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ABSTRACT:Phase separation in mixed lipid systems§iysigns of temery Tme Basis Patioms W
been extensively studied both experimentally and theor —y HEEE Aoev NP o HEEHE x
because of its biological importance. A detailed descrip
such complex systems undoubtedly requires novel mat
ical frameworks that are capable of decomposing

categorizing the evolution of thousands if not milliongetifhe "an s stuures
lipids involved in the phenomenon. The interpretation anf:
analysis of molecular dynamics (MD) simulations represe
ing temporal and spatial changes in such systems are st
challenging task. Here, we present an unsupervised mac
learning approach based on nonnegative matrix factorizatf
called NMFk that successfully extracts latent (i.e., not directly
observable) features from the second layer neighborhood

pro les derived from coarse-grained MD simulations of a ternary lipid mixture. Our results demonstrate that NMFk extracts
physically meaningful features that uniquely describe the phase separation such as locations ardrrblgsdofygies,

formation of nanodomains, and timescales of lipid segregation.
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INTRODUCTION Currently, machine IearniTg (ML) methods have shown a
Cell membranes contain mixtures oéreint lipid types that lot of promise n manyelds, a}nd recently, some of th?m

play a key role in various mechanisms responsible for caffve been applied for analysis and detection of classical and
survival. In the past, membranes were thought to pduantum phase tranS|t|on_data generated by simulations. Both
homogeneous systems; however, new data suggests er'V|sed and ur;superwsed ML appr(_)aches havg been used
fjateo or this purpos¥. *° but most of these pioneer studies used

under a dierent stimulus, the lipids can segré R o L
b g Il Ising-like systems for their investigations. ML has

nanoscale domains. These domains are highly dynamic, var)?i ; . : : ;
in size and compositidhlmportantly, this lateral partitioning pmmusly been coupled with MD simulations of biomolecular

is responsible for activation and functioning of membrangYSteMS in a limited context. ML techniques were reported to
embedded proteiR§. p.redlct. free-energy @rences \(vhen trained with MD
While it is possible to experimentally visualize the structU|5érnuIlat'on datd, and unsupervised approaches such as
of segregated lipid domdins detailed description of such PCA™ as well as other techniciiés have been used to
phases is inherently limited by the resolution of thd€duce the dimensionality of MD-generated tiafa.
experimental techniques. In this respect, molecular dynamicg "€ unsupervised ML methods beridL that targets
(MD) simulations provide a useful molecular description ofCi€ntic understanding, because they learn relationships and
the membrarne behavidt.In fact, the presence of such a similarities between elementsin uncategorlzgd dgta a_nd classify
lateral rearrangement has been studied extensively usig data without humanhelp but by revealing its hidden
coarse-grained (CG) MD of ternary lipid mixturekese internal structure and latent (i.e., not directly o_bservable)
CG simulations suggest partial segregation in large "pﬁgatures burleq in the Qata. Unsupervised learning methods
systems that mimic the lipid variability of the real celinclude c!usterlr?@,glassma[ neural n_etwcﬁ‘?(sa,nd modern
membrane$. MD simulations of such realistic biomolecuIarfac'[o”ngi‘t'‘?n techniques, like principle component analysis
systems usually contain millions of particles even whéRCA)’* singular value decomposition (SVDhdependent
simplied models are used. When the purpose of sucRomponent a3rzaly_ss_ (ICR)and nonnegative matrix factori-
simulations is to gain biological or physical insights, it #&ation (NMF)™ A limitation shared by PCA, SVD, and ICA is
challenging to identify patterns in the behavior encoded in tfge di culty to relate the extracted latent features to easy
motion of thousands of molecules, so developing analytic toals
for extracting functionally relevant features from MD generatéetceived: January 25, 2019
trajectories is of great importance. Published: September 2, 2019

ACS Publications  © 2019 American Chemical Society 6343 DOI:10.1021/acs.jctc.9b00074
W J. Chem. Theory Comp@019, 15, 63436357


pubs.acs.org/JCTC
http://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.jctc.9b00074
http://dx.doi.org/10.1021/acs.jctc.9b00074

Journal of Chemical Theory and Computation

# of secondary lipid neighbors in time Basis lipid configurations

# primary lipids Configuration weight in time

#of X
primary X

lipids

Q

>
H time

—_— >
X time W

Figure 1.lllustration of a nonnegative matrix factorization. The nonnegativX nsati@composed to the product of a nonnegative kvatrix

containing = 2 basis comurations, and nonnegative madrixontaining the activities of these two gorations in dierent time points.

interpretable quantities; NMF that we utilize here overcomehe number of latent variableFhus, the inuence ohsonx;
this limitation because the nonnegativity of the extracted lateistthrough the basis cgurations represented by the columns
features leads to a collection of strictly additive component$the matrixV, wy,... w. NMF has the ability to identify easy
that are sparse and parts of the data and hence are amenabletgrpretable basis cgurations and latent patterns that
a simple and meaningful interpretation without priorenable discoveries of new causal structures and previously
assumption$’ Recently, the hidden Markov model unknown mechanisms hidden in the data, without prior
(HMM), ¢ in combination with the Voronoi tesselldfion hypotheses, in contrast, for example, to the hidden Markov
and clustering of the obtained spatial distribution via Getismodel$?®
Ord local spatial autocorrelation stati&tihas been applied Here, we present a new utilization of a previously proposed
to analyze the ordered states and domains in lipid systemgnachine learning algorithm based on the probabilistic NMF
HMM is a statistical model with an assumed Markov proce&godel integrated with custom clustering, called NMPk
(i.e., a process where the individual states are independent &4 demonstrate its abilities to analyze phase separation in a
the system does not havénaemory) with latent states. ~System of mixed lipids directly from preprocessed trajectories
Surprisingly, similar implementation of NMF has an analogo@§rived by MD simulations, without any prior hypotheses. Our
probabilistic interpretation (see below) for analysis. observational matri is generated from data for CG MD

Mathematically, NMF approximates a given nonnegativmulations of a system that comprises a three-component lipid
matrixX, with size (, N), into a product of two nonnegative Mixture, commonly accepted to mimic the behavior of a
matricesW, with size I(, K), andW, with size K, N), such cellular plasma membrénae shqw thqt NM.Fk applied toa

v _ K . preprocessed data from these simulations is able to (a) identify

that:X; = o, WeHy. The factor matricédf andH are both 0" jinids that play distinct roles in lipid separation, (b)
nonnegative and have one small dimeKs{éigure ). The characterize the formation of nanolipid domains, (c) reveal
usual interpretation of NMF is a method for a low-rank matrigmescales of interest, and (d) extract latent features that
decomposition, in the sense of minimizing a given distane@aracterize the lipid phase separation.
metrics, which was shown to be very useful for face
recognition, dimension reduction, data mining, unsupervised ResSULTS
learning, and blind source separéﬁﬁhere is an alternative ] o ) )
interpretation of NMF called probabilistic NMF that we utilize  Generation of Lipid Mixture Data Sets Using Coarse-
here: NMF is underpinned by a statistical model ofcr@ined MD Simulations. For MD simulations of
superimposed components (the number of these componefi§mbPranes and membrane-based biological systems, the
is equal to the size of the small dimenjothat can be Martini coarse-grained foragld®® considerably reduces the

treated as latent variables in Gaussian, Poisson, or otffgmputational cost of calculations by nearly 3 orders of
mixture models:NMF minimization (with a specidistance magnitude compared with similar MD simulations using fully

