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2 Abstract
Q Event-based modcis (ERN) provide an important platform fci modeling disease progression. This
=1 work successfully extends previous EBM approachec to werk with larger sets of biomarkers
while simultaneously modeling heterogeneity in disease progiession traiectories. We develop and
validate the s-Sustain method for scaiable event-based modciing of dissase progression subtypes
using large numbers of features. s-SuStaln is typically an order of magnitude faster than its
predecessor (SuStaln) Maieover, we perform a case study with s-SuStain using open access
cross-sectional Alzheimer’s Disease Neuroimeging (ADNI) data to stage A.D patients into four
(12 subtypes based on dynanvic disease Liogression. s-SuStaln shows that tiie inferred subtypes and
;:r’ stages predict progression to AD 2:iiong MCI subjects. The subtypes show ditference in AD
= incidence-rates and reveal clinically meaningful progression trajectories wheir mapped to a brain
= atlas
QJ .
>
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= 1. Introduction
Biomarkers and longiwdinal clinical outcones for multifaciorial nevyudegenerative
disorders, such as Alzheimer’s Disease {AD). Perkinson’s Disease, Amysirophic Lateral
Sclerosis, and others are knowr: io shevy variance in the diseases population. Ty important
sources of variance are 1) diccase progression arid its associated (ynamics, and 2)
phenotypic heterogeneity arising out of disease subt /pes which inay have its resis 1n
i? genetic and/or environmental factors \vnile cisease progression e1ong o trajectory leads
g to temporal heterogeneity, the subtyres characterize diverse progression trajectories tor
% the same disease. The goal of this work was S develop & method to mode! di revse
) disease progression trajectories and dyramics (e.g. disease subtypes) using large nurabers of
g features typical of present day genomics, proteomics imaging, and othar multin.odzi clinical
Q datasets.
=
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Tandon et al. Page 2

Previous event-hased medels (EDM) Geveloped by Fonteijn et al. (2012); Young et al. (2014)
iearn a single overaii or “average” diseass progression trajectory from cross-sectional data.
EBM typothesizes disease progrzssion to occur as a sequence of biomarker abnormalities
and infers the characteristic sequence from cross-sectional data by using a probabilistic
generative model. It is fiiithe; extended to riiocel disease subtypes via multiple progression
trajectorizs in Young et 2i. (2018). However, since the disease progression trajectory is
defired ~5 a permutatior uver the meacured biomarkers, the methods are not amenable to
scalinig with larger biomarker sets. Tne presented ‘»ork scales previous EBM approaches
to infer disease trajectory and its subtyoe: in the presence of ever-increasing numbers of
hiomarikers. Thie is achieved via & shift i the EBM framework. Specifically, similar to the
previously published scaled evziit-based msdel (SERIM), we hypothesize here that disease
progression occurs over biomarker clusters, rather then individual biomarkers Tandon et
o, {(2023&). This ieads to a reformulation of the model likelihood function that is easier

10 ontimize with incieasing number of biomari<ers. This new method, called s-SuStaln
(scaling Sukiypz and Stage Inference), combines the scaling enabled by biomarker clusters
with the abiiity to optimally subtype disease proaression trajectories. A schematic of the
aprioacii and its application in stratifying risk is shown in Figure 1. Results show that
s-SusStaln is typically an order of magnitude faster thai its predecessor while having a
siriiar performance in inferring disease prcgression trajectories.

1duosnuen Joyiny

1duosnuey Joyiny

On real subject data from ADNI, s-SuStaln infers 4 subtviues depicting differences in
progression patterns and G stages (0-5) depicting disease severity, from 119 primarily
neuroimaging hivmarkes (greater than any previous study ©sing EBM). The subtypes
capture a difference in AD incidence-rates amona MCl (miid cognitive impairment)
subjects, while the subtype specific disease stages capture risk o’ progression to AD while
adjusting for ganetic risks (APCE4 status), age, gender ang educadion.

2. Background

2.1. Event-Based Model (EBM)
EBM is a probabilistic generative riiodel of disease progrzssien, hypothesizing progression
to be a sequence of irreversible biomarker aonormality e /ents. This viay, the disease
progression trajectory is dzrined by a permutation of the mcasuied bicmarker set. It was
first introduced by For.ieijn et al. (2012) f5i tamilial cases in Aizheimer’s Sisease {AD) and
Huntington Disease (HD) and latci exterded to sporadic AD cases by Yeuig et ¢l. (2014).
An important advantage ot the cvent-based moae! is that it car use cross-sectionai data for
modeling disease progression.

