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O Introduction: Why a scientist should write a paper?

Science grows by communication

If you communicate your results = you do something for science v~

If NOT = you do nothing e

If you choose v/

A primary task that a researcher will front is
the communication of his results to the broader scientific community
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O Introduction: Why a scientist should write a paper?

Science grows by communication

Communication starts by “Writing” and ends by “Publishing”

Writing a research manuscript is an intimidating process for many
beginner writers in sciences

One of the stumbling blocks is the beginning of the process and creating the
first draft
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O Introduction: Why a scientist should write a paper?

A good writing starts with a good “reading”

A scientific paper provides information on:

v') Scientific knowledge

v’) Paper design

v)) Scientific language
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0 Academic publishing of scientific papers

Where and how students can find scientific publications in biology?

There are lots of scientific publications in different branches of biology

Where we find scientific publications?
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O Academic publishing of scientific papers

Where and how students can find scientific publications in biology?

Top 10 academic publishers 2022:

Science group,
Springer Nature group,

Elsevier,
Cell Press,
Oxford Academic,

Wiley-Blackwell,

Taylor & Francis
BMC group

Frontiers group
PLOS group

published more than a half of peer-reviewed academic papers
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0 Academic publishing of scientific papers

Where and how students can find scientific publications in biology?

www.elsevier.com

Life Sciences > Biological Sciences journals

.

Biotechnology

Blocatalysls and
Agricultural
Blotechnology

"
h-u_n.H of
Nutrition Education
and Behavior

[

Journal of Nutrition
Education and
Behavlor

Microbiological
- Research

Microblological
Research

journal of
food engineering

Journal of Food
Englneering

Vibrational
Spectroscopy

Morphologle

,Emnn-:!
of Human

Exoh 1001

Journal of Human
Evolutlon

GENE

Animal Gene

Comparative
Blochemistry and
Physlology - Part A:

Molecular &

Integrative Physlology

RESOURCES
POLICY

Resources Policy

Current Oplinlon In
Environmental
Sustalnabllity

International Journal
for Parasitology

In the most
journals, there is
no free access to
full paper:

We should pay to
have publication!

Fortunately the
Open Access
Journals are
present



IBO_ 22 Educational Conference: The IBO Way to Excellence

0 Academic publishing of scientific papers

Where and how students can find scientific publications in biology?

Life Sciences > Biological Sciences journals > Open Access Journals

sy

':1-"\'-':}1;‘-‘.:."?3—_! ] H H 4

i""“ki ELSEVIER About Elsevier ~ Products & Solutions  Services ~ Shop & Discover Search QQ
Home > Journals > Current Plant Biology 0 L J

” t Current Plant Biology
plan

IOLOGY Publishing options: Open Access 7

@ With this journal indexed in 4
international databases, your
published article can be read and
cited by researchers worldwide

7 Guide for authors Track your paper v

[55N: 2214-6628

View articles
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O Academic publishing of scientific papers

Where and how students can find scientific publications in biology?

Top academic publishers with Open Access policy:

BM.C sroup Academic publishers
RO g + subscription
PLOS group

Open access journals

Free full papers
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In biological sciences, a scientific
paper is typically composed of:

Title
Abstract

Introduction
Materials & methods

Results
Discussion

Conclusions
Acknowledgment

References
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Minimal gene set discovery in single-cell
mRNA-seq datasets with ActiveSVM
Xiaogiao Chen’, Sisi Chen®* and Matt Thomson " 3252
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O Structure of a typical scientific paper in biological sciences

ARTICLES

idontifies mimimal but highly informative gena
genstic
minimal gene sets from singlo~coll data by employing an

ducontyofu\dlMwmm;mmwuﬁhn‘mmnhmhdwwm
application of singlo-coll mRNA-s0q to climical tosts, tharapoutic discovary and genetic scroans.

transcriptome-scale profiing of thoasands of cells per expen.