. . 1 .
metric) is equivalent to the expectation-minimization (EM)2toMistic force elds" Particularly, the CG approach can

algorithri? that was developed tond the maximum capture relevant dynamics amctuations of larger membrane

likelihood estimates of parameters of statistical models Wh%tches, which are prohibitive with atomistic simulations. Such

these models depend on latent variables. It is known that t@gr;e;;ri;%nlsargv?trh sgfgls:in?ggtatle Tn%%rsallresgﬁﬂgfsneenear?rizs direct
probabilistic interpretation of NMF is particularly Valuablecomputational studies with the Martini CG foetd allowed
when dealing with stochastic signals. Interestingly, the Baurn]-I

: ” . e characterization of not only lipid segregation and lipid
Welch algorlthm,_often ““"Z?d. to estimate the parameters ases but also the relative partitioning of membrane proteins
HMM, is a particular specation of the EM algorithm

designed to nd the maximum likelihood estimate of the between these phaSes.” More recently, Martini has been

. . used in simulations of membranes with lipid compositions of
parameters of the hidden Markov mbtalmathematically comparable complexity to those found in issues of
rigorous formalism of the probabilistic NMF and its high b prextty © speéies °

. ; . 19MNiving cells®*”
dimensional (tensor) version can be found, for example, in refﬁ?egardless of the extensive use of the Martini édcéhe
41 44 and4s I building-block principle of Martini along with the 4:1 atom-to-

In the probabilistic NMF model, the observagles...,x,, bead mapping unavoidably reduces the accuracy due to loss of
which are columns of the observational mqtae generated  getajled description of specinolecular chemical properties.
by the latent variablég, ...,h, which are columns of the Tnys despite the fact that many of the current Martini lipid
matrixH. Specically, each observaklés generated from a parameters are scient to guide accurate membrane

probability distribution with mean = £, W.h, whereK is simulations?*®°° global lipid properties are compromiSed.
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Figure 2. Coarse-grained simulations of ternary lipid mixture. (A) Initial system setup for the CG simulations. Lipids were initially randomly placed
within theXY plane. Saturated lipid, DPPC, is colored green, while unsaturated lipid, DOPC, is colored red. Cholesterol is colored white. Water i
not shown for clarity in depiction. (B) Lipid phase separation withgirBulation. The Updated CG forell shows clear phase separation into

Lo (green) and Ld (red). On the contrary, the Standard Martini lipid édodoes not show preferential segregation in cholesterol-rich domains.

(C) Time evolution of the normalized number of contacts between saturated and unsaturated lipids, showing poor separation with the Standa
Martini force eld. A close-up view is shown for tte 2 s in order to enhance clarity or time frame analyzed.

Consistent with previously published wotks,the standard ~ Using these two versions of forelels, we carried out 28

Martini V2.2 parameters for DPPC, DOPC, and CHOL do notong CG MD simulations. The expectation is that we should be
phase-separate at 298 K or even at 290 K in the physiologicalhte to detect and analyze features associated with phase
relevant coexistence region of the phase diagram. Recentlysefaration in one case but not in the other case.

have incorporated changes in the lipid Martini faic8? Conventional Analysis of Domains in MD Simulations
greatly improving the simulations of lipid segregation in linef Ternary Lipid Mixtures. The formation of lipid domains
with current experimental phase diagfams. has been heavily studied both experimentally and computa-

We use the above two versions of the Martini fetde  tionally* *"°°563 65 Computational observation of explicit
namely, one lipid parameter set that phase-separates andlipie segregation at nearly atomic detail dates back to almost 10
other that does not, to generate two data sets for the analygars ago. Analysis of such processes involved direct
using NMFk. Therst set considers the data from the coarsevisualization of cholesterol-rich/-poor domains, as well as
grained MD simulations of the current Martini foreld physical quantiation of the area per lipid, cholesterol
(called“Standarg. As mentioned above, the current Martini content, radial distribution functions, and membrane thickness
V2.2 lipid parameters for DPPC and DOPC are not able tmismatchi. These analyses brought enough details that
properly describe segregation in a DPPC/DOPC/CHOLmembrane domains could be discriminated at the nanoscale.
mixture. It serves as the prototype for the nonphase separatiRggardless of these published methodologies, the analysis and
homogeneous lipid mixture. The second set considers tpeediction of suchuctuating membrane domains become
re ned version of the Martini (callédpdatet]), which has  inaccessible when the complexity of lipid content increases
been optimized to reproduce the experimental phaseith larger size membrane patches (e.g., plasma membrane).
separation and domain formation for this ternary sisitem. A typical process of molecular lipid phase separation is
serves as a prototype for phase-separating a lipid mixtutepicted inFigure 2 Initially, the lipid components are
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randomized, mimicking the homogeneity at a high temperatusiell of a given lipid, although stochastic by nature, on average,
(Figure 2). Subsequent fast quenching of the mixture to 296 di erent if (a) this lipid is located in a nucleated domain in

K, well below the melting temperature of the fully saturatedomparison with if (b) this lipid is situated out of any
DPPC lipid, leads to the rapid formation of nanoscale domaimnsicleated domain. Therefore, this number can be used as a
on a sub-microsecond timescale with the Updated Martidiescriptor of lipidslomains.

force eld (Figure B, top panel). These nanodomains are Hence, our natural observables are the packing of up to the
eventually formed over the entire surface of the membrane tmgicond shell of a given lipid, that is, the number ofcspeci

in di erent regions. After 0.5, the nanodomains start to neighbors of each lipid that are located up to its second shell,
interconnect, leading to the formation of larger cholesterol-ri@t timet. Specically, we tagged all lipids of a given type (we

regions. In agreement with the general raft hypdttesis
previous computational studi¢ke “ordered nanodomains

call them lipids of Type | or primary lipids) and count the
number of their neighbors of a given type (we call these lipids

contain most of the saturated lipids together with cholesterof Type Il or secondary lipids) up to the second shell of each
forming a Liquid-ordered (Lo) domain, whereas thetagged primary lipid.

“disorderet (Ld) nanodomain is mainly composed of the

To extract and characterize the lipldsains based on the

polyunsaturated DOPC lipid. Contrary to the Updated forc@bove descriptor, we introduce a new unsupervised approach
eld, the lipid mixture based on the Standard Martini forcbased on the previously reported NMFk algofithitf.’

eld does not show any tendency for phase separation After the MD simulations, our approach contains the following
domain formationHigure B, bottom panel), in agreement steps:

with previously published d&ta.