1duosnuen Joyiny

The model takes as input N scalar blomzarker measurements from J subjects. A. patient

j has their biomarker measurements represented as X, = {x, , x, ,...x,;}. 1he fuil data

can be represented as X € R/ XN, EBM hypothesizes o characteristic sequence of
biomarkers which describes disease progression. This sequience can be generally writeen
as S = (s(1), 5(2)..., s(i), ...s(N)), whera s(i) represents the biomarker taking ine i'* position
in the sequence. According to EBM, the subiect is at siage  if biomarkers 5(i)...s(k)

have turned abnormal while biomarkers s(k + 1)...s(N) remain normal. The model makes a

1duosnuep Joyiny
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Tandon et al. Page 3
key assumption - that the lilkelingoa oF measurements across biomarkers are independent,

i_> conditional on their respactive event scciirence. A probabilistic expression for the data

5 likeithvod of subject j is given by Ecuation (1):

o

= k N

% X1k, S)= I AI P | Eyp) X I I p(xsy; | 7 Eyp)

S 1=1 =k+1

(%2}

o} 1

=

~—+
The subject staae k, i.e. number of kiomarkzis that have turned abnormal is a latent
variahle 1t g5es 10t depend on the sequence €, and can be marginalized out to write
the data likelihood. A priori, k is assuined te we unifermly distributed over the possible
staaes therehv nnt depending on the diagriosed clinica! stage of the subject. Assuming

> independence of ineasurements from patierits (X)), the likelihood for the full data x € R XV

c .

= can Le written as

=
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E,, denotes ‘nat ine biomarker taking the i*”* position: in the sequgnce has turned abnormal,
while - E,,;, denotes that it remains riormal. Young ci al. (2014) d2scribes how p(x,y, | Eq)
> and p(x.,, | ~E.») are computed by fitting a two component Gauscian mixture model to each
=1 biomarker.

>0

o

= Key Modeling assumptions—An important assumption in Eguations (1) and (2) is

% the homogeneity of disecse progressior across all subjscis. The subjects are assumed

5 to progress along the same traizcteiy defined by the event senucnce S. Tnis ignores

S phenotypic heterogeneity seer in the disease due to different disease sibeyres. An important

§e) oo . , .

-~ contribution of Young et ai. (2018) is to extena the EBM framework t5 mode! disease
subtypes and relax the assumption of homuogeneaus disease progression. Ciner assumptions
in Equations (1) and (2) include riionotsiiic changes to biomarkers, and thie bicmarker
measurements being concitionaiiy independent cii the event occurrence (E, OF -1 .y).

> 2.2 Subtype and Stage Inference (SuStaln)

% SuStaln algorithm presented Ly Youiig et al. (2018), extends the EBM frariework in two

=} important ways.

gz, 1. It relaxes the assumpticn that all subjects foilowv the same dizease progression

2 trajectory. It does so by modeling the data 235 a mixture of multicle disease

S progression trajectories or subtypes.

=t
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Tandon et al. Page 4
2. The hiomarkers arc alicwed 10 continuously accumulate with the disease

E progression.

g In this work, we focus on he first contribution and extend it further to work with larger

=z sets o7 biomarkers. The second contribution increases data dimensions beyond the number

% of biom:arkers and will e considered iri more cetail in future work. However, the method

5 presentzd in Section 4 Jor scziing to larger biomarker sets remains applicable to both.

e}

'§' whiie the event-based model (EBM) estimates oni 7 a single biomarker event sequence S
ror all subjects, SuStaln estimates a mixture of 7 such event sequences, each representing a
disedse subtype (S, S,....Sr). The overaii data likelihiood is expressed as a mixture of these
subtypes

T

> PX M) = 2 fixp(X 1 5)

c =1

5

S} 3

§

2 Herz, p(X | M) denotes the data likelihocd for the overall model. p(X | S,) denotes the data

P likelitiood fsi the event sequence S.. £, denates the fraciion of the subtype estimated from the

o

° data (f, € [0,1], Z, —1 f,=1). The SuStaln algorith:ii In Young et al. (2018) proceeds by
iterativel / maximizing data-tikelihood in (2) by usiny the exoectation-maximization (E-M)
algorithm to estimzate S.. S,...S-and £, fo... /¢

3. Problem setting

g The event-based modei (EBM) introduced by Fonteijn st al. (2212); Young et al. (2014)

= can be used to siudy disease progression as a single scguence of biomerker abnormalities.