mental run, Althoegh single ool mll.\'.\-xeq approaches
prrmda: m:y‘u tmio many dfferent bokogial and bomedical
probl sequencing costs probebit the broad application of
smgk (‘rll milNA-seq tn many urjcnwry asays such as small
molecule and genetsc screens, and in cost-sensittve cimical 2says.
The sequencing bottlenack has led Lo the development of tarpeted
mRNA-seq strategtes that reduce sequencing costs by up to 90%
by focudng sequencing resources on hghly mformative genes for
a given biological question or an analysts . Commercial groe.
targeting ks, for example, reduce sequencing costs through selec.
tve amplsfication of specefic tramscripts ustng 1,000 gene-Langeting
primen.

Cells modulate gene expresson through the regulatxn of
transcriptional programs or modudes that contatn multsple groes
regulated by commen sets of transcription factors'. Cenes withn
transcripticsal modules exhibn correlaied pene expression due o
co-regulavn. Correlions 12 pene expresson can enable the tran-
scrptiosal state of a cell to be reconstructed through the taspeted
mRNA proftiing of a small number of highly tnformattve pemes™',
However, such tamgeted sequencing approaches require computa
tonal methods to sdenttfy highly miormative genes for spectfic bio.
quu] Questions, systems or u:m'.um A range of computational

hes, induding analysts and
prmcrul components analyss (PC v\) can be applied to sdentrfy
highly mformattve genes”. Yet, current methods for defintng mim
mal grne sets 2re computattonally expenstve 1o apply 1o larpe single
cell mRNA-seq datasets and oflen require heursstic user-defined
thresholds for gene sdecticer”. As an exemple, computaticnal
spproaches based on matnx Bctorzatcn (PCA, non-negttve
matrix factortzation) are typically apphed to compicte datascts and
therefore are cox atsoeally intenstve when datasets scale into
the millions of celly'. Furthermore, gene set selection after mazrix
factortzation requires hearistic strategnes for thresholding coel-
ficients tn gene vectors extracted by PCA or non-negattve matrix

S:g‘lc cell mRNA-seq methods have scaled to allow routine

factortzation, and then querying whether the selected genes retam
core beclogical miormation.

Inspared by active learming' proaches, here we develop a com-
putational method that selects minimal gene sets capable of relably
wdentifying cell types and transcriptional states thn an axtive
support vector machine dasthication task (ActveSVM)==. The
ActreeSVM algonihm constructs 2 mintmal gene set through an
terattve cdl-state dassification task. At each tteration, ActveSVM
applies the current gene st to classify cells tmio dases that are
provided by unapervised clusiertng of cell states, or by sipplied
experimental labds. The procedure amalyzes cells that are ms
classtfied with the current gene set and then identifies maximally
micrmative peees that are added 1o the growing gene sel 1o mmprove
classtfication. Traditsonal active learning algoetthms quey an ceacle
for traming examples that medt a criteria, The ActiveSYM proce.
dure actively quertes the output of an SVM classifier for cells that
classify poorly, and then paf..rms a detadled amalysts of the mis.
classtiie \5‘ cells to select maximally mformative penes. By sclecting
mintmal peoe sets throwh a well-defined dasefication task, we
ensure that the pene sets discovered by ActiveSVM reatn biological
micrmation.

The central contribution of ActiveSVM 15 that the method can
scale to larpe single-cell datasets with more than one mifhon cells 25
the procedure focuses computational respurces on poorly dastfied
cells, As the algorithm only analyzes the &l transeriplome of cdls
that cdasaly pocely with the current gene set, the method can be
applied to discover small sets of grmes that can distinguish betwoen
ceil types at high accuracy even n datasets with over a million pro.
filed calls. We demonatrale that ActiveSVM can 2malyze 3 mouse
bram dataset with 1.3 million celis tn cnly hours of computational
ttme. In addition 10 scaling, the ActiveSYM classification paradigm
generalizes 10 2 range of single-cdl data analysts tasks, induding
the denttfication of disease markers, penes that respond to Cas
perturbation and regon-specfic genes in spatial transcriptomics.

