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What is Statistics

Statistics is a body of methods for making wise decisions in .
the face of uncertainty (Wallis & Roberts, 1962) CRaw data from SUW@.\D
[Organizing data with]
Statistics is a set of concepts, rules, and methods for (1) graphs
collecting data, (2) analyzing data, and (3) drawing
conclusions from data (lversen & Gergen 1997) l
Use organized data 1

o | | _ and math to interpret
Statistics is a way of reasoning, along with a collection of the data and/or make
tools and methods, designed to help us understand the predictions

world (De Veaux et al. 2006) \_




Bills of Mortality

The development of Statistics

B &

Landaieonralabiity fheory
established correlation
coefficients and

regression analysis

Ronald Fisher proposed
Analysis of Variance
(ANOVA) and Maximum

Likelihood Estimation

18-19 Century

1662 John Graunt

—~
Artificial Intelligence "\% Neuroscience

Machine Mind

The integration of statistics
and computational science
has advanced into the
fields of machine learning
and neuroscience




The Early Applications of Statistics in Neuroscience

RECEPTIVE FIELDS, BINOCULAR INTERACTION
AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

By D. H. HUBEL axp T. N. WIESEL

From the Neurophysioloy Laboratory, Department of Pharmacology
Harvard Medical School, Boston, Massachusetts, U.S.A.

(Received 31 July 1961)

What chiefly distinguishes cerebral cortex from other parts of the
central nervous system is the great diversity of its cell types and inter-
connexions. It would be astonishing if such a structure did not profoundly
modify the response patterns of fibres coming into it. In the cat’s visual
cortex, the receptive field arrangements of single cells suggest that there is
indeed a degree of complexity far exceeding anything yet seen at lower
levels in the visual system.
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Using spike frequency quantification and analysis of variance (ANOVA), the receptive
field structure of visual cortical neurons, including the spatial distribution of excitatory
and inhibitory regions, was successfully revealed.

Hubel DH, Wiesel TN, J Physiol, 1959



From t-test to Mixed-Effects Models: The Evolution to Address the Complexity of Neuroscience
Data
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Table 2. p values for comparing pCREB immunoreactivity at each
time point (24 h, 48 h, 72 h, and 1 week) after ketamine treatment
to the baseline (saline)

Overall 24h 48 h 72 h 1 week
Linear model 1.2 X 6.0 x 6.8 x 0.0291 1.1 X%
(ANOVA) 10525 1022 162 1078
LME 0.0029 0.0049 0.0164 05601 0.2525
e e e D e I I i 0 I |
[ | I [ [ |
0.2 0.4 0.6 0.8 1.0

0.0

Type I Error: Overestimation of significance

Linear Model (LM): Ignores correlation

Linear Mixed-Effects Model (LME): Models within-group correlation

Yu Z et al., Neuron, 2022



Yes. ANOVA, LM, or their

nonparametric methods

Is the outcome variable continuous and roughly No Consider models (GLM or

GLMM) that can analyze

normal after appropriate transformation? :
non-continuous outcomes

Yes |

Do the data show natural clusters / groups?

No. Are there potential sources of correlation?

corresponding E.g, multiple animals per cage or litter?

Yes. If cage/litter might cause
clustering, use random effects for
cage/litter.

No. Are the n data
points from n animals?

[
Yes. ANOVA, LM, or No. There are multiple cells
nonparametric methods from per animal; therefore,
animal random effects

should be included.

Are the n data points
from n animals?

Yes. Cage/litter No. There should be
random effect is animal-nested-in-
adequate cage random effects

Are there multiple
measurements per cell?

U |

Are there multiple
measurements per
cell?

" Yes. Random cells might No. Random effects
be needed at both cell at the animal level
Yes. Cells are nested No. Animals- and animal levels adequate.

in animals, and nested-in-
animals are nested in cages/litters is
cages/litters adequate

How to Choose the Right Statistical
Model for Complex Data ?

* Linear Models (LM): For simple
data without clustering.

« ANOVA: Comparing group means
with independent samples.

