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Abstract Prions are self-propagating infectious protein
isoforms. A growing number of prions have been identi-
fied in yeast, each resulting from the conversion of soluble
proteins into an insoluble amyloid form. These yeast prions
have served as a powerful model system for studying the
causes and consequences of prion aggregation. Remark-
ably, a number of human proteins containing prion-like
domains, defined as domains with compositional similarity
to yeast prion domains, have recently been linked to vari-
ous human degenerative diseases, including amyotrophic
lateral sclerosis. This suggests that the lessons learned from
yeast prions may help in understanding these human dis-
eases. In this review, we examine what has been learned
about the amino acid sequence basis for prion aggregation
in yeast, and how this information has been used to develop
methods to predict aggregation propensity. We then discuss
how this information is being applied to understand human
disease, and the challenges involved in applying yeast pre-
diction methods to higher organisms.

Keywords Yeast - Prion - Amyloid - Prion-like domains -
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Introduction

Prions result from the conversion of soluble proteins to an
insoluble aggregated form. Typically, these aggregates are
assembled into organized amyloid fibers with cross f-sheet
structure and are capable of acting as self-propagating
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infectious agents sans nucleic acid [1]. Though this struc-
tural characterization of prion aggregates is generally
accepted, the specific features that drive prion nucleation,
aggregation, and propagation have proven more difficult
to determine. Further complicating matters, prions can be
subdivided into unique classes with fundamentally differ-
ent features driving prion formation.

Several naturally occurring prion-forming proteins have
been identified in Saccharomyces cerevisiae, including
Mot3, Rnql, Swil, Cyc8, Sfpl, Mod5, Ure2, Sup35, and
Nup100 [2—10]. All of these yeast prion proteins, with the
exception of ModS5, contain prion-forming domains (PFDs)
rich in glutamine and asparagine (Q/N). However, many
other amyloid- and prion-forming proteins are not Q/N-
rich, so this feature is not required for either amyloid for-
mation or prion activity.

The presence of such a large number of proteins that can
act as prions in yeast is somewhat enigmatic. It is clear that
for some proteins, amyloid or prion formation can serve
beneficial functions, acting as regulatory or structural ele-
ments [11]. However, the role of prions in normal yeast
physiology is less clear. Some argue that prions may be
advantageous to yeast under particular conditions, allowing
them to act as means of survival and adaptation in fluctuat-
ing environments [12—14]. Others maintain that since yeast
prions are relatively rare in wild strains despite their abil-
ity to form spontaneously and spread, these prions likely
do not confer a selective advantage [15—18]. Rather, yeast
PFDs may have evolved for reasons unrelated to prion
formation.

The presence of prions in humans is currently thought
to be limited to a single prion-forming protein, PrP, which
is responsible for Creutzfeldt—Jakob disease (CJD), fatal
familial insomnia (FFI), Gerstmann—Straussler—Scheinker
syndrome (GSS), and kuru [19]. Although many diseases
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involve protein misfolding, prions are distinguished from
other protein-misfolding diseases based on transmissibility
of the misfolded form. These PrP-associated prion diseases
often have long incubation times; however, upon onset of
initial symptoms, these diseases generally progress rap-
idly. Symptoms include neurodegeneration and progres-
sive dementia, as well as other disease-specific pathologies.
Currently, all of the human prion diseases are incurable and
invariably fatal.

Although PrP is the only known human prion protein,
many other human proteins contain “prion-like domains”
(PrLDs), defined as regions with high compositional simi-
larity to yeast PFDs [20, 21], and Q/N-rich proteins are
overrepresented among certain eukaryotic genomes, includ-
ing the human genome [22, 23]. A few of these PrLD-con-
taining proteins have recently been linked to various neuro-
degenerative disorders in humans, suggesting that lessons
learned from yeast prions may be applicable to non-prion
neurodegenerative diseases, and that there may be addi-
tional beneficial or disease-associated prion-like domains
in humans yet to be identified.

Although some progress has been made in predict-
ing prion-like activity in yeast and in humans, it is clear
that current prion prediction methods harbor significant
limitations. Therefore, in this review we will discuss a
brief history of yeast prion discovery and characteriza-
tion, the systematic attempts to identify and predict prion
behavior, ways that these predictions may be adapted and
applied to human prion-like neurodegenerative disorders,
and the challenges ahead in developing better prediction
methods.

Yeast prion discovery and characterization

The first two yeast prions discovered, [PSI"] and [URE3],
were initially identified in genetic screens as non-chromo-
somal genetic elements with non-Mendelian inheritance
[24, 25]. However, the basis for this non-Mendelian inher-
itance was not initially known. Decades later, [PSI*] and
[URE3] were proposed to be the prion forms of Sup35 and
Ure2, respectively, based on their unusual genetic prop-
erties [9]. Subsequent careful analyses of these and other
yeast prions have revealed a series of common sequence
characteristics that have allowed for more targeted searches
for new prion proteins.

Ure2 and Sup35 have similar domain layouts, with an
N-terminal PFD that is responsible for prion activity but
dispensable for the major cellular function of the prion
protein (Table 1), and a C-terminal functional domain
[26-30]. Sup35 contains an additional highly charged mid-
dle domain, termed “M”, which is not required for either
prion formation or the normal cellular function of Sup35,
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Table 1 Amyloid-based prions from Saccharomyces cerevisiae

Prion protein Prion Prion domain
Cyc8 [OCT"] 465-966 [5]
Mod5 [MOD] 194-205 [8]
Mot3 [MOT3"] 1-295 [2]
Nup100 [NUP100™] 201-400 [10]
Rngl [PIN™] or [RNQ™] 153405 [7]
Stpl [ISP™] 253-331[2]
Sup35 [PSIT) 1-114 [29]
Swil [SWIt] 1-385 [2]
Ure2 [URE3] 1-89 [117]

but which helps to stabilize [PSIT] [31]. Sup35 and Ure2
are modular in nature, meaning the PFDs can be transferred
to unrelated proteins and still support prion formation [32,
33].

Both the Ure2 and Sup35 PFDs are Q/N-rich and
intrinsically disordered [34, 35]. Scrambling the primary
sequence of the Ure2 and Sup35 PFDs does not does not
eliminate the ability to form prions, indicating that amino
acid composition, not primary sequence, is predominantly
responsible for prion activity [36, 37]. The Sup35 and Ure2
PFDs share a number of compositional features, including
an under-representation of charged and highly hydrophobic
residues relative to the yeast proteome, and an over-repre-
sentation of polar amino acids and glycine (Table 2).

Many of these same general features are also found in
the other Q/N-rich PFDs. All of the known Q/N-rich PFDs
are predicted to be intrinsically disordered. Each has rela-
tively few charged and highly hydrophobic residues (for a
detailed review of yeast PFD composition, see Du, 2011
[38]). Consequently, a number of the subsequent prions to
be discovered were identified based on compositional simi-
larity to known prions [39]. Other compositional biases,
including biases towards serine, tyrosine, and glycine, are
only seen in a subset of PFDs [38].

