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A B S T R A C T

Introduction: Parkinson's Disease (PD) is diagnosed clinically. Reliable non-invasive PD biomarkers are actively
sought. Transfer RNAs produce short non-coding RNAs, the tRNA-derived fragments (tRF). tRF have been shown
to play diverse roles, including in amyotrophic lateral sclerosis, and the response to ischemic stroke. Rich tRF
populations are being reported in biofluids. We explored the possibility that tRF can serve as non-invasive
biomarkers for PD.
Methods: We collected existing RNA-seq samples and re-analyzed a total of 254 legacy datasets from 3 previous
studies, from male and female PD patients and controls that belong to three categories: prefrontal cortex samples
from 29 patients and 33 controls; cerebrospinal fluid (CSF) samples from 63 patients and 64 controls; and, serum
samples from 34 patients and 31 controls. First, we identified tRF exhaustively and deterministically in every
dataset. Second, we determined tRF that are differentially abundant (DA) between PD and control samples, using
uncorrected t-tests. Lastly, we assessed all the DA tRF from the previous step with Partial Least Squares –
Discriminant Analysis (PLS-DA) to stringently sub-select tRF that can distinguish PD patients from controls.
Results: We show that PLS-DA identified tRF from prefrontal cortex, CSF, and serum that can distinguish PD
patients from controls. A handful of identified tRF were previously investigated in neurological contexts.
Signatures built from relatively few tRF suffice to distinguish PD from control in each category of samples with
high sensitivity (89-100%) and specificity (79-98%).

Conclusion: tRF-based signatures are promising candidates that warrant further evaluation as non-invasive
PD biomarkers.

1. Introduction

tRNA halves (tRHs), the first reported category of tRNA-derived
fragments (tRF) [1,2], are produced in response to cellular stress. The
endonuclease Angiogenin (ANG) has been linked to production of 5′-
tRHs and 3′-tRHs from mature tRNAs in several contexts [1,3,4]. In
recent years, several more structural categories of tRF were identified.
They include: 5′-tRF, whose 5′ termini are the 5′ ends of the mature
tRNA; and 3′-tRF, whose 3′ termini are the 3′ end of the mature tRNA
[5]. Our work identified a fifth structural category of tRF, known as
“internal tRF” (i-tRF). i-tRF can begin and end anywhere along the
mature tRNA sequence [6].

In neurologic contexts, tRHs were first described in amyotrophic
lateral sclerosis (ALS), where they provide a protective role for motor
neurons. Either loss of protective tRHs or interaction between protec-
tive tRHs and pathogenic RNA repeats may contribute to the

pathogenesis of ALS [7]. tRF were also shown to be active in a vascular
response to ischemia in the rat brain [8]. Finally, mutations in CLP1
cause production of tRF that sensitize neurons to p53-mediated oxida-
tive damage, resulting in a rare familial neurodegenerative disorder
[9].

With regard to PD, ANG is linked to increased risk for sporadic PD
[10]. Sporadic ANG mutations observed in ALS and PD affect its ribo-
nuclease activity. Experiments in mice demonstrate that alpha-synu-
clein decreases the activity of ANG in a dose dependent manner
[11,12]. Additionally, these experiments show that angiogenin is neu-
roprotective in a chemical model of PD, in a manner independent of Akt
signaling. Thus, whether through mutation or functional inhibition, the
normal production of tRHs by ANG may be lost in PD.

Currently, PD is diagnosed by movement disorder specialists
[13,14]. Several studies have explored biomarkers, from serum alpha-
synuclein to CSF cytokines. One of the most promising candidates is
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serum uric acid [13,15,16]. Low uric acid levels correlate with risk for
PD. Serum uric acid may proxy an individual's capacity to compensate
for oxidative stress [13]. The molecular cause of PD is debated
[14,17,18]. Gene knockout and environmental exposure models sup-
port the idea that PD involves improper management of cellular stresses
- due to SNc-specific high energy demands - by mitochondrial me-
chanisms, protein turnover, and vesicular trafficking [19,20].