Following the conventional approaches to quantify the
segregation tendency, we compute the normalized total
contacts between DPPC and DOPC as a function of
simulation time Kigure £). Initially, these contacts are
featured by larger values, meaning that these two lipid types are
indeed in close contact, highlighting the initial homogeneous
lipid mixing of the system. However, with the Updated
Martini, lipid segregation leads to a decrease in the total
number of contacts between DPPC and DOR@e Z,
black line). Meanwhile, the contacts remain unchanged in the
simulations with the Standard Martifig(re €, red line). In
the case of Updated Martini, contacts decay during the
simulations and begin to plateau with increasing simulation
time. We should note here that the proper convergence to a
stationary state may not be achievable within the simulation
timescales considered here, as already putflishikite
signi cant transition toward segregation occurs within the
rst 2 s (Figure £, inset). We consider this time regime

(1) Creating the contact mat(t)

To create our observational data, ige de ne the
Type | and Type Il lipids (e.g., DPPC/DOPC), and
then, based on the trajectories of the MD simulations,
we calculate the contact matrix at each givent,time
X, (t). The contact matriX, (t) contains the number of
lipids of Type Il surrounding the lipid of Type | (each
lipid of Type | is tagged by the indgx up to the
second shell at each momient

Most of the details below are based on the
consideration of DPPC/DOPC as the primary (Type
I) and secondary (Type Il) lipids, respectively. However,
this selection is arbitrary, andedént combinations of
primary and secondary lipid types can be chosen. To
demonstrate that, we also describe the phase separation,
considering CHOL/DPPC, DPPC/DPPC, DOPC/
DPPC, and DOPC/DOPC as primary/secondary lipids,
respectively.

suitable for NMFk analysis to extract latent features associate@) aApplying NMFk toX,(t): extraction of the basis lipid

with the phase separation.

A more sophisticated approach can be found in the work of
Baoukina et dl*,where a Voronoi tessellation methodology
was applied in order to delineate the boundaries between
ordered/disordered domains in monolayers. This approach can
be also directly combined with automated predictive tools like
Markovian based methodolo§feSor instance, Sodt et°al.
provided a straightforward description of lipid membrane
partitioning using lipid-neighbor counts coupled with an
HMM. The assumption is that thest shell composition
around each lipid is able to provide enoug?h description of Lo/
Ld behavior. In a similarat, Park and IfY introduced a
two-step protocol for analyzing lipid order states and domains
from the trajectories generated by simulations. Under the
assumption that both surface area and chain thickness are good
descriptors of domain formation, the output of their protocol
allows mapping of the states of the observables to recognize
the hidden end-states in a small lipid patch and mapping it to
the spatial states of the lipids in the simulations. Importantly,
such a method brings improvements that can be applied to
membrane systems of poor segregation properties.

NMFk Framework for Analysis of Ternary Lipid
Mixture Simulations. Our approach for description of
segregations in a lipid bilayer is based on the following
physical hypothesis: The number of lipids up to the secondary

6346

con gurations
NMFk approximates the contact maXikt) by a
product of two matriceWy (L) and H(t),

wher&| (t) = ;1\/\40 Hc)} . The columns of the

matrix W are the basis cogurations (as in the
probabilistic NMF model), and the columns of matrix
H are the hidden variables. An example of such
decomposition for three hidden variables, namely,
h,, andhg,is shown irFigure 3 The latent variables,
which are the columns of the mattjcan be seen also
as coecients of the linear combinations of the basis
lipid patterns, namely;, w,, andws, representing each
observed lipid cogurationx; at timet; (Figure 3.

In our approach, each basis lipid garationw
contains the probabilities of the tagged_jdipids of
Type | to have a neighbor from Type I, situated up to
the secondary shell. The combinations of the basis lipid
con gurations, namelyy, w,, andws, with di erent
activitiedy, h,, andhs, reconstruct all observed contact
con gurations, as they are obtained by the MD
simulations of the investigated lipid bilayer system.

Importantly, NMHk, based on the stability of the
decomposition (see thaterials and Methodection),
is capable of determining the optimal nuikloétatent

DOI:10.1021/acs.jctc.9b00074
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time time i e w NMFk Implementation for Analysis of Ternary Lipid
3 8 < Mixture Simulations. We rst de ne the Type | and Type Il
';.‘-: %;%: LLT =hl +hl += lipids to be DPPC/DOPC tagging each DPPC. Using the MD
Hét) " ! : trajectories, we compute the number of DOPC neighbors
X:(_‘“i W:f',:"" around every DPPC lipid, within the distance corresponding to

the second peak of the DOPC/DPPC radial distribution

Figure 3.lllustration of the probabilistic hidden variable modelfunction €igure 5 blue dashed line). The number of
underlying the nonnegative matrix factorization for lipid bilayer. The

nonnegative contact matdx(t), containing the contact can ] L L I L L
urations of the primary lipitlg L,, ...,Ls at consecutive time points - 1
ty, B, ...,tg, is decomposed into the product of two factor matrices 251 -
W,(L), containingk = 3 basis lipid cogurations, and mattik(t), L T e
containing activities (hidden variables) of these thregucations - DPPC-DOPC

that generate the observaligk), x,(L), ...,Xg(L), at every given
time pointt. In this gure, we represent the cgaratiorx; at timet;,
expressed as a linear combination of the coluins of o

feature§® which here is the number of basis lipid

patterns. 03
(3) Extraction of the lipiddomains and corresponding P E
timescales 0025 05 075 1 125 15 175 2
To characterize and extract the ligldsains based r (nm)

on the obtained basis lipid comurations, we applied  Figure 5.Lateral radial distribution function for theedént lipid

standard&-means clustering on each of them separatelyombinations. RDF was computed considering the center of mass of
The idea here is to determine the groups of primarghe molecules. The dashed blue line indicates the chosen cuto

lipids in each basis cguration that have similar distance for prding neighbor list needed for the NMFk matrix
probabilities to have a neighbor of secondary type up teonstruction.
the secondary shell. Apparently, these groups of lipids

are forming dierent domains. Tond the most  neighbors within this distance serves as the order parameter
probable number of clusters, in each basis lipidior description of the lipid phase separation and create the

con guration, we combined tHemeans clustering contact matriX,(t). Then NMFk decomposes tKg(t) as a

with Silhouette statisti®s Finally, the time interval product of two matrice#/(L) andH(t), where the columns

where each basis lipid cgoration is active is 0f W{L) are theK basis lipid comurations, describing the

determined by the corresponding row of midifit. state of the lipid system, arddqt) contains the activities of
(4) Mapping each one of these cgurations at timg. Thus, for a given