Minimum PFD length requirements vary

Although Sup35 and Ure2 contain clearly defined PFDs,
determining the exact sequence features within these PFDs
that are required for prion activity has proven more chal-
lenging. One challenge is that prion activity involves a
series of discrete steps that may have distinct sequence
requirements (Fig. 1). Prion proteins must be able to form
prion aggregates (Fig. 1, steps 1 and 2). These prion aggre-
gates must then be able to recruit additional soluble protein
and convert it to the prion form (Fig. 1, Step 3). Finally,
prion aggregates must be fragmented to generate new inde-
pendently segregating aggregates (seeds) to offset dilution
by cell division (Fig. 1, Step 4).
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Table 2 . ?ercent amino acid Gln/Asn Ser Gly Tyr Charged? Hydrophobic®
composition of yeast PFDs
and human disease-associated Yeast PFDs¢
PrlDs Ure2 483 1.2 5.6 0 1.2 15.7
Rngl 43.1 154 16.7 5.9 2.4 8.3
Sup35 45.6 35 16.7 17.5 44 35
PFD average* 45.7 10.0 13.0 7.8 6.0 9.2
2 Charged residues include D, Yeast genome 10.0 9.0 5.0 34 24.0 28.3
E,K,R Human PrLDs®
" Hydrophobic residues include TDP-43 21.8 159 26.8 0.7 3.5 159
ELLMV FUS 215 238 28.3 122 3.8 0.8
© PFDs are as defined in Table 1 TAF15 27.7 224 15.1 15.1 10.6 13
¢ Average of the Ure2, Sup3s, EWSRI 18.9 15.4 9.6 13.6 3.6 4.0
and Rnql PFDs
¢ Discase-associated PrLDs hnRNPA2B1 12.7 9.6 452 10.8 9.5 6.4
found in RRM-containing hnRNPA1 12.3 16.0 422 8.0 9.7 8.1
proteins, as defined by the TIA1 31.6 4.2 15.8 9.5 2.1 12.6
Alberti algorithm [21] PrLD average 20.9 15.2 26.1 10.0 6.1 7.0
f Amino acids 90230, which Human genome 8.3 8.1 6.6 2.8 229 26.5
constitute the protease-resistant prpt 12.8 57 9.9 78 20.6 199

core of prion aggregates
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Fig. 1 Basic steps in prion formation and propagation. Soluble pro-
teins interact to form non-amyloid oligomers (step I). These aggre-
gates undergo a structural conversion to form amyloidogenic oli-
gomers (step 2). The amyloidogenic aggregates recruit additional

A wide variety of in vitro (Fig. 2a, b) and in vivo
(Fig. 2c—f) assays have been developed to define the
sequence elements required for prion activity, but many
of these assays only test a subset of the steps in prion for-
mation and propagation, and subtle differences in experi-
mental set-up can lead to very different outcomes. Conse-
quently, attempts to define these sequence requirements
have yielded seemingly contradictory results, with some
experiments suggesting that very short segments are
responsible for driving prion formation, and other experi-
ments indicating that larger regions are required for prion
activity.

A widely used method to identify key nucleating seg-
ments within PFDs is to test the ability of mutated pro-
teins to incorporate into wild-type prion aggregates either
in vivo (Fig. 2d) or in vitro (Fig. 2b). Various single point
mutations are sufficient to substantially reduce incorpora-
tion into wild-type Sup35 aggregates, both in vivo and in
vitro [26, 40]. Many of these mutations cluster in a small

soluble proteins to form amyloid fibrils and to grow these fibrils (step
3). Fragmentation of these fibrils (step 4) creates new fiber ends for
growth, while also creating new independently segregating aggregates
to offset dilution by cell division

19-amino-acid segment of the Sup35 PFD (amino acids
8-26), suggesting a critical role for this segment. This seg-
ment also appears critical for mediating the [PSI'] prion
species barrier between S. cerevisiae and C. albicans.
Insertion of amino acids 8-26 from S. cerevisiae Sup35
into C. albicans Sup35 was sufficient to allow for efficient
cross-seeding between S. cerevisiae and C. albicans Sup35
[41]. Other studies similarly indicate that short segments
can play an important role in mediating the species barrier
[42].

However, these short segments are not sufficient for
prion activity. The Sup35 PFD contains two subdomains:
an extreme N-terminal nucleation domain (amino acids
1-39) and an oligopeptide repeat domain (ORD; amino
acids 40-114), which consists of five and a half copies of
an imperfect nine-amino-acid sequence. The nucleation
domain and the first repeat (amino acids 1-49) are required
for incorporation into pre-existing aggregates. A slightly
longer fragment (amino acids 1-64, which includes the first
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Fig. 2 Assays to monitor prion-like activity and to define the regions
of PFDs responsible for various aspects of prion activity. a In vitro
aggregation. Protein fragments are incubated, generally with shak-
ing, and aggregation is monitored using various techniques including
Congo red binding, thioflavin T fluorescence, or pelleting assays. b
Seeded in vitro aggregation. Preformed aggregates (green) are mixed
with soluble protein (black) to test the ability of fragments to seed
aggregation, or to test the ability of mutants to add onto preformed
aggregates. ¢ De novo aggregation in vivo. PFD fragments are tran-
siently over-expressed. Aggregation is monitored either by fusing the
fragments to GFP to observe foci formation, or through biochemical
methods such as semi-denaturing detergent agarose gel electropho-
resis (SDD-AGE). d Decoration of aggregates. PFD fragments are

two repeats) is required for de novo aggregation (Fig. 2¢) or
induction of prion formation by full-length Sup35 (Fig. 2e;
[43]). Furthermore, the ORD is necessary for efficient prion
propagation (Fig. 2f); deletion of some or all of the repeats
destabilizes or eliminates [PSIT] [43—45].

These experiments demonstrate that while short seg-
ments may act as mediators of prion aggregation, larger
PFD segments are required for full prion activity, and dif-
ferent regions of a PFD are important for different aspects
of this prion activity. Other studies further argue against
the importance of short sequence motifs. The relative
insensitivity of PFDs to scrambling suggests either that
short sequence motifs are not important for prion activity
or that the sequence requirements for any such motifs are
sufficiently flexible that they are likely to be generated by
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expressed in prion-positive cells to determine whether the fragments
are capable of adding to preexisting aggregates. e Induction assays.
PFD fragments (green) are transiently overexpressed in the presence
of the full-length prion protein (black) to determine whether these
fragments are sufficient to seed aggregation of the full-length protein.
Aggregation is generally assayed by monitoring loss of function of
the full-length protein. f Prion propagation assays. A prion-positive
cell in which the chromosomal copy of the prion gene is deleted, but
that carries a maintainer plasmid expressing the wild-type prion pro-
tein (black), is transformed with a plasmid expressing a prion protein
mutant (green). The prion phenotype is assayed after selection for
loss of the maintainer plasmid to determine if the mutant is capable of
maintaining the prion

random chance within scrambled PFDs. In addition, dele-
tion analysis of one of the scrambled versions of Ure2
showed that while progressively larger truncations resulted
in gradually decreasing prion-forming ability, no single
segment within the PFD was absolutely required for prion
activity [37]. Together, these results suggest that length and
composition of PFDs are more important than any particu-
lar primary sequence element.

Curiously, much smaller segments are sufficient for in
vitro aggregation (Fig. 2a). Six- and seven-amino-acid seg-
ments from Sup35 can form amyloid aggregates in vitro
[46]. Likewise, eight-residue peptides from Ure2 form
amyloid fibrils in vitro [47]. Peptide arrays of 20-amino
acid fragments from Sup35 revealed multiple fragments
spanning amino acids 9-39 that efficiently nucleate
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aggregation of the Sup35 PFD [48]. The basis for this dra-
matic difference in length requirements for in vitro versus
in vivo aggregation is unclear.

