 cases and >10 controls (per CMS requirements) in this 
period: calcineurin inhibitors (tacrolimus and cyclosporine), cortico
steroids that can suppress the immune system (prednisone, predniso
lone, triamcinolone, methylprednisolone, dexamethasone, 
hydrocortisone, cortisone, and flunisolide), antimetabolites (hydroxy
urea, mercaptopurine, and fluorouracil), dihydrofolate reductase 
(DHFR) inhibitors (methotrexate), mammalian target of rapamycin 
(mTOR) inhibitors (everolimus and sirolimus), Janus kinase (JAK) in
hibitors (tofacitinib), inosine monophosphate dehydrogenase (IMDH) 
inhibitors (ribavirin, mycophenolate, azathioprine, and leflunomide), 
tumor necrosis factor (TNF) inhibitors (adalimumab, certolizumab, 
etanercept, and golimumab), miscellaneous immunosuppressants 
(hydroxychloroquine, sulfasalazine, mesalamine, interferon, thalido
mide, glatiramer, and fingolimod), and biologics (infliximab, secuki
numab, tocilizumab, ustekinumab, and rituximab).

2.5. Assessment of covariates

We obtained age, sex, and race/ethnicity as reported in the Medicare 
beneficiary summary file for the year of diagnosis/selection. We esti
mated the probability of having ever smoked using a validated algo
rithm we developed for application in Medicare data to estimate this 
probability for each individual [15]. We also calculated the number of 
unique diagnosis codes (before the diagnosis/selection date minus the 
respective exposure lagging period) for each beneficiary as a measure of 
healthcare utilization [2].

2.6. Statistical analysis

Using Stata/MP version 17, we constructed a logistic regression 
model for each medication with PD as the outcome and the medication 
of interest as the independent variable to calculate the adjusted odds 
ratio to estimate the relative risk (RR) and 95 % confidence interval (CI). 
We adjusted a priori for age (continuous), sex (male/female), and race/ 
ethnicity (non-Hispanic White, Black, Hispanic, Asian/Pacific Islander, 
Native American, and other), smoking probability (continuous), and 
healthcare utilization in all models. We previously demonstrated that 
the latter is a critical confounder in epidemiology studies of PD [2].

We performed a series of sensitivity analyses to assess resiliency of 
results. First, we used an alternative metric for healthcare utilization, 
the number of types of specialists seen [2]. Second, we applied exposure 
lagging up to the maximum possible, a 3-year lag, in order to address 
potential effects of the prodromal period on medication use. In these 
models we adjusted for healthcare utilization metrics calculated up to 
the lag date, unless specified, and restricted to beneficiaries who had 
filled a Part D prescription for any medication before that date. Third, 
we restricted to beneficiaries who had used any of the 37 immunosup
pressants, similar to the active comparator design [16], which helps 
address confounding by indication. We did not simultaneously apply the 
new user design, as the prodromal period would render this design un
able to identify causal associations. We also did not implement pro
pensity score matching to further examine potential for confounding 
because we encountered positivity assumption violations for several of 
the medications. Fourth, we attempted to adjust for use of other im
munosuppressants used for these same indications in multi-medication 
models, specifically lasso regression to address multicollinearity. 
Finally, given the many statistical comparisons, we applied a Bonferroni 
correction for multiple comparisons.

As complementary exploratory analyses for the medications that 
demonstrated resiliency in the above sensitivity analyses, we examined 
the following: 1) dose-response associations, specifically maximum 
dosage (mg/day) from January 2014 to PD diagnosis/control reference 
date (2–5 years prior), among cases and controls who ever used the 
respective medication; and 2) associations between the respective 
medications and risk of dementia with Lewy bodies or risk of atypical 
parkinsonism.
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3. Results

3.1. Characteristics of beneficiaries

We included 207,532 incident PD cases and 975,177 controls in our 
study. Demographics of our cases relative to controls were consistent 
with previous studies (Table 1). PD cases (78.8 years, SD 7.3) were 
slightly older than controls, (75.8 years, SD 7.4). Proportionally more 
PD cases than controls were male and White, and cases appeared less 
likely to have ever smoked.