To demonstrate the performance of ActiveSVM, we 2pply the
method to a sertes of singlecell genomics datasets and amalyss

Deparmaont of Computing 2nd Mathamaticyl Soiencas, Caiomis rstitiee of Tactnology. Parddona, Calfomia, LSA. Diviion of Bciogy and Biological
Enpiroaring Caltzents institute of Technology, Pasadany Calfornia USA "Bockman hsifute Sngse-cdl Proding and Enginaceing Canter, Pasadony

Caromiy USA, g mall: mihomsongscallach edu
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O Structure of a typical scientific paper in biological sciences

A scientific paper is typically composed of:

Introduction: Deep scientific background in a specific topic
Materials & methods: 01d & new technics

Results: Figures > statements

Discussion: Critical opinion

Acknowledgment: Say thank you
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Xiaogiao Chen’, Sisi Chen*? and Matt Thomson 0132 &2
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discovery of small but highly informative gena sets should enable reducticns in the number of measuremants necessary for
application of singlo-call mRNA-20q to climical tasts, therapoutic discovery and genetic scroans.

ome-scale proffiing of thoasands of cells per expen.
mental run, Although single ooll zl‘l.\',\uq approaches
pmndc mn“n o many &ffereat biologial and bomedical
sequencing costs probibt the broad application of
lrngk uil mitNA-seq in many cxploratory asays such as small
melecule and genetic screens, and In cost-sensittve cinical 2eays.
The sequencing bottlenack has led Lo the development of taspeted
mRNA-seq drategtes that reduce sequencing costs by up to 90%
by focutng sequencing resources on haghly imformative genes for
a gven biologxcal question or an analyss . Commercial groe
targeting ks, for example, reduce sequencing costs threugh selec.
tve ampleficatson of spectfic tramscripts using -1 000 gene-Largeting
primen.

Cells modulate gene expresson through the regulaxe of
transcriptional programs or modules that contatn multiple groes
regulated by common sets of tr on factory'. Cemes within
transcripticnal modules exhibn correlaied pene expression due to
co-regulatyon. Correltons 1n pene expresson can enable the tran-
scriptional state of 2 cell to be reconstructed through the taspeted
mRNA profiling of 3 small mumber of highly tnformattve proes™,
However, such targeted sequencing approaches require computa.
ttonal methods to identify highly tnformative genes for spectfic blo
Togical questions, systems or condttons. A range of computational
sppevaches, induding Affereattal gene esskon analysts and
princpal compenents analyss (PCA), can be applied to sdentily
highly mformattve genes. Yet, curtent methods for defining mem
mal gene sets are computationally expenstve 1o apply 1o larpe smgle

Szﬁc cell mRNA-seq methods have scaled to allow routine
=

factortzation, and then querying whether the selected genes retan
core beclogical miormation.

Inspired by acttve kearming' proaches, here we develop a com-
;-.x:mc-ml method that selects minimal gene sets capable of relably
dentifying cell types and transcriptional states throgph an active
mpport vector machine dastfication task (ActveSVM)==. The
ActreSVM algonthm constructs 2 mintmal gene set throagh an
terative cdl-state dassification task. At each tteration, ActveSVM
applies the current gene st to classfy cells tnto dases that e
provided by unapervised clustertng of cell states, or by spplied
experimental labds. The procedure analyzes cells that are mis.
classtfied with the current gene set and then 1denttfies maximally
micemative pemes that are added to the growing gene sel o mmprove
classtfication. Tradtsonal active learning algorithms query an ceacle
for traming examples that med 3 criterta, The ActiveSVM proce.
dure actively quertes the output of an SVM classifter for cells that
classify poorly, and then pcri.-rms a detatled analysts of the mis.
classfie S cells to select maximally mformative penes. By selecting
mintmal peee sets throwh a well-defined dassfication task, we
ensure that the pene sets discovered by ActtveSVM retatn biological
mfcrmation.