Although some similar results have been seen for other
PFDs, each has its own variations. For many of the prion
proteins, the minimal prion domain has not been rigorously
mapped, making it difficult to draw broad conclusions. For
Ure2, amino acids 1-65 are sufficient to maintain [URE3]
[28]. A smaller 42-amino-acid segment (amino acids 1,20—
65) is capable of inducing prion formation by full-length
Ure2 [37], but this fragment has not been tested for prion
maintenance, so the exact minimum requirements for prion
maintenance are unclear.

Intriguingly, amino acids 1-37 of Swil are sufficient
for in vivo aggregation, induction, and transmission of the
[SWIT] prion [49]; this fragment is notably shorter than
other minimal PFDs. By contrast, Rnql, which forms the
[PIN'] (also known as [RNQ™]) has a much larger and
more complex PFD. The PFD spans residues 153—405, and
contains four Q/N-rich segments [50]. Three of these are
capable of supporting amyloid aggregation in vitro [51].
Deletion of any one of the Q/N-rich segments does not
result in loss of [PINT] in vivo, indicating that Rnql con-
tains multiple distinct prion determinants. Indeed, either
the second or fourth Q/N-rich segment (spanning amino
acids 218-263 and 337-405, respectively) is sufficient to
maintain a very weak form of [PIN'] when fused to the
non-Q/N-rich N-terminal domain (amino acids 1-132).

Collectively, analysis of these PFDs creates a series of
challenges that must be accounted for in building effec-
tive prion prediction methods. Specifically, while short
stretches appear to act as key nucleating elements, much
longer segments are required for in vivo prion activity for
each of the characterized PFDs. Furthermore, for most pro-
teins, the exact boundaries for prion activity are not rigidly
defined, as progressive PFD truncations frequently result
in progressively diminishing prion activity. Finally, while
PFD length seems to be a key factor in determining prion
activity, the exact length requirements vary substantially
between proteins.

Surrounding regions exert subtle effects on prion activity

Although PFDs are generally thought of as functionally
independent domains, prion activity does appear to be
somewhat context dependent. For example, one common
assay for prion activity is carried out by replacing part or
all of the PFD of Sup35 with a suspected PFD fragment
from another protein and testing for loss of Sup35 activity.
Although this method has helped identify new prions and
candidate prion proteins in yeast [2, 7], the PFDs from two
known yeast prions, Cyc8 and Mot3, show no prion activity
when fused to the Sup35 C-terminus [2]. Conversely, the

suspected PFD of another yeast protein, New 1, shows prion
activity when fused to Sup35 [52], but full-length New1
has not been shown to exhibit prion activity.

Mutations outside of PFDs can also substantially affect
prion activity. For Ure2, deletion of an eight amino acid
segment from the middle of the functional domain increases
prion induction by about 100-fold [28]. For Sup35, select
mutations or deletions within the C-terminal domain of
wild-type Sup35 result in minor changes in prion forma-
tion efficiency [28, 53, 54]. Likewise, mutations in the M
domain can affect the efficiency of [PSI™] propagation,
potentially by affecting chaperone interactions [31, 55].

Regions outside core PFDs could influence prion activ-
ity by a variety of mechanisms. First, such regions could
actively stabilize amyloid fibrils. For example, while the M
domain of Sup35 is not required for amyloid aggregation,
solid state NMR suggests that it may participate in cross-
B-sheet interactions within Sup35 fibers [56]. Second, the
non-prion domains could affect accessibility of the PFD;
for example, the non-prion domains could directly bind to
the PFD and reduce the PFD’s structural flexibility. Finally,
non-prion domains could affect interactions with factors,
such as chaperones, that influence amyloid aggregation.

Yeast chaperone Hsp104 mediates prion maintenance

Prion propagation in yeast requires fragmentation of prion
aggregates to offset dilution by cell division (Fig. 1, Step
4; [57]). This fragmentation is carried out by the chaper-
one protein Hspl04, along with co-chaperones Hsp70
and Hsp40 ([58-61]; reviewed in [62, 63]). Deletion of
HSP104 results in loss of the [PSI"] or [URE3] prions [58,
64]. Additionally, overexpression of Hsp104 results in loss
of [PSI*] [65]. Prion loss due to Hspl04 overexpression
has not been observed for any of the other yeast prions,
although all of the known yeast prions, with the exception
of [ISP*] [6], appear to be Hsp104-dependent [8, 10, 55].
Currently, it is unclear exactly how Hsp104 recognizes
and fragments prion fibers. A long-standing model sug-
gests that Hsp104, a hexameric member of the ATPases
associated with diverse cellular activities (AAA) superfam-
ily, recognizes amyloid fibrils, threads a single protomer
through its central pore, and delivers it to associated chap-
erones for refolding [66]. If the extracted protomer was
embedded within the fibril, the fibril would be fragmented,
producing two daughter seeds. Recent in vitro evidence
[67] supports a more subtle model of Hspl04-dependent
amyloid fibril fragmentation in which, rather than thread-
ing the entire protomer through the pore, a single B-strand
is only partially released from the fibril [68]. Initially, this
fibril would still be intact but unstable. The freed B-strand
could then either re-insert into the fibril thereby re-sta-
bilizing it, remain free and cause the fibril to fragment
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spontaneously as a result of the instability, or integrate into
another amyloid fibril, resulting in a large, stable aggregate.

Sup35 has been widely used as a model for studying the
role of Hspl04 in prion propagation. Deletion of one or
more of the 5%2 repeats in the ORD results in both an unsta-
ble [PSIT] state and a larger average aggregate size in the
remaining [PSI™] cells. This suggests a possible role for the
ORD in Hsp104-dependent fibril recognition or cleavage.
The ORD could either directly bind Hsp104 or alter the
conformation of the prion fibrils to allow Hspl04 access
[43, 45]. However, while the ability of the ORD to sup-
port [PSI*] propagation is dependent on the composition of
this region, it is largely primary sequence independent [37,
69]. This observation argues against a primary sequence-
dependent Hsp104 recognition site in the ORD, although it
is possible that Hsp104 simply has highly flexible require-
ments for binding. More recent experiments suggest direct
binding of Hsp104 to a short segment within the Sup35 M
domain [55, 68]. Peptide arrays were used to identify a
lysine-rich 20-amino-acid segment (amino acids 129-148)
that binds Hsp104 in vitro; deletion of this segment reduces
Hsp104 binding and ATPase activity, weakens the [PSI*]
phenotype, and makes [PSI'] resistant to curing by Hsp104
over-expression [55, 68]. Although these results strongly
suggest that this region acts as an Hsp104 binding site, the
exact sequence requirements for this recognition have yet
to be defined.