= SuStaln (Young et al | 2018) can he uead to extend EBM to infer discase subtypes to

QZJ model phenotypic hcteiogmcuy seen acruss subjects with the same underlying conditions.

2 However, scaling them tc wark with larger number of biomzikers (data dirmensions) is

(£> challenging. Three reasons for the following are given below.

= 1. The state stace Tor the previous models - numuer of gossiblz event orderings
increases as (N!)!, where N is tiie number of biomarkers and 7 is the number
of disease subtypes hcing fitted to the model (T = 1 foi EBM). Hence larger N
and T values <lows gown optimizaticri of overall data itkelihood in Equaticn (3)
by factorial and exponential increases in the search space of tiie optirnization

> algorithm in Young et al. (2518).

o 2. Evaluating data likelitiuod at each point it the model’s state space tricieaser in

S complexity. Equation (2) shows the dependence of the dat4 likelihood on the

QZJ number of biomarkers .

S

5 3. EBM and SuStaln estiraie uncertainty in biornarker positions aiong the event

Q sequence by using posterior sampling iechriiques such as Markov Chain Maiite

= Carlo (MCMC). With increasing nuinper of bivmarkers (N), MCiviC sampling
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Tandon et al. Page 5
over hiomarler scgucnces vecomes harder due to the support of the underlying
,:g distribution incr=asing as (N !)*. This leads to the need for a greater number of
;5 samples to cover all regisns of the posterior distribution and increased over-all
- run times.
<
% Scaling these models @iso Has a clinical utility since it can enable the identification of
é subtle progiession patterns Sver diverce biomarkers. This can potentially lead to uncovering
%. of new disease signature: with diagriostic and prognostic utility. This work proposes a
- sciution to scale SuStaln to a larger number ¢t niomarkers, thereby addressing all of the
above challenaes. It speeds up overzii modzi optimization by reducing the state space and
makina likelinssd computations fasier. It also 'cads to advantages in MCMC sampling to
characterize uncertainty in inferred bicinarker event sequences.
> 4. Method
% Scaling SuStalri to higher number of biomarkers nnses challenges outlined in Section
= 3. These challenges arise from the model viewirg Gicease progression as a sequence
§ of biorarkers turning abnormal, one a a time. In order to scale SuStaln to work with
E incieasing niumber of biomarkers, this work re-formitiates the likelihood function and views
g disease rrogression to arise from a cluster oi biomarkers turning abnormal at a time. These
° ideas have been previously introduced in Tandon et al. {20223) where biomarkers are
clusterec along the event senuznce, which al'ows for sets of biomarkers to turn abnormal
simultanenusly. However, the work by Tandon et al. (2023a) builds upon the assumption
that all subjecis feliow the same disease trajectory which iimite ineir clinical utility. By
combining their contributions with those from Young ¢t al. (2013), this work presents a new
model which is scalable to a higner r.umber of biomarkers, whiie a!so identifying distinct
}:> disease progressicn trajectrries.
=
>
S 4.1. Clustering biomarkers alona event sogucnce
QZJ Biomarkers characterizing the disease progression trajectsiy can be ciustered together by
g relaxing the assumption tnat the discase advances by abnermality of a singie biomarker
Q at a time. Instead, multiple biorarkers can turn abnormal simultarecusly to advance the
=l disease stage. In this ceiitex, the set of biomarkers turning asnormial simultaneously is
considered as a cluster 8iomarkers belonairg to the same ciustci, occupy same position
in the event sequence, while clusters are orgerad to characterize pregiessive Gisease stages.
This work introduces somc key aaditions uniqu? to the previous acproach in Teidon et al.
(2023a). Specifically, SEBM (Tandon et al., 2023a) assumed clustars to be ci tixed size,
