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METHODS FOR PEPTIDE MASS SPECTROMETRY
FRAGMENTATION PREDICTION

CROSS REFERENCE TO RELATED APPLICATIONS

janel] This mstant application claims priority to US. Provisional application number
62/884 893, filed on Aungust 9, 2019, and German Patent Application number 102019 121
600.1, filed Aagast 9, 2019, the contents of each which sre hereby incorporated by reference

i their entireties.

REFERENCE TO SEQUENCE LISTING SUBMITTED ELECTRONICALLY

{6602 The official copy of the sequence listing is submitled electromically via EFS-Web ag
an ASCIH formatied sequence listing with a file named “300001 §-

14977 _Seq Listing ST25.txt”, created on August 7, 2020 and having a size of 3,686 bytes
and is filed concurrently with the specification. The sequence listing contained i this ASCH

formatied document is part of the specification and is heretn incorporated by reference 1 s

entirety.
BACKGROUND
Field

{8003] The present disclosure relates to methods of improved identification of peptides, for
exgmple, antipenic peptides, In particular, the present disclosure relates 1o methods of wore
accurately identifving human leukocvie antigen (HLA) peptides by ulilizing methods aud
algorithms described bereinn. In an aspect, the disclosure provides for wiitizing the described
methods for the field of personalized cancer therapies, such as adoptive cellular therapy
{ACT).

Background

{0004] The rich repertoire of peptides presented by HLA class HHLASD and HEA class H
{HLA-ID) complexes, referred to as the immunopeptidome, reflects the health state of g cell.
Hi.A-bound peptides derived from cancer-specific and mutated protetns, psthogens and self-
peptides in case of autoinmnunity, may serve as targets for Tecell recognition. Clinical
efficacy of immune checkpoint blockade therapies has led to discovery of imonmogenic T~
cell epitopes that mediste disease control or inproved survival for development of

personalized medicine.
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[0005] Identification of mumunopeptidome may rely on mass spectromeiry by guerying
experimental mass spectra against theoretical fragment 1ons generated from peptide
sequences. However, theoretical fragment oms may not represent the real peptide fragment
spectra well enough, therefore identitication may be severely limited. There have been
developmenis toward i silfice pradiction of mass spectrometry pepiide fragmentaiion, i.e
peptide mass speciman prediction, however, none of these prediction algorithims showed
sufficient results for apphcations of HLA immunopeptidome peptides.

[8866] Given the imporiance in drug discovery and next generation therapeutics, there
remains g need to improve HLA peptide fragmentation prediction and associated peptide

identificalion accuracy.

BRIEF SIMMARY
{8007] In an aspect, the disclosure relates to methods for identifying one or more peptides
including:

{a) analyzing one or more tissue samples by mass spectronetry (MS),

(b} acquiring expenimental mass spectra from one or more peptides, for example
antigenic peptides, bound to HLA-subtypes in the one or more {issue samples,

{¢) generating g peptide spectrurm maich {PSM) of the one or more peptides by
comparing the acquired mass spectra to peptide theoretical spectra,

(d} producing a matched spectral Tibrary or database of peptides, for example antigenic
peptides, based on steps (1), (b}, and (¢},

(e} npuiting the spectral hbrary or database of peptides into an algorithm, for example a
deep learning algorithie, to produce a spectral hibrary of predicled peplide
frapmentation spectra.

0008} In another aspect, the disclosure relates to methods for identifving one or more
peptides inchuding:

{a} oblaining one or more tumor samples from anindividual,

{b} ncquiring meass spectrometry spectra for oue ot wiote peptides, for example antigenic
peptides, bound to HLA-subtvpes in the tumor sanple,

{¢) comparing the mass spectrometry data specira to peplide theovetical specira located
in one or more public or non-public databases,

{d) generating a peptide spectrum match {PSM) of the one or more peptides,

b
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{e) producing a matched speciral Bbrary or database of peptides, for sxample antigenic
peptides, based on steps {a) - {d},

{g) wputting the spectral libravy or database of peptides nto an slgorithm, for example &
deep learning algorithm, to preduce a library of predicted peptide fragmentation
spectra.

[0089] In an aspect, after inpotting the Bibravy or database of peptides into a deep learning
algorithm to produce & library of predicted peptide fragmentation spectra, the method
includes matching the predicted peptide fragmentation spectra generated from the algorithm
io the corresponding peptide specinum match (PSM). Mass spectrometry (MS) geverates a
signal (spectrwm) of values Om, intensity) related to the presence of a bliomotecule with g
certain mass-to-charge ratio (s}, and abundance (ntensity) i the saraple. 1o addition to
mass spectrometry data spectra, the methods described herein may further use retention time
data.

[0018] In vet another aspect, the disclosure relates to methods for wentifving peptides
including:

{a) determining HLA-subtypes of an individual,

{b} obtaining at least one tumor Ussue sample sad coresponding healthy tissue sample
from an individual,

{¢) wdentifying one or more peptides, for example antigenic peptides, bound to HLA-
subtypes in the tumor sample by mass spectrometry (M3},

{d) penerating experimental specira from the mass specirometry data;

(e} comparing the mass spectrometry experimental spectra to spectra found in one or
maore public or non-public databases,

{f} generating a peptide spectram maich (PSM) of the one or more antigenic peptides,

{g) producing a spectral library or database of peptides,

(h} using a deep leamming algorithm 1o generate a peptide mass specirometry
fragmentation prediction model using a portion of the peptide data found in the
database or library as taining daia and subsequently festing the performance of the
prediction model by & separate portion of peptide data found in the database of
library,

{1} using the prediction model o generate predicted spectrum to identify peptides.

{011} o a preferred aspect, the peptides (o be ideniified are HLA-associated peptides,
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[0012] In an aspect, the disclosure relates to methods for identifving antigenic peptides,
inchudmg:

{a) obtaining ai least one tunvor tissue sauple and corresponding healthy tissue sample
from an mdividuai,

{b) identifying one or more antigenic peplides bound o HLA-subilypes i a tamor Hissug
sample by mass spectrometry {MS), to prodace one ov more experimental peptide
fragmentation specira of the one or more antigenic peptides;

(¢} comparing experimental peptide fragmentation specira to those found i public andior
non-public databases;

{d} estimation of false discovery rate (FDR);

{e} generation of a peptide spectrum maich (PSM);

(I} inpuiting the data generated by the experimental nmiass spectrometry methodology into
g deep leaming algorithm o train a peptide ragmentation prediction model;

{1} developing predicted peptide spectrany; and

h} dentifying one oy more antigenic peptides, for example, previously unknown
antigenic peptides.

0013} tn vet another aspect, the disclosure provides for methods of identifving antigenic
peptides for use to induce a CTL immune response in an individual comprising:

{a} determining HLA-subtypes of an individual,

(b} obtaining 2 tumor sample and g corresponding healthy tissue sample from the
individual,

(¢} identifving one or more genes that are overexpressed 1n the tomor sample relative
the healthy tissue sample wsing microamray analvsis, RNAseq, or RT-PCR,

{d} identifying one or more antigenic peptides bound to the HLA-subtypes in the wmor
sample by mass spectromeatry {MS) io produce peptide fragmentation specira of the
one of more antigenic peptides,

(e} inputting an HLA peplide sequence difabase into a degp learning algorithm fo
produce a library of predicted peptide fragmentation specira cotresponding to the
mput HLA peptide sequences,

{fi matching the peptide fragmentation spectra with the hbrary of predicted peptide

fragmentation specira,
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{1} identitying the sequences of the one or more antigenic peptides, when the peptide
fragmentation spectra match the predicted peptide fragmentation spectra that
correspond to the HLA peptide sequences,

{h} selecting only the antigenic peptides identified in step g), which are encoded by the
one of more genes identified in step ¢), and

(1) syuthesizing the antigenic peptides selected in step b}, wherein the CTL immune
response is induced in the individoal.

{6814] In one embodiment, a wethod of identifving one of more antigetic peptides
comprises:

{a) acquiring mass spectrometry specira for one or more antigenic peptides;

{b) acquiring retention time data for the one or more antigenic peptides;

(¢} comparing the mass spectrometry data spectra o peptide theoretical spectra located
in one or more pablic or non-public databases,

{d) penerating a peptide spectrum match (PSM) of the one or more antigenic peptides,

{e) producing a malched speciral libwary or database of antigenic peptides based on steps
{a) - {d},

{f) using a deep learning algoritlun to train at least 8(1% of the peptide data located in the
database or spectral Hbrary and testing the balance of the peptide data located in the
database or library thereby producing a peptide prediction model {o generate
predicted peptide spectrum;

{g} using the prediction model fo idemtify one or more antigenic peptides.

[8815] In another embodintent, a method of identifving ove of more antigenic peptides
comprises:

{a) obtaining one or more tissue samples,

{b) acquuring mass spectrometry spectra for ong or more antigenic peptides;

(o} acquiting retention time data for the one or more antigenic peptides;

{d} compiring the mass specirometry dats spectra to peplide theoretical spectea located
it one or more public or non-public databases,

(&) generating a peptide spectrum maich (PSM) of the one or move antigenic peptides,

{f} producing g matched speciral library or database of antigenie peptides based on steps

{a) - (g),
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{1} using a degp learning alporithng fo train at least 0% of the peptide data located in the
database or spectral Hibrary and testing the balance of the peptide data located in the
database or library thereby producing a peptide prediction model to generate
predicted peptide spectrum;

(h} using the prediction model to identify one or more antigenic peptides.

j0016] By wilizing methods described hevein previcoashy unknown peptides may be more
accurately and efficienily be identified. In an aspect, prior 1o obiaining one or more tumor
samples from an individual, the HLA-sabiypes of the wndividual are determined.

[6017] I an aspect, wethods described herein are capable of identifying peptides which
were previously evaluated experimentally, for example by mass spectrometry but were not
able to be wlentified doe to similarity i terms of peplide fragmentation with other peptides.
Iy such cases, methods described herein allow for better confidence and accuracy in
wdentifying previously unidentified peptides.

[0018] In an aspect, the disclosure provides for methods of improving the conlidence of
peptide identification by mass spectrometry by using algorithuns snd methedology described
herein.

{0019} 1n an aspect, methods described herein are used in a pre-clinical setiing to beter
identify peptides. In another aspect, methods described herein are used in a clintcal seiting,
In another aspect, methods herein are used in the field of personalized medicine, for
example, n the adoptive cellular therapy {ACT) feld.

[0020] In an aspect, tssue samples used for methods described herein are taken from tumor
tissue and corvesponding healthy tissue. In an aspect, the starting material for peptide
identification is a non~cultured tissue or a cell Hne.

{66211 I another aspect, the mass spectrometry may inclode 3 tandem mass spectrometry
{MS/MS)

00221 In ap aspect, methods described herein exhibit a better performance whey predicting
peptide fragmentation for HLA~associated peptides. In another aspect, methods deseribed
herein exhibit better performance when predicting peptide fragmentation for HL A-associated
peptides as compared o identification of tryptic peptides by utilizing similar wethodelogy.
[6623] Iy an aspect, after producing 8 prediction model by raining and testing peptide data
via an algorithm, utilizing the prediction model to generate predicted peplide tandem mass
spectra. o an aspedt, the predicted peptide tandem mass spectra can help identification of

peptides which were previously not confidently identified by mass specttometry alone.

-
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[0024] In an aspect, the deep learning slgorithm described herein is selected from pDesp
{Zhow er ol drad. Chem. 89, 1269012697 (2017, DeepMass (Tiwary of ol , Naawe
Methods, T6:519-525 (20190, and PROSIT (Gessulat et al., Mwrare Methods, 16:509-518
(2014, the disclosures of each of which are herein incorporated by reference in thewr
antirety).

[00258] In an aspect, pDeep covers a deep leaming-based method to predict the intensity
distribution of product ious of a peptide. pDeep can work well in predicting not ondy higher-
energy C-trap dissociation (HCD) spectra but also electron-transfer dissoctation (ETD), and
electron-transferigher-energy collision dissoctation (ETheD) spectra. pDeep algorithm
may allow for prediction of MS/MS spectra with peptide sequences without incomporating
detatled fragmentation mechanisins into the model. For example, tn pDeep, BILSTM
(bidirectional long short term memory (LSTM 3, which has been successfally used to
capture the bidirectional dependencies of sequential patterns i speech and natural
fanguages, may be used 10 model the influences of both N- and C-erminal aming acids of
each cleavage position on the sue-specific peptide fragmentation. In addition, because the
he 1ons depend on the N-terminal anuno acids and the w2 1ons depend on the C-termunal
ones, 1o predict bivie/z ions together, both directions nway be stmulianeously considered, The
BiL.STM-based pDeep can take the whole paplide ss input, convert the different cleavage
sites into feature veciors of different time-sieps, and oulpat the corresponding intensity of
aach peak.

[0026] In an aspect, HLA peptide data sets that contain more than about 100 x 107 or abost
200 x 10° high-quality, high-resolution MS/MS spectra from Immatics XPRESIDENT®
HLA peptidome data including HOD and collision-induced dissociation (CID) spectra may
he used to train and test pDeep.

{00271 In another aspect, algorithms used heram are utilized to evaluate and inprove
databases or lbraries that clade over 7005, over &0%;, over 85%, over Y0%, or over 9%
HLA peptides. In another aspect, algorithms berein are used to evalaate and improve
databases or hibraries that do not include move than 3%, more than 10%, more than 5%,
more than 25%, or more than 30% frvplic peptides.

{6628] I another aspect, methods described herein include tratming of abowt 75%, abowt
8%, about 83%5, about Y0%. or about 93% of the data in the library or database and testing
the remaining percemage for a total of 100% data. In an aspect, from abot 7% to aboul

9% of the data is trained and the remainder of about 10% to about 30% of the data is tested,



WO 2021/030207 PCT/US2020/045462

from about 8% to about 95% ol the data is rained and the remamder of about 5% (0 about
20% of the data is tested, or from abowt 90% of the data s trained and the remamnder of
gbout 10% of the data is tested. In another aspect, the data that i3 trained and tesied is
experimentally 1dentified data that is not in a public database.

{00291 In another aspect, methods described herein result in a ngher spectral similarity
score to the experimental spectra than other methodology, for example the prediction model
built by public dataset of tryptic peptide spectra. See, ProteomeTools Dataset PXDO04732;
Zolg er of. Nat Methods (2017) 14: 259-262, the disclosure of which is herein incorporated
by refevence In its entivety. This results in more gecarate identification of previously
unidentified antigenic peptides.