The central contribution of ActiveSVM 15 that the method can
scale to larpe single. cell datasets with more than one miflion cells 25
the peocedure focuses computational resources on poorly dastfied
caells, As the dgorithm only analyzes the full transcrplome of cdls
tha cassify pocely with the current gene set, the method can be
applied to discover small sets of grmes that can distinguash between
ceil types at high acouracy even tn datasets with over a mallion pro.

cell mRNA-seq datasets and often require heunistic user-defined
thresholds for gene sdecticer”. As an example, computaticnal
sppeoaches based cn matnx fctorzaticn (PCA, non-negative
matrix factortzation) are typically appled to complete datasets and
therefore are co atioeally intensive when datascts scale into
the millsons of celly’. furthermore, gene set selection afier matrix
factortzation requires heurtstic strategnes for thresholding coel-
ficients tn gene vectons extracted by FCA cr non-negattve matrix

filed clls. We d that ActiveSVM can amalyze 3 mouse
bram dataset with 1.3 million cells in caly hours of ccemputational
ttme. In addition 10 scaling, the ActveSYM classticaticn paradigm
generalizes 10 a range of single-cell data analysts tasks, induding
the identification of disease markers, penes that respond to Casy
perturbation and region-specific genes in spatal transciptomics.
To demonstrate the performance of ActtveSVM, we 2pply the
method o 3 sertes of stnglecell genomis datasets and amalyss
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O Guidelines for reading of a scientific paper

ARTICLES

Hypothesis/Question

Make a presentation!

OPEN
Minimal gene set discovery in single-cell

mRNA-seq datasets with ActiveSVM

Xiaogiao Chen, Sisi Chen** and Matt Thomson (12252
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transcriptome scale prefiing of thousands of cells per expen.
mental run, Alhough single cell miNA-seq approaches
provide msghts tmio many dfferent bwokgil and bomedical
problems, sequencng costs probubit the broad application of
mqk prathy 5eq tn many exploratory asays sach as small
melecule and genetic screeny, and in cost sensitve cimical asays.
The sequencing bottlensck has led 1o the developmest of tampeted
mRANA-seq strategfes al redsce sequencing costs by up to %%
by focusng sequencing resourcs on haghly sformatrve genes for
2 gven Balogical question or an analyss . Commenctl groe
targeting ks, for example, redce sequencing costs through selec.
tve amplefication of specefic tramscripts ustng 1,000 gene-Largeting
primen.

Cells modulite gene expressin through the regulitxn of
transcriptional programs or modules that contatm multzple grmes
regulated by common sets of transcription factors’. Genes withn
transcripticral modules exhibn correlzied pene expresnon due Lo
e-regulatyon. Correlaions 12 pene expresson can ensble the tran-
serptieal sate of 3 el o be mconsiructed through the tapeted
mRNA profiing of a small rumber of highly tnformative prres .
l'-:r-mr such targeted mencg pruaches egere compa

haghly spectfic bio

quun mANA-seq methods have scaled 1o allow routine

Jogical quction,sytems o sondtions. A rageof

factonzation, a0 then ucrng whether the selected genes retain
care beclogical mformaty
Inspired by acve lu.-arng proadhes, here we develop 3 com-
putational method that selcts minimal geoe et capeble o edably
\imhf\'mg cell types and transcrpeional states throaph an active
vector machine dasthcatn ml (ActveSVM)==. The
NVt algenthm constructs 2 mintmal gene set through an
neratrve cdl-state dassification task. At each teration, ActveSVM
applics the current gene st to classify celle tnio clases that are
provided by unaspervised clusiering of cell stes, or by sigphed
expertmental labds. The procedure amalyzes cells that are ms
classtfied with the current gene set and then identifies maximally
Uhat are aded 1o the growing gene se 40 Improve
an cexcle
for tratming exsmples that mect a crleria®. The ActiveSVM proce.
dure actively quertes the output of an SVM classifier for cells that
classify poorly, lahhmpcr‘)mlimkd aralysts of the mus.
dmlfng cells to select maximally miormative penes. By sclecting
minimal peee sets throggh a well-defined dasfication task, we
ensure that the gene sets discovered by ActieSVM retatn biologseal
miormation.
The cestral contribution of ActiveSVM s that the method can
Aalclah.'gtmujt cell datasets with meee than one miflon cells 2