which requires user-specific choices. Instead, thic work extends Ta:idon et ai. (20232a) to
(13 include flexible cluster sizes similar to Paiker et al. (2022). Anottier major limitaticn of
;:r' SEBM is the inherent assumpticii that all stojects folicw the same disease progressicn
= trajectory .S. Current work relaxes this assumption by using ideas introduced in Youny €t al.
gz, (2018), and allows for modeling of disease subtypes which follow distint trajestories. This
2 ultimately results in a novel disease-progression mode! which can uncover risease subtyjes
g(g from higher number of biomarkers. Be'ow we infroducz a mathematical framewvork for fie
=} above ideas.
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Tandon et al. Page 6
Let the disease subtynes be acfincd by a cequence of biomarker clusters, i.e.
?:> S' = (4, 6...¢). ¢ denotes the set of bioriarkers which turn abnormal after the previous
~—+
g i — 1 clusters in subtype ¢. Tha numbker of disease stages is |S’| and is set to « for all subtypes.
=
= The number of biomarkers in thie i'” cluster of subtype t is denoted by |c|. Under this new
% formulation, Equations (3} and (2) can be rc-written as
c
8
= p(Xj | k s = H p(xs; | Ey) X
© ! b c l,k K
— =1 G
H P(Xb.f I = iib)
bE U _ysr
4)
> A
= p(x 15" = JINE H Pl | E)x
o Jj=1lk=0 \pe f  d
o
QZ.) H P()’b./| ‘Eb)
=] b€ Ui G
c
@ (5)
=,
§e)
—
subject to the conditions -
ld] > Coe Cow € ZX Y _ il = Nodind= @ (#).|S|=nY 1<i<n1<1<T. x,
represents raersurement for biomarker b in subject ;. Suksequently, the full model across
all subtypes can be written similariy to Equatior: (3)
£ S o
= PXIM)= Y fruX|S)
g t=1
= 6
o (6)
-}
c
8
=, 4.2. Assigning subjects to diseasz subtypes
§e)
- The model maximizes th< overall data likelinood in Equatior (6) and results in T trajectories
(81, S,....Sy) followed by biomarkers, ara their corresponding fractions ini the data (£, f»... fr)-
With these estimates from thc overali data, indivicual subject j is assigned a paiitcular
disease subtype ; by maxisiizing the subtype specific data likelit.ood. The prior on & is
assumed to be uniform, i.e. a priori a subject is eauzily likely to be i any stage.
>
c
—
=2 n
=4 [ =arg max fix Y plkyplX,| k.S
=z t k=0
5 G
c )
%)
(@]
=,
§e)
~—
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Tandon et al. Page 7
4.3. Assigning subtype srecific discase siage to subjects
E Oncze subtypes have beer. assigned to subjects, they can be staged for the degree of disease
g progression within the subtype. This is done by computing the posterior for the disease
% stage, given the subject specific data and subtype. As in Section 4.3, the prior on k is
Q uniforn.
>
c
(%2}
ol k, = erg max p(k ' X, SY)
- k
(®)
4.4 Theory : Reduction in associated sermittational complexity
> The originat SuSiain model has N7 possitle sonfigurations, since it uniquely orders each
% biomarier, and there are T subtypes. However, 3-SuStaln introduced in this work has that
) permutationzi complexity in the worst case Yinit. Numher of possible configurations for
< subtype : In s-SuStaln can be written as
7 N — el | NI |C'| N!
Q lel |07| le! ,
5 \ ! T
- n clusters
Overall number of cunfigurations across all subtypes is
IZ[ N! Nt
A
> t=1H?=1lc| [T = 1 TH7 = g le!
—+
>0
o
=Z Since |d| € z*
@
2 T
(({; L < NIT
= T0 = 1 715 = 1l
§e)
—+
The equality holds in the worst case scenario onl 7 when n = N and Igj = 1, Vi, .
4.5. Model fitting and inference
The model described in Equations (4), (5} and (€] is optimized by using tre expectation-
<1—> maximization algorithm introdi:ced in Young et al. (2018) and made available it Akcman et
—
3 al. (2021). Besides the usual parameters iri the SuStaln algorithm, two riew hiyperparemsters
% are introduced. These are the numbe: of biomarker clusters (») and tha rainimum: size of
% each cluster (C,.,). From the fitted 'model, subject specific subtypes and stages are inferred
S using Equations (7) and (8).
Q
=t
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5. Experiments