Because of the links between tRHs, stress responses and PD, we
hypothesized that tRF exhibit differential abundances in PD, and that
some of the tRF behind those differences may manifest themselves in
biofluids. Below, we leverage MINTmap [21], Threshold-seq [22], and
MINTbase [23] to determine whether tRF in prefrontal cortex, CSF, or
serum can serve as PD biomarkers. A PD-specific serum signature raises
the possibility of devising a non-invasive biomarker.

2. Methods

2.1. Datasets

We re-analyzed short RNA-sequencing data that were generated by
previous research efforts. We downloaded the data from two re-
positories at the National Institutes of Health (NIH): the Gene
Expression Omnibus (GEO) and the database of Genotypes and
Phenotypes (dbGaP). Specifically, we downloaded: datasets corre-
sponding to prefrontal cortex samples from 29 PD patients (NIH GEO
#GSE72962 [24]) and 33 controls (NIH GEO #GSE64977 [25]); data-
sets corresponding to CSF samples from 67 PD patients and 69 controls
(NIH dbGap #phs000727 [26]); and, datasets corresponding to serum
samples from 61 PD samples and 71 controls (NIH dbGap #phs000727
[26]). Data were acquired from the GEO repository without any re-
strictions. Data were acquired from the dbGap repository by Eric
Londin, with an accompanying statement of purpose submitted and
approved as of November 19, 2014.

2.2. Patient diagnosis and characteristics

Patients in the dbGap study were enrolled in the Banner Sun Health
Research Institute (BSHRI) Brain and Body Donation Program. Samples
in the NIH GEO studies were obtained from the BSHRI National Brain
and Tissue Resource for PD and Related Disorders, Harvard Brain and
Tissue Resource Center (Belmont, MA), and Human Brain and Spinal
Fluid Resource (Los Angeles, CA).

All NIH GEO patients were negative for known GBA and LRRK2
mutations. PD diagnosis in these studies was made on the basis of
histopathologic criteria at the time of enrollment of the tissue samples.
In the dbGap study, diagnoses were subsequently confirmed prior to the
study [26]. Dementia was diagnosed by enrolling physicians using chart
review.

2.3. Preprocessing of sequenced reads and tRF profiling

First, we processed samples using the cutadapt (v1.5) tool [27].
Briefly, cutadapt trims low quality bases from the 5′ and 3′ ends of
reads. Then, cutadapt removes 5′ and 3′ adapters. Additionally, we fil-
tered out reads in which adapters could not be located. We then used
MINTmap to profile and quantify tRF [21,28,29]. MINTmap uses only
exact matches and distinguishes between exclusive tRF (whose se-
quences can only be found among the known tRNA loci of the human
genome) and ambiguous tRF (whose sequences can be found among the
known tRNA loci but also elsewhere in the human genome). We used
Threshold-seq [22] to calculate an adaptive threshold for each sample.
Threshold-seq calculates a different threshold for each sample, by de-
termining the level above which raw sequence read events are unlikely
to be noise and are more likely to represent biologically relevant RNAs.
The threshold is adaptive in that it is calculated using the unique dis-
tribution of read counts in each sample. Finally, for all tRF in each

sample that exceeded the Threshold-seq threshold, we normalized their
abundance to sample read depth using a “reads per million” (RPM)
calculation.

2.4. Sample quality control

Extracting RNA from biofluids can be challenging. Earlier work [26]
noted the instability of miRNA profiles derived from CSF and serum
samples. In our analyses, we observed a positive correlation between
the number of reads after using cutadapt on the CSF and serum col-
lections and the number of reads identified as tRF by MINTmap (Supp.
Fig. 1A–B). The correlation breaks down in those samples where fewer
reads survive our preprocessing. Looking at the average numbers of
reads that land in the tRNA space allows us to determine the minimum
number of reads needed to identify all unique tRF. This appears to
be ≥ 100,000 reads mapping to tRF (Supp. Fig. 1C–D). Importantly,