3.2. Immunosuppressants inversely associated with PD

Numerous immunosuppressants across multiple classes were 
inversely associated with PD in our primary analysis, as well as with 
dementia with Lewy bodies (Table 2; Supplemental Table 1). However, 
in our sensitivity analyses, we found RRs were somewhat sensitive to the 
length of exposure lagging and to our method of adjustment for 
healthcare utilization. Results generally stabilized and converged, 
respectively, regarding these two factors (Table 2), as well as with the 
results of our active comparator sensitivity analysis (Table 3), at 
approximately 24 months of exposure lagging. Although our sample size 
diminished with this 2-year exposure lag, especially with the simulta
neous application of the active comparator design, several immuno
suppressants remained consistently associated with an approximately 
30–50 % lower risk across analyses (Tables 2 and 3). In particular, the 
calcineurin inhibitor, tacrolimus, was associated with a significantly 
lower risk of PD, in contrast to cyclosporine in the same medication 
class, for which no inverse association was suggested. In addition, both 
mTOR inhibitors we considered, particularly everolimus but also siro
limus, albeit with a wider CI that included unity in our sensitivity ana
lyses, were inversely associated with PD. Finally, the TNF inhibitor 
certolizumab also was inversely associated with PD consistently. 
Although used too infrequently to consider in our sensitivity analyses, 
rituximab was associated with similarly lowered risk. All the above five 
inversely associated medications remained in lasso regression, with the 
inverse RRs for tacrolimus and everolimus still particularly marked. 
Tacrolimus and everolimus also remained significant after Bonferroni 

correction for multiple comparisons in our primary analysis.
For the four medications with the strongest results and common 

enough to apply a 2-year lag while restricting to individuals who had 
received the respective medication, we observed RR point estimates 
below one for three of the medications when we investigated dose- 
response associations: RR 0.994 (95 % CI 0.981–1.006) per mg/day of 
certolizumab (median 14.28 mg); RR 0.830 (95 % CI 0.670–1.026) per 
mg/day of everolimus (median 10 mg); and RR 0.880 (95 % CI 

Table 1 
Characteristics of incident Parkinson’s disease (PD) cases and controls, U.S. 
Medicare 2016–2018.

PD Cases Controls

N = 207,532 N = 975,177

% %

Sex
Male 50.7 39.9
Female 49.3 60.1

Age
Mean (SD) 78.8 (7.3) 75.8 (7.4)
Median (range) 78 (67–109) 74 (67–110)

Race/ethnicity
Non-Hispanic White 83.9 83.3
Black 5.9 7.1
Hispanic 6.0 5.3
Asian/Pacific Islander 3.2 3.2
Native American 0.3 0.4
Other 0.7 0.7

Smoking indexa > median 34.0 48.8
Healthcare utilization (number of unique diagnosis codes)b

Mean (SD) 108.4 (67.7) 73.1 (52.6)
Median (range) 97 (0–650) 61 (0–630)

Abbreviations: PD = Parkinson’s disease; SD = standard deviation.
a Estimated probability of ever smoking tobacco (Faust et al., 2023) divided by 

the number of unique diagnosis codes (or by one if no codes) (Searles Nielsen 
et al., 2017).

b Prior to PD diagnosis or control reference.

Table 2 
Immunosuppressants and Parkinson’s disease (PD) risk, U.S. Medicare 
2016–2018.

Immunosuppressant 
(systemic forms only)

PD Cases N 
= 207,532 
n (%)

Controls N 
= 975,177 
n (%)

RRa 95 % CIa

Calcineurin inhibitors
Cyclosporine 120 (0.1) 432 (0.04) 0.90 (0.73–1.12)
Tacrolimus 117 (0.1) 688 (0.1) 0.49 (0.40–0.60)

Corticosteroids
Prednisone 56,195 

(27.1)
244,226 
(25.0)

0.81 (0.80–0.82)

Methylprednisolone 35,308 
(17.0)

159,609 
(16.4)

0.83 (0.82–0.84)

Dexamethasone 4348 (2.1) 18,716 
(1.9)

0.83 (0.80–0.86)

Hydrocortisone 817 (0.4) 2381 (0.2) 0.97 (0.89–1.06)
Flunisolide 390 (0.2) 1438 (0.2) 1.01 (0.90–1.14)
Prednisolone 281 (0.1) 1018 (0.1) 0.89 (0.78–1.03)
Triamcinolone 245 (0.1) 526 (0.05) 1.30 (1.11–1.53)
Cortisone 13 (0.01) 21 (0.002) 2.10 (0.99–4.47)