All 2xperiments are performed on an Jiitel Xeon Gold 6136 CPU. The CPU is a multi-core
processor with a clock speed o 3 50 GHz and features 48 cores. The code was adapted from
Aksman et al. (2021) to reflect the changes iniroduced by Equations (4), (5) and (6). Where
applicable, s-SuStaln was compares 0 the SuStaln algorithm. Comparison of s-SuStaln to
other rion-ZBM disease proyressiciy models (Lee and Van Der Schaar, 2020; Qin et al.,
2023; Noroozizadeh et ai., 2023) is ot straightforward due to differences in data economics
anid model architectures which prevent a dircct comparison. While SuStaln and s-SuStaln
use cross-sectinnal data, models si:cii as AC-TPC reauire temporal data (see Table 3).

1duosnuen Joyiny

5.1. Simulation study

The aim for the simylation stud 7 wvas to compare s-SuStaln and SuStaln on 3 different
mietrics, i.e. opurnzaiion times, inferring ground truth sequences associated with disease
subtypes, and thzir respective fractions in the synthetic data (Figure 2). The data was
simuleted according to Young et al. (2015). The factors of variation were number of
biomarkears N e 50,125, 150,200], and riumier of diseese subtypes T € [2,3,4]. The fraction
of individua! subtynes was set to (0.6, 0.« for 2 subtynes, (0.6, 0.3, 0.1) for 3 subtypes and
(0.4, 3.3, 0.2,0.1) for 4 subtypes. Addivionally, the s-SuStaln model had » = 5 biomarker
clusters, with minimum cluster size C,,, = 0.i x N. Each experimental setting was repeated
with & rendom seeds. In all casas, the number 5i samples wwas cet to 200.

1duosnuey Joyiny

The distance between trie ground truth sequence and inferrec secuence was computed by
calculating tne partial Kendall-z distance introduced in Fagiii et ai. (2006). For the SuStaln
results, the inferred sequences weie ~onverted te partial-rankinas using cluster sizes (|c])
from the s-SuStaln resuits. This way, the Kendall-z is comiputed fui 2ach subtype and

the overall meuric for ail subtypes is computed by vaking a weightea mean, with subtype
fractions serving as the weights. The inferred fractions of the subiypes are compared to their
true fractions in the cimulatcd data usig cross-entropy.

5.2 Real data from ADNI study

Data used in this sectior. nas peen obtainec as described in the Data and Code Availability
statement.

1duosnuen Joyiny

Model fitting We fit the s-SuStain medel using cross-sectional data from 170 ~cgnitively
normal controls and 157 AD subjects. Measurerients from 1149 n2uroimaging hiommarkers
are used for each subject. The maximum numbczi of subtypes T is set tc 4, and te rrumber
of biomarker clusters » is set to 5 for cach sibiype. C,, is set to 10. The fitted model is
validated on 551 MCI (mild cognitive impairment) subjects which ara2 kert as a senarate
held-out set.

5.2.1. MCI progression to AD as a function of disease stage— -Subtype and stage
for MCI subjects are inferred from s-3uStaln trained on Control and AD subject data.
Survival analysis is performed for each suhtvec ot MCI subjects, using Cox proportional-
hazards model (conversion from MCI to AD vur other dcinentia is considered as the event ot

1duosnuep Joyiny
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Tandon et al. Page 9

interest). The model ic agdiusted for covailates such as age, gender, education, and number
of AFOEA4 allele cupies which Is a knowr: genetic risk factor. Figure 3 shows the conversion
risk as 2 function of disease stage. Table 1 compares the effect sizes of the covariates across
subtypes.

5.2.2. Heterogeneity capturca bv subtypes—A s-SuStaln model with 4 subtypes is
comparer! against a simi'ai s-Su'Sialn imodel with only a single disease subtype to assess

the azvantages of modeling heterogenecus disease progression (both models trained on data
nescribed in Section 5.2). Conversion to A5 among MCI subjects across subtypes and stages
was rompareg using the Cox prosortionzi-nazards madel (as described in Section 5.2.1).
Trie two models are compare cii the Akaike information criterion (AIC), test statistic from
log-rank test, and concordance indzx (Tahle 2). The s-SuStaln model with 4 subtypes is also
avaluated for 3 year incidence-rate of AD across the subtyvpes using Stevenson et al. (2013)
(Fiyur= 5(a)). Fuircher, a t-SNE analysis is pertarmed for the held-out MCI subjects to see if
the lower diriensional projections capture differences in subtypes (Figure 6).