Fig. 1. tRF identified in the prefrontal cortex, CSF and serum collections.
We used the MINTmap and Threshold-seq algorithms to identify the set of tRF
recovered from all prefrontal cortex (PFC in figure) samples, all CSF samples,
and all serum (SER in figure) samples. (A) The Venn diagram describes the
overlap of tRF discovered in these three collections. (B) We recompute the
overlap shown in (A) after filtering out tRF that are contained in the most recent
Release of MINTbase and which have been reported in other tissue contexts. We
then used t-tests to identify tRF that are DA between control and PD samples in
prefrontal cortex, CSF, and serum samples. DA tRF are those with a difference in
means per a t-test with p-value ≤ 0.05. The shown Venn diagrams capture the
overlap between tRF identified in each context (C-F). Each panel describes the
overlap of DA tRF when splitting samples by patient sex (male or female) and
sample tissue type (prefrontal cortex, CSF, or serum), as indicated. Green circles
represent prefrontal cortex samples. Gold circles represent CSF samples. Red
circles represent serum samples. (For interpretation of the references to colour
in this figure legend, the reader is referred to the Web version of this article.)
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enforcing this minimum required number of reads allows us to con-
fidently identify samples in which tRF are either present at very low
levels, or not expressed at all. Clinical characteristics for samples from
both studies that passed quality control are listed in Supp. Table 1. All
five structural categories mentioned in the Introduction are represented
among the identified tRF (Supp. Material and Supp. Figure 2).

2.5. Sequence batch correction

Prefrontal cortex samples were sequenced in three annotated bat-
ches (Supp. Table 1). To account for and correct possible batch effects,
we processed RPM expression data using ComBat [30] from Bio-
conductor (release 3.6). ComBat-processed reads were used in all of our
downstream analyses. Sequencing batch information was not available
for CSF and serum samples.

2.6. Statistical analyses

All analyses were run in R version 3.3.0. We used two-tailed t-tests
to identify differentially-abundant tRF (p-value≤ 0.05). In this first
step, we did not correct for multiple testing, in order to retain the
greatest number of tRF possible for use in downstream classifier model
construction. To construct classifier models, we used the DiscriMiner
package for Partial Least Squares-Discriminant Analysis (PLS-DA). PLS-
DA is a method of sample classification that first transforms the ob-
servable and predicted variables by using partial least squares.

We used Monte Carlo simulations to evaluate PLS-DA model per-
formance. For each collection (prefrontal cortex, CSF, serum), we ran-
domly split the control and disease samples of the collection into a
training (60%) and a test (40%) set. We built a classifier using the
training set and assessed it using the respective test set. We repeated this
process of random splitting for a total of N2 times where N is the total
number of control and disease samples in the collection. We then tallied
true positives, true negatives, false positives, and false negatives to
compute sensitivity and specificity. We did this by counting the number
of times each sample in each collection was classified as control or PD,
and comparing this to the known classification of the sample.

3. Results

We worked with legacy datasets corresponding to samples from
three collections (prefrontal cortex - PFC in figures, CSF, and serum -
SER in figures) that we processed and re-analyzed as described in
Methods. As noted in the original publication [24], NIH GEO PD pa-
tients were significantly older at death (77.6 years ± 8.96) than con-
trol patients (68.1 years ± 14.9) (t-test, p-value ≤ 0.05). The dbGap
samples were age-matched for both CSF (control: 81.6 years ± 10.1,
PD: 80.0 years ± 5.13) and serum (control: 78.5 years ± 11.1, PD:
80.1 years ± 5.53) samples. Enforcing quality control criteria left us
with 62 prefrontal cortex, 127 CSF, and 65 serum samples from PD
patients and controls (CNTRL in figures). These samples contain enough
tRF reads for us to confidently identify tRF that are truly absent from
these samples, and not absent due to the quality of sequencing. Note
that all prefrontal cortex samples were obtained from male patients.