{6630] 1o an aspect, methods described hereirs result in more accurste peplide frsgmentation
prediction performance. In another aspect, prediction performance 1 measured by dot
product on a scale from (1o 1, with 0 being the lowest score and 1 being the highest score.
See, for example, Toprak ef ¢l. “Conserved Peptide Fragmentation as a Benchmarking Tool
for Mass Spectrometers and a Discriminating Feature for Targeted Proteomics,” Mol Cell
Proteomics {(2014) 13(8) 20562071, the disclosure of which is herein corporated by
reference in is entirety. The prediction performance score measares the predicied spectra
with the actual experimentally acquired spectra in order (o gauge acauwracy of peptide
fragmentation prediction. Using this method, i an aspect, methods described hevein provide
for a prediction performance score of greater than about 0.9, 0.95_ greater than about 0935,
greater than about 0.96, greater than gbout 963, greater than about .97 greater than about
0.975, or greater than about 98, about (.90 to abowt 099, aboul {195 1o about €4.9%, or about
0.96 or about .99, Using the methods described herein, the prediction performance may be
at about 0.80, 0.81, 0.82_ .83, 0.84, 0.85, 0.86, 0.87, 0.88. 0.89, 0.90, 6.91, 0.92_0.93, 0.94,
G085, 0.96, 0.97, 0.98, 0,99, 0991, 0,992, 0.993, 0.994, 0.995, 0,996, 0,997, 0,998, 0.999, or
1.00.

{0031] In another aspect, the disclosure provides for identifying one ormore genes that are
overexpressed in the twmor sample relative to the healthy tissue, for example, by ntilixing
microarray analysis, RT-PCR, or RNAseq in combination with methods described herain,
For example, the expressed gene profile of a tumor sample way be compared to the same
healthy tissue and analyzed by means of a classifier described herein.

0321 In an aspect, methods described herein are capable of determining the presentation or

expression of a given peptide in a specific tumor. In another aspect, a binder, such as a T~

.
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call, TCR, bi-specific molecule, andfor antibody may be created agamst the identified
peptide,

0033} tn an aspect, methods described herein gre capable of determining whether the
identified peptide is tumor specific. In another aspect, the funtor is a cancer tumor shd
associated with one or more of the following cancer types: hepatecellular carcinoma (HCO),
colovectal cavcinoma (CRCY, glioblastoma {GB), gastric cancer {GC), esophageal cancer,
non~small cell fong cancer (NSCLC), pancreatic cancer (PC), renal cell carcinoma (RCC),
benign prostate hyperplasia (BPH), prostate cancer (PCA), ovarian cancer {OC), melanoma,
breast cancey (BRCA), chronie ymphocytic levkeria (CLL), Merket cell carcinoma (MCC),
small cell ung cancer (SCLOY, Non-Hodgkin lymphoms (NHL), scute myeloid leukemia
{AML), gallbladder cancer and cholangiocarcnoma (GRC, CCC), urinary bladder cancer
(LIBC), and wtevine cancer {UEC)

[8034] Peptides identified by the present methodology are capable of being used in a method
for tregting cancer. In auother embodiment, the peptides identified by the methods described

herein 13 an antigenic peplide,

BRIEF PESCRIPTION OF THE DPRAWINGS

00357 FIG. | shows an exeraplary process for MS/MS spectra analysis to identify the
peptide sequences of HLA peptides in accordance with one embodiment of the discloswre.
[0036] FIG. 2 shows an example of peptide fragmentation for the analysis of a peptide
sequence APNDFNLK (SEQ D NO: 1) in accordance with one embodiment of the
disclosure.

[6637] FIG. 3 shows an example of MS/MS spectnian of the peptide shown in FIG. 2 {(SEQ
D NO: 1) in accordance with one embodiment of the disclosure.

{0038} FIG. 4 shows an example of peptide spectnum match between a predicled spectrum
of a peptide sequencs YLLPAIVHI (SEQ 1D NO: 2) and an experimental spectrons in
accordance with one embodiment of the disclosure.

[0839] FIG. § shows the correlation efficiency of prediction models using a deep learning
algorithia i accordance with one embodiment of the disclosure.

[6640] FIG. 6 shows prediction models using a deep learning

ted

algorithm in accordance with
one embodiment of the disclosure. 1M spectra denote the HLA peptide MS/MS spectra
acquired by Immatics NPRESIDENTSE: HLA peptidome platform, PT spectra denote the

MS/MS specira download from ProteomeTools Dataset PXDOG4T2.

A8
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[0841] FIG. 7 shows a method of benchimarking a fragmentation predicuon mode! with one
embodiment of the disclosure inclading comparning expenimental spectra of o peptide
geaerated by MS/MS to the predicied specira generated by a prediction model rained by a
peptide spectra database. Technical variation, which is measured by comparing MS/MS
spectra identified as a same pepiide, i3 considered as the upper bound performance of any
predicton model could achieve.

[0042] FIG. € shows correlation between experimental HLA peptide spectra and predicted
spectra obtained from two different prediction models, one trained by CID 35 Inumatics
XPRESIDENT® HLA peptide spectra, aud the other one trained by CHD specira from
ProteomeTools Dataset in gccordance with one embodiment of the disclosure.

[8643] FIG. 9 shows correlation between experintental tryptic peptide spectra and predicted
spectra obtained from two different prediction models, and the other one trained by CID 35
Immatics XPRESIDENT®R HLA peptide spectra, and another traived by CID spectra from
ProteomeTools Dataset in accordance with another embodiment of the disclosure.

[6044] FIG. 10 shows correlation between experimental HLA peptide specira and predicted
spectra obtained from two different prediction models, one trained by HCD 28 Inunatics
XPRESIDENT® HLA peptide spectra, and the other one trained by HCD spectra from
ProteomeTools Dataset in accordance with ancther embodiment of the disclosure.

00437 FIG. 11 shows corvelation between experimental iryptic peptide spectra and predicted
spectra obtained from two different prediction models, one trained by HCD 2§ mmatics
XPRESIDENT® HLA peptide spectra, and the other one trained by HCD spectra from
ProteomeTools Dataset in accordance with another embodiment of the disclosure.

[6846] FIG. 12 shows a method of building fragroentation prediction mwodel asing MS/MS
spectra from tissue samples according to an aspect of the invention.

{00471 FIG. 13 shows an exemplary methodology according to an aspect of the invention,
Exemplary target sequences: ISLLDAQSR (SEQ 1D NQ: 3), VVEELCPTPE (SEQ ID NO:
43, LLLQWCOWE (SEQ ID NO: 5), CDVVENTLH(SEQ 1D NO: 6). Exemplary decoy
sequences: RSQADLLSISEQ 1D NO: 7), EFTPULEEVV (SEQ D NO: 8), EWCWQLLL
{SEQ ID N 93, ITNSVVDC (SEQ 1D NO: HY), Exemplary peplide matches:
VSVVDLTINT (SEQ ID NO: 1D, VVEELCEGM (SEQ ID NO: 12), DLLLQWCWEN
{(SEQ IDNO:13), ECDVVTHAE (SEQ IDNO: {4), GDAVIDALN (SEQ ID NO: 15),
SYLFCMEAE (SEQ ID NO: 16},

- 1 -
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[0048] FIG:. 14 shows s Dot Product comparison batwesn Immatics-pDeep {(HCDS (an
embodiment of the system and method described herem) against Prosy pretraived model
{HCD 253 and Prosit pretrain model {HCD 27) The comparison was done only for HCD
model because the Prost model is limuted to HCD,

[8049] FIGS. 15A-B show a Dot Product analysis of two very similar peptides:
KLLEVOILE (SEQ ID NO: 17) (FIG. 15B) and QLLEKVIEL (SEQ ID NO: 18) (FIG. 154)
which sre difficult to distinguish using conventions! methods. Using the hinmatics-pDeep
{HCD) (an embodiment of the sysiem and method described berein) computed the predicted
spectrans QLLEKVIEL (SEQ 1D NO: 18315 0927,

{06561 FIG. 16 depicls a Dot Prodact showing the Dot Prodoct scores computed by the trae
pepiides with high false peptide incidenis, 485 peptide pairs where SEQUEST was not able
to clearty ditferentiae one from the other. The Imumatics-pDeep (HOCTH {an embodinent of
the system and method deseribed hervein) showed an unexpected improvement in the
prediction of sequence for peptides that have a high incidence of false positives,

[6051] FIG. 17 shows that the prediction model acourately predicts uRT (universal retention
tme) of HLA peptides. The average of prediction evror (Actual-predicted) oRT is 0.061 and
standard deviation of prediction error is 135,

{00521 FIG. 18 depicts the ROC curves by different database search rescoring approaches.
Baseline: Comet database search. IMApDeep MSMS: Database rescoring by the
fragmentation data prediction model buili asing pDeep algorithm and Imroatics HLA mass
spectrometry data. IMApDeep MSMS-NL: Database rescoring by the fragmentation data
prediction mode! built using pDeep algorithm and Inunatics HLA mass spectromelsy data
including neutral toss fragments. IMAProsit MSMS: Database rescoring by the
fragmentation data prediction model built using Prosit algorithn: and Innmatics HLA muass
spectrometry data. IMAProsit MSMS-NL: Databaze rescoring by the fragmentation data
prediction model bailt using Prosit algorithm and Inunatics HLA niass spectrometry data
ncluding neutval loss fragments. IMAProsit RT: Database rescoring by the peptide retention
tirne prediction model built using Prosit algonitum and Immatics HLA mass spectrometry
data. IMApDeep+IMAProsit Database rescoring by combination of the peptide
fragmentation data (wilt using pDeep algorithm) and retention time prediction models (boilt
using Prosit algorithm) which is built using Insmatics HLA mass spectrometry data as
fraining data. This combingtion of mass speetra data and retention tirme shows an unexpected

improvement in HLA peptide identification compared o Comet search engine {Baseline)

«11 -
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asing the methods described herein. “Rescored” refers to the rescoring configuration that
received the best results: FDR=0.001: 1185 PSMs in Baseline vs. 153477 PSMs in Rescored
{Relative Increase: 13.06); FDR=0.01; 22519 PSMs in Baseline vs. 31596 PSMs in
Rescored (Relative Increase: 1,40}, and FDR=0.03; 28413 PSMs in Baseline vs. 3441

PSMs in Rescoved (Relative Increase: 1.21).

DETAILED DESCRIPYION

Improved Methods and Systems for Identification of HLA Peplides

[6053] The disclosure provides for methods of improving tdentification of peptides. In an
aspect, the identified peptides are used in personalized medicine, such as cancer treatments
and adoptive cellular therapy (ACT). In another aspect, methods described herein are
improved over copventional peptide identification methods by resulling v less false
positives of off-larget peptide identification.

[0034] “AdaBoost.” as used herein, refers broadly (o a bagging wethod that Heratively fus
CARTSs re-weighting observations by the errors made at the previous fleration.

[6655] “Antigenic peptides,” as used herein, may refor broadly to a peptide between about §
and 14 amino acids that is capable of triggering g T-cell inwnune response, preferably protein
fragmenis that bind to a MHC molecule to form g peplide-MHC complex. Antigenic
peptides may comprise HLA peptides. The term “peptide™ is used herein to designate a
series of amino acid residues, connected one to the other by peptide bonds between the
alpha~amino and carbonyl groups of the adjacent amino scids. The peptides are preferably 9
amine actds in length but can be as short as 8 amino acids in length, and as long as 10, 11, ov
12, or longer, and in case of MHC class IJ peptides (elongated variants of the pepuides of the
invention) they can be as long as 13, 14, 15, 16, 17, 18, 19 or 20 or more antino acids in
length.

ja0s6] “Classifier,” as used herein, refers broadly to a machine learning algornithm such as
support vector machine(s), AdaBoost classifier(s), penalized logistic regression, elastic nets,
regression tree svstem{s), gradient tree hoosting systemi{s}, naive Baves classifier(s), neural
nets, Bayvesian nevral nets, K-nearest neighbor classifier(s}, Deep Learning systems, and
random forests. This imvention contemplates methods using any of the listed classiliers, as

well as use of more than one of the classifiers in combination.
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[6657] “Classification and Regression Trees {CART)” as used herein, refers roadiv to a
method to create decision trees based on recursively partiboning a data space so asto
optinize some metric, usually modet perfonmance.

{0038] “Classification system,” s used herain, refers broadly o a machine learning system
axecuting at least ona classifier.

0089 “CTL,” as used hevein, vefers broadly 1o ovtotoxic T-lymphocvies, genevally CD8+ T
cells.

{8860] “Elastic Net,” as used herein, refers broadly to o method fur performing linear
regression with a constraint conprised of a linear combination of the 1.1 norm and L2 norm
of the vector of regression coefficients.

jH61] “False Positive {FPY” and “False Positive Identification,” as used herein, velers
broadly (o an ervor in which the algorithm test result indicates the presence of a disease when
the disease is sctually absent.

[8862] “False Negative (FN),” as used herein, refevs broadly to an ervor in which the
algorithim test result indicates the absence of a disease when the disease is actually present.
[6663] “Genetic Algonthm,” as used herein, refers broadly to an algonthe that mimics
genetic mutation used to optimize a function (e.g.. model performance).

j0064] “HLA peptide.” as used herein, refers roadly to an antigenic peptide that is bound in
a peptide-MHC complex and presented fo a T-cell. HLA peptides are antigenic peplides.
[0063] “"LASSQ,” as used herein, refers broadly to a method for performing hinear
regression with a constraint on the L nonm of the vector of regression coefficients.

[8066] “1L.1 Norm,” as used herein, is the sum of the absolte values of the clements of a
velor,

[6067] 1.2 Nonn,” as used herein, is the square root of the sum of the sguares of the
alements of a vector.

[B068] “Negative Pradictive Value (NPV),” as used herein, s the number of true negatives
(T divided by the number of true negatives {TN) plus the namber of false pegatives (FP),
TRTNAEN),

[0069] “Neural Net,” as used herein, refers broadly to a classification method that chains
together perceptron-hike objects to create & classifier.

[6670] “Performance score,” as used herein, refers broadly 1o the distances

between predicied values and actual values in the training data. This is expressed as a
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number batwesn G- 100%, with higher values indicating the predicted value is closer to the
real value. Typically, a higher score means the model performs betler.

0071} “Positive Predictive Value (PPVY,” i the number of true positives {1TP) divided by
the number of true positives (TP} plas the number of false positives (FP), TP{TP+FP).
{88721 “Random Forest.” as used herain, vefers broadly 1o a bagging method that fits CARTs
based on samples fron the dataset that the model 1s trained on.