Antimetabolites
Fluorouracil 6135 (3.0) 25,974 

(2.7)
0.81 (0.79–0.84)

Hydroxyurea 525 (0.3) 2038 (0.2) 0.89 (0.80–0.98)
Mercaptopurine 95 (0.1) 490 (0.1) 0.75 (0.60–0.94)

DHFR inhibitors
Methotrexate 3152 (1.5) 14,575 

(1.5)
0.86 (0.83–0.90)

mTOR inhibitors
Everolimus 30 (0.01) 249 (0.03) 0.38 (0.26–0.56)
Sirolimus 25 (0.01) 107 (0.01) 0.59 (0.37–0.93)

JAK inhibitors
Tofacitinib 83 (0.04) 320 (0.03) 0.89 (0.69–1.16)

IMDH inhibitors
Leflunomide 703 (0.3) 2996 (0.3) 0.82 (0.75–0.90)
Azathioprine 604 (0.3) 2495 (0.3) 0.87 (0.79–0.96)
Mycophenolate 391 (0.2) 1568 (0.2) 0.77 (0.68–0.86)
Ribavirin 92 (0.04) 513 (0.05) 0.69 (0.55–0.87)

TNF inhibitors
Adalimumab 322 (0.2) 1466 (0.2) 0.89 (0.78–1.01)
Etanercept 264 (0.1) 1395 (0.1) 0.79 (0.69–0.91)
Certolizumab 25 (0.01) 148 (0.02) 0.54 (0.34–0.84)
Golimumab 23 (0.01) 107 (0.01) 0.79 (0.49–1.26)

Biologics
Ustekinumab 32 (0.02) 175 (0.02) 0.80 (0.54–1.18)
Tocilizumab 27 (0.01) 89 (0.01) 1.01 (0.64–1.59)
Infliximab 20 (0.01) 76 (0.01) 0.88 (0.52–1.50)
Secukinumab 13 (0.01) 74 (0.01) 0.59 (0.31–1.09)
Rituximab 12 (0.01) 64 (0.01) 0.51 (0.26–0.98)

Miscellaneous
Hydroxychloroquine 2536 (1.2) 12,378 

(1.3)
0.81 (0.77–0.85)

Mesalamine 1584 (0.8) 6223 (0.6) 0.89 (0.84–0.95)
Sulfasalazine 960 (0.5) 4278 (0.4) 0.85 (0.79–0.92)
Glatiramer 154 (0.07) 372 (0.04) 2.11 (1.73–2.58)
Interferon 151 (0.07) 411 (0.04) 1.92 (1.58–2.34)
Thalidomide 17 (0.01) 62 (0.01) 0.70 (0.39–1.24)
Fingolimod 12 (0.01) 38 (0.004) 1.94 (0.99–3.80)

Bold is for significant results (p < 0.05).
Abbreviations: CI = confidence interval; DHFR = dihydrofolate reductase; 
IMDH = inosine monophosphate dehydrogenase; JAK = Janus kinase; mTOR =
mammalian target of rapamycin; PD = Parkinson’s disease; RR = relative risk; 
TNF = tumor necrosis factor.

a Relative risk adjusted for age (continuous), sex, race/ethnicity, smoking, and 
healthcare utilization.
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0.501–1.545) per mg/day of sirolimus (median 1.08 mg). Tacrolimus 
dosage per day (median 2 mg) was not inversely associated with PD (RR 
1.009 (95 % CI 0.942–1.081) per mg per day).

3.3. Immunosuppressants positively associated with PD

Three medications for multiple sclerosis representing three different 
classes, interferon, glatiramer, and fingolimod, were positively associ
ated with PD. When we included these medications together in a single 

model all remained associated with PD, although the association for 
fingolimod attenuated.

3.4. Associations with PD based on immunosuppressant chemical 
structure

Because three of the four immunosuppressants with the strongest 
findings shared structural similarity and were used so rarely, we com
bined these three medications (tacrolimus, sirolimus, and everolimus) in 

Table 3 
Two-year lagged systemic immunosuppressant exposure and Parkinson’s disease (PD) risk, overall and among those using any immunosuppressant, U.S. Medicare 
2016–2018.