Information on the duration of disease was available for 21 of 29
prefrontal cortex samples, and all CSF and serum samples. We note that
duration of disease was not significantly different across the three
sample types. Duration of disease was as follows: prefrontal cortex: 10.5
years ± 6.5; CSF: 12.7 years ± 8.0; and, serum: 10.6 ± 8.4. Further,
we note that motor onset of disease was marked in 21 of 29 prefrontal
cortex samples (66.5 years ± 9.8), occurring roughly 10 years on
average prior to death. Age at motor onset did not significantly differ
between prefrontal cortex patients who developed dementia (69.8
years ± 12.2) and those who did not (64.1 years ± 7.2). Duration of
disease did not significantly differ either between prefrontal cortex
patients who developed dementia (9.2 years ± 6.7) and those who did
not (11.5 years ± 6.4). Additional clinical characteristics for these
samples are listed in Supp. Table 1.

3.1. tRF abundance profiles differ among prefrontal cortex, CSF and serum

Using MINTmap and Threshold-seq, we identified 33,561 unique tRF
across the three categories of samples (Fig. 1A). These are denoted by
“{PFC ∪ CSF ∪ SER}” in Fig. 1. 31,196 tRF were contributed by the
prefrontal cortex samples, 12,608 by the CSF samples, and 9,857 by the

Fig. 2. DA tRF in the prefrontal cortex,
CSF, and serum collections. We identified
DA tRF as described in Fig. 1. Here, we plot
the results, showing fold changes and p-
values, in combination with a breakdown
by tRF type. Specifically, we plot the log2

fold change (PD:CNTRL) for each DA tRF in
each sample set. Circles are displaced from
the vertical line according to their p-value,
with lower p-values being further shifted to
the right (up to a minimum observed p-
value of ∼10−5) (see explanation panel for
an illustration). We plot the results for
prefrontal cortex male comparisons (A),
CSF female comparisons (B), CSF male
comparisons (C), serum female comparisons
(D), and serum male comparisons (E).
Green circles refer to prefrontal cortex
samples. Gold circles refer to CSF samples.
Red circles refer to serum samples. As can
be seen, many tRF exhibit considerable fold
changes that are also statistically-sig-
nificant. Each of the shown probability in-
tervals spans five log10 units – see detailed
plot in the bottom right of the Figure. (For
interpretation of the references to colour in
this figure legend, the reader is referred to
the Web version of this article.)
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serum samples (Supp. Table 2). 58% of all these tRF are unique to the
prefrontal cortex samples. To gauge the tissue-specificity of these tRF,
we recalculated the Venn diagram of Fig. 1A after excluding all tRF that
are contained in MINTbase [23,29], currently the largest repository of
tRF from human samples (Fig. 1B). Release 2.0 of MINTbase contains
26,744 distinct tRF (here denoted by “{MINTbase}”) from 11,721
samples. MINTbase's samples come from The Cancer Genome Atlas
(TCGA), the 1000 Genomes Project, and multiple other studies, both
non-cancer and cancer [29]. Several dozen human tissue contexts are
represented in MINTbase including 535 lower grade glioma tissue
samples that give rise to 7,405 tRF.

3.2. Multiple tRF are differentially abundant between control and PD in all
three collections

We next identified differentially abundant (DA) tRF between
healthy and PD states in each collection (t-test, p-value ≤ 0.05).
Because we have reported that sex modulates tRF expression [6], we
analyzed male and female samples separately. As mentioned above,
during the first step we did not correct for multiple testing, in order to
retain as many tRF as possible prior to filtering them with the more
stringent PLS-DA method (see below).

The numbers of identified DA tRF and their overlaps are summar-
ized in Fig. 1C–D. The sequences of these tRF and other information are
described in Supp. Table 3. Again, we leveraged MINTbase [23,29] –
see previous section. Fig. 1E–F shows how the overlaps change when we
subtract all previously-seen tRF that are contained in MINTbase. In the
CSF samples, 19 DA tRF are common to both males and females; of
these, six are not in MINTbase. By contrast, in the serum samples, only
three DA tRF are common to both males and females, and all three of
them are in MINTbase.