Predicting prion propensity in yeast
Attempts at prion prediction

Many algorithms have been generated to predict aggre-
gation propensity, each using a unique set of parameters.
Examples include BETASCAN [70], its more recent rela-
tive STITCHER [71], Zyggregator [72], Zipper DB [73],
Tango [74], SALSA [75], PASTA [76], and Waltz [77].
Although many of these algorithms have successfully pre-
dicted some amyloid proteins, none have demonstrated the
ability to predict either the aggregation activity or prion
activity of Q/N-rich proteins [78]. The failure to predict
prion activity is not surprising, as these algorithms are spe-
cifically designed to predict aggregation, and therefore do
not account for the other steps in prion activity (Fig. 1).
However, the inability to predict aggregation activity of
Q/N-rich domains, as measured by both in vivo GFP fusion
assays (Fig. 2c) and in vitro amyloid aggregation assays
(Fig. 2a), suggests that there may be differences in the
sequence requirements for aggregation between Q/N-rich
and non-Q/N-rich proteins. Most amyloid prediction algo-
rithms are designed to identify short, highly amyloidogenic
peptide segments that seem to characterize the majority of
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non-Q/N-rich amyloid domains. However, it appears that
yeast PFDs are characterized by relatively long stretches of
disorder-promoting, moderately aggregation-prone amino
acids, rather than short stretches of high amyloid propen-
sity [79, 80].

Therefore, while short segments may be sufficient for
aggregation either in isolation or in the context of non-Q/
N-rich domains, their presence is not sufficient for aggre-
gation activity in the context of Q/N-rich domains. For
example, the structure-based algorithm ZipperDB uses a
6-amino-acid window size to identify aggregation-prone
segments; sequences are threaded into a known NNQQNY
amyloid-forming hexapeptide crystal structure and the
energetic fit is determined [73, 81]. Remarkably, insertion
of a single aggregation-prone 6-amino-acid segment into
an exposed loop in RNAse A is sufficient to cause amyloid
formation [82]. However, the same does not seem to be true
for Q/N-rich proteins. Because Q/N-rich segments tend to
be intrinsically disordered, the RNAse A result would seem
to suggest that Q/N-rich regions containing ZipperDB-
positive segments should form amyloid aggregates. Instead,
ZipperDB-positive segments are found in many Q/N-rich
domains that show little or no detectable amyloid aggrega-
tion activity, and the presence of ZipperDB-positive seg-
ments shows little correlation with amyloid aggregation
propensity for Q/N-rich domains [2, 78].

Similar results are seen for Waltz, another prediction
algorithm that uses a 6-amino-acid window size [77]. Mau-
rer-Stroh et al. analyzed over 200 hexapeptide sequences
for cross pB-sheet structure formation, and used these results
to generate a position-specific matrix to predict amyloid
propensity. Waltz-positive amyloid stretches do appear
to be more common in Q/N-rich proteins that show prion
activity; in one analysis of 36 Q/N-rich proteins (half that
show prion-like activity, and half that are unable to sup-
port either prion or amyloid formation), Waltz-positive
segments were found in 89 % of the prion-like proteins,
but only 50 % of the non-prion proteins [2, 78]. How-
ever, subsequent analysis suggests that this modest suc-
cess is due predominantly to the compositional aspects of
Waltz, not due to the position-specific components of the
matrix. Amino acid composition is an inherent characteris-
tic of any primary sequence motif. Therefore, any method
focused on primary sequence inevitably runs the risk of
misattributing compositional effects to primary sequence.
In the Waltz scoring matrix, certain amino acids tend to be
favored across most or all positions, so prions may tend to
have more Waltz-positive sequences simply because they
have more of these favored residues. A simple method to
determine whether a primary-sequence-dependent algo-
rithm like Waltz is truly identifying primary sequence pat-
terns (rather than simply acting as an imperfect surrogate
for assessing composition) is to make the algorithm blind
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to the original primary sequence of a test set of proteins by
scrambling the sequences in silico and re-analyzing them
with the algorithm. After scrambling, the prion sequences
still had substantially more Waltz-positive segments than
the non-prion sequences, suggesting that Waltz is detecting
compositional differences between the prion and non-prion
set [78].

Collectively, these results argue that algorithms that
are built based on in vitro analysis of short fragments may
have little ability to predict aggregation propensity of Q/N-
rich proteins. However, the insensitivity of yeast PFDs to
scrambling [36, 37] indicates a possible alternative predic-
tion approach. Specifically, the dominant role of composi-
tion suggests that compositional similarity to known prions
could be used to predict prion activity.

Curiously, this does not seem to be the case. Alberti
et al. [2] used a Hidden Markov Model to identify the 100
yeast protein domains with greatest compositional simi-
larity to known yeast PFDs. All candidates were tested in
four prion-like activity assays. A remarkable number of
proteins (18 out of 100) showed prion-like activity in all
four assays, suggesting that compositional similarity does
reasonably well at separating potential prion candidates
from the bulk yeast proteome [2]. However, there was little
correlation between the degree of compositional similarity
to the known yeast PFDs and observed prion-like activ-
ity [80]. Other composition-based searches yield similar
results: they successfully identify prion candidates but can-
not identify the actual prion-forming proteins among those
candidates [7, 22, 23].

It should be noted that it is difficult to evaluate exactly
how good the Alberti et al. algorithm is at identify-
ing prion candidates. The number of prions in yeast is
not known; no one has tested what fraction of randomly
selected protein fragments would show prion-like activ-
ity in these four assays, so there is no benchmark against
which to judge the observation that 18 out of 100 tested
fragments had clear prion-like activity. A related concern
is that all four assays involve removal of the predicted
PFDs from their native context, which may artificially
inflate the number of fragments showing prion activity.
Tartaglia et al. [83] have eloquently argued that evolution-
ary selection tends to reduce the aggregation propensity of
proteins to just below the threshold for aggregation in their
normal biological environment; consequently, even minor
changes in sequence, expression level or environment may
cause aggregation. Therefore, while the work of Alberti
et al. provides strong data about the intrinsic aggregation
propensity of each candidate PFD (and thus provides an
incredibly powerful dataset for testing any prediction algo-
rithm), it is possible that many domains showing prion-
like activity in these assays will not form prions in their
native context.

However, it is unlikely that this issue fully explains the
large number of proteins showing prion-like activity in the
Alberti et al. assays. Of the 100 proteins tested, the 50 with
highest compositional similarity to known prions on aver-
age had significantly higher prion-like activity than the next
50 [78]; this suggests that the algorithm has some ability to
enrich for likely prion candidates. But, among the top 50
proteins, there was actually a small, statistically insignifi-
cant inverse correlation between compositional similarity
to known prions and prion-like activity, suggesting that the
algorithm has no ability to distinguish among the top candi-
dates. The simplest explanation for this apparent contradic-
tion is that the sequence features that most clearly distin-
guish Q/N-rich PFDs from the rest of the proteome are not
necessarily the same features that would be most effective
at distinguishing Q/N-rich PFDs from non-prion-forming
Q/N-rich domains.

A related issue is that compositional similarity analyses
implicitly assume that all deviations from the known PFDs
will decrease prion-forming capacity. In reality, prion for-
mation is an exceedingly rare event, so it is unlikely that
PFDs are optimized for maximum prion propensity. There-
fore, it is possible that some compositional changes may
increase prion propensity. More accurate prion prediction
requires an understanding of how deviations from the com-
positions of known PFDs will affect prion activity.

Determining the prion propensity of each amino acid
would provide a means to predict exactly how composi-
tional changes will affect prion propensity. In a preliminary
attempt to determine these prion propensities, a segment
from a scrambled version of Sup35 was replaced with a
random sequence, thereby generating a library of mutants
[80]. By comparing the frequency of occurrence of each
amino acid in the initial library to the frequency of the
amino acid among the subset of mutants that maintained the
ability to form prions, a prion propensity score was devel-
oped for each amino acid. In general, hydrophobic and aro-
matic amino acids were found to be strongly prion-promot-
ing, polar amino acids were relatively neutral, and charged
residues and prolines were strongly prion-inhibiting.