Immunosuppressant class Immunosuppressant (systemic forms only) PD Cases 
N = 184,164a

n (%)

Controls 
N = 816,842a

n (%)

2-year lagged 
RR (95 % CI)a

2-year lagged active comparator 
RR (95 % CI)a,b

Calcineurin inhibitors Tacrolimus 79 (0.04) 467 (0.06) 0.68 (0.53–0.87) 0.72 (0.57–0.92)
Cyclosporine 76 (0.04) 271 (0.03) 1.11 (0.86–1.44) 1.18 (0.91–1.53)

Corticosteroids Prednisone 28,187 (15.3) 115,288 (14.1) 0.90 (0.89–0.91) 0.96 (0.94–0.98)
Methylprednisolone 16,635 (9.0) 70,397 (8.6) 0.89 (0.88–0.91) 0.95 (0.93–0.97)
Dexamethasone 1672 (0.9) 7262 (0.9) 0.86 (0.81–0.91) 0.92 (0.87–0.97)
Hydrocortisone 460 (0.3) 1322 (0.2) 1.23 (1.10–1.38) 1.32 (1.18–1.47)
Flunisolide 248 (0.13) 826 (0.1) 1.17 (1.01–1.35) 1.26 (1.08–1.45)
Prednisolone 111 (0.1) 432 (0.1) 0.93 (0.75–1.15) 1.00 (0.81–1.24)
Triamcinolone 93 (0.05) 228 (0.03) 1.27 (0.99–1.63) 1.38 (1.07–1.77)
Cortisonec – – – –

Antimetabolites Fluorouracil 2825 (1.5) 10,726 (1.3) 0.89 (0.85–0.93) 0.94 (0.90–0.98)
Hydroxyurea 340 (0.2) 1352 (0.2) 0.93 (0.82–1.05) 1.00 (0.88–1.13)
Mercaptopurine 76 (0.04) 363 (0.04) 0.91 (0.70–1.17) 0.96 (0.74–1.23)

DHFR inhibitors Methotrexate 2248 (1.2) 10,108 (1.2) 0.97 (0.92–1.02) 1.03 (0.98–1.08)

mTOR inhibitors Sirolimus 15 (0.01) 73 (0.01) 0.70 (0.39–1.23) 0.74 (0.42–1.31)
Everolimus 12 (0.01) 94 (0.01) 0.48 (0.26–0.90) 0.51 (0.28–0.95)

JAK inhibitors Tofacitinib 45 (0.02) 138 (0.02) 1.39 (0.98–1.96) 1.47 (1.04–2.08)

IMDH inhibitors Leflunomide 421 (0.2) 1764 (0.2) 0.99 (0.88–1.10) 1.05 (0.94–1.17)
Azathioprine 382 (0.2) 1674 (0.2) 0.96 (0.85–1.07) 1.01 (0.91–1.14)
Mycophenolate 229 (0.1) 980 (0.1) 0.88 (0.76–1.02) 0.93 (0.81–1.08)
Ribavirin 63 (0.03) 306 (0.04) 0.89 (0.68–1.17) 0.95 (0.72–1.26)

TNF inhibitors Adalimumab 216 (0.1) 977 (0.1) 0.99 (0.86–1.16) 1.05 (0.91–1.22)
Etanercept 209 (0.1) 1077 (0.1) 0.89 (0.77–1.04) 0.94 (0.81–1.10)
Certolizumab 17 (0.01) 92 (0.01) 0.67 (0.39–1.15) 0.72 (0.42–1.23)
Golimumab 14 (0.01) 72 (0.01) 0.92 (0.51–1.65) 0.97 (0.54–1.74)

Biologics Ustekinumab 18 (0.01) 83 (0.01) 1.05 (0.63–1.76) 1.11 (0.66–1.85)
Infliximab 13 (0.01) 52 (0.01) 1.05 (0.56–1.98) 1.13 (0.60–2.12)
Secukinumabc – – – –
Tocilizumabc – – – –
Rituximabc – – – –

Miscellaneous Hydroxychloroquine 1750 (0.95) 8304 (1.02) 0.94 (0.89–0.99) 1.00 (0.95–1.06)
Mesalamine 1085 (0.6) 4131 (0.5) 1.01 (0.95–1.09) 1.08 (1.01–1.16)
Sulfasalazine 627 (0.3) 2666 (0.3) 0.96 (0.88–1.05) 1.02 (0.93–1.12)
Interferon 126 (0.07) 338 (0.04) 2.18 (1.77–2.69) 2.28 (1.85–2.81)
Glatiramer 124 (0.07) 303 (0.04) 2.34 (1.88–2.89) 2.43 (1.96–3.01)
Thalidomide 14 (0.01) 38 (0.005) 1.33 (0.70–2.52) 1.44 (0.76–2.73)
Fingolimodc – – – –