approaches, nduding @ffereniial essxn analysts 2nd
principal composents analyss (FCA), i tan bt appicd to sdentsfy
ghly mformaive s’ m cumest mnhmh for |k‘m11 mim

larpe single
cell mRNA-seq datasets m lla: n requre hea i s u-:! et defined
thresholds for gene sdecticer”. As an exemple, computaticnal
spproaches bl o manx Euorm_ce (PCA. non.-negative
matrix factortzation) are typically apphed 1o compicte dasets and
therefcre are computaticeally intensve when datascts scale tnto
the milsons of celly’. Furthermore, gene set selection afier matrix
fxtortzation requires beurtstic strategtes for thresholding coel-
Bcients th pene vextons extracied by PCA o non-negattee matrtx

I resources on poorly dastfied
el s e dgorahes ol smlyes he ol sneriome f s
that classify pocely with set_ the method can be
wlhdmdmnmn!ms«'g—m that can dstmgush betwoen
cell types at high accuracy even tn datasets with over a million pro.
filed cls. We demonstrate that ActiveSVM can amalyze 2 mouse
Bram dataset with 1.3 million ces in caly hours of coemputational
1tme. I addation to scaling, the AciiveSYM classtication paradigm
seneralizes 10 a range of single-cel data analys tasks, including
the tdemtification of disease markers, enes that respond to Cass
perturbation and reglon-specfic genes in spatal transcrplomics
To demonstrate the performance of ActiveSVM, we apply the
method 1o 3 sertes of singlecell genomis datasts and analyes
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Minimal gene set discovery in single-cell
mRNA-seq datasets with ActiveSVM

Xiaogiao Chen, Sisi Chen** and Matt Thomson (12252
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2 gven Balogical question or an analysss . Commencul gene
tangeting ks, for example, neduce sequencing costs through selec
ve amgplification of spectic tramscrpts using 1000 gene-Largeting
primen.

Cells modulite gene expressn through the regulitin of
transcriptioral programs or modules that contatn multple prnes
regulated by commo sets of transcrtption factors'. Genes within
transcripticral modules exhibit cornelzied pene expression due o
co-regulayn. Correlations 12 pene expresson can enable the tran-
serptieal sate of 3 el o be mconsiructed through the tapeted

mRNA profiiing of a small rumber of highly informattve prees™
Howews, such tarpeicd e sequencing Zpproaches oguire computa
tioeal methods to idemify highly misemative genes for spectfc bio
Togical questions, systems of conditions. A rage of

S:gc cell mRNA-s0q methods have scaled 10 allow routine

factonzation, and then querytng whether the selected genes retam
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Inspared by active learmimg? gproaches, here we devekop a com-
ptatsonal meshod that selects minimal gene ses capsble of redably
*demiafymg cell types and transcrieional states through 2n active
igport vector machine dassication task (ActveSVM)=+. The
ActiveSVM algontthm constructs 2 mintmal gene set through an
nerative call-state lassification tsk. At each teration, ActveSVM
applies the current gene st to classify cells mo clases that are
provided by unapervised clustertng of cell tes, or by sgplhied
expertmental labes. The procedure analyzes cells that an mis.
clasified with the current geme st and then idenifes maximaly
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mintmal pere sets through 3 well-defined dasefication task, we
ensure tha the gene sets discovered by ActiveSVM retata biological
micemation.