1duosnuen Joyiny

5.2.5. SUBTYPE ST/ BILITY OVER TivIE—The n.odel fitted to Control and AD
subizcts is used to infer subtypes for NICI subjects in their follow-up visits. It is expected
and dcsirable that follow-up visits will he assianea the same subtypes as the past visits for a
subject (Figure 5(b)).

1duosnuey Joyiny

5.2.4. \Visualizing prcyression in the brziii—The prono:ession trajectories learned by
s-SuStaiii can be visualized by coloring the relevant regions i1 & brain atlas, in the order
defined by fhie tiajectory. We visualize the brain voluinetric mcasurements in the trajectory
over the DI< brain atlas (Desikan et al., 2006) using the brainpainte- software package
(Marinescu et al., 2019a) i1 Figure 7 and Figure S2.

6. Results

6.1. s-SuStaln is an order of magnitude fascer

SuStaln uses the expectation-maxiriization (EM) algorithin to learn the niomarker
sequences characterizing the suotypes and thweir fractions ir the daia. s-SuStaln uses the
same optimization algsrithin but shows an crder of magnitine vasier seceds, due to the
reduced complexity in £quations (4) and (). This is seen ir Figure 2 a—d. Further,

the speed-up increases with data iinensisns (1~igure S1). However inis, dces nov impact
s-SuStaln’s ability to learii subtype defining biomurker sequer ces as measured ny Kendall-z
distance (Figure 2 e-h), or their relative fractions riivasured via crass-entropy between the
ground truth and inferred values (Figure Z i-1)

1duosnuey Joyiny

6.2. Disease stages from s-SuStaln predict prcgression tc AD

Figure 3 shows the fraction of MCI subjects who convert (o AD, as a function ot sukiyr.e
specific stage. For each subtype thz risk of progression .0 .AD/dementia iZ significanily
associated with the disease stage, while adjusting for 2ge, gender, education and the

number of APOE4 allele copies (using a Cox rroportional-hazards model) This shevs

the significance of the disease stage learca Gy s-SuStalsi in modeling the risk of progression

1duosnuep Joyiny
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Tandon et al. Page 10
among MCI subiects, Further, comparing the effects of the covariates in the Cox model
i_> showe that the efieci sizes 10r disease -stage are comparable to those from APOE4 allele
;j’ copies, a strong genetic risk factci in AD (Table 1).
gz, 6.3. Stages correlare with knowr: dizgnosis
g The s-Si:5taln model uses a uniform prior for the disease stage as described in Section 2.1,
) i.e. 2 priori disease stages are uniformly distributed. However, the estimated posteriors for
'§' disease stages show differences across aiagnostic groups as seen in Figure 4 and tested using
a x% goodness of fit test. Controls and AL show preferences for opposite ends of staging.
6.4. Heterogeneity captured via subvypes
6.4.1 CONVERSION PROFILES ACRDSS SUBTYPES—Figure 3 show differences
in AD risk profile< ac a function of disease steges. Qualitatively in subtypes 1 and 3, the
E progression rick ircreases non-linearly across stages. Whereas in subtype 2, the increase in
g risk is rather linear and in subtype 4 it plateaus withi increasing stages. Differences in stage
% specific efiect sizes across subtypes are 2iso nhserveud in Table 1.
)
g 6.4.2. AD incigdence-Rates across subtypes —Figure 5(a) shows a varying 3-year
Q incidence-rate of AD among MCI subjects (y# p-value < 0.005).
=1
6.4.3. *-SNE analysis shouws subtyps and <tage aifferences—Unsupervised
analysis of the 119 Liomarkers in held-out MCl subjects (n=551) using t-SNE shows
differences in MCi subtypes and stages (Figure 6). The subtyrz and stage assignment was
done using s-SuStaln model learned from Contiols and AD cases.
JC> 6.4.4. COMFARISONS TO A STAGE ONLY MCDEL- -Tic auvantage of subtyping is
S further assessed by comparisons with another s-Su3tain model with a single subtype i.e. all
= subjects follow the came discase progiession trajectory and vaiy only in disease stages. A
QZJ Cox proportionai-iiazards model 1s fit to inferred subtvpes ziid stages from both s-SuStaln
2 models (along with covariates mzntioned in Section 6.2). Tavie z shows comparisons across
3 the two cases. The s-SuSta'n medel that accounts for heterngenelty in disease progression
é’ (via subtypes) performs bettzr than the s-SuStaln model vhere all <ubjects follow the same
progression trajectory arnd only vary in disease stage. This i seer through threc imietrics
- AIC (lower the better), p-value from iog rarnis test (lower the better) and concordance
index (higher the better). In cach rzse, the s-SuStaln model witn 4 suutypes does better
than the stage only model. Further, effect size for subtype 2 shaws significance at p < 0.05
(using subtype 1 as reference). This demonstiates that the model with subtyies does better at
(1_> predicting progression from MCI tc AD.
=
e 6.5. Stability of subtype assignment
QZJ Follow-up data from MCI subjects wrs assigned subtypas to study the siability in
g subtype assignment. Figure 5(b) shows subtype assignraerits for 1732 fc!lov/-up visits.
o Approximately 78% of all follow-u? visits show thz sarie subtype as the last visii.
=t
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6.6. Contextual Evaluaticn of AD Subtypes