Bold is for significant results (p < 0.05).
Abbreviations: CI = 95 % confidence interval; DHFR = dihydrofolate reductase; IMDH = inosine monophosphate dehydrogenase; JAK = Janus kinase; mTOR =
mammalian target of rapamycin; PD = Parkinson’s disease; RR = relative risk; TNF = tumor necrosis factor.

a Relative risk adjusted for age, sex, race/ethnicity, probability of ever smoking, and healthcare utilization (count of unique diagnosis codes). Restricted to cases and 
controls who filled any Part D medication ≥2 years prior to the PD diagnosis/control reference date.

b Also restricted to cases and controls who used any immunosuppressant ≥2 years prior to the PD diagnosis/control reference date.
c Cannot show due to small numbers (≤10 PD cases or controls).
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order to explore consistency of results across demographic factors. Use 
of any of these three immunosuppressants was associated with a 
markedly reduced risk of PD, even with a 2-year lag, whether our 
healthcare utilization adjustment variable was lagged in parallel (RR 
0.65, CI 0.53–0.81, p < 0.0005) or unlagged (RR 0.47, CI 0.39–0.56, p <
0.0001) and we consistently observed a strong inverse association across 
groups defined by age, sex, race/ethnicity, or smoking index 
(Supplemental Table 2).

4. Discussion

In this large, population-based Medicare administrative data study, 
we systematically explored the potential influence of immunosuppres
sants on PD risk. Our study adds to the existing literature by providing 
population-based human data to inform repurposing of U.S. Food and 
Drug Administration (FDA) approved medications for potential PD 
disease-modifying trials. While neuroprotective therapies for PD have 
historically been identified in disease-model systems, MPTP and A53T 
mutant α-synuclein treated mice for example, our study approaches drug 
identification from human data to inform future model system valida
tion studies and hopefully increase the likelihood of successful clinical 
trials [17,18]. Some of our key findings represent unique potential 
disease-modifying mechanisms and many have corresponding model 
system data that warrant support for further exploration. After adjusting 
for important covariates, we found consistent associations across mul
tiple categories of immunosuppressants that suggest a potential broader 
mechanism of action, as well as chemical structure for further exami
nation. Three structurally similar medications across two different 
classes of immunosuppressants, specifically mTOR inhibitors and cal
cineurin inhibitors, stood out as being robustly associated with 
decreased risk of PD. Everolimus is a derivative of the mTOR inhibitor 
sirolimus. Sirolimus and tacrolimus (and its natural analog, FK506) 
contain the same FK506 binding protein (FKBP)-binding domain, which 
provides a chemical basis for the mutual antagonism exerted by these 
molecules [19]. This structural similarity and its differences from 
cyclosporin, which was not associated with PD, would merit further 
examination. While an investigational agent that interacts with the 
FKPB-receptor was recommended and selected for initial examination 
for PD in the past [20,21], tacrolimus, sirolimus, and everolimus are 
structurally more similar to each other than that agent. In addition, one 
of the stronger findings in our study was that TNF inhibition, especially 
via certolizumab, was inversely associated with PD risk, consistent with 
a recent study [22].

One consistent theme in this study is that medications that suppress 
T-cell activity appeared to reduce risk of developing PD, notably the 
calcineurin inhibitor, tacrolimus. A recent study using electronic health 
records of patients aged 60 and older found similar results in that PD is 
less common among tacrolimus users than comparable controls or 
cyclosporin users [23]. While the contrasting results for tacrolimus and 
cyclosporin might suggest a mechanism other than calcineurin inhibi
tion, cyclosporin does not cross the blood-brain barrier as well as 
tacrolimus, and calcineurin inhibition remains a plausible neuro
protective mechanism [23]. There is substantial evidence from in vitro 
and in vivo animal PD models that calcineurin inhibition decreases 
neuroinflammation [24]. Calcineurin inhibitors prevent calcineurin’s 
serine-threonine phosphatase activity which inhibits the translocation of 
nuclear factor of activated T-cells family of transcription factors from 
the cytoplasm to the nucleus of activated T-cells [24]. Tacrolimus also 
modulates hypertrophic/proliferative responses and proinflammatory 
cytokine expression in astrocytes and microglia in vitro/focal transient 
brain ischemia [25]. Furthermore, the medication glatiramer acetate 
induces GA-specific regulatory CD4+ and CD8+ T cells and a TH1–TH2 
shift with consecutively increased secretion of anti-inflammatory cyto
kines [26]. This induction could underlie the positive association be
tween glatiramer and PD, but this association should be interpreted with 
caution, given that this medication is used to treat multiple sclerosis.