Finally, we map the extracted featurek-hyeans  arrangement of the primary lipids and contact Ha(tjxwe
clustering of each basis lipid cumation group of have
lipids on the MD trajectories to validate and rationalize K

the obtained results. X (1) = +
A owchart of our approach is presentdddare 4 (0 -1 WD H) (X 1)

where | (t) denotes the presence of a noise or unbiased error

Lipic Patch of the decomposition (s€egure 1 whereK = 2).
Simulations The accuracy of the reconstructioX, 6f), provided by the
Seloct and Tag Primary product of the two matricéd(L) and H{t), serves as a
and Secondary lipids measure for the sigoance and quality of the extracted latent
Calouiate features. At the beginning of the Updated Martini simulations,
Neighbors Matrix, the lipid mixture is homogeneous and there are no distinct
X0 features, that is, there is no spesiructure i, (t). Hence,
Perform NMFK, to find: K,W(L), H.(D | reconstruction of, (t) did not reproduce well the simulation
x,m=iws<L>Hs<t>+c..<t> data. However, by 2s, the primary lipid type, DPPC,
-t segregates into the Lo region, while the secondary lipid type,
Oluctor ooch of the Wa colurm=" DOPC, segregates into the Ld domain. This process leads to
Wi(L), Wy(L), ... we(L) distinct latent featured.able 1 presents the Pearson
pﬁnf;‘;fi':f;:';itﬁ':fr:i’;;rgp’;‘;f:bg{ﬁes correlation coecient between the reconstructed lipid arrange-
to have neighbors of secondary type | ments at each time point(obtained by NMFk) and the
ep oo T WD original arrangements at the same time points (i.e., the
trajectories the liids of corresponding column of the neighbor mAtKiRy).
[‘;jkj't‘)gg‘f:fn'j‘,f:::t’?;,;"ffg’f;] The K unique basis lipid cagurations (encoded in the
is active matrixWgL)) reproduced accuratély slipid arrangements

forming the matriX, (t > ty). With the Standard Martini, the

Figure 4.Flowchart of the NMFk approach for data analysis of MDNMFk was not able to provide a set of lipid gorations that
simulations of phase separation in lipid systems. can reconstruct the simulations accurately. Indeleld, 1

6347 DOI:10.1021/acs.jctc.9b00074
J. Chem. Theory Comp@019, 15, 63436357


http://dx.doi.org/10.1021/acs.jctc.9b00074

Journal of Chemical Theory and Computation

Table 1. Quality of Reconstruction of X Estimated by the Reconstruction criterion (see thaterials and Methods
Mean Pearson Correlation between the Columns of X and section), NMFk determines that the optimal number of stable
Columns of Wx H basis lipid comurations represented by the columnsf
W{L) is 20 (Figure @). Next, the rows of the matkib(t)

coarse-grained simulations of time mean correlation standard that encode the contribution/activity of the Corresponding

ternary lipid mixture (s) coe cient deviation basis lipid - - d 8
Standard Martini 048 0.54 0.040 asis lipid coryurationw at timet are presented figure 8.
- It is clear that, for each basis lipid gomationw, there is a
Updated Martini 0.4 0.90 0.020 . . L .
e . 0.004 well-dened time interval containing a number of consecutive

frames wherey is dominant and only a few other basis
con gurations are active in this time interval. Hrainte 1 it
shows that the NMFk analysis does not reproduce well tf&n be seen that, after 0.5NMFk reproduces the neighbor
simulation data obtained via Standard Martini. matrix X, (t > t) very well: the cross-correlation between the
NMFk Extracts Basis Lipid Congurations Associated contact matrix and the reconstructed matrix for each time

with Phase Separation. A typical outcome of an NMFk frame is above 0.95. The much lower cross-correlation for

analysis is presentedrigure 6According to the Silhouette- Féconstruction of the contact matkx(t) at early times
suggests a prevalence of a relatively homogeneous lipid mixture

A in the rst 0.45 s. The 15 basis lipid c@urations that are
active at consecutive time intervals corresponding to the rows

§ 1 " of H(t > t) after the rst 0.45 s are#6, #10,#12,#15,#17,
2 os ]\ 03 #19,#20,#18,#16,#14,#13,#11,#7,#2, andtl. Each one of
= 2 these basis lipid cayurations contains a set of probabilities
2 08 o for each lipid of primary type to have a neighbor lipid of
% 0a 'R secondary type up to the secondary shell. The consecutive
S g basis lipid corgurations in time represent the evolution of the
& oz, - 5 % A 05 phase separation in th'e Iipiq system.
B Number of Basis Lipid Configuration b St|\|rL|</(|:|£l|ireEOf tfr]]e BaSISfL::F]Id Cz:gnbgur'atllqn% Extrac,:[t'ed
y . Each one of the asis lipid cpmations
:; A “ - :i extracted by NMFk contains a set of probabilities for the lipids
S L A H6 of a primary type to have a neighbor lipid of a secondary type
- B G N Y up to the secondary shell. Each basis lipidya@tion is
wir [~ - AA H12 active at a given time interval e by the activity of this
H13 a L s |wa basis corguration, quanted by the corresponding row of the
Mot - A matrixH4t). Importantly, the set of probabilities in each basis
H1g [ B ; | : H20 lipid con guration has a clear structure interrelated with the
6 05 10 15 20 05 10 15 20 phase separation and formation of ligidsnains in the
C Time [ps] Time [ps] system.
Probability to have a close neighbor of secondary type ;2 By applying--means clustering combined with Silhouette

statistics, we found that each basis lipidyooation possesses
Liplds of primamr ' e well dened groups/clusters with drent average proba-
N gk o ) bilities. In each basis lipid cguaration, we found at least two
groups of probabilities: (a) the group of probabilities of the
primary lipids situated in domains that have relatively small
number of neighbor-lipid of secondary type and therefore, on
o6 average, approach zero and (b) the probabilities of the primary
o4 lipids that are outside any nucleated domain whose number of
02 neighbor-lipids of secondary type is much higher and hence on
4 3 9 5 8 6 10 12 15 17 19 20 18 16 14 13 11 7 2 1 0 average blgger . L. .
The Number of the Basis Lipid Configuration Figure € shows the basis lipid cgorations ordered
according to the sequence of the frames corresponding to
Figure 6.0utcome from NMFk analysis. (A) SiIhouette-Reconstruc-Cons_e_CUt'Ve time intervals (_jetermlned by their _respectlve
tion criterion (see thilaterials and Metho®@ection). Thex axis s activities. Th&means clustering procedure determined that
denoted the number of basis lipid gumations, and theaxis is the ~ €ach of the extracted 20 lipid basis gumations can be
average Silhouettes (rightaxis, red marking) as well as the separated into two clusters: Thst cluster contains the
Reconstruction (leftaxis, the blue marking). The box denotes thatprimary lipids with a low probability to have a DOPC lipid-
NMFk estimates the number of basis lipid gurations to be 20.  neighbor, and the second cluster contains the primary lipids
(B) Presentation of the rowsof the matrix{t) that encodes the  wjjth more than 4 times higher probability to have a DOPC
activities of the basis lipid cgarations in time. (C) Heatmap lipid-neighbor. Next, we colorededently the lipids in each of

representing the basis lipid gurations ordered along thexis 4,4 50 Jinid basis cogurations, with two clusters each, at the
according to the time interval they are active, from early time to lat, ' !

as gathered from the corresponding actikiti#se color gradient ﬁm_e intervals where th.e respectlve lipid basiguration is

from white to blue to red represents the increase in probability for@ctive. The color gradient figure € captures these two
specic primary lipid to have a secondary lipid-neighbor within eac8roups of primary lipids: white to gray for the primary lipids
basis lipid comuration. The increase in white and gray colors withwithin the nucleated domains and blue to red for the primary
time is indicative of the evolution of the phase separation. lipids at the interface or outside any nucleated domain.