The central contribution of ActiveSVM 1 that the method can
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factertzation requires heuristic stratsgtes for thresholding coel.
fictents 1n ene wetoes eatracied by PCA o non-negattee matrtx
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ram dataset with 1.3 million cals in caly hours of coemputational
mne n additson o calng, the ActveSVM clastfcatcn paradigm
gemeralizes 10 2 range of single.cell data analyss tasks, induding
the Kextfication of dmeme markers, genes that respond to Cass
‘perturbation and region.- spectfic penes in spatul transcripiomics
To demonstrale the performance of ACeSVM, we 2pply the
method 1o 3 sertes of single-cell genomics datawts and analyss
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O Guidelines for reading of a scientific paper

Skills acquired:
Gain information on the construct of a scientific paper
Familiarize with an advanced scientific language
Gain more an elaborated scientific background
Familiarize with different forms of illustrations
Prepare a presentation

And more importantly, to talk and discuss with friends




A brief highlight on the writing of a scientific paper: order of process
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Minimal gene set discovery in single-cell
mRNA-seq datasets with ActiveSVM

Xiaogiao Chen, Sisi Chen** and Matt Thomson (12252

cati ma-mmumww-ua-dmhm.c

inglo~coll dat:

..-.n«mo«.m-m.-m.«wm;..mmwmmmwgmﬁuwmmm

oo seabl 305 cul e clossihcaion seurecs scroes, forsxampa, ool ias ol e St ton dat e Tha
discovary of small but highlyinformative gema sets should sasbla reductions i the mumbar of messurements nacessary for

5] 20q thorapeutic discovery 3nd ganatic scrosns.

S;—;ic cell mRNA.seq methods have scaled 1o allow routine
transcriptome scale profding of thoasinds of cells per expen.
mental run. Alhough single cell mRN/ roaches
provide mw‘u e iy @fferest biokogial and bomedical
problems, high sequencing. bibtt the broad application of
mmk pr rﬁl\\ T 10 Sy ehploclory miars serh 2 el
molecule and genetsc screens, 2nd 1n cost sensitrve cimical 2says.
The sequencing bottlensck has led 1o the development of tarpeted
mRNA-seq strategtes thal reduce sequenctn
by focusng sequencing resources on hghly mformative genes l-.
a gven bialogical question or an analysss . Commencil gen
taryeting ks, for exzmple, reduce ssquencing costs through e
tve amplsficatson ef spectfic tramscrpts using -1.000 gene-Larget
primen.

Cells modulite gene expresskn through the regal
transcriptional programs or modules that contain multple proes
regulated by commoa sets of transcription factory'. Genes within
transcriptional modules exhibit co
e-regulatyon. Correlaions 12 pene expresson can ensble the tran-
scrpticeal state of 3 cell to be neconstructed ¢ the wrpeted
mRNA profiiing of 3 a1 mamber of highly tnformattve prres™
Viowever, such tameied sequencing Zpproaches Tequire compula
orul mithods o ety ly miomative genes for spectfic bio.
Togtcal questons, systems or conditions. A razge L’('(mrlpuu:lnna:
appevaches, including Aferenttal gene expression analysts and

mponents analyss pplicd o sdentify
hw\ mformative genes”, Ye, current methods for defining mim

2re computational) 10larpe smgle
el mRNA.seq dstasets 2nd oflen require eurtc et defined
thresholds for gene sdecticer”. As an example, computational
spproaches bused o manx fctorzaticn (PCA. non-negthve
v complete datasats and
aticeally tniensve when datasets scale into
. Furthermore, gene st selection afler matrix
ves bearistc srsigies for thrsholding coel
Bickents tn gene vextors extracied by PCA of nan-negative magrtx

factamation,ud then queying wheber e wlecied gensrean
core beclogical m
Inspired by active a::mg prosches, here we develop a com-
ptatsonal meshod that selects minimal geme ses capsble of redably
Mentfyng cel types and tramsc states th b e
VM)~