[0073] “Retention time,” and “retention time data,” as used herein, refer broadly to a
measore of the time taken for a peptide to pass through a liquid chvomatography column. it
is calenlated as the time from injection to detection,

{06741 “Ridge Regression,” as used hevein, refers broadly 1o a method for performing linear
regression with a constraint on the L2 norm of the vector of repression coefficients.

{OR7S] “Specira data” “Spectrum data,” as used herein, refers broadly 10 mass spectrometry
data for a peptide. The spectra data may be “experimental spectrum data” or “experimental
spectrum” where the data is genetaied by mass spectrometer. The spectra data may be
“predicied spectra data”™ or “predicted spectrum” where the data is generated by machine
learning systems (@.g., classifiers) using the peptide sequence.

{0076} “Standard of Deviation {812}, as used herein, 15 (he spread in tndividual data pouis
{i.e., in a replicate group) to reflect the uncertainty of a single measurement.

J77] “Subset,” as used herein, refer broadly o a proper subset and “superset”™ I8 a proper
supersel.

[0078] “Training Set,” as used herein, is the set of samples thatare used to tradn and develop
a machine learning system, sach as an algorithm ysed fy the method and systems deseribed
herain.

{0679] “Tryptic peptides,” as used herein, refers broadly to the peptides produced by

a trypsin digest is used to cleave the proteins n a sample downstream to svery lysing or
arginine residue, except when followed by a proline residue. A collection of tryplic peptides
may comprise antigenic and HLA peptides.

[0088] “True Negative (TN},” as used herein, is the algorithm test vesult indicates thata
peptide is not an antigenic when the peptide is actually antigenic.

[6681] “True Positive {TP),” as used herein, is the algorithm test result indicates that a

peptide is antigenic when the peptide is actually sntigenic.

P g
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[6682] “Validation Set,” as used hergin, refers broadly to the set of samples that ave blinded
and used o confirm the fanctionality of the algorithm used in the method and systems
described herein. This is also known as the Blind Set.

Improved High Throughput Idemtification of HLA Peptides

[BD83] Advantages of the methods of present disclosure may include improving high
throaghput identification of HLA peptides and providing less false positive as compared
with experimental procedures alone, such as mass spectrometry and public database
gtilization. The methods described herein combine the experimental identification of
peptides with algorithms capable of taking that data and tralning and testing the data to
optimize peptide discover accuracy. For example, the methods described herein may utilize a
classifier to identify HLA peptides, e.g.. antigen peptides that trigger a T-cell response, from
a data set on a peptide. Thas, methods of the present disclosure may provide a more efficient
way, e.g., time reducing and specificity increasing, to select top HLA peptides (o be
formulated in personalized medicine by selecting fewer HLA peptides for validation with
higher confidence.

[6684] Mass specirometry {MS) 15 a tool capable of Wentifying naturally {in v} presented
HLA peptides in human cell lines, tumor tissues and bedily fuids, such as plasma. Mass
spectrometry {MS) zenerates a signal (spectrunt) of values (s, intensity) related to the
presence of a biomolecale with a certain mass-to~charge ratio (), and abundance
(intensity) in the saple. The mass spectrometry data spectra may further comprises
retention time data. FIG. 1 shows immunopeptidomics based on innaenos{iinity purification
of HLA complexes from mild detergent sotubilized lysates, followed by extraction of the
HELA peptides. The extracted peptides can then be sepavated by clwomatography and divectly
ijected into a mass spectrometer, such as tandem mass spectrometry {MS/MS). In MS/MS,
parent or precursor jons gensrated from a sample may be selected by a fivst mass
filterfanalyzer and can then be passed to a collision cell, in which they are fragmented, such
as bjons and y-ions shown in FIG. 1, by collisions with neutral gas molecales to vield
daughter or product tons. The frapment or daughier tons can then be mass analyzed by »
second mass filterranalyzer and the resulting frapment or daughter ion spectra, such as that
shown i1 FIG. 2, can be used {o determine the structure and hence identify the parent or
precursor ion. The methods may also comprise using refention time data for tvaining the

classification svstems described herein,
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[0685] In aspects, methods described herein improve the dentification acouracy andfor
determination of an antigenic peplide as its data acquired by the metbods described in, for
exanple, Philippe Hupé ef of., “Mass spectrometry protocol”™, Computationad Systems
Biology of Cancer Chapman & Hallf{CRC Mathematical & Computational Biclogy, 2012,
the discloswre of which is herain incorporated by reference in its entivety. The antigenic
peptide data may comprise mass spectnian data, retention time, and combinations thereof.
[0086] In another aspect, peptide data acquired from the method of, for example FIG. 1,
were assernbled iato a database or Hibrary and inpuited into an algorithm, for example a deep
leaming algorithm, to produce a library of predicted peptide fragmentation spectra. In one
embodiment, peptide data acquired from the method of, for example FIG. 1, are gssembled
into a database and processed by a classifier to produce a library of pradicted peptide
fragmentation spectra. These methods may forther comprise using reteution time data in the
methodology.

Pepiidles

[06087] In an aspect, peptides identified and evalyated by methods described herein are froin
7 to 14 amino acids, 8 to 12 amino acids, 8 to 11 amine acids, 9 to 11 anmino acids, R o 10
aminge actds, less than 14, less than 12, less than 10, or 7.8, 9, 10, or 1{ amino acids in
length. In one embodiment, the peptides are 5,6, 7, 8,9, 10, 11, 12, 13, or 14 amine acids in
length. The peptide may be about S-14 amino acids in length, about 612 amine acids in
length, about 7-12 amine acids in length, or about 6-11 amine acids in leagth.

[0088] In an aspect, methods described herein include analysis of only sntigenic peptides
{H1.A associated peptides}. In an aspect, methods described are not used o identify andfor
evaluate fryptic peptides. ln another aspect, methods described herein move accurately
identify antigenic peptides over tryptic peptides.

[0089] Trypsin is the “gold standard™ fon protein digestion {o generate peptides for
“shotgon proteomics,” e.g., a large-scale, non-specific approach. Trypsin is a serine
protease that cleaves profeins with an average size of 700-1500 Daltons, which i1s in the
ideal range for M8, Laskay er ¢ {2013) I Proteome Res. 12(12); 533869, the disclosure of
which is heretn incorporated by reference in s entivety. Trypsin cleaves selectively at the
carboxyl side of arginine and lvsine residues, except {or positions where there 15 a proline
residue on the carboxyl side of the cleave site. Trypsin is highly active and tolerant of
several additives. The C-terminal arginine and lysine peptides are charged, making them

deteciable by MS.
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[6698] Tryptic peplides, a mixture of peptides produced by digestion with trypsin, mayv
contaim antigenic peptides and HLA peptides, but this is not a specific process. The
zeneration of tryptic peptides is driven by trypsin’s specificity and not the potential
antigenicity of a peptide. This {eads to a large percentage of the peptides generated by a
trypsin digestion being non-antigenic, e.g., of no use  T-cell therapies. Additonally, the
trypsin digest eliminates potential HLA peptides of great value that may contain a ysine or
arpimine residue in the middle of the epitope.

{8691} The method described herein uses anconventional methods o better identify
potential HLA peptides for ase in T-cell therapies. Instead of performing a trypsin digest o
produce a library of random peptides that are run throngh a mass spectroscopy, random,
compitter generated peptide fragments are generated from the parent protein and this bhibrary
of fragments is processed by a classifier to identify antigenic peptides, in particular, HLA
peptides. For example, the methods described berein may identify HLA peptides with a
Tysine or arginine residue in the epitope which would be destroved by a trypsin digest.
Further, the use of retention time data allows for further discrimination of different peptides,
for example highly sinular peptides, e.g., peptides that could not be distinguished using
standard technigues.

1927 T an aspedt, the methods described herein exhibil a prediction performance score
{correlation) of antigenic peptide identification that is about 296 or less, about 5% or less,
abont 7% or less, abowt 10% or less, about 15% or less, about 208 or less, or about 25% or
less, about 5% top about 25% less, about 3% to about 13% or less, or about 1% to about
25% or less, relative fo the experimentally measared technical variation. In an embodiment,
the performance score of the methods described herein is greater than 80%. For example, the

nerformance score may be about 8096, R19%, 82%, 8394, 84%, 3%, 80%, 8784, RR%, 89%,

909G, 91 %, 9296, 9300, 4%, 95%., B6%, D700, 98%,, 99%G, 99 1%, 99 2%, 99.3%, 99.4%,

GG S, 99.6%, 99. 7%, 99.8%, 99.9%, or 1%, The performance score may between abogt
H0% and 95%, 92% and 98%, or 91% and 99%. See, for example, FIG. 5 and §-1 1.

[6093] In an aspect, methods described herein bave a prediction performance score of about
3% or more, aboutl 5% or more, about 7% or more, about 10% or more, about 13% or more,
abowt 20% or more, about 25% or more, about 30% or more, aboat 35% or more, about 10%
to about 75%, ahout 3% to about 30%, about 10% (o about 40%, about 10% to about 30%,

about 10% {o about 25%, or about 1% to about 20% closer to the measured technical
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variation as comparad to 8 convention demtification model, for example, the PT model or
mass spectrometry analysis without training and testing data as described herem.

0094} tn an aspect, wethods described herein exhibit a higher predicted score when
identifying HLA-~associated peptides as compared to identification of tryptic peptides. In an
aspect, methods deseribed herein more accurately predict pepiide matches related to the PT
method. I 3 non-Hmiting aspect, a characteristic of methodologies desceribed hevein s
better correlation score when identifving antigenic peptides and a lower score when
evaluating tryptic peptides.

[6095] I an aspect, the library or database desceribed berein includes over about 60%, over
about 70%, over about 80%, over ahout 85%, over about 90%, or over about 95% antigenic
peptides. In another aspect, the library or database described hersin includes about 60% to
aboat 93%, about 60% to about 80%, about 70% to about B0%, about 8% to abowt B0%;,
aboat 83% to about 95%, antigenic peptides. For example, the database of peptides generated
by the methods described hevein may comprise abount 80%, B1%, 82%, 83%, 84%, 85%,
6%, 870, BEYG, 9%, B0, 91%, 92%, 93%, 949, 95%, 96%, 979, 8%, 99%, 99.1%,

99 2%, 99.3%, D9.4%, 99.5%, 99.6%, 99. 7%, 09.8%, 99.9%, or 1007 antigenic peptides.
The database may comprise between gbout 90% and 95%, 92% and 98%, or 91% and $9%
antigenic peptides. Further, the database of peptides generated by the methods described
herein may comprise about 80%, 81%, 82%, 83%, B4%%, 85%, R6%, 8T%%, 88%%, &0%, 90%,
S1%%, 92%, 93%, V4%, 25%, 96, 9T%, 8%, 99%, 9919, 99.2%, 99 3%, 99 4%, 99.5%,
99.6%, 99.7%, 99.8%, 99.9%, or 100% HLA peptides. The database may conymise between
about 90% and 95%, 92% and 98%, or 91% and 99% HLA pepiides.

[6696] In an aspect, the fibrary or database described berein contains less than about 30%,
less than about 25%4, less than about 20%, less than sbout 15%, less than about 10%, or less
than about $% tryptic peptides. fn yet another aspect, the hbravy or database described herain
contains less than abont 30%, less than about 25%,, less than aboot 20%;, less than abowt
15%, less than about 10%, or less than about 3% tryptic peptides. For example, the database
of peptides generated by the methods described herein way comprise less than 30% nos-
antigenic peptides, e.z., peptides which do not elicit an immune response. The database of

peptides may comprise less than 30%, 23%, 20%, 15%, 10%, 3%, 4%, 3%, 2%, or 1% non-

antigenic peptides. The methods described herein produce an unexpem‘m result of a nearly

=

pure anfigenic peptide library including antigenic peptides that could not be identified using

the conventional trypsin digest-MS methods.
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Peptide Mutations

[6697] In an aspect, methods desenibed herein are capable of wdentifying peptides with one,
two, or three muutations relative to a base sequence. In some aspects, the muiation is a
conservative substitution or muiation. In another aspect, methods described herein are
capable of identifying pepiides with a great specificity and higher prediction parformance
score as compared o methods wherein a machine learning system, e g, Deep Learning, has
not been used.

{8098} In an aspect, conservative substitutions mav inchide those, which are deseribed by
Davhoff in “The Atlas of Protein Sequence and Structare. Vol 37, Nawl Biomedical
Research. For example, in an aspect, aming acids, which belong to one of the following
zroups, can be exchanged {or one another, thus, constituting 8 conservative exchange: Group
1: alanine {A), profine (P, glycine (03}, asparagine {N), serine (3}, threomine (T}, Groap 2:
eysteine {C), serine {8), tyrosing (Y, threonine (1), Group 3 valine {V), isolencine (I},
leucine (L), methionine (M), alanine {A), phenvialanine (F), Group 4; lysine (K}, arginine
{R), histidine (H), Group 5. phenylalaning (F), tvrosine {Y), tryptophan (W), histidine (H);
and Group 6: aspartic acid (D), glatamic acid (£). In an aspect, a conservative amino acid
substitution may be selected from the following of T A, G— A, Al TV, AM, T,
AV, T, andior T—8, See, e.g., Johnson & Petersen (2001 “A Critical View on
Conservative Mutations.” Protein Engineering, Design and Selection 14(6}); 397402 Ng &
Henkoff {2001) Genome Res. 11 863874, the contents of which ave berein incorporated by
reference m their entivety.

[8099] In an aspect, a conservative aming acid substitution may tochude the substitution of
an amino acid by another amino acid of the same class, for example, (1) nonpolar: Ala, Val,
Leu, He, Pro, Met, Phe, Trp: (2) uncharged polar Gly, Ser, Thy, Cys, Tyr, Asn, Gln: (3)
acidic: Asp, Gha; and {4) basic: Lys, Arg, His. Other conservative amino acid substitutions
may also be made as follows: (1) aromatic: Phe, Tyr, His: (23 proton donor: Asn, Gin, Lvs,
Arg, His, Trp; and (3) proton acceptor: Glu, Asp, Thr, Ser, Tyr, Asn, Glo. See, for example,
1S, Patent No. 10,106,805 and Yampolsky & Stoltzfus “The Exchangeability of Amino
Acids i Proteins.” QGenetics 170: 14391472 the discloswres of each of which are herein

meorporated by velference i its entirety.