Lipids of primary type
in nucleation zones
(low probabilities to have a close neighbor)

Lipid of primary type

Time direction
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When the lipidsdomains are forming, there is always fastUnlike the previous set of primary lipids, these lipids are in
changeover of the locations of the primary type of lipid witlBontinuous contact with the secondary lipids. The inset in
time. Lipids move in and out of the nucleated domains or atigure 7shows that NMFk distinguishes these lipids from all
the interface of the nucleated domains: at a certain momentD®PC lipids available. These lipids correspond to the second
given primary lipid can be situated outside a nucleated domajlyster identied by NMFk.
formed by primary lipids, but after a while, it can reach Thus, each extracted lipid basis goration contains
interfacial region and eventually get absorbed into thghysical and easily interpretable features that enable us to
nucleated doma_un. Alterna_t|vely, primary lipids inside thgygke a distinction on primary lipids (of the same type)
nucleated domain or at the interfacial region may venture ogkpending on their location and their contribution to the lipid
into the liquid-disordered region enriched with secondar, egregation.
lipids. These exchanges continuously alter the probability of arp,o strength of NMFk analysis is the ability to extract lipid
given lipid of the primary type to have a neighbor-lipid Of;qis coryurations as a function of time. Thesegurations
secondary type, as the phase separation proceeds, which reéHEﬁle us to determine the time dependence of the latent

in di erent basis lipid cogurations at de_rent time points as features (the columns of makiigt)) related to the kinetics of
the system goes to a phase separation. At a long timescale

when the phase separation has reached equilibrium, basis | i&\se separation without carrying out tedious multiple

con gurations capture slower exchanges of the primary lipi alysesl. A dconvenﬂ;)nﬁl analy5|s_ dthat ds?ﬁks to prtl)_be dthe
governed only by the stochasticity andsitn. emporal proe would have considered thé normalize

Mapping the Structure of the Basis Lipid Con g- number of contacts among DPPC lipids and between DPPC

urations onto the MD Trajectories and Validation of and DOPC to capture the nucleation procésaie £).
NMFk Approach.We use the MD simulations trajectories to NMFk decomposes the nucleation process into two
visualize, rationalize, and validate the sets of two primary ligi@mponents, as shownfigure 8where the distinction is
clusters, as extracted by the clustering of each basis lifi@de on the temporal ptes of primary lipids from the
con guration.

We considered lipid basis ogurations#19 and #1
corresponding to 1 and 2 time points, respectively. All
lipids contributing to those lipid basis gomations are
mapped into the trajectories at the corresponding time poin
in Figure 7 At 2 s, approximately 70% of primary lipids

Nucleation Interfacial DOPC

Total Number of Primary Lipids

6 10 12 15 17 19 20 18 16 14 18 11 7 2 1
# Lipid Configuration
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Figure 7.Visual inspection of simulations trajectories for evaluatio Total
of NMFk categorization primary lipids according to their localizatior
Primary (DPPC) lipids are colored according to the NMFk output a
purple (in nucleated domains) and yellow (out of nucleated domain:
in MD con gurations corresponding to two time points. Secondan
(DOPC) lipids are colored red, and cholesterol is colored white
Insets highlight a particular region where lipids candrerdiated

as nucleating (purple) and boundary (yellow) lipids. As a comparisc
the same region is represented using the conventional way
addressing the distinction between saturated (green) and unsatura
(red) lipids.

f:’
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o

Normalized number of contacts DPPC-DOPC

(DPPC, colored blue) are situated in large nucleated domairrsgure 8.Time-dependent variation of the total number of nucleating
which are well packed and condensed by the high cholestgsdmary (DPPC) lipids. (A) The purple bars represent the total
concentration, leading to the Ld phase. These primary lipidsmber of primary lipids in nucleated domains, as concluded from
are predominantly shielded from the secondary (DOPGheir membership in dirent clusters of the corresponding basis lipid
colored red) lipids, as they are localized and form the L&PD guration, while the primary lipids outside any nucle_ated domain
phase. Hence, the primary lipids corresponding tashe are presented by the yellow bars. The labels ox dRis (the

. . : . . _numbers) correspond to consecutive (in time) processes extracted
cluster idented by NMFk are localized in nucleated domam%}om 0.45 to 2 s simulation time. (B) Same distinction of nucleating
and form the Ld phase.

. primary lipids as in panel (A) obtained using the normalized number
On the other hand, at 2s, approximately 30% of the qf confacts of the lipids idertil by NMFk. The same color scheme
primary lipids (DPPC, colored yellow) in the same lipid basig uysed. The black line corresponds to the normalized number of
con guration#1 are located near the interfacial regions orcontacts using the total fraction of saturated lipids (i.e., without

deep into the Ld regions formed by secondary lipid typesaking the distinction within the nucleating primary lipids).
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Figure 9.Temporal description of membership lgrof primary lipids as captured by NMFk analysis. (A) The clear growth of nucleated domains
with time, formed by primary lipids, is extracted from the clusters containing primary lipids with low probabilities to have lipid-neighbors of
secondary type (referk@ure &€). The numbers of primary lipids that belong to nucleated domains are colored purple, whereas those that appear
at the interface (edges of the nucleated domain) or outside the nucleated domain are colored yellow. The exponential growth of the number
primary lipids that continue to be in the same cluster demonstrated the evolution of the steady state of the phase separation. The ins
demonstrates the same process but at much later 2Zithes) when the phase separation is in equilibrium. Here, although the minor changes still
exist, primary lipid membership numbers have stabilized. (B) Spatial visualization of the primary lipid memberships extracted by NMFk analy:
(between 0.45 and ). These primary lipids were tracked using MD trajectories and rendered with the same color scheme as in panel (A) to
distinguish the primary lipids in and out of the nucleated domains. Other lipids are not rendered (silver background). The MD simulation box is
represented as solid gray lines.

nucleated domains from those that are still outside the Furthermore, NMFk analysis extracts the temporal evolution
nucleated domains.figure &, the purple bars represent the of the primary lipidsnembership: in or out of a nucleated
total number of primary lipids in nucleated domains atlomain. Spedally, the membership is ded by identifying
consecutive time intervals (ordered onxthgis), while the ~ Primary lipids that join a nucleated domain and remain in that
primary lipids outside any nucleated domain are presented #§main until the phase separation. We ordered the 15
yellow bars. At early times, rapid growth of domains is seetigni cant basis lipid cogurations that are actingtir t

which is directly correlated with the increase in nucleategitracted by NMFk according to the time intervals when the

domains of primary lipids. After this rapid growth, a steadiélp.eCiC cqn.gurations arg_activéigure . We iqlentify the .
behavior is observed, which continues until the end of t fimary lipids that participate in the nucleation by keeping

simulation. IrFigure 8, we represent the normalized number rack of the lipids in basis lipid cgurations with low

. e ) I robabilities to have a secondary lipid-neighbeigure @,
of contacts with the secondary lipids for the primary lipids g5, present the primary lipids that remain in the same cluster

identi ed from NMFk. At early times, these contacts are higljith a small (purple color) or high (yellow color) probability
due to random encounters between lipids. This behavigh have a secondary lipid-neighbor at consecutive time
begins to change around Gs6and then the contacts between jntervals, which represents the evolution of the membership
primary and secondary lipids are indicative of steady growthgi{d hence stability of the nucleation. The ingégime @

the number of primary lipids in the nucleated domains and gemonstrates the system at much later tin® ) after
decrease in the total number of lipids in the nonnucleatingne initial nucleation processes when the phase separation has
regions as the lipid mixture system phase-separates. reached equilibrium and the primary lipids that are located in
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Figure 10.Lipids domains extracted by NMFk applied to DPPC/CHOL contact matrix and mapped onto the MD trajectories. (A) Groups of
lipids at given time frame. (B) Normalized number of contacts between DPPC and cholesterol, within the rdrfgesof 13.5