Even rery early work suggested the presence of subtypes in AD Bondareff (1993) based on
severity of neurofibrillary tar.gles and dementia progression Tariska and Urbanics (1995).
Modern day machine learning rmethods, including s-SuStaln, suggest 4 subtypes. Work by
Jellinger {2020) suggested 4 major subtypes hzsed on tau pathology and brain atrophy.
Unsupervisad learning of multiinodal ADNI data also showed 4 clusters (Prakash et al.,
2021), vunich varied as a funciion ot brain volume and measured cognitive function. More
rescarch is necessary to better deduce thz therancuic implications of the 4 subtypes.

1duosnuen Joyiny

6.7. Meaping Fiuyression to Brain Regions

The progression patterns shown in Figuie 7 arc described below and supported with
literature findings.

. Stage 1 - All subtypes show a distinct ventrai occipital lobe and medial frontal
lope involvement in Stage 1. The wvisual system and optic lobe plays a key role
iz the AD pathophysiology Cuntia et al. (2C16). Subtype 1 has a greater frontal
lobe diseasc component in Stace 1. Subtypas 1, 2, 4 have more changes near
the dorsal and posterior po tions of the limbic lobe. Subtype 4 shows dynamic
crianges in only the most posterior nsiton of the limbic lobe.

1duosnuey Joyiny

o Stage 2 - In Stage 2, we see varying dearzes of lirabic and frontal lobe
involvement acress subtypes. The iimbic system particularly the hippocampus
and amygdala, ae crucial for memory and emotion {Hopper and Vogel, 1976).
Subtyge 1 acquires changes to the entire occipital !cne. Subtypes 1 and 2 have
sustantive changes in the frontal Icoe comipared to Suktypes 3 and 4.

. Stage 3 - Stage 3 is wiere all subtypes are most visuaiiy differentiated. There
is more frontal and temporal lobe involvemernt, which veries in degree across
subtypes. Changes to the temporal lobe have been shcwn to be more pronounced
in older subiects (Wilcacl: 1983) and closely assoriaied with semantic dementia
(Galton et al., 2001). In Stage 3, changes to ine temnoral lobe spread beyond
the limbic area. 4 cditionally, subtypes 3 and 4 have & larger cegree of dorsal
occipital lobe sparing .

1duosnuen Joyiny

. Stage 4 - 1n sage 4, all subtypes show changes througtiout the frontai and
temporal lobes. Prior work nas shicwn frontal lobe involvernent te typically
be present in all siages {Bnutani et ¢l., 1992) with & sub-gioup of parients
seeing earlier {iontal lobe involvement (Farrow et al., 2007). The subtyping
analysis presented here suggests subtvecs 1,2 have earlici, pervasive frontal lobe
involvement in stages 1 and 2, wwhereas subtypes 3 anc! 4 see delays 1intil Stages 4
and 5.

. Stage 5 - The parietal loke is relatively spaied in AD Bruri and Guatafsor (1376),
which is also reflected in all subtypes in the present work.