« LME: Handling hierarchical or
nested data structures.

« GLM/GLMM: For non-continuous
outcome variables.

* Random Effects: Capturing
variability from nested structures like
animals, cells, or cages.

* Key Decision Points:

* [s the outcome variable continuous?
* Are there nested or clustered
structures?

* Are there repeated measures per
subject or cell?



From Regression to Prediction: Bridging Descriptive Modeling and Predictive Power in
Neuroscience
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Transparency
Inference on understandable input variables

Bzdok D, Ioannidis JPA,

Model capacity to predict complex relations
Trends Neurosci, 2019

Model complexity
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True positive rate

Logistic regression (D
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LASSO with tenfold =i
cross-validation
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False positive rate

The blessing and curse of dimensionality

: 0
0 0.5 1.0 Regression LASSO

Huys QJ et al., Nat Neurosci, 2016
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False positive rate

This ROC curve compares the performance of classifiers trained on raw
behavioral data versus derived parameters. The use of parameters derived
from a mechanistic model significantly improves classification accuracy, as
shown by the higher AUC for the parameter-based classifier.

Huys QJ et al., Nat Neurosci, 2016



Focused and Simplified: Feature Selection and Dimensionality Reduction in Neuroscience
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Gomez-Marin A et al.,
Nat Neurosci, 2014



Alzheimer's Disease
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Cunningham JP, Yu BM, Nat Neurosci, 2014



Take home message

» From Comparison of Differences to the Evolution of Predictive Models: Traditional statistical methods are
suitable for exploring relationships between variables, while modern machine learning methods (such as

LASSO and Random Forest) are better equipped to handle high-dimensional and complex data.

» Dimensionality Reduction is Key for High-Dimensional Neural Data Analysis: Through methods like
Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA), we can simplify data

structures and extract the most meaningful information.

» Feature Selection Enhances Model Performance: Algorithms like Random Forest not only classify data

effectively but also identify critical features, providing more precise inputs for models.



Exploring Omics Data in Neuroscience:
Techniques and Statistical Tools

20241128
CDL



Introduction : Why Omics Data?

Community of cells

64’)

Living cell

Molecular machine

Protein




Omics analysis enhance the persuasiveness of our experiments

(a) At the Feeder (b) At the Hive | (c) RNA-Seq (d) Training Classifiers  (e) Compare

@
- ‘ Embedded
»
. w8
_ " '@ ;@O >l GLMNET —

z Pre-processing
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\ 4
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Dancer Perceiving Long

® Distance (DL)

Dancer Perceiving Short
| @ Distance (DS)

Non-dancer Perceiving Long
® Distance (NL)

Non-dancer Perceiving Short
® Distance (NS)

8 Samples 8 Samples

8 Samples 8 Samples

Veiner, Marcell et al. Molecular ecology resources, 2022



How to get genomic data?



The process of obtaining genomic data

STEPS OF DNA SEQUENCING

J

The Human
Human Complete The Human Microbiome
mitochondrial cell genome Genome Project The Genome PacBio sequencer Project completion
genome sequenced sequenced completed Analyzer launched released reached

Fragementation

Sample Preparation

5 HHHHHIHHIIH' \ ®
a0 % ) (R
Cec® g B oo s
1981 1995 2003 2006 2011 2019
Primer Annealing
1977 1990 2005 2007 2014
l 0
H Sanger The Human Complete First NGS The Human Nanopore
DNA syntheS|s method Genome Project eukaryotic technology Microbiome sequencing
developed launched genome released:
sequenced 454 GS20

1 10

Nucleatide
Separation and Data analysis
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The principle of lllumina sequencing process.
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Prepare genomic DNA sample

Randomly fragment genomic DNA
and ligate adapters to both ends of
the fragments.
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First chemistry cycle:
determine first base

& : To initiate the first
L / sequencing cycle, add
¢ all four labeled reversible G
terminators, primers, and
DNA polymerase enzyme
to the flow cell.

Image of first chemistry cycle

After laser excitation, capture the image
of emitted fluorescence from each
cluster on the flow cell. Record the
identity of the first base for each cluster.