Figure 11 Mapping of the groups of lipids extracted via NMF analysis for a diverse set of contact matrices: DOPC/DPPC, DOPC/DOPC, and
DPPC/DPPC.

nucleated domains mostly preserve their membership in tintmes not require tagging of a particular type of lipids as
Importantly, this evolution of the primary lipids can be easil{primary or “secondatysince the underlying analysis uses
mapped at their spatial coordinate&idnre 8, the patterns  only the set of contact ptes as an input. In particular, we
extracted by NMFk are mapped via MD trajectories to theshow that the previous analysis of the DPPC/DOPC contact
spatial coordinates (at each time interval) to visualize thmatrix can be performed on alternative contact matrices
evolution of the derent groups of primary lipids based on associated with dirent types of primary and secondary lipid
their membership: in nucleated domains (purple color) otypes. To demonstrate that, we performed NMFk analyses on
outside those domains (yellow color). This again highlights tHePPC/CHOL, DOPC/DPPC, DPPC/DPPC, and DOPC/
power of the NMFk to extract physical properties and detaiBOPC contact matrices.
that can be easily visually tracked as the system undergodsirst, we decomposed the same MD trajectories in terms of
localization and lipid segregation. DPPC/CHOL contacts. In order to avoid theea of the
NMFk Analysis of DPPC/CHOL, DOPC/DPPC, DOPC/ cholesterolip- op, we analyzed the contacts in the context of
DOPC, and DPPC/DPPC Contact Matriceshe NMFk- a full membrane and not per itaThe results are provided in
based analysis of the DPPC/DOPC contact matrix demori-igure 10 For the DPPC/CHOL contact matrix, NMFk
strated that NMFk extracts features of lipid phase separatiertracts 16 basis lipid cgarations that reproduce well the
that can be easily recognized after mapping onto MBontact matrix and are summarizedrigure 18. The
trajectories. Here, we demonstrate that our NMFk approadustering analysis of the basis lipidgumations extracts a set
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of lipids groups that we mapped onto the MD trajectories. INL1C, the green lipids are deeply localized within the DOPC-
Figure 1B, we show the groups of lipids obtainekiwiaans  enriched region. Similar properties can be observed for the
clustering of the basis lipid cgaratior#13 (indicated by the  other extracted lipidgroups: The yellow-colored lipids are
arrow) within the range of activity of this basis lipidconstantly localized within the boundaries of the two
con guration (13.515 s). k-means clustering extracts three membrane domains, while the blue-colored lipids are localized
lipid groups, colored red, blue, and yellow, for bettewithin the boundary and the nucleated domains, and the
visualization. The red group corresponds to lipids that are purple-colored lipids are clearly forming the deeper parts of the
constant contact with the cholesterol-enriched region domainucleated domains. According to the contaciepptots, the

and are featured by a nonchanged normalized number lgfie subset can be idealized as arlmegion between the
contacts with cholesterol. The second group of DPPC lipidsoundary and nucleated regions.

(blue) is also part of the cholesterol-enriched region; however,

at certain times along the trajectory, this particular group of DISCUSSION

||p|dS diuses toward the boundaries of the ChOleSterOlm this paper, we introduce a new unsupervised machine
enriched domains. A direct analysis of the number of contagéarning approach for extraction of latent variables based on
pertaining to this process would be hard to asses given tRFk, which combines NMF with custom clustering, for
narrow dierences between the red and blue groups. Howeveinalysis of MD simulations. Speatly, we implement NMFk
the fact that the lipids can be directly separated into these tw9 detect and describe the lateral lipid phase separation in a
groups corrms the strength of NMFk analysis to distinguish-simplistic lipid raft model composed of a well-characterized
ing subtle dierences in lipiddomains. A third group of lipids  ternary lipid mixture. Based on this study, we believe that the
is easier to distinguish as theyusg within the poor NMFk approach can be also implemented for extracting
cholesterol domain (yellow color). Thus, analyzing theelevant features from more complex biological membranes.
DPPC/CHOL contact matrix, NMFk successfully idesti The DOPC/DPPC/CHOL ternary lipid mixture considered
distinct groups of lipids that clearly belong tereint  here can exist as a homogeneously mixed mixture or exhibit
domains of the membrane. In this case, cholesterol enrichmepb distinct phases of Lo and Ld depending on temperature.
is directly linked to the formation of the Lo domain, which isNMFk is utilized to detect and analyze this phase separation
uid and continuously changing, giving rise to variougehavior of this well-studied system. The distinction between
nanostructures. the two phases, Lo and Ld, is sensitive to the spatial
Next, we perform NMFk analyses on another contact matripcalization of DPPC lipids and the number of DOPC
namely, DOPC/DPPC, as shown figure 1A. The  neighbors. We designate DPPC and DOPC as primary and
presented images highlight the extracted feature \a the secondary lipids in the NMFk formalism, respectively. At the
means clustering groups of lipids within the timescalaseginning of the simulations, there are no distinct phases, and
presented underneath. Each extracted group of lipids tise lipid mixture is homogeneous. As simulation time
accompanied by the calculated normalized number of conta¢ieegresses, lipids begin to segregate. Bg,Qe primary
Thus, the NMFk analysis based on the DOPC/DPPC contagipid type, DPPC, begins to segregate into the Lo regions,
matrix has DOPC as the primary lipids, which complemenighile the secondary lipid type, DOPC, begins to segregate into
the outcome introduced previously where DPPC wathe Ld domains. Thus, the number of secondary lipid-
considered as the primary lipid type using the DPPC/DOPGeighbors around a given primary lipid shoulectrehat
contact matrix. In the opposite DOPC/DPPC case, NMFkphase separation.
distinguishes the presence of twerdnt lipidsgroups: red Given that a neighborhood deo of lipids can track the
that is fully segregated from the DPPC domains and blue theOPC/DPPC/CHOL mixture, werst built a spect time-
is localized within the boundaries of the red and greedependent nonnegative data maki(t)XNt (see the
(DPPC) regions. Such a distinction and formulation of lipidsviaterials and Methodsection) whose elements represent
groups resemble the detailed description provided previousie number of DOPC neighbors to each one of the DPPC
for the DPPC/DOPC contact matrix. lipids in the system within a specadius,sextracted from
Finally, we considered contact matrices obtained byareful analysis of the radial distribution function. NMFk
decomposing the same MD trajectories in terms of DOPCdecomposed the matki(t) into a product of two matrices:
DOPC and DPPC/DPPC contacts. In these self-contaqli) the matrix of the basis lipid cgurationsWyL)WNK
matrices, we are using the same type of lipid as the primathose columns contain the probability of each of the DPPC
and secondary type. The results are showigune 1B,C. lipids to have a DOPC neighbor and (ii) the m&tgx) in
Applied to these contact matrices, NMFk analysis, by applyingich rows contain the activity of each one of these basis lipid
k-means clustering to the last (in time) basis lipidcon gurations in time NMFk determines the number of basis
con guration, extracts two more groups. These groups shdipid con gurationsK based on the robustness of the
specic structural properties that can be clearly seen onaecomposition. Each one of #dasis lipid comurations
mapped into the MD trajectories. One of the groups of lipidin W{L)WNK contains the probabilities of the tagged DPPC
(red and green lines in the liplghid contact prde) displays lipids to have DOPC neighbors up to the secondary shell. The
a high-normalized number of contacts with the lipidNMFk Silhouette-Reconstruction criterion was used to
pertaining to the domain that we are not considering herestimate the optimal number of basis lipidgioations to
(e.g., if analysis is performed on DPPC, computed contacts &ee 20. Furtherk-means clustering of these 20 basis lipid
with respect to DOPC). In the case of the DOPC/DOPC con gurations demonstrates the tendency of increasing the
contact matrixKigure 1B), the red lipids are surrounded by number of primary lipids with a neglecting probability to have
the domain colored green (forming DPPC regions). For tha neighbor of type DOPC when the time advances, which
DPPC/DPPC contact matri¥igure 1C), the domains are correspond to an increased total number of DPPC lipids
extracted again from the last basis lipicgooation. IrFigure located in nucleated domains.
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By relating the basis lipid cgarations to MD trajectories, system. Even though we have exhibited the usefulness of
we were able to show details of phase separation extracted\Fk in the context of a well-studied ternary lipid mixture, an
NMFk analysis and to validate our results. The NMFlextension to more complicated mixtures is feasible with a
discriminates lipids, depending on whether they belong tensor formalisfit,and it is currently under consideration.