1duosnuep Joyiny
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7. Conclusions and fuiure work

This work presents s-SuS*ala (scaling Subtype and Stage Inference), a data driven disease
progrescion model which is avienzole to working with larger biomarker sets. s-SuStaln is
typicaily an order of magriturle faster than its nredecessor (SuStaln). Using ADNI data,
s-SuStaln shows that tae inferred subtypes and stages predict progression to AD among MCI
subjecis. 1z survival analvsis using Cox proportional-hazards model, the adjusted effect sizes
fei disease stage are signiiicant. The subtypes show difference in AD incidence-rates and
meaningful progression trajectories when mapped to a brain atlas.

1duosnuen Joyiny

s-SuStaln can he further mociiied t< implicitly <ciect hiomarkers which are then used to
determine the event sequence (Tandon <t al., 26Z3a,b,c,. Past work has shown progression
in AD can be explained by a snialler Tiie nresented approach can also be extended to model
biomarker evolition in disease as an accumulative process, as is done by z-score SuStaln.

Supplementary I Aaterial

Refzr to ‘Web version o PubMed Central for supplementary material.

Data and Cocie Availability

1duosnuey Joyiny

We use Alzheimer’s Disease Neuroimaging Initiative (AD!) data made available as a part
of the TADPOLE challenge (Marinescu et ¢l., 20230). It was downloaded via the Laboratory
Of Neursimaging data 2rchive at https://adni.loni.usc.edu/. The code is available at https://
github.com/pathology-dynamics/s-SuStaln.
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Figure 1:

Overview for s-SuStaln

s SuStain uses ciross-sectional aata from heaithy controls and diseased populations to learn a
set of disease progression trajectories. The progression wrajectories are defined by a sequence
over hicmarker clusters. In the example shown here, 14 biomarkers are assigned to 5 clusters
across 3 diszase trajectories, or subtypes. Ttie disease progresses with all biomarkers in a
clusier turning abnormial. These trajectories can be later e pplied to biomarker measurements
fror at-risk subjects in order to subtype and stage thern for disease risk.
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Simuiatinn study
The models (s-SuStalii and Sustaln) are corcjpared on simulated data with a known
ground truth. The simulated data mimics cross-sectional Suservacions of varying number of
biomarkers (columns) from 200 subjects at diffeient disease stages and following different
progression trajectories. Data generation and experimental conciticns are described in
‘1_> Section 5.1. The mndzis are cumpared on 3 parameters - optimization times (Fig. a-d),
5 recovery of grouna-iruth trajectories which represent subtypes (Fig. e-1), and their correct
) fractions in the data (Fig, i-D\ Eis g} The optimization step for s-Sustaln is typically
§ an order of magriituue faster than suScal*n. Fig. eh) The twe imodels show comparable
,::" performance in recovering the groung-truth trajectories used io simulaie th= data. Fig. i-1)
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Figure 6:
Separability of s-SuSiain nredicted subcyres and disease stages using t-SNE for

vicualizaticii. The 2-D projections show differences ir disease subtypes (left) and disease
staves (rigir) in the 119-dimensional bicmarker spacz among the held-out 551 MCI subjects.
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Stage 5

) L]
Figure 7:

Visualization of disease progression across braiii regions in the D-K brain atlas.
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Tabile Z:
Madel cermparison
>
c . W — —
=5 Metrics 4 subtypes 1 subtype
O — — — - —
- Pareme‘ers 8 5
QZJ AIC 1443.28 1469.89
E’ p-val (log-rank) 1.25 x10724 8.2x 10720
wn
Q Concordance index  0.773+0.019  0.745 + 0.022
=l . . . _
- Cox proporticna! hazaras inudel are Tit to subtypes and stages .nferied from two s-Sustaln mode's - 1) s-SuStaln with 4 subtypes (heterogeneous
progression) and 2) s-SuStaln with a single subtype (homogeneous progression). Other covariotes used are age, gender, education, and number of
APOE4 alleles. The inferred subtype and disease stage informatic:i rrom 1) does better in predicting conversion from MCI to AD. This is observed
via 3 metrics - AIC {icwer the betier), p-vaiue o log-rank test (15wer the better) and Concordence index (higher the better). s-SuStaln with 4
subtypes does better in 2! coses,
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