DA tRF from the prefrontal cortex samples (all male donors) overlap
with male comparisons in biofluids: 62 DA tRF, of which 16 are not in
MINTbase, are common to both CSF and prefrontal cortex. Fig. 2 pre-
sents a panorama of the log2 fold changes between PD and control
samples for all DA tRF. In each plot, individual points represent DA tRF,
with the point's Y-value capturing the observed fold change (log2) and
the X-value capturing the -log10 of the tRF's p-value. Each interval
shows the findings separately for each tRF category and spans five log10

units.

3.3. Multiple tRF are differentially abundant in the context of dementia
associated with PD

We next compared patients who had PD with dementia (PDD) and
PD without dementia (PND). Fig. 3 describes DA tRF shared among
PDD, PND and control in all three collections.

Of note, in the prefrontal cortex samples we find 980 DA tRF that
are common to all three comparisons: control vs. PD, control vs. PND,
and control vs. PDD. This indicates that these tRF are DA independently
of the stage of disease (Fig. 3A). On the other hand, when we compare
control vs. PD and control vs. PND, we find that 934 DA tRF are
common to both. Lastly, when we compare control vs. PD and control
vs. PDD, we find 512 tRF are DA and common to both (Fig. 3A). This
suggests that the presence or absence of dementia is captured by a
characteristically different profile of DA tRF.

Our analyses of CSF (Fig. 3B–C) and serum (Fig. 3D–E) samples
produced analogous results. We emphasize that DA tRF between PND
and PDD in CSF and in serum exhibit a very strong sex dependence
(Fig. 3B–E). We also find tRF that are DA between PND and PDD yet are
not captured by any of the other comparisons (Fig. 3F). Interestingly,
these DA tRF are virtually unique to prefrontal cortex, CSF, and serum,
respectively.

3.4. tRF could serve as candidate PD biomarkers

We next determined whether DA tRF could serve as biomarkers of
PD (see Methods). We used a PLS-DA model approach using as input the
DA tRF derived from the t-test of the first step (see above). Several
biomarkers have been explored for PD diagnosis, including but not
limited to: serum uric acid, DJ-1 isoforms, ApoA1, EGF, and interleukin-
8 [14]. All of these promising biomarker candidates have also been
investigated either in tissues outside the brain or in roles outside of PD,
indicating that non-specific markers may confer diagnostic power.
Thus, we retained tRF that have been discussed in other contexts, in
order to maximize the potential for PLS-DA models to identify pro-
mising disease classifiers.

We evaluated the PLS-DA model by randomly assigning disease and
control labels to the samples followed by training and testing over the
course of N2 iterations to determine the model's response to noise.
When we did that performance decreased dramatically, indicating that
the PLS-DA model had identified true signal (data not shown).

Fig. 3. tRF in prefrontal cortex, CSF, and serum samples that are differ-
entially abundant between control, PND, and PDD. We used t-tests to
identify the DA tRF. We carried out these analyses separately for prefrontal
cortex, CSF, and serum. The Venn diagrams describe the overlap between DA
tRF identified in each context (A-E) with those originally identified in Fig. 1C–F.
Each panel describes the overlap of DA tRF when splitting samples by patient
sex, and by collection (prefrontal cortex, CSF, or serum). Specifically, sample
groups are plotted as follows: prefrontal cortex male (A), CSF female (B), CSF
male (C), serum female (D), and serum male (E). Panel F shows the complement
of DA tRF in PND vs. PDD comparisons. Specifically, we retained and plotted
the intersections of DA tRF not part of the set of DA tRF from control (CNTRL in
figure) vs. PD, control vs. PND, or control vs. PDD comparisons. Green circles
represent prefrontal cortex samples. Gold circles represent CSF samples. Red
circles represent serum samples. (For interpretation of the references to colour
in this figure legend, the reader is referred to the Web version of this article.)
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To determine how well each model classified unknown samples, we
counted the number of times a given sample in a test set was classified
as PD or control through the N2 simulations in each of the five com-
parisons (Fig. 4A). Next, we compared these totals to the true identity
(PD or control) of the sample and tallied correct and incorrect assign-
ments that we used to calculate sensitivity and specificity (Fig. 4B). We
find that across N2 simulations, we classify male prefrontal cortex
samples with 98% sensitivity and 86% specificity, female CSF samples
with 90% sensitivity and 98% specificity, male CSF samples with 91%
sensitivity and 79% specificity, female serum samples with 100% sen-
sitivity and 81% specificity, and male serum samples with 89% sensi-
tivity and 83% specificity.