provided by cnagpervied clustert
expertmental labels. The procedure analyzes cells that ane mis
classtfied with the curnnt gene set and then tdentifies maximally
nfermative genes hal are e o e rowing

fr trmng ctample ha met 3 cAleria m ActveSVM proce.
dare actvely queries the output of an SVM classifer for cells thal
classify poory, and then performs a detated analysts of the mis
classtfed celli 1o select maximally mformative genes. By selecting
mintmal peee sets throwh a well.defined dassfication task, we
st he et dicoveed by AtV M retata blologteal
mfcem.

The ceatral contribution of ActveSVM s that the method can
scale 1o larpe stngle. cel catasets with more than one ml
the peocesdure focuses coemputational resources on poorly dasstfied
el s he dorthn only analyres the fall sssrpiome of s
thit classify pocely with the current gene sel the method can be
applicd to discover smallscts of groes that can dstiguash betwoen
call types 2t hgh accuracy even tn datasets with over 3 million pro.
filed calls W demonatrate that AheSVM can amalyze 3 mouse
bram dataset with 1.3 million cels in caly hours of comptational
ton 1 i, he AcheSVM clasfcation paradigm
s, incduding
the denttfication of disease markers, penes that respond to Cass
'vmuh.un 2nd regon-specic genes in spatul transcriomics.

meral the performance of ANESVM, we ply the
mw 10 2 sertes of stnglecel genomics datawts and aalyss

Caittoma Irettiee

NATLSRE COMPUTATIONAL SOENCE | VI3 | K0 2023 | 382-308 | wr sdure o

7 Calformea USA Beckman hsiiute Snjss-cal Prosing ard Ene

mology. Ptona, Caltomia, USA. Divelon of Bioiogy

paper is written?

Title
Abstract

Introduction
Materials & methods

esults

iscussion
onclusions
cknowledgmen
eferences

arts of a paper are usually ordered by:

Which partis
written first?



IBO_ 22 Educational Conference: The IBO Way to Excellence

A brief highlight on the writing of a scientific paper: order of process

How a scientific paper is written?

natre
computational
science

OPEN

ARTICLES

tps/oL oY KI38/A4I588-022-00263-8

Minimal gene set discovery in single-cell
mRNA-seq datasets with ActiveSVM

Xiaogiao Chen, Sisi Chen** and Matt Thomson (12252

Sequanang prohibi fication of single-call mRNA-saq to many biological and cinical analysas. Targatod

lll-nil-abudpl:sjh‘nmudmmknnluv-qlndndmubnnﬁun-nlhnhpnlwnw
and

sats that anable the ideatification of call types,

ombor o gans. Our ctve eaurs slec

gonatic p
ummn—ﬂmmh«ukwﬁhwwhmm

on procedure
voctor machina (ActiveSVM) classifier. We demonstrata that ActiveSVM fasture solaction identifies gane

That anate 130% cull p clsaihcation scaracy across. fo exampa. ol st and disearecharsctonkstion dstacets. Tha

discovary of small but highly informativo gena sets should enabla reductions in the numbar of measuremants necassary for

application of single-coll mRNA-s0q to clinical tests, therapeutic

transcriptome scale profiing of thousands of cells per expent
mental run. Although single cell mANA-seq approaches
provide maghts o may et bobyal and bometial
roblems,gh sequencng o prebbt he broad pplicaton of
Doghe-ccl miENA oo I saaay chplosatory smays st 2 sl
molecule and genetsc screens, and in cost-sensitive cinical 2says.
The sequencing bottlensck has led 1o the development of tarpeted
mRNAseq strategtes thal rediuce sequenctng costs by up 1o %%
by locusng sequenaing rsourcs on hghly mlormative pencs for
2 gven Balogical question or an analysss . Commencul gene
targeting ks, for example, redce sequencing costs threugh selec
tive ampltfication of spectic rasscripts using -1 000 gene-Largeting
primen.
Cells mo xJulu: gene expresn through the regulitin of
ograms or modules that contatn multple proes
08 sets of transcription factoes'. Genes within
transcripticeal modules exhib corniied pene expression due to
co-regulayn. Correlations 12 pene expresson can enable the tran-
scrpceal stae of 3 cell to be reconstructd through the tarpeted
mRNA prokiing of a smal rumber of highly tnformative prnes”
However, such Gargeed seg Zpproaches require compula.
thods to' emative genesfor spectfc bio-
Togical questions, systems of conditions. A rage of