These prion propensity scores were then used to gener-
ate a prediction algorithm, called prion aggregation pre-
diction algorithm (PAPA); http://combi.cs.colostate.edu/
supplements/papa/ [78, 80]. PAPA uses a 41-amino acid
sliding window, calculating the prion propensity of each
window by averaging the prion propensity scores for each
amino acid within the window. In addition to calculat-
ing prion propensity, PAPA uses the FoldIndex algorithm
[84] to predict ordered and disordered regions within
the protein. A key feature of yeast PFDs is that they are
intrinsically disordered [34, 35]. Therefore, PAPA scores
the overall prion propensity of each protein by identify-
ing the 41 consecutive 41-amino acid windows that have
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Fig. 3 PAPA predictions for yeast prion-like proteins. Alberti et al.
identified the 100 proteins with greatest compositional similarity to
known yeast prions. Each was tested in four assays for prion-like
activity, and given a prion-activity score from O to 10 based on these
results. PAPA was then used to predict the prion-like activity of each
protein. Domains that were not testable in one or more assays are
excluded. Proteins that showed prion-like activity in all four assays
are indicated in green. Proteins that failed to show prion-like activ-
ity in any assay are indicated in red. Known PFDs are indicated with
open diamonds. The PAPA cutoff shown to most effectively discrimi-
nate between proteins with and without prion-like activity (0.05) is
indicated with a dotted line. However, this is not an absolute cut-off;
between 0 and 0.05, most proteins show at least some prion-like activ-
ity. Updated and adapted from [80]

both the highest predicted prion propensity and a negative
fold index score (i.e., they are predicted to be disordered).
The window size was chosen based on the observation
that approximately 40 amino acids seem to be required for
aggregation of most yeast PFDs, yet the flanking sequences
can also affect aggregation propensity.

Strikingly, a strong correlation was seen between PAPA
scores and observed prion propensity. The scores for the
100 domains tested by Alberti et al. ranged from approxi-
mately —0.13 to 0.15. A cutoff of 0.05 was most effective
at discriminating between proteins with and without prion-
like activity (Fig. 3). Of the 18 proteins that showed no
prion-like activity in any of the Alberti et al. assays (Fig. 3,
red diamonds), 17 scored below 0.05. By contrast, of the 18
proteins that showed prion-like activity in all four assays
(Fig. 3, green diamonds), 16 scored above 0.05. Addition-
ally, of the 37 proteins that scored above 0.05, 36 showed
prion-like activity in at least one assay. However, this cut-
off is not absolute. Among proteins that scored between
0.00 and 0.05, many showed at least some prion-like activ-
ity. Thus, these scores may be more accurately viewed as a
gradient. In general, Q/N-rich proteins scoring below 0.00
are likely to have little or no prion activity; proteins scor-
ing between 0.00 and 0.05 may have some prion activity;
proteins scoring from 0.05 to 0.10 are likely to have some
prion-like activity; and proteins scoring greater than 0.10
are likely to have strong prion activity. Further supporting
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the utility of PAPA, the algorithm was subsequently used
to design completely synthetic Q/N-rich PFDs; when these
domains were substituted in place of the Sup35 PFD, they
were able to support prion activity [78].

Surprisingly, there is little correlation between the fre-
quency of occurrence of each amino acid among yeast
PFDs and the amino acid’s PAPA score. As expected,
charged residues and prolines have low prion propensity
according to PAPA, consistent with their relative rarity in
yeast PFDs [22, 80]. Unexpectedly, Q/N residues scored
relatively neutral despite their prevalence in yeast PFDs,
while hydrophobic residues, which are rare in yeast PFDs
[22], scored as highly prion promoting. The importance of
intrinsic disorder likely explains this apparent contradic-
tion, and offers a simple theory to explain the composi-
tional make-up of yeast PFDs [80]. The disordered nature
of yeast PFDs makes the individual residues more acces-
sible for prion formation. Q and N are likely common in
yeast PFDs because they nicely balance prion propensity
and disorder propensity. Most disorder-promoting resi-
dues are strongly aggregation-inhibiting. By contrast, Q/N
residues promote intrinsic disorder while also provid-
ing a slight positive contribution to prion formation. In
this context, very few hydrophobic residues are needed to
drive aggregation. Additional hydrophobic residues would
likely either make proteins excessively aggregation-prone,
or create aggregates that are too stable, and thus not easily
fragmented.

This theory also helps to reconcile other apparent con-
tradictions. The proposed importance of short stretches
for nucleating prion formation [40, 42, 48] seems to con-
flict with the insensitivity of PFDs to scrambling [36, 37].
However, if PFDs contain relatively few strongly prion-
promoting amino acids, then the distribution of these
amino acids will naturally create pockets of strong nucle-
ating potential. Scrambling will simply redistribute these
key amino acids, again creating nucleating sites wherever
prion-promoting amino acids cluster. Indeed, the region
spanning amino acids 8-26 of Sup35, which is thought to
act as a critical nucleating site [40, 42, 48], contains two
strongly prion-promoting amino acids (both tyrosine), and
contains the longest stretch in the Sup35 PFD without any
strongly prion-inhibiting amino acids. Thus, the presence
of nucleating stretches can be rationalized based entirely on
composition.

This may also explain why algorithms such as Waltz
and ZipperDB show some ability to correctly identify key
nucleating sites, but are less effective at distinguishing
between proteins with and without prion-like activity. Con-
sistent with the findings of Toombs et al. [80], aromatic and
hydrophobic residues tend to score high at most positions
in Waltz, while charged residues tend to score low at most
positions. Therefore, although algorithms such as Waltz
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incorporate an additional layer of primary sequence, they
may be acting predominantly as a screen for local amino
acid composition.

Future challenges in yeast prion prediction

Although great strides have been made in predicting prion
activity, much remains to be understood. The Alberti algo-
rithm and PAPA have potentially complementary strengths
and weaknesses (Table 3). The Alberti algorithm was very
successful at identifying prion candidates from the S. cer-
evisiae genome, but could not accurately predict which
of the candidates would demonstrate prion activity [2,
80]. Conversely, PAPA was able to accurately predict
prion activity within the Alberti et al. candidate dataset,
and could even be used to build synthetic PFDs, but it is
unclear whether PAPA may itself be used to identify prion
candidates from whole genomes [78]. A unified predic-
tion method could improve prion prediction, but designing
such an algorithm requires overcoming a number of current
challenges.

One major challenge is the lack of good datasets on
which to train and test potential algorithms. For example,
the Alberti algorithm was trained on the four prion proteins
that were known at the time: Sup35, Ure2, Rnql, and the
prion candidate New1 [2]. This small training set may have
limited the algorithm’s prediction accuracy. One of the
greatest contributions of the work of Alberti et al. is that
it provides a large, rigorously tested dataset; importantly,
it includes domains that compositionally resembled yeast
PFDs, but that show no prion activity. Recently, Espinosa
Angarica et al. [85] took advantage of this to develop a new
prediction algorithm. They used the full set of prion-like
proteins from the Alberti et al. dataset to develop a proba-
bilistic representation of Q/N-rich PFDs. This algorithm

was reasonably effective both at discriminating between
proteins with and without prion activity from among the
Alberti et al. dataset and at picking known PFDs out of
larger datasets. The algorithm identified 20,540 predicted
PFDs in 1,536 organisms, but none of these new candidates
have yet been tested for prion activity.