3.5. tRF could serve as candidate PND and PDD biomarkers

We next asked whether tRF could also differentiate PND and PDD
from control. Specifically, we examined how sensitivity and specificity
change when sub-dividing PD into PDD and PND. For the prefrontal
cortex samples, we find that classification is slightly less specific in
control vs. PND than in control vs. PDD (Supp. Figure 3B).

When using CSF samples, the sensitivity in distinguishing control
cases from female PDD patients increases to 98% and to 94% for PND
patients. However, specificity is slightly lower (95%) in control vs. fe-
male PDD patients. For male patients, the sensitivity and sensitivity
trends for PDD and PND are the same; however, in absolute terms, the
values of sensitivity and specificity that can be achieved are lower than
the values for female patients.

For female and male serum samples, incorporating knowledge of the
presence or absence of dementia left the sensitivity and specificity
figures essentially unchanged (Supp. Figure 3).

3.6. Prioritizing the tRF that can distinguish PD, PND, and PDD from
control samples

We next prioritized tRF based on their ability to discriminate PD

from control. For PLS-DA models using all tRF from {PFC ∪ CSF ∪ SER},
we asked how many times each tRF showed a “Variable Importance in
Projection” (VIP) score ≥ 1.5 in all N2 PLS-DA models (Supp. Table 4).
A tRF VIP score is a measure of tRF contribution to the model's ability to
classify samples: the higher the VIP score of a tRF, the higher its re-
levance as a biomarker. Those tRF that are assigned consistently high
VIP scores during the simulation are ideal components with which to
build a biomarker signature.

We ranked tRF by the number of times they exceeded VIP threshold
in each of the N2 models across the five comparisons (Supp. Table 5).
Drawing on this ranked list, we ran PLS-DA simulations with 100% of
the samples in each category, using the top X tRF by number of VIP
votes received, from X = 3 to 44. The maximum value of 44 is due to
the availability of only 44 VIP tRF in female serum samples. For each
value of X, we fixed the maximum number of components in each PLS-
DA model at X, and used cross-validation to allow the PLS-DA algorithm
to build the best possible model from the available data. Finally, we
plotted the error rate of each model as a function of the number of tRF
used (Fig. 4C).

As a final step in the selection of the different biomarker panels for
PD, we chose the smallest number of tRF contributing to the minimum
error rate achieved in Fig. 4C. We plotted the normalized discriminant
score for each sample (100% of samples) in this best possible model
using the smallest number of tRF (Fig. 4D). Specifically, we find that
X = 38 tRF are necessary to model samples from male prefrontal cortex,
whereas the numbers become 27, 28, 19 and 18 for female CSF, male
CSF, female serum, and male serum samples respectively (Fig. 4D; listed
in Supp. Table 5).