Another key finding in our study is that mTOR inhibitors were 
associated with a lower risk of PD. With two years of lagging, sirolimus 
demonstrated an RR point estimate similar to tacrolimus. Several studies 
demonstrate that mTOR, a serine/threonine kinase, has implications on 
autophagy, cell differentiation, and cell survival [2,27]. A ser
ine/threonine kinase, mTOR operates through two distinct complexes 
(mTORC1 and mTORC2), each with unique protein compositions and 
sensitivities to rapamycin [28], the natural analog of sirolimus. Rapa
mycin protects neurons from death in both cellular and animal toxin 
models of PD [27,29]. This protective action may be attributable to 
reduced aggregation of α-synuclein [30] or to blocked translation of 
RTP801/REDD1/Ddit4, a protein that is induced in cell and animal 
models of PD and in affected neurons of PD patients and that causes 
neuron death by leading to dephosphorylation of the survival kinase Akt 
[27,29]. Although PD model systems have historically been poorly 
predictive of success in human trials, the evidence from our large 
population-based human study provides compelling converging evi
dence that this mechanism may be relevant for PD in humans.

We acknowledge several limitations to this study. Because Medicare 
is only universally available to Americans upon turning age 65, we were 
unable to include younger PD patients or to determine if beneficiaries 
used immunosuppressants prior to becoming eligible for Medicare. 
Similarly, we were limited to data for the 2 to 5-year period immediately 
before diagnosis, which impacted the length of our exposure lag. With 
that said, most of the medications studied are taken long term, providing 
confidence in our exposure assessment. Nonetheless some of these 
medications are used by relatively few people, which limited power, 
especially for our sensitivity analyses and dose-response analyses. In 
these dose-response analyses, we conservatively restricted to the small 
percentage of individuals who used the respective medication, and of 
note, the results for everolimus and sirolimus were consistent with a 
possible protective effect but not significant. We also note that prior to 
application of exposure lagging and the active comparator design, most 
medications across many classes of immunosuppressants appeared to 
lower the risk of PD. While these multiple mechanisms may converge on 
common pathways, it is possible that the underlying diseases treated 
with these medications might explain the apparently neuroprotective 
effect. These conditions include several types of cancer and organ 
transplant (Table 4), which might be associated with smoking. However, 
we adjusted for a validated indicator of smoking [15] and the immu
nosuppressants we investigated are used for a variety of indications, 
which suggests that the use of the medications, not the primary indi
cation, might partially explain our findings, although it is difficult to 
rule out residual confounding by smoking. Another caveat is that our 
study assumes that beneficiaries are diagnosed accurately and that codes 
are entered correctly. Given the likely high specificity of our method of 
PD ascertainment [14], we anticipate minimal impact on risk estimates 
[31]. In addition, we have consistently demonstrated that the de
mographics and well-established disease associations in Medicare ben
eficiaries replicates the epidemiologic literature on PD [13]. Finally, 
while our study is population-based and generalizable to older in
dividuals with specific types of Medicare coverage, we were unable to 
include other age-eligible Medicare beneficiaries. Insofar as they only 
differ with regard to demographics, our findings likely extend to these 
individuals as well because we confirmed that our main finding 
remained strong across all demographic factors we considered.

In summary, this large pharmacoepidemiology study identified 
several potential neuroprotective medications that could be repurposed 
for neuroprotective clinical trials and might suggest target mechanisms 
or chemical structures for further development as well, namely mTOR 
inhibitors, anti-TNF therapy, and possibly calcineurin inhibitors, several 
of which modulate peripheral T-cell activity and perhaps microglia. As 
these medications are all FDA-approved and have known safety profiles, 
advancing one or more of these medications into clinical trials would be 
highly efficient.
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