Although the growing list of known PFDs provides a
broader dataset for training potential algorithms, this data-
set may contain its own biases. The majority of known
yeast prions or prion-like domains were identified either
because of their sequence similarity to Sup35 and Ure2 or
due to their ability, when overexpressed, to support [PSIT]
formation in a [pin~] strain [39]. Therefore, they may not
provide a representative sample of all yeast prion proteins,
and any algorithm that uses this set of proteins as a training
set runs the risk of being too narrowly focused.

In theory, one advantage of PAPA is that, because it
actually scores the prion propensity of each amino acid
rather than simply looking for compositional similarity, it
is not constrained by any biases present in the current set of
known prions. However, PAPA faces its own challenges in
scoring proteins whose composition deviates from that of
Sup35. PAPA’s prion propensity scores for each amino acid
are only estimates, based on a random sampling of prion
and non-prion isolates from a library of scrambled Sup35
mutants; therefore, each prion propensity score carries
large confidence intervals, which creates errors in PAPA’s
predictions. The further a protein’s composition deviates
from that of Sup35, the more these errors will likely com-
pound. Additionally, PAPA assumes a linear relationship
between the frequency of occurrence of a given amino acid
and prion propensity. This assumption almost certainly is
an over-simplification; some amino acids may have non-
linear relationships with prion propensity or show a thresh-
old effect. For example, within Sup35, insertion or deletion

Table 3 Strengths and limitations of PAPA and the Alberti algorithm for prion prediction

Strengths

Limitations

Alberti et al. [2]
Built based on analysis of multiple PFDs
Can identify prion candidates from proteomes
High fraction of candidates show prion-like activity

PAPA
Reasonably effective at ranking candidate PrL.Ds
Sufficient for de novo design of Q/N-rich PFDs

Uses experimentally derived prion propensity values for each amino
acid, allowing for prediction of the effects of amino acid substitu-
tions

Ineffective at ranking the highest scoring candidates
Ability to predict the effects of point mutations is unclear
Does not consider primary sequence effects

Does not consider effects of regions outside of the PFD or interactions
with heterologous proteins

Built based on mutagenesis of a small region of a single protein
Validated only on Q/N-rich proteins

Effectiveness for genomic searches is unclear

Does not consider primary sequence effects, other than proline spacing

Does not consider effects of regions outside of the PFD or interactions
with heterologous proteins
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of a single Q/N residue generally has little effect on prion
activity; however, it is possible that proteins with lower
concentrations of Q/N residues might be more sensitive
to changes in Q/N content. The more a protein’s compo-
sition deviates from that of Sup35, the higher probability
that this sort of non-linear relationship will affect predic-
tion accuracy.

While both PAPA and the Alberti algorithm focus on
composition, there may be minor primary sequence ele-
ments that these algorithms do not account for. Scrambled
versions of Sup35 and Ure2 form and maintain prions with
different efficiencies, indicating slight primary sequence
effects [36, 37]. Elucidating these subtle primary sequence
features is difficult, because most experimental methods
affect both primary sequence and composition. For exam-
ple, deletion experiments remove specific primary sequence
elements but concomitantly result in a disproportionate loss
of particular amino acids, thereby altering composition.
This could result in misattribution of compositional effects
to primary sequence elements.

PAPA does include in its prediction method one com-
monly recognized primary sequence feature governing
prion formation. Since proline is a known B-sheet breaker
[86], the distribution of prolines can greatly affect prion
formation [2, 80]. A cluster of prolines would be expected
to disrupt p-strand formation at just a single location, while
these same prolines dispersed across a sequence would
result in multiple disruptions of the P-sheet structure.
Accordingly, PAPA classifies any set of two or more pro-
lines, separated by no more than one amino acid each, as a
single proline. This is only one of potentially many subtle
primary sequence features. However, analysis of the librar-
ies used to build PAPA has not revealed any other clear pri-
mary sequence biases. There is neither clear co-variance
between particular amino acids nor positional biases of
individual amino acids. But, because of the limited library
sizes, subtle effects could easily have been missed.

Another major challenge is that two recent studies
suggest that the distinct steps required for prion activity
(Fig. 1) may have distinct compositional requirements.
As previously discussed, the nucleation domain of Sup35
(amino acids 1-39) is thought to be primarily responsible
for the initial nucleating events in prion formation and for
fiber growth (Fig. 1, steps 1-3), while the ORD is thought
to be primarily responsible for chaperone-dependent prion
maintenance (Fig. 1, step 4). While the activity of the ORD
is primary-sequence independent, when the composition
of the ORD is changed to match that of the nucleation
domain, it is no longer able to support prion maintenance
[69]; this suggests that prion formation and prion mainte-
nance have distinct compositional requirements. Further
complicating matters, recent evidence suggests that indi-
vidual amino acids can have differential effects on the
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discrete steps in prion formation (Fig. 1, steps 1-3; [87]).
Specifically, prion proteins are thought to first associate
with each other to form soluble oligomers (Fig. 1, step 1),
and these oligomers then undergo a structural conversion
to form ordered amyloid fibrils (Fig. 1, steps 2-3). Interest-
ingly, glutamines seem to promote the formation of soluble
non-amyloid oligomers, while asparagines seem to pro-
mote the formation of mature amyloid fibrils [87]. Thus,
an accurate prediction algorithm needs to consider not only
the overall prion propensity of each amino acid, but also
the effect of each amino acid on each step in prion forma-
tion and propagation.

Prion-like domains in disease

Many protein aggregation-based diseases, like the prion
diseases, involve self-templating structural conversions.
But, since most protein aggregates are not infectious, the
prion diseases have historically been viewed as funda-
mentally distinct from other aggregation-based disorders.
However, recent developments have begun to blur this dis-
tinction between prion and non-prion aggregation diseases
[88-90].

There is growing evidence that various proteins impli-
cated in many neurodegenerative disorders show prion-
like behavior. Notable examples of these proteins include
a-synuclein; amyloid precursor protein (APP) and tau; and
Huntingtin. These proteins are implicated in Parkinson’s
disease, Alzheimer’s disease, and Huntington’s disease,
respectively [89]. Although the clinical manifestations of
these disorders vary, the prion-like behavior of the impli-
cated proteins is roughly the same. Presumably, an initial
misfolding event results in aggregation. The aggregates can
then induce other proteins to similarly misfold and aggre-
gate. This aggregation is thought to originate in a single
epicenter and spread to neighboring tissues by an unknown
mechanism, imposing aggregation commitment on nearby
cells [91]. Despite this remarkable similarity to prion prop-
agation, the hesitation in classifying these neurodegenera-
tive proteins as bona fide prions arises from the lack of evi-
dence of transmission between individuals [89, 92].