Laser

® ® G @

->. >6 ->.
® G ® o ® o G

G

Before initiating the
next chemistry cycle
The blocked 3' terminus
and the fluorophore
from each incorporated
base are removed.

—> GCTGA...

Mardis, Elaine R. Annual review of genomics and human genetics, 2008

Sequence read over multiple chemistry cycles

Repeat cycles of sequencing to determine the sequence
of bases in a given fragment a single base at a time.



The principle of PacBio sequencing process.

l :Polymerase Synthesis

Ardui, Simon et al. Nucleic acids research ,2018
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Video introduction to PacBio sequencing

@ PACBIO

Single Molecule,
Real-Time (SMRT")
Sequencing




The principle of Nanopore sequencing process.

Oxford Nanopore Sequencing Steps

Sample Preparation

Nasopharyngeal swab

»

|

RNA extraction

cDNA synthesis

PCR and Barcoding

Multiplex PCR

§ ={ W W Hll WHENTE=-> 3

genome

amplified

Library preparation
Rapid barcoding kit

fiyi + IO

Transposome [ |
Complex

([l

®

Sequencing

Sample pooling and library loading

MiniON
sequencer

Base calling

Tart

AGTCCCTGAATCGA

l

Assembly and Analysis

=3

Sequenced Genome Phylodynamics




Video introduction to Nanopore sequencing

Oxford

NANOPORE

Technologies



The comparison of different generation of gene sequencing.

Table 1. The comparison of different generation of gene sequencing.

Reading Length

Estimated Cost per Gb (US Throughput per Flow Cell Read Accuracy
(K $) (Gb) (%)
N50 ’
Sanger(1st) <1 kb 13,000 d / >99.9
lllumina(2nd) 0.075-0.15 2 50-63 16-30 >99.9
PacBio(3rd) 10-20b 43-86 15-30 >99
ONT(4th) 10-60 ¢ 21-42 50-100 87-98

Lin, Bo et al. Biosensors , 2021.



@ST-E00310:147:HVI25CCXX:3:1101:13382:1819 1:N:0:TGARAGACA @ST-E00310:147:HVI25CCXX:3:1101:13382:1819 1:N:0:TGARAGACA
AGATTCGGATIGGTICAACAATGTTTAAGT GATATTTCARCCAAGGAGATGAGAAGACTGALA A TCCTTCATACCT CAGGACRAIAGATTCGGATTGGT CARCAATGTTTAAGTGATATTTCAACCAAGGAGATGAGAAGACTGARATCCTTCATACCTCAGGACA,

+ +

AR-<FJRAAFF-FATJFATFF<FFJ-<AF<-—-<AJA--<-T7T7-F7-<<--TFF77<A-————- T<AF<-F-—<J-F<7-A-—--AA-<FIRAFF-FATJFATFF<FFJ-<AF<-—<AJA--<-T77-F7-<<--TFF77<A—————— T<AF<-F—-—-<J-F<7-A—--
@ST-E00310:147:HVI25CCXX:3:1101:7162:1872 1:N:0:TGAAGAGA @ST-E00310:147:HVI25CCXX:3:1101:7162:1872 1:N:0:TGAAGAGA

CIATTICAGT AT I TAGT AGAT AT AT T T T A GAGGGETATCCCTICTI I I T T AT TATCARTACT T AT A A T TGC AR GGGAATT TG CTAT I TCAGT AT T TAGT AGATATAT T T TAAGAGGGGTATCCCICITITIATTATCAATACTTATAATTGCARGGGRARATTTG!
+ +
A<AFA-<JJ-A-FJJF-AAFJJ--<-FJ—<FAAJF-T7<F-FFFJ-<---J-FJJ<<—<JI<JIJIJ-<F-T7TT7FJFJ7-——<<AA<KAFA-<JJ-A-FJJF-AAFJJ--<-FJ-<FAAJF-7<F-FFFJ-<-—--J-FJJ<<-<JJ<JJIJ-<F-TTFJFJ7———<<A.
@ST-E00310:147:HVI25CCXX:3:1101:14306:1872 1:N:0:TGAAGAGA @ST-E00310:147:HVI25CCXX:3:1101:14306:1872 1:N:0:TGAAGAGA