Peptide Fragmentation Profiles

~ 16«
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{00100}  Accurate modeling of peptide fragmentation is an important factor for the
development of robast scoring fanctions for peptide~spectram matehes, which are the
corpersione of MSMS-hased identification algoritluns. Unfortunately, peptide Gagroentation
is a complex process that can involve several competing chemical pathways, which makes it
difficult {o develop generative probabilistic models that describe 1 accurately.

[0180] By providing for greater resohation, methods described herein ave capable of
wlentifving peptides that were previousty difficalt to identify peptide sequences with a
greater specificity and accuracy. For example, potentially usefis] epitopes that woald be
destroved in a rypsin digest. This resalts in less false positive identifications. Tn ap aspect,
nmethods described herein are capable of identifying peptides with the same amino acid
sequence but in a different confipuration. In an aspect, amino acid positions are adjacent or
further down the amino acid chain,

[8181] As a non-himiting example, conventional peptide identification methods have trouble
identifving closely related sequences. By combining confirmed experimental data with
algorithms, such as pDesp, the methods described hersin have the ability to identify
previoasly un-identified peptides. For example, by classifying a library of peptides it 1s
possible to identify previously unideniified HLA antigens, mcluding HLA antigens that were
overlooked or destroved by conventional methods.

01027 In an aspect, the peptide may be known, but association with a specific tumor or
cancer-type unknown, In sach jnstances, methods described herein have the abnlity to
wlentify snd deternune the sequence identity and tumor association. For examnple, a classifier
may be used to identify and detenmine the sequence identity and tumor association.

[6163] I another aspect, the mass specirometry may be performed in a data independent
acguisition (DIA) mode or in a duta dependent acquisition (DDA) mode.

[0184] In another aspect, the HLA peptide sequence database mav contain at least 2 x 10°
PSMs generated by colliston-induced dissociation (CID), swrface-tndaced dissociation
(81D}, eleciron-capture dissociation (BECDY}, igher-energy C-trap dissociation {HCD),
electron-transfer dissociation (ETD), negative electron-transfer dissociation (NETD),
electron-detachment dissociation {EDD), infrared multiphoton dissociation (IRMPD),
Mackbody infrared radiative dissociation (BIRD), electron-transferhigher-energy collision
dissociation {ETheD), or electron-transier and colliston-induced dissoctation (ETCID)
{0108] 1o another aspect, the PSMs may bave 8 flse discovery rate (FDR) of less than 0.05

or less than 0,10
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[0106] Peptide spectrum matches (PSMs) herein vefer to the identified peptide sequences
{peptide spectrurn matches) for the protemn, including those redendantly identified. The
aummber of PSMs is the total number of identified peptide spectra maiched for the protein.
The PSM value may be higher than the number of pepiides identified for high-scoring
preeins because peptides may be identified repeatedly.

[0187] Data-independent acquusiion (DEA) heren refers to a method of molecudar stroctare
deterninanon, in which all ons within a selected m/z range may be fragmented and
analyzed in a second stage of tandem mass spectrometry. Tandem mass specira may be
gequired either by [ragmenting all tons that enter the mwass spectrometer at a given time
{called broadband DIA) or by sequentially isolating and fragmenting ranges of méx.

[0108] Data-dependent acquisition {DDA) herein refers to, it contrast to DIA, a mode of
data collection in tandem mass spectrometry, in which a fixed munber of precursor ons
whose mvz vahues recorded i a survey scan may be selected using predetermined rules and
are subjected to o second stage of mass selection i an MS/MS analysis,

[6109] Desp learning is a class of machine learning algorihuns that use multple layers o
progressively extract higher level features from raw input. Deep learning algorithms may be
capable of much more gocurate prediction performance for applications in computer vision
and image/videosaudio recognition. lis multiple layers provide deeper description fior
different perspectives. Take image processing as an example, Iower lavers may ideniify
edges, while higher Taver may describe humanameaningful ftems such as digits/detters or
faces. Deep learning may also be applied for mass spectrometry data analysis, incloding oe
novo sequencing, retention time prediction and peptide fragmentation prediction. As an
example, shown in FIG. 4, a deep learming prediction model can successfully predict
spectrom peak intensities, 1.¢. peptide fragmentation pattern of a peptide.

{0118 Predicted spectrum herein refers to a peptide fragmentation spectrum generated by

machine learming algonthms such as classifiers.

Methods for Predicting Peptide Fragment Structure

[0111] Maiching fragment ton spectra to peptide sequences is relevant to the identification,
guantification and subsequent biological interpretation. One method 15 database searching, in
which a fragmentation spectram is maiched 1o theorelical specira for candidate peptides
senerated i silico. Some search engines, wmelude, for example, Andromeda (Cox ef el §

Proteome Res, 10(4):1794-805, 2011, the contents of which are incorporated by reference in
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their entivety), score peptide spectrum matches (PSMs) on the presance of fragment ions but
largely disregard frapment jon infensities or nformation regarding which fragment tons may
he experimentally observed.

{8112} Speciral libwary searching may be g complementary approach, in which intensities of
peptide fragment ions from experimenial spactra may be correlated 1o library spectra,
typically constracted frony previous peptide wdentification data. Spectral Hbraves are
comunonly used for the snalysis of targeted or dats-independent acguisition (DIA)
experintents. In DIA, additional information, such ay pepiide retention time, may be asefid in
improving confident peptide identification and quantification. Retention time of a peptide
during ligeid chromutography represents a relative hydrophobicity which can alse be
emploved to differentiate one peptide from another. The classification methods and systems
described herein show an wexpected tmprovement in the prediction of retention time. The
mventors trained the classifiers using Prosit’s algorithm and Immaties” inmmumopeptidome
databases. FIG. 17 shows that the classification system described herein accurately predicts
aRT (universal retention time} of HLA peptides. The average of prediction error {Actual-
predicted) oRT i3 .06 and standard deviation of prediction erroris 1.35.

Classiffcation Sysiems

{0113} The mvention relales lo, among other things, churacterizing peplides based on MS
data, preferably MS/MS data comprising experimental peptide spectram data sets. The
experimentsl peptide spectruin data sets may be propriety or accessed from publicly
available databases.

[8114] DecpMass prediction model, as deseribed, for example, o Tiwary e o/ Nag Methods
{2019} 16{6); 519-825, the content of which i3 incorporated by reference in s entirety, can
achieve a better correlation (0.95) between experimental spectra and predicied spectra than
MS2PIP prediction model {0.87}, as also indicated by the closer correlation of the former 10
the technical variation than that of the latter.

[0115] MassAnalyzer tool is a deductive physicochemical model of peptide fragmentation.
Parameters in this model may be optinvized on a dataset containing 8900 MS/MS spectra.
Zhang Anat, Chern, (2004} 76: 3008-3922; Zhang Anal, Cheni. (2005) 771 63646373, the
content of which is incorporated by reference in iis entirety,

{0116} PeptideART is based on feed-forward neural network representations. It can
implement an ensemble of neural networks, in which each network models the most

important fragment 1on peak intensities in oue maltt-output feed-forward neural network.
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This method models the {nomalized) peak intensities divectly. Arnold ef of. Pagcific

{2006) pages 219-230, the content of which 1s incorporated

bt

Svmposian on Biocomputing,

by reference 1o is entivety.

{6117] PepNove uses a boosting algoritlum {in the context of ranking) to take advantage of
experimental MS/MS data 1o create models for predicting the ntensity ranks of a peptide’s
fragment ion peaks based only on the peptide’s amine acid sequence without having to fully
understand the complex dynamics of peptide fragmentation. Frank, § Proteome Res. (2009)
R 222622440, the content of which is incorporated by reference in its entivety.

[6118] MS2PIP is a dataset of merged PSMs and presents an inductive lfearning approach for
peak intensity regression that explotis information contained in this large number of PSMs.
This approach uses the non-linear decision tree representation for training the peak miensity
prediction models. Degroeve ef of. Bioidormatics (20133 29: 3199-3203, the content of
which is incorporated by reference in its entivety.

[0119] US. Patent Application Publication No. 200870275651, the content of which is
incorporated by refersnce in its entirety, describes a method of inferring presence of at least
one protein in a sample, including entering a peptide tratning data set into a statistical
mnference model, ¢.z., a machine leaming system, iraining the statistical inference modet
with the pepiide training data set, determining predicted detectability of at Jeast oue peptide
present in ihe sample with the gained statistical inference model, and inferring the presence
of the at least one protein in the sample based upon the determined predicted detectability.
[0126] The machine learning systems, MassAnalyzer, Peptide ART, PepNovo, and MS2PIP
may be used m the system and method described heretn. However, these svstenss have
Iimitations and inaccaracies that are overcome by the methods described herein. Foy
example, Deep Learning systems, including but not limited to pDeep, DeepMass, and
PROSIT have shown unexpected improvements in the prediction of peptide sequences over
conventional maching leaming sysiems.

{0121] The clussification svstems used herein way inclade compoter executable software,
firmware, hardware, or combinations thereoll For exavople, the classification systems may
include reference {0 a processor and supporting data storage. Further, the classification
systems nray be implemented across numltiple devices or other components local or remole o
one another. The classification systems may be implemented in a centralized system, oras a
distributed system for additional scalability, Moreover, any reference to software may

include non-transtiory computer readable media that when execated on a computer, causes

)
2
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the cowapuser to perform a series of steps.

{6122 The classification systems described herein may include dala sforage such as network
gecessible storage, local storage, remote stovage, or 8 combination thereof. Data storage may
utthize a redundant array of inexpensive disks ("RALID™), tape, disk, a storage area network
(“"SANT), an internet small computer systems interface (“iSCST”) SAN, a Fibre Channel
SAN, & comumon Internet File System (“CIFS™), network attached storage ("NAS™), a
network file system (“NFS™), or other compuoter accessible storage. The data storage may be
a database, such as an Oracle database, a Microsoft SOL Server database, a B2 database, a
MySQL database, 4 Svbase database, an object oriented database, a hievarchical database,
Cloud-based database, public database, or other database. Data storage may utilize flat file
structures for storage of data. Exemplary embodiments used two Tesla K80 NVIDIA GPUs,
each with 4992 CUDA cores and large amounts of GB of memory {e.g., over 11 GB} o irain
the deep learning algovithms.

[0123] In the first step, a classifier is used to describe o pre-determived set.of dats. This is
the “learning step” and is carried out on “tratiming™ data.

{6124] The training database 1s 2 computer-implerented store of data reflecting a plurality
of peptide spectrun data for a plarality of peptides association with a classification with
respect to antigen characterization of each respective peptide. The peptide spectrum data
may comprise experimental peptide spectrum data, predicted peptide specirem data, or a
combination thereofl The format of the stored data may be as a flat file, database, table, or
any other retrievable data storage format known in the art. The test data may be stored as &
plurality of vectors, each vector corresponding o an individaal peptide, each vector
including a plurality of peptide spectrum data measures for a plarality of experinental
peptide spectrum data together with a classification with respect to antigenicity
characterization of the peptide. The vector may further comprise retention time data
measwres for a plurality of experimental peptide retention data together with a classification
with respect to the antigenicity characterisation of the peptide. Typically, each vector
containg an entry for each peptide specirum data measure 1o the plurality of peptude spectum
data measures. The entry may further comprise retention time data. The training database
may be linked to a network, such as the ntemet, such that its conlents may be refneved
remotely by authorized entities {e.g., human users or computer programs). Alternately, the
fraining database may be located in a network-isolated compuier. Further, the iraining

database mav be Cloud-based, including proprisiary and public databases containing peptide
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spectram data {e.g., experimental, predicied, and combimations thereof) for antigenic
peptides usefuol in immunoucology methods.

{6128} 1n the second step, which is optional, the classilier is applied fn a “validation”
database and various measures of gocyracy, including sensitivity and specificity, are
ohsarved. In an exemplary embodiment, only a portion of the training database 1s used for
the learning step, and the remaining portion of the traimng database is used as the validation
database. In the third step, peptide spectrum data measures from g subject are submitted to
the classification svstem, which ouipats a calculated classification {e.g., characterization of a
peptide as antigemie) for the subject. Additionally, retention time data may also be used.
{6126] There are many possible classiliers that could be used on the data. Machine and deep
leaming classifiers include but arg not limited to AdaBoost, Artificial Neural Network
(ANN) learning slgorithm, Bayesian belief networks, Bayesian classifiers, Bayesian newxal
networks. Boosied trees, case-based reasoning, classification frees, Convolutional Nearal
Networks, decisions trees, Deep Learning, elastie nets, Fully Convolutional Networks
{FUN), genetic aigorithns, gradient boosting trees, k-nearest neighbor classifters, LASSQ,
Linear Classifiers, naive Bayes classifiers, neural nets, penalized logistic regression,
Random Forests, ridge regression, support vector machines, or an ensenible thereof, may be
used to classify the data. See e g., Han & Kantber (2006) Chapter 6, Data Mining, Concepts
and Techniques, 2nd Ed. Flsevier: Amsterdam. As described herein, any classifier or
combination of classifiers (e, ensemble) may be used 1 a classification system. A3
discassed herein, the dats may be used to wain 8 classifier.

{8127 I an embodiment, the classifier is a Deep Learning algorithm. Machive leaming is o
subset of artificial inteltigence that ases a machine’s ability to take a sel of data and learn
about the information it is processing by changing the slgorithm as data is being processed.
Deep learing is 3 subset of machine learning that utilizes artificial neural natworks inspired
by the workings on the hanan brain. For example, the deep learning architecture may be
multilayer perceptron neural network (MLPNN), backpropagation, Convolutional Nearal
Network (ONN}, Recurrent Neurad Network (RNN), Long Short-Term Memory (LSTM),
Cenerative Adversarial Network {GAN), Restricted Boltrmann Machine (RBM), pDeep,
DeepMass, PROSIT, Deep Belief Network (DBN), or an ensemble thereof. Deep Leaming
systems have shown a surprisingly high prediction performance for prediction niodels of
pepiide spectra daty. Accordingly, the Deep Leaming systems have an unexpected advantage

in successfully predicting spectram peak intensities, e.g., peplide fragmentation patterns,
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over other methods.

Classificative Trees

0128 A classification tree is an easily interpretable classilier with butlt in feature selection.
A classification tree recursively splits the data space in such a way 50 as'to maximize the
proportion of observations from one class in each subspace.

[0129] The process of recursively splitting the data space creates a binary tree with a
condition that is tested at each vertex. A new observation is classified by following the
branches of the tree wnill a Jeaf is reached. At each leaf] a probability is assigned to the
observation that it belongs to a given class. The class with the highest probability is the one
1o which the new observation is classified.

Classification tress are essentially a decision tree whose stiributes arg framed in the language
of statistics. They are highly flexible but very noisy {the vartance of the error is larpe
compared 1o other methods}.