Lo or Ld phases or interfacial regions, as they undergo phase
separation. Unlike other analyses, basis lipiducations MATERIALS AND METHODS
provide details of lipids that take part in the nucleation versus\jemprane Patch. An initial conguration of a CG

those that estab_lis_h line tensi_on. NMFk tracks_the complicatefembrane patch was obtained using the script tools provided
features of the lipid segregation process leading to Lo and }flthe Martini force eld websitek(ttp://cgmartini.nl). Our
phases. We identify lipids within the boundary of the Lo phageg |ipid system contains DPPC/DOPC/CHOL lipids in a
with lipid conguration basis corresponding to a signature 087:36:27 ratio, which initially were randomly placed within an
the Lo domain where DPPC is well packed and condensed Ry plane. This lipid ratio has been experimentally and
the high cholesterol concentration. Separately, another bac?dﬁnputationally observed to transitioning toward a phase-
lipid conguration captures interfacial lipids that shield th%eparated Liquid-ordered/Liquid-disordered %t&teThe
DOPC lipids from such Lo domains during phasc_a separationbids were represented using the Martini V2.2 fetde
Importantly, we demonstrate that the evolution of thgyith the “optimal set of parameters, which has shown an
nucleation process is captured by NMFk in terms of lipigmproved phase separation beh&%iSimilarly, simulation
membership to a dérent basis lipid coguration active in  \yith the standard Martini lipid model was also carried out. The
consecutive time intervals. NMFk idestihe lipids that take  tota| system was composed of 16366 lipids, 718830 Martini
part in the initial nucleation and remains as part of the domaigater beads (175 atomistic water molecules per lipid), and 150
toward equilibrium. The method also idestithe lipids that  mM NacCl to preserve an overall constant ionic strength. In
join the initially nucleated regions and remains in them untqer to avoid spontaneous freezing of the Martini water beads
the phase separation reaches equilibrium. (a well-known artifact previously reported in the original

_ Finally, it is clear that the dition of contacts between mggef® 0.1% M water beads were replaced by antifreeze
lipids speces structural and dynamical information thatparticles.

NMFk can extract in order to understand membrane \jolecular Dynamics Protocol. We followed a current
properties. We also demonstrate that a direct selection Q{Jdate in parameters setup for performing the CG
primary versus secondary types of lipids in our approach dagsylationé' The equations of motion were integrated every

of di erent contact matrices demonstrates that teeedt  sed with a Coulomb cutef 1.1 nm and dielectric constant

contact matrices contain variousidint membrane physical 5f 15 or 0 within or beyond this cutoLennard-Jones
and structural properties and latent features, which cannot Pgeractions were cut @t 1.1 nm where the potential was
covered by a single contact matrix. For instance, the presegggted to zero. In order to accelerate the lipid phase demixing,
of a buer region between the boundary and the nucleatedynstant temperature was maintained at 290 K via separate
domain can have a physical and structural implication thé‘éupling of the solvent (water and ions) and membrane
cannot be traced.by solelyl comparing the contacts betweéﬂmponents using a velocity-rescaling therfRosigi a
lipids but uncovering new hidden properties using NMFK. re|axation time of 1.0 ps. During equilibration, the Martini
beads representing the phosphate groups of the lipid head
CONCLUSIONS regions were positionalkygzcomponents) restrained in order
The high variability and complexity of plasma membranes are preserve the initial random positions. In this stage, the
still poorly understood. Higher-resolution spectroscopy isolvent molecules (water and ions) were allowed usedli
combination with atomic detailed computer simulation@nd the box pressure was maintained semi-isotropically
provides new insights. However, we are not close yet to fublpupled at 1 bar using the Berendsen barostah a
understanding or describing the membrane processes regulaiaxation time of 12 ps and compressibility<af@* bar .
ing cellular functions. A detailed description of such compleéter that, production runs were performed using a Parrinello
systems undoubtedly requires novel mathematical framewoRehman barostatSimulations were run for 26 using the
that are able to decompose and categorize the evolution @ROMACS Version 5.Z3and the trajectories were saved
thousands if not millions of lipids involved in the every 3 ns providing the frames for the construction of the
phenomenon. NMFk matrix (see later). The simulated MD data containing
Here, we show the power of our new NMFk approach othe lipid$ trajectories (100 GB) is available freely, but
analyzing lipid phase separation and providing categorizatioecause of its size, it is upon requeshama@lanl.gov
of the lipids according to their localization in the membrane as Generation of the Contact Matrix X(t). Every frame
well elucidating time dependencies along the nucleatistored within 2 s (667 frames in total) was used for
process. The NMFk discriminates thereint types of lipids, generating the corresponding matrix for NMFk analysis. We
part of Lo, Ld, or interface, due to their particular behaviorely on the implemented GROMACS tool gmx select to output
along the trajectory and the resulting probability to have the number of DOPC lipids around every DPPC molecule
neighbor up to their second shell. If there is no clear pattern within 1.1 nm. This cutoradius structurally corresponds to
the behavior of the lipids, for example, when MD simulatiorthe second layer of neighbors, as estimated by the second
do not produce any distinct behavior associated with phasgaximum peak of the radial distribution funefign( Figure
separation, NMFk analysis does not produce false featur@s. Thus, each column of the contact maXitt))XNt
This is the rst demonstration of NMFk serving as a tool incorresponds to a variable number of DOPC neighbors of a
detecting time-dependent domains formation and lipidjiven DPPC lipid per frame, while the rows correspond to the
separation in MD simulations of a complex lipid mixturenumber of 3038 DPPC lipids in the system. Similarly, matrix
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reconstruction was carried out for the &Ccollection. An  nonnegative vectéfsComparing the quality of the deriked
example of the matrix can be found in $hpporting clusters, that is, the cohesion and separability of the clusters,
Information measured via the standard Silhouette st&fistigether with
Nonnegative Matrix Factorization and NMFk Algo- the accuracy of the minimization (among the sets with various
rithm. Nonnegative matrix factorization (NMF) is a well- K), NMFk determines the optimal numbers of unknown
known unsupervised method created for parts-based rephédden patterns. Thus, NMFk utilizes average Silhouette width
sentatiori” In the low-rank decomposition via NMF, only the Sto measure how good the clusters are and hence how stable
observational matrix is known initially. In the probabilistithe solutions are under thetuence of small perturbations on
interpretation of NMF, the hypothesis is that the observationéhe initial contact matrix, for a particular choicek.of
matrix X is formed by a mixing & Gaussian (or other) Specically, the optimal number of patterns is picked by
component$® Since both factor matricé¥ and H are selecting the value Kfthat leads to both (a) an acceptable
unknown and even their sikgi.e., the number of hidden mean of the reconstruction err@fsvhere
patterns) is unknown, the problem is typically under- XS WP x HA
determined. NMF can solve that kind of problem by = I Ik
leveraging, for example, the multiplicative update algorithm 11Xl (2
to minimize the Frobenius norm of the objective funQien:
X  Wx H ZorKullback Leibler divergence ©f= X