4. Discussion

In this exploratory study, we investigate the relevance of tRF in the
context of PD. Our findings suggest that tRF have the potential to serve
as non-invasive biomarkers for PD. As is the case with biomarkers,
additional and independent validation of tRF-based biomarkers for PD

Fig. 4. Small signatures of tRF suffice to
correctly distinguish control from PD
samples. In panel A, we demonstrate the
efficacy of classification of each sample
throughout the N2 PLS-DA simulations, by
plotting the percentage of simulations in
which each sample was classified as PD,
when it was included in a simulation. We
show this for all five comparisons and split
control and PD samples, to show the re-
lative performance of classification. We
then count the total number of times each
sample was correctly classified (true posi-
tive or true negative) and the number of
times each sample was incorrectly classified
(false positive or false negative). In panel B,
we use the true positive, true negative, false
positive, and false negative sums from the
data in panel A, to calculate the sensitivity
and specificity of the five models. To create
panel C, we first summed the number of
times the VIP score of each tRF used in
panel A was ≥ 1.5 in a simulation, and
ranked each sum in descending order, for all
five comparisons. We then built PLS-DA
models using 100% of samples and using
the top X tRF by sum of VIP votes, from
X = 2 to 44 (44 is the maximum number of
tRF available from the female serum sam-
ples). Panel C shows the error rate of all

models, for all five comparisons. Panel D shows the discriminant score calculated by the best performing PLS-DA model from panel C that uses the smallest number of
tRF as a signature.
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will be necessary. Currently, our data suggest that such a biomarker
would serve a diagnostic goal. Many more datasets will be required
before it can be determined how well tRF perform as prognostic bio-
markers or whether they can serve as therapeutic targets. The apparent
sex dependence further adds to the number of datasets that are needed.
For the time being, we posit based on the available data that tRF bio-
markers for PD could be used to provide independent confirmation after
clinical investigation has raised suspicion of disease. Our reasoning is
based on the presence of an observable disease signal in a large group of
samples characterized by a wide range of disease durations (Supp.
Table 1).

Our analysis uncovered a large number of tRF in prefrontal cortex,
CSF, and serum from both healthy control patients and PD patients.
Several tRF are shared among the three collections. Some of the tRF in
these three collections have been identified in other tissue/cellular
contexts and are currently catalogued in MINTbase [23,29]. Even so, a
large portion of the tRF we identified in the samples we analyzed are
specifically observed in only one of prefrontal cortex, CSF, or serum.

The majority of the tRF that are differentially abundant (DA) be-
tween control and PD are unique to exactly one of prefrontal cortex,
CSF, or serum categories. We identified a first group of DA tRF using a
simple t-test without p-value correction for multiple testing in order to
generate the largest possible pool of biomarker candidates. We then
relied on the stringency of a robust downstream method, PLS-DA to
filter out DA tRF as needed. Specifically, all DA tRF (by t-test) from each
of five separate PD vs. control comparisons became the input for the
PLS-DA analysis, the latter having been carried out with the appropriate
cross-validation. The resulting models were tested using standard data
randomization schemes (see Methods). Thus, the tRF that emerged as
important for successfully classifying samples using PLS-DA represent
statistically sound choices and represent high-priority candidates for
future validation experiments.

In addition to identifying DA tRF between control and PD samples,
we further tested whether tRF were DA when we partitioned the PD
group into those without dementia (PND) and those with dementia
(PDD). Notably, we identified a considerable number of tRF that are DA
specifically in one of control vs. PND, control vs. PDD, or PND vs. PDD.
It is conceivable that these tRF capture changes that are specific to
disease progression. The mutation background of these patients is not
known (beyond GBA and LRRK2 for prefrontal cortex patients), so these
tRF could also change as a result of individual-specific molecular al-
terations.

Using the PLS-DA approach, we are able to sensitively and specifi-
cally classify samples as either control or PD. Specifically, we classify
samples with high sensitivity (“sens.”) and specificity (“spec.”) in male
prefrontal cortex samples (98% sens. / 86% spec.), in female CSF
samples (90% sens. / 98% spec.), in male CSF samples (91% sens. /
79% spec.), in female serum samples (100% sens. / 81% spec.), and in
male serum samples (89% sens. / 83% spec.). We note that several
samples from each of the five categories could not be assigned reliably
to their true category across the N2 simulations (Fig. 4A). Such het-
erogeneity in the case of the biofluid comparisons could be the result of
cross-talk from having included tRF that were previously observed in
other tissue contexts unrelated to PD, such as those catalogued in
MINTbase [23,29]. Alternatively, differences in patient characteristics
such as mutation landscape inciting disease or other clinicopathologic
factors could be behind this classification difficulty.