[0138] Tools for tplementing classification tree are available, by way of nog-limiting
example, for the statistical software compuling language and snvivomment, R. For example,
the R package “wee,” version 1.0-28, includes tools for creating, processing and utilizing
classilication trees. Examples of Classilication Trees include but are not limited to Random
Forest. See alve Kamitski ef ol (20173 A framework for sensiivity analysis of decision

wees.” Central BEwropean Jownal of Opesations Research, 2601y 135159 Karimt &

Hamilton {201 1) “Generation and Interpretation of Temporal Decision Rules”, International
Journal of Compuier information Systems and Indostrial Manggement Applications, Volame
3, the content of which is incorporated by reference i1 its entirety.

Randaom Foresis

{01311 Classification trees ave typically noisy, Random forests attempt to reduce this noise
by taking the average of many trees. The result is a classifier whose error has reduced
variance compared to a classification tree. Methods of building a Random Forest classifier,
mcluding software, are known in the art. Prinzie & Poel (2007) “Random Multiclass
Classification: Generalizing Random Forests to Random MNL and Randem NB”. Database
and Expert Systems Apphications. Lecture Notes i Conyputer Science. 4653; Denisko &

Hoffman 2018) “"Classtfication and interaction in random forests™ PNAS FIS(B): 1690~

1692, the content of which is incorporated by reference in s entirety.
[132] To classify a new observation using the random forest, classify the new observation

using each classification tree in the random forest. The class to which the new observation i3
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classified most ofien amongst the classification wees is the class to which the random forest
classifies the new observation. Randow forests reduce many of the problems found in
classification {rees but at the trade off of interpretability.

{8133} Tools for implementing random forests as discussed herein are available, by way of
won-fimiting example, for the statistical soflware computing language and enviropment, R
For example, the R package “random Forest,” version 4.6-2, inclades tools for creating,
processing and uiiliving random forests.

AdaBoost (4daptive Bousting)

[6134] AdaBoost provides a way to classifyeach of n subjects inlo two or miore categories
hased on one k-dimensional vector (called a k-wple) of measurements per subject. AdaBoost
takes a series of “weak” classifiers that have poor, though betier than random, predictive
performance and combines thent o create o superior classifier. The weak classifiers that
AdaBoost uses are classification and regression trees (CARTSY. CARTs recursively partition
the dataspace into regions i which all new observations that He within that region are
assigned a certmn category label AdaBoost bunlds a series of CARTS based on weighted
versions of the dataset whose weights depend on the performance of the classifier at the
previous iteration, Han & Kamber (2006) Data Mining, Concepts and Techniques, 2* £d,
Elsevier; Amsterdan, the content of which i3 incorporated by reference in its entirety.
AdaBoost technically works only when there arve two categories o which the observation can
belong. For g22 categories, (g/2) models must be created that classify observations as
belonging 0 a group of not. The results from these models can then be combined to predict
the group membership of the particolar observation. Predictive performance in this context is
defined as the proportion of observations msclassified.

Convolutional Newral Nevwork

8135} Convolutional Newal Network (CNN or ConvNet) is a class of deep, feed-Torward
artificial newral networks, most commonty applied to avalyzing viseal smagery. CNNs ase a
variation of multilaver perceptrons designed to require minimal preprocessing. They are also
known gs shifl invartant or space wvariant gretificial neural networks (STANN), based on
their shared-weights architecture and translation ivariance characteristics. Convolutional
networks were inspired by biological processes i that the connectivity pattern between
aeurons resembles the organtzation of the antmal visual cortex. Individual cortical nearons
respond to stimuli oaly o a restricted region of the visual fleld known as the receptive feld.

The receptive fields of different newrons partially overlap such that they cover the entire
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visual feld. ONNs use refatively histle pre-processing compared 1o other imags classification
algorithms. This means that the nebwork learns the filters that m fraditional algonthms were
hand-engineered. This independence from prior knowledge and human effort in feature
design is a major advantage, LeCun and Bengio {1993} “Convoluttonal networks for tmages,
speach, and time-series,” in Arbib {Ed ), The Handbook of Brain Theory and Newral
Networks, MIT Press, the content of which 1 incorporated by refevence in its entirety. Fally
convolutional indicates that the neural network is composed of convolutional lavers without
any fully-connected layers or MLP usually foand at the end of the network. Convolutional
Newral Network is an example of Deep fearning,

Support Veclor Machines

[3136] Support vector machines {SVMs) are recognized i the art, In general, SVMs provide
a model for ose in classitving cach of » subjects 1o two or more disease categories based on
one k-dimensional vector {called a k-tuple) of biomarker measurements per subject. An
SVM first transforms the k-tuples using a kernel function inte a space of equal or higher
dimension. The kernel function projects the data wio a space where the categories can be
better separated using hyperplanes than would be possible in the onginal data space. To
determine the hyperplanes with which (o diseriminate befween categories, a set of support
vectors, which liz closest {o the boundary between the diseuse categories, may be chosen. &
hivperplane is then selected by known SVM techniques such that the distance between the
support vectors and the hyperplane is roaximal within the bounds of a cost fimection thay
penalizes incorrect predictions, This hyperplane is the one which optimally separates the

{ Leaming

data n terms of prediction. Vapnik (1998) Statistica Theorv: Vapaik “An

overview of statistical feaming theory™ IEEE Transactions on Neural Networks 10{3); 988~

999 (1999} the content of which is incorpormted by reference in s entirety. Any new
observation is then classified as belonging to any one of the categories of interest, based
where the observation Hes in relation {o the hvperplane. When more than two categoriss arg
considered, the process is carried out patrwise for all of the categories and those results
combined o create a rule o discriminate between all the categories.

[0137] In an exemplary embodiment, & kemel fanction known ss the Gausstan Radial Basis
Function (RBF) 15 used. Vapnik, 1998, The RBF is often used when no a priott knowledge s
avatlable with which to choose from a number of other defined kernel functions such as the

polynonyal or signwid kernels. Han ef ¢l Data Mindog: Concepts and Techoigques Morgan

Kaufinan 3™ Ed. (2012). The RBF projects the original space into a new space of infinite
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dimension. A discussion of this subject and its implemeniation in the R statistical language

can be found m Karatzoglou e . “Support Vector Machines in R™ Journal of Statistical

Software 1500 (2006}, the content of which is incorporated by reference in us entirety, All
SVM statistical computations desertbed herein were performed using the statistical software
progranuning langeape and environment R 2.10.0. SVMs were fitted using the ksvm()
function in the kernlab package.

[0138] Cristianini, N., & Shawe-Tavior, I (2000). An Introdhction o Suppere Fector
Machkines and Qther Kernel-based Learning Methods. Cambridge: Cambridge University
Press provides some notation for support vector machines, as well as an overview of the
nmethed by which they discrinunate between observations from mualtiple groups.

{3139] Other suitable Kemael functions include, but are not Hingted to, linear kernels, radial
basis Kernels, polvanomial Kernels, wnitform Kernels, tnangle Kernels, Epanechnikov
Kemels, quartic (hiweight) Kerels, tricube {friweight) Kernels, and cosine Kernels.

{0140] Support vector machines are one out of many possible classifiers that could be used
on the data. By way of non-linting example, and as discussed below, other methods such as
naive Bayes classifiers, classification trees, k-nearest neighbor classifiers, ete. may be ased
on the same data used 1o train and veriy the support vector maching.

Nadve Baves Classifier

{0141} The set of Bayes Classifiers are a set of classifiers based on Bayes’ Theorem. Seg,
eg., Joyee (2003), Zalta, Edward N. {ed)), “Baves” Theovem”, The Sunford Encyelopaedia
of Phitosophy (Spring 2019 Ed ), Metaphysics Research Lab, Stanford University, the
content of which is incorporated by reference in its entirety.

[6142] Al classifiers of this type seek to find the probablity that an observation belongs to a
class given the data for that observation. The class with the highest probability is the one 1o
which each new observation is assigned. Theoretically, Baves classifiers have the lowest
error rates amongst the set of classifiers. In practice, this does not always ocear due 10
violations of the assumptions made about the data when applving a Baves classifier.

[0143] The naive Baves classifier is one example of a Bayes classifier. It simplifies the
calculations of the probabilities used n classification by making the asswrnption that each
class is independent of the other classes given the data.

{0144} Natve Baves classiliers are used in many pronyinemt anti-spam filters due to the ease
of implantation and speed of classification but have the drawback that the asswmptions

reqaived are rarely met in practice.
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[0145] Tools for implementing naive Bayes classifiers as discussed herein are available for
the statistical software computing langnage and environment, R. For example, the R package
“elO71,” version 1.5-28, tncludes tools for creating, processing and wtilizing naive Bayes
classifiers.

Newral Nets

[0146] One way to think of a neural net 1s as 8 welghted directed graph where the edges and
their weights represent the influence each vertex has on the others to which it is comected.
There are two parts to a neural net: the input layer {formed by the data) and the output layer
{the values, n this case classes, to be predicied). Between the input laver and the outpat
layer is a network of hidden vertices. There may be, depending on the way the neural net is
designed, several vertices between the nput layer and the output layer.

{0147 Neoral nels are widely used in artificial intelligence and data mining but there is the
danger that the models the neural pets prodoce will over fit the data (e, the model will fit
the current data very well bat will not fit future data well), Tools for toplementing veural
nets as discussed herein are available for the statistical software computing language and
envitenment, B. For example, the R package “el1071.7 verston 1.5-25, inclades ools for
cregting, processing and utilizing neural nets,

k-Nearest Neighbor Clasxifters (KNN)

{0148} The nearest neighbor classifiers are asubset of memory-based classifises. These are
classifiers that have to “remernber”™ what 13 in the trainmg set iy ovder to classify anew
observation. Nearest neighbor classifiers do not require 8 maodel (o be fit

[8149] To create a k-neavest neighbor (ko) classifier, the following steps are taken:

1. Calculate the distance from the observation to be classified to each observation in the
training set. The distance can be caleulsted using any valid metric, though Enclidian and
Mahalanobis distances are often used.

2. Count the nomber of observations amongst the k neavest observations that belong to each
group. 3. The group that has the highest count is the group to which the new observation is
assigned.

[0150] The Mabalanobis distance is a metric that takes into account the covariance hetweesn
variables in the observations.

{0151} Nearest neighbor algorithms have problems dealing with categorical data due to the
requirement that 3 distance be calculsted between two points but that can be overcomae by

defiming a distance arbitranily betwees any two groups. This class of algorithm is alse
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sensiive o changes in scale and metrie. With these issues in mind, nearest neighbor
algorithms can be very powerful, especially in large data sets.

[6152] Tools for implementing k-nearest neighbor classifiers as discussed herein are
available for the statistical seftware computing language and environment, R. For example,
the R package “elfi71,” version 1.3-23, includes tools for creating, processing and wtilizing
k-peavest neighbor classifiers.

Training Data

{8153] I another aspect, methods described herein inclade tradning of about 758%, about
R4, aboul 85%, about 90%, or about 93% of the data in the library or database and testing
the remaining percentage for a total of 100% data. Tn an aspect, from about 70% (o about
9095 of the data 15 wrained and the remainder of about 10% to about 30% of the data is tested,
from about 80%: to about 5% of the data is traived and the remainder of about 5% to about
20% of the data is tested, or from about 90% of the data is tained and the remainder of
about 109 of the data is tested.

0184} In an aspect, the database or hibrary contans data from the analvsis of over about
500, about 1000, over about 1 500, over about 2000, over about 3500, or over about 3000
tissue samples, preferably tamor tissue samples. In an aspect, tunor tissue and healthy tissue
from the same individual were analyzed.

{01587 In another aspect, the database or library contaius over about SO0, over about
10,000, over aboat 13,000, over about 26,000, or over about 25,000 MS analysis on the
collected tissug or tumor samples. In yet another aspect, the database or Hbrary contains over
I million, 10 million, over 3 nillion, over 10 mithion, over 150 million, or over 200
aithion MS or MS/MS spectra. In a further aspect, the Bbrary or database includes only
verified experimental data, for example from mass spectrometry or tandem mass
spectrometry. In vel another aspect, the library or database does not include specira andior
data that were theoretically prepared withowt the determyination of peptide discovery or
prevalence by analyzing patient tissue.

[01586] The waiming data may comprise muss spectrum data, retention time data, or
combinations thereof,

Methods of Classifving Data Using Classification Systeni(s)

{0157} The mvention provides for methods of classifving data (test data, e.g., peptide spectra
data, retention time data) obtained from an individual. These methods involve preparing or

obtaining tratning data, as well as evaluating test data obtained from an individual {as

«31 -



WO 2021/030207 PCT/US2020/045462

compared to the raining data), using one of the classification systems including af lsast one
classifier as desenbed sbove. Preferved classification systems use classifiers such as, bt not
limited to, support vector machines {(SVYM), AdaBoost, penalized logistic vegression, paive
Bayes classifiers, classification trees, k-nearest neighbor classifiers, Deep Leaming
classifiers, neural nets, random forests, Fully Convelutional Networks {FON), Convolutional
Newrsd Networks (CNN), andfor an ensemble thereof. Deep Learning classifiers ave a more
preferved classification system. The classification system outputs a classification of the
peptide based on the test data, e.g., peptide spectra data, retention time data, combinations
thereof.

[0158] Particularly preferred for the present nvention is an ensemble method used on a
classification svstem, which combines multiple classifiers. For example, an ensentble
method may inclode SVM, AdaBoost, penalized logistic regression, natve Bayes classifiers,
classification trees, k~pearest neighbor classifiers, newral nets, Fully Convolutional Networks
{(FON}, Convolutional Neural Networks (NN}, Random Forests, Deep Learaing, or any
ensernble thereaf, i order to make a prediction regarding peplide antigenicity {e.g., HLA
peptide, antigenic peptide). The ensemble method was developed 1o take advantage of the
hepelits provided by each of the classifiers, and replicate measurements of each peptide
spectium data.

{01597 A method of classifving test data, the test date comprising predicted specttum data
for a peptide comprising: (a} accessing an electronically stoved set of training data vectors,
each training data vector or k~tuple representing an individual peptide and comprising
peptide spectrum data for the rexpective peptide for each veplicate, the training data vector
further comprising a classification with respect to peptide characterization of each respective
peptide; (b) training an electronic representation of & classifier or an ensemble of classifiers
as described herein using the electronically stoved set of training data vectors; (¢) receiving
test data comprising a plurality of peptide spectram data for protein; {(d) evaluating the test
data using the elecironic representation of the classifier andfor an ensemble of classifiers ag
described berein; and (e} outputting a classilication of the peptide based on the evaluating
step. The test data may further conprise retention tinse data.