Additionally, a number of proteins containing domains
with similar amino acid composition to yeast PFDs have
recently been linked to degenerative diseases (Table 4),
further highlighting the connection between infectious and
non-infectious protein aggregation diseases. Interestingly,
many of these disease-associated PrLD-containing proteins
also have RNA recognition motifs (RRMs) that generally
do not overlap with the predicted PrLD’s. This suggests
that disruptions in RNA homeostasis via prion-like aggre-
gation may represent a common mechanism of degen-
erative disease. The Alberti algorithm predicts 246 out
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Table 4 RNA-binding proteins containing PrL.Ds that have been linked to degenerative disease

Protein Alberti algorithm PAPA analysis Disease
PrLD Rank* PrLD amino acids PAPA score Highest scoring segment (isoform)P
TDP-43 43 277414 0.042 339414 ALS, FTLD
FUS 12 1-237 0.109 21-121 (2) ALS, FTLD
TAF15 22 1-152 0.127 12-92 (2) ALS, FTLD
EWSRI1 25 1-280 0.057 194-274 (1) ALS, FTLD
hnRNPA2B1 32 197-353 0.043°¢ 241-321 (A2) IBMPFD
hnRNPA1 38 186-372 0.093¢ 257-337 (b) ALS, IBMPFD
TIAI 53 292-386 0.131 269-349 (1) Welander distal myopathy

# PrLD rank among the human genome [21]

b Some of the proteins have multiple isoforms that differ either in their PAPA scores or the exact location of the highest scoring region. Shown
are the amino acid positions for the highest scoring segments from the highest scoring isoform, with the isoform indicated in parentheses

¢ The PAPA score for the disease-associated mutant is 0.088

4 PAPA score for Isoform B, the highest scoring isoform. hnRNPA1 has two isoforms with substantially different PAPA scores. The IBMPFD-
associated mutation increases the PAPA score of Isoform B to 0.125. Isoform A scores 0.041, but the IBMPFD-associated mutation increases the

PAPA score to 0.087

of 21,873 genes in the human genome to have sequences
encoding PrLDs [20, 21]. This group contains a relatively
high proportion of RNA-binding proteins—nearly 12 %
of predicted PrLLD-containing proteins also contain at least
one RRM. Furthermore, 20 % of the top 60 proteins pre-
dicted to contain PrLLDs also contained at least one RRM,
raising the possibility that more of these proteins could
eventually be linked to disease.

RNA-binding proteins with prion-like domains in human
disease

TDP-43 was the first PrLD-containing RRM protein to
be associated with a degenerative disease. It was identi-
fied as a major component of aggregates in patients with
either amyotrophic lateral sclerosis (ALS) or some forms
of frontotemporal lobar degeneration (FTLD) [93]. TDP-
43 contains two RRM’s and a C-terminal PrL.D. Normally,
TDP-43 is primarily located in the nucleus, but in patients
with ALS, it is found in cytoplasmic inclusions [93]. Inter-
estingly, TDP-43 has since been found in inclusions in
patients with a variety of other neurodegenerative diseases,
including Alzheimer’s and Parkinson’s diseases [94]. A
variety of evidence implicates the PrLD in disease. Over-
expression of TDP-43 in yeast, C. elegans, or Drosophila
results in TDP-43 aggregation and toxicity, and the PrLD is
required for this aggregation and toxicity [95-97]. Further-
more, at least 44 mutations in TDP-43 have been identified
in patients with ALS or FTLD; of these, 41 reside in the
PrLLD [98]. However, regions outside the PrLLD also affect
aggregation and toxicity. For example, the C-terminal
domain is necessary, but not sufficient, for aggregation and
toxicity in yeast [96]. The presence of at least one RRM is

also required for toxicity in yeast. Additionally, some of the
ALS-associated mutations do not accelerate aggregation in
vitro or cause toxicity in yeast. Together, these results sug-
gest a more complex mechanism of toxicity [99].

FUS was the second RRM-containing protein to be
linked to neurodegenerative disease. It contains an N-ter-
minal PrLD, a single RRM, and two C-terminal “RGG”
domains (multiple gly—gly motifs interspersed with argi-
nine and aromatic residues), one of which barely misses the
defined PrLD cutoff according to the Alberti algorithm [21,
100]. Mutations in FUS cause familial ALS [101, 102] and
aggregation of FUS has been linked to both ALS and FTLD
[98]. FUS is normally a predominantly nuclear protein,
but these mutations cause FUS to form cytoplasmic aggre-
gates. FUS has since been found in cytoplasmic inclusions
in patients with other neurodegenerative diseases, includ-
ing Huntington’s Disease [94]. FUS is also highly aggre-
gation-prone in vitro and causes toxicity when expressed in
yeast [100]. The PrLD is necessary, but not sufficient for
this aggregation and toxicity [100], and the RNA-binding
ability of FUS seems to be critical for toxicity in yeast and
Drosophila models [103]. The ALS-associated mutations in
FUS seem to cluster in two regions: the N-terminal PrLLD
and a short C-terminal segment containing a predicted
nuclear localization signal [98].

Two other RNA-binding proteins that ranked highly in
prion prediction analyses, TAF-15 and EWSR-1, have also
been linked to sporadic ALS and FTLD. Again, each pro-
tein contains a predicted N-terminal PrLD, as well as a
single RRM and two RGG domains [21]. For both TAF-15
and EWSR1, mutations have been found in a small num-
ber of ALS patients that do not appear in control subjects
[20, 104]. These mutations all occur outside of the PrLLD,
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clustering in and around the RGG domains. Both proteins
are inherently aggregation-prone in vitro, and the disease-
associated mutations accelerate aggregation in each case
[20, 104].

Additionally, point mutations in either hnRNPA2B1
or hnRNPA1 have been shown to cause familial inclusion
body myopathy with Paget’s disease of bone, frontotem-
poral dementia, and ALS (IBMPFD/ALS) [105]. In both
cases, the causative mutation is a single aspartic acid to
valine substitution within the PrLLD. Additional mutations
were identified in patients with both familial and sporadic
forms of ALS. In normal muscle cells, hnRNPA2B1 or
hnRNPAI1 are predominantly nuclear; however, in patients
carrying the mutations, the proteins form large cytoplas-
mic inclusions. In vitro, the wild-type proteins are intrinsi-
cally aggregation-prone, and the disease-causing mutations
accelerate this aggregation. In Drosophila and mouse mod-
els, expression of the mutant proteins leads to formation
of large cytoplasmic inclusions and severe muscle degen-
eration. Furthermore, when the core PrLD from mutant
hnRNPA1 and hnRNPA2 are substituted in place of the
nucleation domain of Sup35, they can support prion forma-
tion in yeast, while the wild-type PrLDs cannot.

Mutations in another prion-like protein, TIA1, have
recently been shown to cause Welander distal myopathy,
a dominant adult-onset disorder characterized by progres-
sive distal limb weakness [106]. Patient muscle biopsies
showed TIA1 and TDP-43 staining adjacent to intracellular
inclusions.

In all, of the 20 RNA-binding proteins that are scored
highest by the Alberti algorithm, 10 have been linked to
degenerative disease [107]. An obvious question is why
so many of these RNA-binding proteins have maintained
aggregation-prone PrLDs if aggregation of these domains
is associated with neurodegenerative disease. A growing
body of evidence suggests that the PrLDs may play a func-
tional role, such as recruiting RNA-binding proteins to P
bodies or stress granules under cellular stress [107, 108].
TIA-1 plays a critical role in stress granule formation, and
the TIA-1 PrLD is required for stress granule formation
[109]. Remarkably, the Sup35 PFD can substitute for the
TIA-1 PrLD in supporting stress granule assembly, linking
prion-like aggregation to stress granule formation [109].
Many of the disease-associated PrLD-containing proteins
are recruited to stress granules, and mutations enhance this
recruitment [105, 108]. This suggests a model in which
these RNA-binding proteins form reversible stress granule
aggregates, but where mutations or changes in the cellular
environment, such as prolonged stress, can lead to exces-
sive and pathogenic stress granule formation [108, 110].