Looking at the tRF forming the smallest possible discriminative tRF
signatures, we noted the inclusion of a handful of 5′-tRNA halves (5′-
tRHs) with known mechanisms of action in the brain. Several research
groups have explored the function of some tRHs in the brain, and found
that 5′-guanine rich 5′-tRHs from tRNA Ala and tRNA Cys may serve a
protective role in human motor neurons, by forming G quadruplex
structures [7]. The G-quadruplex structures promote stress granule
formation. ALS-associated C9orf72 RNA repeats seem to interfere with
this function, thereby promoting motor neuron death. Such properties

may explain the fact that we see tRHs from tRNA Ala in the signature
for prefrontal cortex and CSF samples: these tRHs may play a role in PD
pathophysiology, similar to the observed role in ALS. We note that 5′-
tRHs are known to be induced generally by stress conditions in a wide
variety of cell types [1,2,31,32].

In addition to tRHs implicated in ALS, we observe 5′-tRHs from
tRNA Gly and tRNA Val in our signatures. These 5′-tRHs were pre-
viously shown to be up-regulated acutely after ischemic stroke events
[8]. Though the downstream purpose of this mechanism remains un-
clear, these tRHs apparently play a role in response to a traumatic event
in the brain. We find these 5′-tRHs in the candidate biomarker signature
for serum samples, indicating that they may be active in the vasculature
in PD contexts. We note that mouse studies demonstrated that over-
expression of these same 5′-tRHs inhibits proliferation of human um-
bilical vein endothelial cells in vitro.

In summary, in this presentation, we explored the role of a novel
species of non-coding RNA in the context of PD, in actual brain samples
and biofluids from PD patients and controls. We note that this study
represents an exploration of the possibility that tRFs may serve as re-
liable biomarkers in the context of PD. Further validation and con-
firmatory efforts are both warranted and required. We find that tRF
exhibit differential behavior in the disease state. Through additional
scrutiny of these molecules, we identified a large collection of DA tRF
not previously encountered in other tissues and/or diseases. The DA tRF
that we identified in serum represent good candidates for the devel-
opment of non-invasive biomarkers for PD. We stress, however, that
this analysis only serves to demonstrate the potential of these molecules
as biomarkers. A number of next steps will be necessary to corroborate
or refute the relevance of these molecules as biomarkers for the disease.

In our effort to gauge the stringency of our biomarker selection, we
also carried out a comparison with Alzheimer's Disease (AD) deep se-
quencing data (Supp. Material and Supp. Table 7). We found that the
VIP biomarker tRF that are contained in the signatures we discussed
above are indeed specific to PD. However, we note that these AD da-
tasets come from a different cortical area and the samples were pro-
cessed by a different laboratory.

Future work will need to validate the PD-specific nature of the tRF
that emerged from our work (Fig. 4) by, e.g., comparing data from two
or more independent PD cohorts, run and processed using the same
methods in the same laboratory. If successful, the analyses should be
extended to encompass larger patient cohorts, to solidify the practical
utility of these tRF signatures as non-invasive diagnostic biomarkers of
PD. Future work should also seek to regenerate our tRF signatures de
novo through independent sequencing of independent sample collec-
tions from prefrontal cortex, CSF, and serum. Currently, deep sequen-
cing represents the ideal choice for this task. Indeed, in prior work, we
showed that popular commercially-available qPCR methods are prone
to quantification errors because they lack the ability to guarantee the
identity of both 5′ and 3′ endpoints of short molecules such as tRF and
microRNAs [33]. Lastly, future experiments should also seek to re-
capitulate the known functions of some tRF in our signatures in PD-
specific contexts, to determine whether these molecules are involved in
similarly important mechanisms in PD.
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