{6160} Inn another embodiment, the invention provides a method of classifving lest data, the
test data comprising HEA peptide data comprising: {a) accessing an electronically stored set
of training data veciors, each traintng data vecior or k-tuple representing an individaal

eman and comprising HLA peptide data for the respective human for each replicate, the
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traning data further comprising a classification with respect to antigenicity of each
respective HLA peptide; (b) usmyg the electronically stored set of training data vectors to
huild a classifier and/or ensemble of classifiers; {c) recetving test data conwprising a plurality
of HLA peptide data for a human test subject; (d) evaluating the test data using the
classifier(s); and (e} ouiputiing a classification of the human tesi subject based on the
evaluating step. Alternatively, all {or any combination of) the replicates may be averaged to
produce & single value for each HLA peptide data for vach subject. Ouiputting in accordance
with this invention inchides displaying information regarding the classification of the haman
test subject iy an electronic display in homan-readable form. The HLA peptide data may
comprise peptide spectrum data, retention time, or combinations thereof.

{3161} The set of training vectors may comprise at least 20, 25, 30, 35, 30, 75, 100, 125,
150, or more vectoss.,

[8162] The test data may be any peptide information measures such as possible antigenic
peptide sequence, retention time data, Mass Speciroscopy (MS) data, predicied MS speaciral
data for a peptide, or a combination thergof,

{6163] The data used to train a machine learning system, e.g., Deep Learning, may compnse
datn from tumors, incloding at Teast 3, 10, 15, 20, or 25 different indications, data fram
normal tissues, including at least about 5, 10, 15, 20, 25, 30, 35, 40, or 45 normal {tumor-
free) tissues, or a combination thereof. In addition, the data used to lrain a wachine learning
sysiem, e, Deep Leaming, may comprise CID (Colliston-induced dissociation) data, HCD
{Higher-energy collisional dissociation) data, or a combination thereof.

[8164] B will be undersiood that the methods of classifying data may be ysed in any of the
methods described heretn. In particular, the methods of classifving data deseribed herein
may be used in methods for peptide characterization and tdentifving antigenic peptides,
including HLA peptides, for use in inununoncology methods.

{01635] Particolatly preferred for the present invention is an ensemble method used ona
classification system, which combines multiple clagsifiers. For example, an ensemble
method may inclade Support Vector Machine {SVM), AdaBoost, penalized logistic
regression, naive Bayes classifiers, classification trees, A-nearest neighbor classifiers, neural
nets, Deep Learning systems, Random Foresis, or any combination thereof, in ovder to make
a prediction reparding antigenicity of a peptide. In addition, the ensemble may be used to
make g pradiction reparding the association of § peplide with 8 tvpe of vancer, The ensenble

approach takes advaniage of the bepefits provided by each of the classifiers, and replicate
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measarements of sach peptids,

Computer-inmplemented Methods

0166} As used herein, the texm “compuier” i5 10 be understood (o nclude at least one
hardware processor that uses at least one menuwy. The at least ong memory may store a sat
of instructions. The instructions may be either permanently or temporarily stored in the
memory ov memories of the computer. The processor executes the instroctions that ave
stored in the memory or memories in order to process data. The set of instructions may
include various instractions that perform a particular task or tasks, such as those tasks
described herein. Such a set of instructions for performing a particular task may be
characterized as a program, software program, or stmply software,

[167] As noted above, the computer exscuntes the instructions that are stored in the memory
or memories 1o process data. This processing of data may be in response to commands by a
user or users of the computer, in response Lo previogs processing, in response 1o a request by
anather conputer andior any other input, for example,

{6168} The computer used (o at keast partially mplement embodiments may be a generst
purpose compuier. However, the computer may also wtihize any of a wide vavety of other
technologies inchuding a special purpose compuier, a computer system including a
microconyniter, mini-computer or matnframe for example, a progranuned microprocessor, a
micro~controller, a peripheral mtegrated circuit element, a CSIC (Custorer Specific
Integrated Circnit) or ASTC (Apphication Specific Tategrated Cireait) or other integrated
circuit, a logic circut, a dightal signal processor, & programmable logic device such as a
FPGA, PLD, PLA or PAL, or any other device or arrangement of devices that is capable of
implementing at least some of the steps of the processes of the invention.

[0169] 1 is appreciated that in order to practice the method of the invention, it 1s not
necessary that the processors andior the memories of the computer be physically locaied in
the same geographical place. That is, each of the processors and the memories used by the
computer may be located in geographically distinet locations and connected so as o
communicate in any suitable manner, Additionally, it ts appreciated that each of the
processor andior the memory may be composed of different physical pieces of equipment.
Accordingly, it 15 not necessary that the processor be one single piece of equipment in one
location and that the memory be another single piece of equipment in another location. That
is, it is contemplaied, for example, that the processor may be hwo or more pigces of

egaipment m two different physical locations. The two or more distinet pieces of equipment
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may be comected in any suttable manner, such as a network. Additionally, the memory may
inchade o or more portions of memory in two or more physical locations.

{0176} Vartous technolozies may be wsed to provide compunscation between the vartous
computers, processors and/or memories, as well as to allow the processors andfor the
memories of the invantion o communicate with any other entity; e.g., 50 as to obtain firther
instractions or 1o access and use remote memory stores, for example. Such technologies used
to provide such communication might include 8 network, the Internet, Intranet, Extranet,
LAN, an Ethernet, or any client server system that provides copumanication, for example.
Such commanications technologies may use any suitable protocol such as TCPAR, UDP, or
QO8§1, for example.

{6171] Further, it 1s appreciated that the computer instructions or set of instructions used in
the implementation and operation of the invention are in a seitable form such that a
computer may read the instructions.

[0172] In some embodiments, ¢ vaviety of user ierfaces may be uitlized to allow a human
user 1o mterface with the compuier or machines that ave used to &t least partially tnplement
the embodiment. A user interface may be o the form of a dislogue screen. A user interface
may also include any of a mouse, touch screen, kevboard, voice reader, voice recognizer,
dialogue screen, meny box, list, checkbox, topgle switch, s pushbution or any other device
that allows a user {o receive information reparding the operation of the computer as it
processes a set of structions andfor provide the computer with mformation. Accordingly, a
user interface s any device that provides comnnmication between g nser and a computer.
The wformation provided by the user to the computer through the user interface may be in
the form of a command, a selection of data, or some other inpat, for example.

{01731 1t1s also contemplated that a user interface of the invention might interact, e.g.,
convey and receive information, with another computer, rather than a human user.
Accordingly, the other compuder niight be characierized as a user. Forther, it is contemplated
that a pser interface utilized in the systemn and metbod of the nvention may interact partially
with another conputer or computers, while also interacting partially with a human user,
Mass Spectroscopy

[6174] Experumental spectrum heretn refers to a peptide spectnin generated by mass
spectrometry. Complete mass spectrometry data may also melude retention time ol a mass
spectrum, 1.e. relention time data,

{0178] Technical vaviation herein refers to peptide spectra similavities between two replicate
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spectra from a same peptide, which represents the upper bound of peptide fragmentation
prediction performance for any algorithm. For example, the technical variation is a given
peptide A 1s determined by comparing the distinet experimental peptide spectra. See, for
example, P, 7. The prediction model, which determines the predicted peptide spectrum as
generaled by methods described herein, can be compared to the experimental spectya to
determine the accaracy of the prediction model. As set forth in FIG. 12, technical variation
corresponds 10 the correlation between replicate experimental confirmation of peptide
spectram. As technical variation is based on acteal experiments, such as coufirmation of a
peptide by mass spectrometry, and not on predicted confirmation of structure, the score is
closer to 1 (highest) and theoretically should be higher than any predicied model. The closer
a prediction model has a score closer o 1, the more accurate the prediction of peptide
fragmentation pattern. Using the methods described herein, the prediction performance may
be at sbout 0.80, 0.81, 082 0.83, 0.84. .85, 0.86. 0.87, 0.8% 0.89. 0.90. 0.91, 0.92, 0.93,
(.94, 093 096,097,098, 099, G991 0,992 0,993, 0,944, 0,995, (1996, 1,897 0998,
0,999, or. The pradiction performance mayv be between about 0.80 and 108, 0.85 and 0,95,
0.50 and 4.993, or (1.95 and 0.99,

{0176} Mass specirometry and computational data analysis have fransformed proteomics
research and enabled proteome scale analysis of binlogical systems, In immunopeptidome,
for example, HLA peptides may be subjected to an initial mass spectrometry analysis,
designated MS1. The MS1 spectram depicts the intersity of signal, which corresponds to the
amount of the peptide present in the sample. fons of interest in the MST spectrum may be
selected and subjected to a second mass spectrometry event, induced by collision-induced
dissociation (CID}, which results i fragmentation of the selected peptide to vield a second
nmiass spectrum (MS2) with sufficient information to permit identification of the peptide by
comparison to available databases. The signal peaks in an MS/MS specirum indicate the
presence of a peptide fragment fon with a specific mass. The intensity of a sigual peak is
dependent on a mmber of factors: the abundance of the peptide in the sample, the efficiency
of the cleavage that geverated the fragment, the protectypicity of the fragment ion and other
factors related to the peplide and the machine that penerated the MS2 spectrum. However,
because such MS/MS analysis systems ave Himtled by the ability of the instnanent to detect a
peptide of interest in the MS1 spectrum, only proteins of relatively high abundance may be
detected. Furthermore, even if a particular protein is identified, the intensity of a particular

wméz ratio in an MST spectram may not permit guantitation absent some internal standard.
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The use of maching learning systams, as described herein, overcomaes ihe short-comings in
these methods by applving an unconventional steps to better charactenize a peptide. The
tmprovement ia prediction using the machine learning systemws was unexpected and lead to
an improvement in the identification of antigenic peptides. For example, the peptides
identified as antigenic using the methods described herein may be used in adoptive celiular
therapies {ACT), including evtotoxic T-lymphocyte (CTL) applications. Addidonally, the
methods used herein may wtilized retention thne data. This was in conirast to the standard
method of wsing mass spectroseopy which suffered from the afore-mentioned imitations.
[0177] I one embodiments, the mass spectrometey may include (2} an 1on source selected
fromt the group congisting of: (i) an Electrospray lonisation (“ESIT} ion sowrce; (it) an
Atmospheric Pressure Photo lonisation ("APPI} ion sowrce; (1it) an Almoaspheric Pressure
Chenucal lonisation ("APCE) ton source; {(iv) a Matrix Assisted Laser Desorplion Ionisation
{"MALDTI") ion source; (v} 8 Laser Desorption Tonisation (“LI"Y jon source; {vi} an
Atmospheric Pressure fonisation (“API™) ion source; (vit) a Desorption Tonismtion on Silicon
{*DIOS™) ion sowrce; (viit) an Electron mpact {7"E) ton source: (ix) a Chemical Ionisation
(O 100 sowrce; () a Field lomsation (*FI7) 1on source; (x4} a Field Desorption ("FD™) 1ion
source; (xii) an Inductively Coupled Plasma ("ICP™) fon sowrce; (xii) a Fast Atom
Bombardment ("FAB™) ion source; {xiv} a Liguid Secondary lon Mass Specironetry
CLSIMS™} fon sowrce; {xv} a Desorpiion Elecirospray Tontsation (“THEST™Y 1on source; {xvi)
a Nickel-63 radigactive ion source; {xvii} an Atmospheric Pressure Matrix Assisted Laser
Desorption fonisation ion source; {xvitl) a Thermospray lon source; (xix) an Atmospheric
Sampling Glow Discharge Ionisation ("ASGDI™) {on sowrce; (xx} a Glow Discharge (*GD™3
ion sowree; (xxi} an Impacior ion source; (xxii}a Direct Analysis i Real Time ("DART™}
ion source; (xxii) a Laserspray fonisation (“LSI”} ton source; (xxiv} a Sonicspray fonisation
("S55 1on source; (xxv) a Matrix Assisted Inled lonisation ("MAH"Y lon source; (xxvi) a
Solvent Assisted Inlet fonisation ("SAH”) ion source; (xxvil) a Desorption Electrospray
fonisation ("DESI”} lon source; and (xxvill) a Laser Ablation Electrospray Ionisation
{("LAEST") 1on source; andior (b) one or more continuous or pulsed ton sources; andfor (¢}
one or more ion guides; and/or (d} one or more ton mobility separation devices and/or one or
more Field Asymmetric Ton Mobility Spectrometer devices; andfor {g) one or more ion fraps
OF ONe OF more ion irapping regions; andior (£} one or more collision, fragmentation or
reaction cells selected from the group consisting of) (1) 3 Collistonal Induced Dissociation

C*CID”} fragmentation device; {i1) a Surface Induced Dissociation (“SID7) fragmeniation
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device; (i) an Electron Transter Dissociation ("ETD™) fragmentation device; (ivy an
Electron Capture Dissociation (“ECDT) fragmentation device; {¥) an Electron Collision or
{mpact Dissociation fragmentation device; {vi) a Photo Induced Dissociation {“PID™)
fragmentation device; (vii} a Laser Induced Dissocigtion fragmentation device; (vii} an
infrared radiation induced dissociaiion device; {ix} an ultraviolet radiation induced
dissociation device; (%) & nozadde-skimmer mterface fragmentation device; (xi} an n-source
fragmentation device; (xif) an i-source Collision Induced Dissociation fragmentation
device: (xiit) a thermal or temperature source fragmentation device; {xiv) an electric field
inchsced frapmentation device; {xv} a magnetic field induced fragmentation device; {x¥i} an
enzyme digestion or envyme degradation fragmentation device; {xvil} an 1on-ion reaction
fragmemation device; (xviii) an ion-molecule reaction fragmentation device; (xix) an ion-
atom reaction fragmentation device; {xx) an ion-metastable ion reaction fragmentation
device; {xxi) an ion-metasiable molecule reaction fragmentation device; (xxit) an jon-
metastable atom regetion fragmentation device; (xxit) an fon~-ton reaction device for reacting
ions to form adduct or product 1ons; Ooav) an ion-melecule reaction device for reacting ions
to form adduct or product fons; {xxv) an lon-atom reaction device for reacting jons o form
adduct or product 1ons; (xxvi} an fon~-metasiable 1on reaction device for reacting ions to form
adduact or product fons; (xxvii) an on-mefastable molecute reaction device for reacting ions
to form adduct or product fons; (xxviit) an jon~metastable atom reaction device for reacting
1ons to form adduct or product Tons; and {(xxix} an Electron Tomsation Dissociation ("EID™)
fragmentation device: and/or {(g) 8 mass analyzer selected frons the group consisting of! (i) a
quadrupole mass analyser; (i) a 2D or linear quadrapole mass analvser; (1) a Paul ov 3D
quadrupole mass analyser; (iv) a Penning trap muass analyser; {v) an 1on frap mass analyser;
{vi}) & magnetic sector mass analyser; (vid) Tfon Cyclotron Resonance (“ICR™) mass analvser,
{viii} a Fourier Transform Ion Cyclotron Resonance (CFTICR™) mass analvser; (x) an
slectrostatic mass analyser arranged to generate an efectrostatic field baving a quadre-
logarithmic potential distnibuotion; (%) a Pourier Transfonn electrostatic mass analyser: {(xi) a
Fourter Transform mass analyser; (xit) a Time of Flight mass analyser; (xiii} an orthogonal
acceleration Time of Flight mass analyser; and £xiv) a linear acceleration Tune of Flight
niass anatyser; and/or (h) one or move energy analyrers or electrostatic energy analyzers;
andfor (i) onc or more 1on detectors; andfor (1) one or more mass filters selected from the
sroup consisting of: {1} a quadrupole mass filter; (i) a 2D or linear quadrupole tor trap; {iit)

a Paul or 3D quadrepole ion trap; (iv) a Penning fon trap; (v) au ton trap; {vi} a magnetic
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sector mass fiter; (vii) a Time of Flight mass filter; and {vili) a3 Wien filter; andior (k) a
device or ton gate for pulsing tons; and/or (1) a device for converting a sehstantially
contiious 1on beam into a pulsed ion beam.