Consistent with this theory, mutations that disrupt
the turnover of RNA-—protein aggregates have also been
linked to degenerative disease. Specifically, VCP/p97 is a
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well-characterized AAA ATPase that is involved in disas-
sembling protein complexes containing ubiquitinated pro-
teins [111]. Mutations in VCP have been shown to cause
both IBMPFD [112] and ALS [113]. These mutations result
in the formation of cytoplasmic inclusions containing TDP-
43 and other stress granule markers [110]. Additionally,
over-expression of these mutants inhibits stress granule
clearance by autophagy [114]. Collectively, these results
suggest that these diseases result from impairment of the
normal dynamics of RNA granule assembly, disassembly,
and clearance.

Predicting disease-associated proteins: successes
and future challenges

The various disease-associated mutations in human PrL.Ds
demonstrate both the strengths and weaknesses of existing
prediction algorithms, and highlight some of the challenges
in predicting human PrLDs.

hnRNPA1 and hnRNPA2 offer the best examples of
proteins that are accurately predicted by current algo-
rithms. Wild-type hnRNPA2 scores below PAPA’s 0.05
threshold for high aggregation propensity, but the disease-
associated mutation pushes the PAPA score past the aggre-
gation threshold ([99]; Table 4). The same is true for the
most highly expressed isoform of hnRNPA1 (Isoform A;
[105])—the wild-type protein scores below 0.05, but both
of the mutations linked to familial forms of IBMPFD or
ALS are predicted by PAPA to push the proteins beyond
the threshold of aggregation. hnRNPA1 has another iso-
form (Isoform B) that surpasses the PAPA threshold even
in the wild-type state, but in which the mutations are pre-
dicted to further enhance the aggregation activity. Zip-
perDB also correctly predicts the effects of each muta-
tion, predicting that they should create strong steric zipper
motifs. By contrast, while the Alberti algorithm identifies
PrLDs in both proteins, it predicts that the mutations will
have little effect on prion propensity. These mutations may
offer a good example of the limitations of using algorithms
based on compositional similarity to known PFDs to pre-
dict the effects of mutations. The two mutations linked to
IBMPED both involve substitution of an aspartic acid with
a valine. Because both residues are extremely rare in yeast
PFDs, algorithms based on compositional similarity will
score this as a relatively neutral substitution. However,
aspartic acid and valine are likely rare in yeast PFDs for
opposite reasons—aspartic acid because it strongly inhib-
its prion formation, and valine because it too strongly pro-
motes prion formation, creating a strong selective pressure
against its inclusion in PFDs.

The Alberti algorithm correctly predicts PrLDs in each
of the other disease-associated RNA-binding proteins
(Table 4). Likewise, PAPA scores EWSR1, FUS, TAF15,
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and TIA-1 above the predicted threshold for aggregation.
TDP-43 scores just below the 0.05 threshold, within a range
that is generally associated with some aggregation activity
(Table 4; Fig. 3). The fact that both the Alberti algorithm
and PAPA score the wild-type proteins as prion-like or
aggregation-prone could be considered accurate, since the
wild-type proteins each appear to be aggregation-prone
[20]. However, this also highlights a key limitation of these
algorithms—while both PAPA and the Alberti algorithm
have shown success at identifying candidate disease-asso-
ciated proteins, at this point none of the existing algorithms
can consistently predict the exact effects of mutations on
either aggregation propensity or pathogenicity.

There are a number of possible reasons for this failing.
First, aggregation propensity and toxicity are not always
coupled, as evidenced by the observed mutations that cause
disease without a detectable change in aggregation propen-
sity [99]. These diseases appear to broadly result from dis-
ruptions in normal RNA homeostasis, so aggregation may
simply be one of many causes of such disruption.

Second, these algorithms are designed to identify aggre-
gation-prone protein fragments; however, in a cellular con-
text, aggregation-prone fragments may be prevented from
aggregating due to factors such as protein—protein interac-
tions, interactions with other domains in the protein, pro-
tein modifications, or cellular localization. This is particu-
larly true for the RNA-binding proteins, which appear to
form regulated aggregates [110]. Disruption of any of these
regulatory mechanisms could increase the aggregation pro-
pensity of the protein without changing the intrinsic aggre-
gation propensity of the PrL.D.

Third, differences between yeast PFDs and the human
disease-associated PrL.LDs may limit the prediction accuracy
of both the Alberti algorithm and PAPA. Both algorithms
were designed and validated on proteins within a relatively
narrow range of compositions. For example, 96 of the 100
candidate PFDs tested by Alberti et al. had greater than
24 % Q/N-content. This is significant because, although the
yeast PFDs and human PrLDs share many compositional
features including an under-representation of charged
residues relative to their respective proteomes (Table 2),
they differ significantly in other ways. The eight Q/N-rich
yeast PFDs range from 28.6 to 46.8 % Q/N content, while
among the human disease-associated RRM proteins, only
the TAF15 and TIA1 PrLDs have greater than 22 % Q/N
content. Thus, while Q and N are overrepresented among
both yeast PFDs and human PrLDs, they are far less over-
representated among the human PrLDs. Conversely, serine
and glycine are more overrepresented among the human
PrLDs than among the yeast PFDs (Table 2). Because the
prediction accuracy of any algorithm is likely to decrease
the further a protein’s composition deviates from that of

the algorithm’s training set, these differences may limit the
prediction accuracy of yeast-derived algorithms for human
PrLDs. Therefore, these algorithms may need to be opti-
mized for human PrLDs.

Finally, differences in cellular environment between
yeast and human cells may impose distinct compositional
requirements for prion-like activity. For example, Hsp104
is required for propagation of almost all yeast prions,
and amino acid composition can affect the efficiency of
Hsp104-dependent fiber fragmentation [115]. Therefore,
some of the compositional biases seen in yeast prions
may be due to specific requirements for Hsp104-depend-
ent fragmentation. However, humans do not possess an
Hsp104-homologue (although an Hspl10 in humans
appears to be able to perform a subset of Hsp104 activi-
ties [116]), so human proteins may have very different
compositional requirements for propagation. Addition-
ally, the reason Hsp104 is required for most yeast prions
is that prion aggregates need to be fragmented to create
new independently segregating seeds to offset dilution
by cell division; because mammalian neuronal cells typi-
cally do not divide rapidly, the levels of fiber fragmenta-
tion required for aggregate propagation are likely very
different. The mechanism of spread of these neurode-
generative prion-like proteins to neighboring tissues may
also differ from the mechanisms of propagation in yeast.
Each of these differences may affect the specific composi-
tional requirements for prion-like activity in yeast versus
humans.

Conclusions

Significant progress has been made in defining the sequence
features that drive yeast prion formation and in predicting
the prion propensity of PrLLDs. However, perfecting prion
prediction will require overcoming a number of challenges.
Translating results from yeast PFDs into methods to predict
aggregation and toxicity of human PrLDs creates additional
challenges due to the differences between the two systems.
Collectively, these issues highlight the need for additional
research to unveil the fundamental features of prion for-
mation and propagation, as well as how prion-like activity
relates to disease. As our knowledge of these fundamental
features grows, application of this knowledge to prion pre-
diction will lead to more accurate prediction methods and
identification of new prions or prion-like proteins, poten-
tially resulting in additional targets for treating human neu-
rodegenerative disorders.
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