and (b) a large average Silhouette width §.€lgse to 1,
W x H  that correspond to Gaussian and Poisson mixe}ﬂlh'Ch means stable clusters). The combination of these two

models, respectively. An additional advantage of the vaﬁ.giteria, which we call a Silhouette-Reconstruction criterion, is

: . ; asy to understand intuitively. For solutionskniéiss than
method is that it can extract hidden patterns that are n
independent but partially correldted. Q[ie actual number of patterné € K0, we expect th&

One of the diculties of the NMF algorithm is that it clusters to be well-separated and with a relatively good

. . cohesion (i.e., with an average Silhouette width close to 1),
requires prior knowledge of the number of latent fe&tures ;
Recently, a new algorithm called NMFk addressing because few of the actual clusters could be combined to

th .
limitation has been reportéd®®’ NMFk complements Erloduce.on&uper—clustérhowevgr, the reconstruction error
: ; : . will be high, due to the model being too constrained (with too
classical NMF with custokameans clustering and Silhou- few degrees of freedom) and thus on the utiteg-side. In
etté® statistics, which allows idecdition of the optimal 9 mifeg-side.

number of unknown latent features (see the next paragrap € opposite limit of ovating, that is, whek > Kye (K

The NMFk was utilized for successful decomposition of th%goeni?fu cE[iQ)?] Z(r::cl)jra I C(;]L:Jkrjnbbeer (;)L]:itg a;ﬁ;;i)ﬁ ;rgtlauﬁz\r/]erage

gtggitioivﬁ:‘la?llesig:ra r:iu?; t?gnmé%grniécgmont“:rmﬁz ﬂg " reconstructs the contact matrix very whalit the solutions
originating frgmy an u%known number of sources that m will not be well-clustered (e.g., vithss than 0.8) since there
. . ! X . . . [ [ to reconstruct with more than the actual
ropagate with anite speed in nondispersiver dispersive no unique way :
Pnegia Sand for extracti%n of the origingl crystal strFl)Jctures an umbgr of clusters and hence no well-separated clusters will be
v e . . med.
ﬁtr)]%sfe gdglagram of X-ray spectra of material CorT‘bm"j‘tor"'j‘ltl'hus, the best estimate for the number of unknown hidden
ot . . L patterns is given by the valueKahat optimizes the above
Silhouette-Reconstruction Criterion for Estimation described Silhouette-Reconstruction criterion. Finally, after

the Number of Latent Features. NMFk determines the nding the optimdq, we use the medoids of Kelusters as a
number of the unknown number of hidden features based ORI robust representation of the latent features

the robustness of the NMF solutions and accuracy of the NMFk Minimization Algorithm. Here, we leveraged the
reconstruction of the original data-matrix, which is described ljﬂultiplicative algorithitn based .on thé Kullbackeibler

detail gllsewhe?é. Specically, NMFK rst constructs an i ergence as well as the block coordinate descent digorithm
ensemble of contact matrices where each elgmen(t) based on the Frobenius norm. We did not observe any

is dened by the original elemegt  X,(t) “shu ed' by a  gjgnicant dierences between the results obtained via these
small random deviatiofi = x; + } two algorithms

In this way, the ensemble of .the initial matrige¥t),
X A1), ...XY(1)} is constructed with Poisson resampling and  A5s5OCIATED CONTENT
XP(t) Pois, (1)), if the KullbackLeibler divergenteis *

used for the NMB minimizations, or with Gaussian . SuPporting Information .
resampling, if the Frobenius norm is used for the'sN\MF The Supp_ortlr_lg Informa_tlon |s.ava|IabIe freg of charge on the
minimizations (ln this CaS&E(t) is a Gaussian distributed ACS Publications websieDOI: 101021/aCSJCt09b00074

variable). In the Gaussian case, we use a small deviation of COORD.gro with the coordinates; INPUT.mdp with
5% of the original value and preserve the nonnegativity of all  the parameters set to start the simulation with Gromacs;
elements. Further, NMF explores consecutively all possible PARAMETERS.top with the Martini foradd based

numbers of latent featuré&sgan go from 1t 1, wheréN topology for the membrane system; DPPC-DOPC-1.1
is the total number of frames) by obtaining sets of NMF- nm.xvg with an example matrix generated from the MD
minimization solutions for each expldfedhus, for each trajectories used for NMFk calculation. NMFk is based
exploredK, we derived a set of solutions obtained with on the SigPrde software created for ideadtion of

di erent (random) initial conditions in the minimization of the mutational signatures in human c&tcEne SigPrde

set of the contact matricad,d; H, Wi H?, ... W HYY. code is freely availabléngps://www.mathworks.com/
Further, NMFk leverages a custom clustering on the columns matlabcentralo use SigPrée, an input le should be

of a set oW's {W, ., W%, ... Wi}, utilizing cosine similarity as at place. In our case, the inpletis the contact matrix

a metrics, which is the natural choice for similarity between X (t) with size [ x M), wherel is the number of lipids
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in the MD simulations amd is the number of frames. A model membrane monolay@rac. Natl. Acad. 2€01, 98 10642
detailed description of NMFk is available elsefWhere.10647. _

Input data le, containing the contact matixt) as (6) Van Meer, G.; Voelker, D. R.; Feigenson, G. W. Membrane
well as a script needed to run the SigBro lipids: where they are and how they befNate Rev. Mol. Cell Biol.
README.docx le with a list of includedles and 2008 9, 112.

links to publicly available repositories along with thei (7) Veatch, S. L.; Keller, S. L. Separation of liquid phases in giant
. publicly . P g lesicles of ternary mixtures of phospholipids and cholBsipiols.
brief description and instructio@$H) 1.2003 85, 3074 83.
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