{01781 In another embodiment, the mass spectrometer may further include: (1} a C-trap and a
mass analyser comprising an outer barrel-hike electrode and a coaxial inner spindle-like
electrode that form an electrostatic feld with a quadro-logarithmic potential distribution,
wherein in g first mode of aperation 1ons are transmitted to the C-trap and are then injected
into the mass analvser and wherein in a second mode of operation tons are travsmitied to the
C-trap and then 1o g collision cell or Flectron Transfer Dissociation device wherein at least
some ions are fragmented tito fragment jons, and wherein the fragment fons gre then
transmitted to the C-irap before being injectad irrto the mass analyser; andfor {ii} a stacked
ring ton guide comprising a phurality of electrodes each having an aperture through which
tons are transmited in use and whevein the spacing of the electrodes increases along the
length of the ton path, and wherein the apertures in the elecirodes in an upstream section of
the ion guide have 3 fvst diameter and wherein the apertures in the electrodes ina
downstream section of the won guide have a second diameter which is smaller thao the first
diameter, and wherein opposite phases of an AC ot RF voliage are applied, in use, to
sucoessive electrodes.

{0179] In anciher embodiment, the mass spectrometer may fucther include a device arranged
and adapted (o supply an AC or RF voltage to the electrodes. The AC or RF voltage
optionally has an amplitude selected from the group consisting oft {1} about <80 V peak to
peak; {11} about 5100 'V peak to peak; (i) about 100-130 V peak 1o peak: (iv) about 150~
200 V peak to peak; (v} about 200250 V peak to peak; {vi} about 250-300 V peak to peak;
{vity abont 300-350 ¥ peak to peak; {vilf) about 350-400 V peak to peak; (ix) sbout 400-450
V peak to peak; (X) about 450-500 V peak o peak: and {x1) »about $00 'V peak to peak. The
AC or RF voltage may have a frequency selected from the group consisting oft (i) about 10.0
MHz

[0188] In another embodiment, the mass spectrometer may also include a chromatography
or ather separation device upstream of an ion sovrce, According 1o an embodiment the
chromatography separation device comprises a hgquid chromatography ov gas
chromatography device. According to another embodiment the separation device may

comprise: {1} a Capitlary Electrophoresis {*CUE”™) separation devive; (i) a Capillary
Electrochronmatography ("CEC”) separation device; (iif) a substantially rigid ceramic-based
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multilayer nucrofluidic substrate (Moeramic tle™) separanon device: or {iv} a supercritical
fhud chromatography separation device.

{6181} 1n another embodiment, analyte ions nay be subjected to Eleciron Transfer
Dissociation (“"ETD™) fragmentation in an Eleciron Transfer Dissociation fragmentation
device. Apalyie fons mav be caused to interact with ETD reagent ions within an jon gude or
fragmentation device.

[0182] In another embodiment, in order to effect Elecrron Transfer Dissocistion, either: {a)
analyte ions ave fragmented or are indueed to dissociate and form prodact or fragment fons
gpon iveractng with reagent wons; andfor (b} electrons ave transferred from one or more
reagent anions or negatively charged ions to one or more nuttiply charged analyte cations or
positively charged ions whereupon at lzast some of the muliiply charged analvie cations or
positively charged tons are induced to dissoviate and form product or fragment lons; andfor
{c} analvte fons are fragmented or are induced o dissociate and form product or fragment
ions upon interacting with nentral reagent gas molecules or atoms ot 3 nonr-ionic reagent gas;
andior (d) electrons are transterred from one or more neytral, non-ionic o uncharged basic
gases or vapors to one or more multiply charged analvte cattons or positively charged jons
whereupon at least some of the multiply charged analyte cations or positively charged ions
are induced to dissoviate and form product or fragment tons; and/or (e} elecirons are
wransferred from one or more neutral, non-ionic or uncharged saperbase reagent gases or
vapors to one or more maltiply charged analvte cations or positively charged fons
whereupoun at feast some of the multiply charge analyte cations or positively charged ions are
indheced to dissociate and form product or fragment lons; andfor (1) electrons are transferved
from one or more neutral, nonp~ionic or uncharged alkali metal gages ov vapors o one or
move multiply charged analyte cations or positively charged ions wheretpon at least some of
the multiply charged analvte cations or positively charged ions are induced to dissociate and
form product or fragment fons; and/or (g) electrons are transierred from one or more neuiral,
non~-ome or uncharged gases, vapors or atoms (o one or more multiply charged analyte
cations ot posttively charged jons whereupon at least some of the multiply charged analvte
cations ot positively charged lons are induced to dissociate and form product or fragment
ions, wherein the one or more neutral, non~ionic ov uncharged gases, vapors or alowns are
selected from the group consisting of! (1) sodivm vapor or atoms; (i1} Hithium vapor or atoms;
(it} potassium vapor or atoms; {1v) rubidinm vapor or gloms; (v} cesium vapor or gioms; {vi}

francium vapor or atoms; {vil} vapor or atoms; and {viil) megresivm vapor or aloms.
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[0183] The muliiply charged analyvie cations or positively charged ions may nclude
peptides, polypeptides, proteins or biomolecales.

{6184] 1n another embodiment, in order to elfect Electron Transfer Dissociation: {a) the
reagent anions or negatively charpzed tons are derived from a polyaromatic hydrocarbon or s
substituted polyaromatic hydrocarbon; and/or (b) the reagent anions or negatively charged
ions are derived from the group consisting of: (1) anthracene; (i) 9,10 diphenyl-anthracene;
{111} naphthalene; {iv) fluorine; (v} phenanthrene; {vi) pyrene; (v} fluoranthene; {vin)
chrysene; (i) triphenylene; (x) perviene; {xi} acridine; {xi1) 2,27 dipyridvl; {xif) 2.2
higpsinoline; (xiv) S-anthracenacarbonitrile; (xv} dibenzothiophene; {xvi} 1,10°-
phenanthroline; (xvif) 9 anthracenecarbonitrile; and {ovilly sthraquinone; andfor (¢ the
reagent ions or negatively charged ons comprise azohenzene anions or azobenzene radical
AnLoNS,

{B185] In another embodiment, the process of Electron Transfer Dissociation fragmentation
may include miteracting analyte ions with reagent tons, wherein the reagent ions comyprise
dicvanobenzene, 4-nitrotoluens or azulene,

[6186] A chromatography detector may be provided wherein the chromatography detector
may inchude either: a destructive chromatography detector optionally selected from the
group cousisting of (i) a Flame Ionization Detector (FID); {11} ar aerosol-based detector or
Nano Quantity Analvie Detector (NQAD ), (iii) a Flame Photometric Detector (FPDY; (iv) an
Atomic~-Emission Detector {AED); (¥) a Nitrogen Phospborus Detector (NPD); and (vi) an
Evaporative Light Scattering Detector (ELSD); or a non-destructive chronsatography
detector optionally selected from the group consisting of: {1} a fixed or variable wavelength
UV detector; (i1} a Thermal Condactivity Detector {TCDY; (11} a Buorescence detector; {iv}
ant Electron Capture Detector (ECDY; (v} a conductivity monitor; {¥1) a Photoionization
Detector (PIDY: {vil) a Refractive Index Detector (RIDY; {viit) a radio flow detector; and (1x}
a chival detector.

{0187] The mass spectrometer may be operated it various modes of operation inclsding a
mass spectrometry {MSE™) mode of operation, 3 tandern miass spectrometry (FMS/MS™}
mode of operation, a mode of operation in which parent or precursor ioms are alternatively
fragmented or reacted so as w produce fragment or product ions, and not fragmented oy
reacted or fragmented or reacted 10 8 lesser degree, a Multiple Reaction Monitoring
("MRM™) mode of operation, 3 Data Dependent Analysis {"DDA™) mode of operation, 8

Data Independent Analysis ("DIA™Y mode of operation, a Quantification mode of operation
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or an fon Mobility Spectrometry {"IMS™) mode of operation,

[8188] In the context of the present nveniton, one of the techniques and methods histed as
follows may be preferably applied: a) A combination of any number of dilferent nwass
spectrometry machines and mass spectrometry fragmentation techaiques (e.g., collision-
indaced dissociation {UID), surface-induced dissociation (51D}, electron-capture dissociation
(ECD), Higher-enevgy Carap dissociation {(HOD), electron-transfer dissociation (ETD),
negative electron-transfer dissociation (NETD), electron-detachment dissociation (EDD),
infrared mulisphoton dissociation (IRMPD), Mackbody infrared radiative dissociation
{BIRD), electron-transferdigher-energy collision dissoctation {ETheD), electron-transfer
and collision~induced dissociation (ETCID)) or activation energies to allow for better
sequence coverage of the peptide tandem MS (MS/MS) specira; b) Mass spectrontetry
experiments i data dependent (DDA) as well as data independent mode {DIA) ¢} A pre-
separation of peptide mixtures, for example, by HPLC {e. g, nano-UHPLC run with a
gradient of acetoniirile in water) before or divectly coupled to the mass spectrometry
instrgnend; d) Replicate measurements of the same peptide nuxituwre in order to allow a more
robust statistical evaluation; ) A search of MS/MS spectra using different search engines
{e.g.. MASCOT, Sequest, Andromeds, XTandem, MS-GF+) or software tools using one of
these search engings as well as de-novo sequence identification algorithms; £} A search of
MS/MS specira against different protein sequence databases (e.g. UniProtKB, IP]) as well as
custom sequence databases generated for specific purposes (e.g., protein sequences
transiated from mRNA sequencesy; g) Mass spectrometry measurements of synthetic
versions of the peptides in gquestion to confirm their identity by comparing peptide specific
characteristics, such as their MS/MS specira and their retention time, for example, on an
HPLC column; and h) A quantitative assessment of peptide signal areas for example by
extraction and integration of MS1 features using appropriate algonthms. See, e.g.,
SuperHirn; Mueller of of. Proteonyics (2007) 70 3470-80.

{0189] In an aspect, the present disclosure relates to a method including isolating HLA
peptides using chromatography, such as affinity chromatography. The isolated HLA ligands
can be separated according to their hvdrophobicity by reversed-phase chromatography (e g,
nanoAcguity UPLC system, Waters) followed by detection in an Orbitrap hybrid wass
spectrometer { ThermoElectron). Each sample is preferably analbyzed by acquisition of
replicate, e.g., LO-MS nuns, The LC-MS data i3 then processed by analyzing the Tandem-
MS (MSMS) data.
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[0190] The MS/MS spectra recorded i a targeted way focusing on the mvz values of the
peptides {o be quantified may be evaluated preferably by a software that extracts the
mtensities of pre-selecied fragment 1ons of pre-defined transitions. One example of such g
sofiware is Skyline, an gpplication for analvzing mass spectrometer data of dats independent
acquusition (DIA) experiments {or parallel reaction monitoring {(PRM-—targeted MS/MS
Information on Skyline is avatlable, e g, MacLean ¢ o, “Skyline: an open sowrce document
editor for creating and analyzing targeted proteonsics experiments.” Bioinformatcs (2010)
26{7Y; 966

{6191} Comparability of peptide groups restricted 10 the same HLA allele between different
saniples is possible based on a commion allele-specific antibody used for purification, if
available, or altematively based on assignment of sequences to common HLA-alleles by

means of anchor aminoe acid patterna.

EXAMPLES

EXAMPLE 1
HLA PEPTIDOMIC DATA GENERATION
Tissue Samples

[8192] Patients” tumor and hormal tssues ware provided by several different hospitals
depending on the tanor enbity analyzed. Writlen mformed consents of all patients had been
given before surgery. Tissues were shock-frozen o hiquid nitrogen immediately after sargery
and stoved unt! isolation of HLA peptides at —80° .

Dvolation of HL4 Peptides from Tissue Samples

[0193] HLA peptide pools from shock-frozen tissue samples were obtained by imnnme
precipitation from solid tissues according to a shghtly modified protocol using the HLA-A, -
B, -C-specific antibody W6/32, the HLA-AX02-specific antibody BB7.2, CNBr-activaled
sepharose, acid treatment, and wltrafilivation. For dilferent HLA-nlleles other specific
antibodies avaitable in the art can be used as there are for example GAP-AZ for A¥03,
B1.23.2 for B-alleles.

Mesxs Spectrometsy

{194] Mass spectrometry was performed according to the methods described in, for
example, Zhang e of. (2018) Natwre Communications 90 3919 ULS. Provisional Patent
Application No. 620711173, WO 2020/023845, ULS. Patent Application Publication No.
20160187351, US. Patent No. 7.811 828; ULS. Patent No. 9,743 849 US. Patent No.