ch cell mRNA.seq methods have scaled 1o allow routine

discovery 3nd ganetic scroans.

factonzation, and then querytng whether the s
care beclogical miormation.

Inspared by active learmimg? gproaches, here we devekop a com-
pusational method that selects minimal gene sets capable of redably
*demiafymg cell types and transc d states throggh 2n active
ugpert vector machine dassication task (ActveSVM)=+. The
ActiweSVM algontthm constructs 2 minimal gene set through
nerative call-state classification tsk. At each teration, ActveSVM
s the cumen pee ac o claiy cele oo damcs that are
provided h s u.;\er\?st.l huster el wates, of by spphied
experimental lsbels. The procedure amalyzes cells that ame mis.
classtfied wth the curnent geme st and then 1denifies mavimally
nformative pemes that e added 1o the gro

genes retain

]

for trasming
dare actively quert

etamples that mect 3 cateria”. The ActveSVM proce.
be output of an SVM classifier for calls that
a detzted amalysts of the mis

mformative genes. By selecting

sl pree sets m-.@ 2 well-defined dassfication task, we
ensure thai the pene sets dicovered by ActiveSVM reata blological
formation

The cestral comiribution of ActiveSVM 1 that the method can

satsomal resources on poorly clastfied

spproaches, incuding @ffcrenttal gene expresscn analsts and
principal compeeents analys (PCA), can be applied to sdentily
highly taformative gencs'. Yet, current methods for defining mimi

] g are computationally ly 10 e single.
cell mRNA.sq dstasets 3nd ofien require heariac wer-defined
thresholds for gene sdecticer”. As an exampie, computaticnal
spproaches bused on manx fctonzat non-negtive
matrtx factortzatson) are typically sppied 1o complete daascts nd
therefore are computaticeally intenstve when datascts scale into
the millions of celly’. Furthermore, gene set selection afler matrtx
fctortzation pequires heurtstic strategaes for threshokding coef
fictents 1n ene wetoes eatracied by PCA o non-negattee matrtx

cels, As the lgorthm only analyzes the falltramscrapiame of clls
that chassfy pocely with the current gene set, the method can be
applicd to discover smallscts of groes that can distimguash betwoen
el types at gh accuracy even 1 datasets with over 3 million pro.
filed calls W demonatrate that AheSVM can amalyze 3 mouse
bram dataset with 1.3 million cals in caly hours of compatational
time. In addtion 1o scaling,
it o o g ol
the identtfication of disease markers, genes that respond to Cass
peisbeton s yon pesic pees syl rmcroma
To demonstrale the perfor
method 1o 3 srtes of single-cell genomics daass

Deparmant of
Engirourhg, Cait

cmputing and Mat s, Catomia irsttiee of

thamatica S

Calforma USA "Backman st

. Paciona, Caltomia, USA. DN
Buta Singss-call Proing ard Eny

on of Biciogy and cal
g Cantes, Pasadora,

Writing a paper is usually proceeded in the following order:

Materials & methods: accurate, reproducible
Illustrations & tables: clear and understandable without text
Results: direct, concise and comparative

Introduction: well constructed, concise, elusive
Discussion: comparison, interpretation and explication
Conclusions: significance and applications

Abstract: a very compact version of the paper

Title: one statement covering the most important result
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