9 791 443; and U.S. Patert No. 9,791 444, the contents of each which are herein
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mcorporated by reference in ther entivety, Briefly, peptides were gluted from antibody-resin
by actd treatment and purified by ultrafilivabion. For further sepavation, reversed-phase
chromatography (nanoAcquity UPLCR system {a direct {non-split} capillary and nanoflow
rates for high-resolution clromatographic separations) Waters, Milford, MA.} was used
shuting with an ACQUITY UPLCE BEH CI& colanm (735 pm x 230 mm, Waters, Milford,
MALY at a 190 min gradient ranging from 1 1o 34.5% ACN. Elated peptides were analvsed by
data~dependent gequisition (DDA} in an Orbitrap® mass spectrometer (Thermo Fisher
Scientific, Waltham, M4) equipped with a nano elecirospray ionisation (ESI) source. A total
of 7825 nuns was acqgeived in profile mode covering most samples with five replicate
injections making use of different mass analysers in low- {TQOP3, on trap scquiring top 3
precursors) and high-resolution maode (TOPS, Orbitrap® acquiring top 5 precursors,
higher-energy collisional dissociation (HCD). Sarvey scans were acquived with high mass
accuracy i the Orbilrap® (R = 30,000 for TOPR3, R = 60,000 for TOPS). Mass range for
selection of doubly charged precursors was 400-750 sy and RO0- 1500 s for singly
charged precursors. Specira were extracted and centroided using Proteome Discoverer 1.4
{Thermo Fisher Scientific, Waltham, MA).

D Analvsis

[8195] To generate pephide spectrum matches {(PSMs), ax shown in FIG. 12, experimenial
MS/MS spectra were analyzed by three database search engines inclading X! Tandem (Cratg
¢t af. (2004 ] Proteome Res, 311234-1242), Comet {(Eng ¢f of. {2013} Proteonyics, 13: 22~

243, and MSGF+ (Kim er of. (201D Mol Cell Proteomics, 90 28440-2852) against Ensembt

human proteome sequences. Search results from individual search engines were further
anatyzed by PeptideProphet (Keller ef o/, (2002) Anal Chem, 74 538335392} for PSM
validation and combined using iProphet algorithm {Shievuberg ¢7 o/, (2011} Mol Cell

Profeomices. 100 M1 007690), False discovery rate (FDR) was estimated using larget-

decoy approach (Elas ef of. 2010) Methods Mol Biol, 604:55.71) based on iProphet

probability scoves. The contents of the references cifed herein are incorporated by reference
in their entireties, The sysiem and methods described herein showed an unexpected

improverent i generating predicted specirums.

EXAMPLE2

FRAGMENTATION MODELS
44 -
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Model architecture

{6196} In an aspect, the peptide encoder includes three layers: (1) a bi-directional recurrent
neural network (BDN) with gated recurrent memory units {GRU), (2} a recurrent GRU layer,
and {3} an attention laver all with dropout. The recurrent lavers use 312 memory cells each.
The latent space is §12-dimensional. Precursor charge and NCE encoder is a single dense
layer with the same output size as the peptide encoder. The latent peptide vector is decovated
with the precursor charge and normahized collision energy (NCE) vector by element-wise
altiplication. A one-laver fength 29 BDN with GRUs, dropoat and atiention acts as
decoder for fragment intensity, Implementation was dove 1n Python with kerps 2.1.1 and
tensorflow 1.4.0 compiled to use GPUs.

Training dais and resting data

{1971 In this example, inputs o the fragmentation models are, peplide sequences, precursor
charge, and NCE. Peptide sequences are represented as discrete integer vectors of length 30,
with each non-zero integer roapping 1o one amino scid and padded with zeros for sequences
shorter than 30 amino acids. Precursor charge 15 one-hot encoded and NCE 1s novmalized to
[0, 1).

Trypiic peptide (PT) da

[0198] ProteomeToels Dataset (Zolg ef o (2017) Nat Methods 140 259262, the condent of
which is incorporated by reference in its entivety) was downloaded from ProteomeXchange
wehsite via identifier PXDOG4TIZ. ProteomeTools Dataset (PT) containg spectra from
334,000 svathetic rvptic peptides penerated by various fragmentation tecliniques including
HOD, CID, ETD, ETheD, and ETeiD. Total 11.3 x 10° PSMs comesponding to 211,008
peptide jons were analyzed by MaxQuant‘Andvomeda. For filtering, PSMs with PEP < 0,058
and Andromeda score ™ 100 were included. For each peptide fon group, only top 20 PSMs
{Andromeda score) were selected. For CID 35 (30% NCE) fragmentation, the iraining data
contains 717,355 PSMs corresponding to 158,932 peptide ions; and the testing data contains
75.977 PSMs corresponding to 17,661 peplide jons. For HCD 28 (38% NCE} fragmentation,
the training data containg 778,276 PSMs corresponding to 174 420 peptide tons; and the
testing data contains 86,458 PSMs corresponding 1o 19 380 peptide tons,

{6199] Use of HLA peptidomic (IM) data genevated by following the methodology
described in FIG. 12 (with pDeep algorithm).

{02007 All PSMs with run level false discovery rate (FDR) < 0,03 are grouped inlo peptide

ion group {Peptide sequence, charge state, and modification). For each peptide ion group,
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only top 20 PSMs based on iProphet probability were selected. For CID fragmentation 33%
NCE (Normalired collision energy), the training data containg 2,569,200 PSMs
corresponding to 339,395 peptide ions; and the testing data contains 900,124 PSMs
corresponding o 41,573 peptide 1ons. For HCD 28% NCE fragmentation, the training data
contamns 2,103 904 PSMs corresponding to 351,247 peplide ions and the testing data
containg 462,668 PSMs corresponding to 36,715 peptide ions,

Training

{8261] pDeep is a deep newral neterork-based model for the spectrany prediction of peplides,
See, for exemple, Zhow et of (20173 Apal, Cheny, 89 126901269 pDeep isbased on the
hidirectional long shori-termy memory (BIiLSTM) and # is compatible for different
fragmeniation methods including higher-ensrgy collisional dissociation, electron-transter
dissociation, and electron-tranafer and higher-energy collision dissociation MS/MS spectra
of peptides with prediction performance >0.9 median Pearson correlation coefficients. In
addition, intermediate laver of the newral network can reveal physicochemical properties of
aming acids, for example, the similarities of fragmentation behaviors between amino acids.
FIG. 6 shows training data from the IM HLA pepuidomic data (IM spectra developed by
methods described herein) and ProteomeTools Dataset (P spectra) that were input into
pheep alporithms to generate IM mode] (1M mindel was generated, for example, by
following the protocel of FIG. 12 using pDeep) and PT maodel (ProteomeTools),
respectively.

[0202] The ProteomeTools (PT model) was constructed using o dataset 6f 330,000
sunthesized tryptic peptides. See Zolg er ol "Building Proteomye Tools based ona complete
svnthetic hwman proteome,”™ Nature Methods (2017), the disclosure of which is hereby
incorporated by reference in its entirety. Downloaded from ProteomeXchange (PXD0O04732)
including data for more than 330,000 synthetic tryptic peptides (HCD, CID, ETD, ETHCD,
ETCIDY. The dats was Analyzed by MaxQuant’Andromeda, in total 11.3 million PSM
{peptide spectrum match) vielding 211 thousand peptides. For [iltering, PSMs with PEP less
than 0.05 and Aadromeda score Targer than 100 were included. For each peptide fon group,
only top 20 PSMs (Andromeda score) were selected. For CID (Collision-induced
dissociation) 35 spectra sel, the training data has 717,355 PSMs, which corresponds to
138952 peptide tons, and the testing data has 75,977 PSMs, which corresponds to 17,661
pepiide ions. For HCD (Higher-energy collisional dissociation) 28 spectra set, the training

data has 778,276 PSMs, which cosresponds to 174,420 peptide tons, and the testing data bas
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86,458 PSMs, which corvesponds to 19,380 peptide ions.

[6203] The IM Model was constructed using 11,413 Tumor sample runs, 10,176 vormal
tissue nuns, and 300,630,135 specira. The tumors were from 20 major indications and the
control tissues werg from 40 normal tissues, PSMs with run level FDR < 0,05, For each
peptide ion groap, only top 20 PSMs (iProphet probability} were selected. For CID 33
spectra sef, the taining data hag 2 569 200 PSMs, which corresponds 10 539,395 peptide
1ons, wd the testing has 900,124 PSMs, which corresponds to 41,573 peptide fons. For HCD
28 spectra set, the paining data has 2,103,904 PSMs, which corresponds to 351,247 peptide
ions, and the testing data has 462,668 PSMs, which corresponds to 36,715 peptide fons.
Prediction performance berween IM model and PT model

[6204] FIG. 4 shows experimental spectra of pepuide A (YLLPAIVHE SEQ 1D NO: 2)
generated by MS/MS can be compared with the predicted spectra generated by a prediction
model, e.g., pDeep model, trained by either IM spectra data (for example, as prepared in
FIG. 12) or PT spectra data, for the identification of peptide A. Spectra stmilariies between
the peptide A 1on group are measured as technical variation,

{6205] FIG. 8 shows IM prediction model achieves a better correlation (0.972 + 0.06)
hetween testing spectra of CHD 35 HLA peptides and the predicted spectra than PT mndel
(11,927 £ 0.11), as also indicated by the closer correlation of the former (39.29%) to the
technical variation (1L.98 £ 0.05, 100%) than that of the latier (94.6%). This demonsirales
that the pDeep machine learning svsiem provided superior resolis.

[0206] FIG. 2 shows that the PT prediciion model achieved & correlation of {0.970 + 0.07)
between testing spectra of CID 35 wyptic peptides and the IM mwdel achieved a correlation
of (1957 £ 0.077). Thas demonsirates that the pPeep machine learning svstem provided
superior results.

02071 FIG. 10 shows IM prediction model achieves a better comelation (0.908 £ 0.08)
batween testing spectra of HCD 28 HLA peptides and the predicied spectra than PT model
{1.81 +0.27), as also indicated by the closer corvelation of the former (99 8%) 1o the
technical variation (0.97 = 0.06, [00%) than that of the latter (83.3%). This demonsirates
that the pDeep machine learning svstemt provided superior resulls.

[6208] FIG. 11 shows PT prediction model aclieves a correlation of €0.92 + 0.16) between
testing spectra of HOD 28 wryptic peptides and the predicted spectra from the IM model
achieves (0.89 = 017, The system and methods deseribed herein showed an unexpected

improvement in generating predicted spectrums.
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EXAMPLE 3

IM MODEL PERFORMANCE
0269} The IM model described herein was tested using peptudes that are difficult to
distinguish from one another and have a high false posittve rate when tested using other
maodels.
[0218] The IM Model used was constructed wsing Filtering criteria: PSMs with run fevel
FDR < .01, DeltaXC > 0.1; Collision-induced dissociation (CID) fragmentation 35;
Training data: 130,000 unique peptides; and Higher-energy collistonal dissoctation (HCD)
fragmentation 25 - 27: Training data: 166,000 unigue peptides. The IM model was compared
the Prosit pretrained model (HCD 25) and Posit pretrain model (HCD 27} One limitation of
Prosit is that it only provides prediction model for HCD spactra, but the sysiem sond methods
described herein have both CID and HCD models. Therefore, the comparison was done only
for HCD model.
[6211] The Dot Product score we derived from Immatics-pDeep HOD model {an
embodiment of the system and method described hevetrr) was higher than Prosit’s models,
meanmng that the specira predicted by Immatics-pDeep HCD model is more sinular o the
spectra observed experimentally. See Figure 14,
{0212} The mventors alse surprisingly found that the Inunatics-pDeep HCD model (an
embodiment of the system and method described herein) was able o distingaish between
two very similar peptides: KLLEVQILE (SEQ 1D NO: 17) and QLLEKVIEL (SEQ ID NO:
18) which are difficalt to distinguish using conventional methods, See FIG. 15, huitial mass
spectrometry data analvsis using conventional database search was not able to provide a
clear decision between the two peptides QLLEKVIEL (SEQ ID NO: 18) and KLLEVQILE
{SEQ 1D NO: 17). Both peptides had similar XC {cross-correlation) scores computed by
SEQUEST search engine. Using the Iimmatics-pDegp HCD model (an embodiment of the
system and method deseribed herein), the experimental spectrumy was compared to the
predicled spectra from the two peptides and spectral similarity computed asing Dot Product.
The tventors surprising found that the Dot Product computed by the predicted spectrum
QLLEKVIEL 15 0927, much higher than the one computed by the other peptide. This data
indicates that the Immatics~-pDeep HUD model {an embodiment of the system and method
described herein) was able 1o better distinguish peptides and therefore provide better peptide
identification than conventional methodology.

{02137 To further investigate #t in a larger dataset, 485 peptide pairs of ambigaous s from
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a database were selected. Sinudarly, one peptide in exch palr was identified as the nue
peptide based on HLA binder score. The DofProduct scores computed by the true peptides
gre higher than false pepiide in almost all the cases, showing again that the Inunatics-pDeep
HCD mode! (an embodiment of the system and method described herein) unexpected an
improved peptide identification not just for one particudar peptide pair, bt for many
diffevent HLA peptides.
[0214] FIG. 16 depicts a Dot Product showing the Dot Product scores computed by the true
peptides with high false peptide incidents, 455 pepiide pairs where SEQUEST was not able
10 clearly differentiae one from the other. The Immatics-pDeep (HCD) {an embodiment of
the system and method described herein) showed an unexpected tmprovement in the
prediction of sequence for peptides that have a high incidence of false posilives.
EXAMPLE 4

SPECTRA DATA AND RETENTION TIME
[02158] The inventors developed a rescoring glgorithm that rescores that top 1 hits (peptide
match) of each spectrum from Comet database search results. The cases that Comet search
could not differentiate clearly, L., top N bis baving similar Comet scores. The inventors
used additional information from fragmeniation aad retention time predictions 1o better
determine the accurate identification of the peptides.
[0216] The dataset used for benchmarking the performance was HLA-BT+ LCL1 L cell Hne
DDA rw To compare among different approaches/models, the inventors used Percolator
{Matthew The et al, Journal of the American Society for Mass Spectrometry, 28 Aug 2016,
A RITI9-1727) with target-decoy approach to estimate namber of true bils given a fix g-
value {False discovery ratg). From the plot shown in FIG. 18, the inventors surprisingly
shiscoverad that IMApDeep+IMAProsit showed improved resalts. The inventors found they
could wdentify 31,5396 PSMs at 1% FDR comparad to 22,519 PSMs in conventional Comet
database search approach, posting an uaexpected 40% improvement. Thus, the resalts
suggest that the combination of fragmentation {spectra data) and retention fime prediction

con significantly improve MS/MS HLA pepiide wdentification.
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