TGITCCGICAGCT CAGAAGAGTTTGAT ACTGCTAGAGGITTAT CAT CTACT GGCTTGACT GTATATGC AR CCAT AT AGALCITGTITCCGI CAGCT CAGAA GAGTTTGATACTGCTAGAGGTITTATCATCTACTGGCTTGACTGTATATGCARCCATATAGARC
+ +
A-AFFJJJJAJIFAJIJFJFJJJJ-FAT-FAJFJAJFFF--FFJFJJAFJJJJJI-<AT—<TF<TIJJF—<<ARAJATF<JAA-AFFJJJJAJIFAJIFJFJJJJ-FAT-FAJFJAJFFF--FFJFJJAFJJJJJI-<AT—<TF<TIIJF-<<ARAJATF<JA
@ST-E00310:147:HVI25CCXX:3:1101:6756:1907 1:N:0:TGAAGAGLA @ST-E00310:147:HVI25CCXX:3:1101:6756:1907 1:N:0:TGAAGAGA
GITACTTITIGITCCARAGCTTTAGCTITATICCGTICCARAGTTCATTGCACCACGTGCT CCACCACCACCCTIGGTIICTIICAT(GTTACTTIIGITCCARAGCTTTAGCTITATTICCGTICCARAGTTCATTGCACCACGTGCTCCACCACCACCCTIGGTITICTITCAT!
+ +

@ST-E00310:147:HVI25CCXX:3:1101:13382:1819 1:N:0:TGAAGACA @ST-E00310:147:HVI25CCXX:3:1101:13382:1819 1:N:0:TGAAGACA

AGATTCGGATIGGICARCAATGT T TAAGTGATATTTCAL CCAAGGAGATGAGAAGACTGAL A TCCTTCATACCT CAGGACAIAGATTCGGATIGGTICAACAATGTTTAAGTGATATTTCALCCAAGGAGATGAGAAGACTGALATCCTTCATACCT CAGGACA
+ +

AL-<FJAAFF-FATJFATFF<KFFI-<AF<-—<AJA-—-<-T7-F7-<<--TFF77<A-————- T<AF<-F-—<J-F<7-A-—-ABA—<FJRAAFF-FATJFATFF<FFI—<AF<-—<AJA-—-<-T7-F7-<<--TFF77<A-————-— T<AF<-F-—-<J-F<T7-A—-
@ST-E00310:147:HVI25CCXX:3:1101:7162:1872 1:N:0:TGAAGAGL @ST-E00310:147:HVI25CCXX:3:1101:7162:1872 1:N:0:TGAAGAGL

CIATTICAGI AT I TAGT AGAT AT AT T T T AAGAGGGETATCCCICT T T T TAT TAT A A T A T T AT A AT T RO A A G R AT T T R CT AT T T AR T AT TT AR T AGAT AT AT TTTAAGAGAAATATCCCTCTTTTTATTATCAATACTTATAATTGCAAGGGARAATTIC
—

n
B<AFA-<JJ-A-FJJF-AAFJJ--<-FJ-<FAAJF-7<F-FFF, ’:}:FFFJ—<———J—FJJ<<-<JJ<JJJ—<F—77FJFJ7-——<<A.
@ST-E00310:147:HVI25CCXX:3:1101:14306:1872 | OW O al Ia yz e IS a a £1872 1:N:0:TGAAGAGA
+

TGITCCGICAGCTCAGRAGAGTTTGATACTGCTAGAGGTTTAT! TTITATCATCTACTIGGCTTGACTIGTATATGCAACCATATAGALC

+
A-AFFJJJIAJIFAJIFIFIIII-FAT-FAJFIAJFFF--FFJFJIAFJIIIIT-<AT-<TF<TIJIF-<<ARAJATF<JAA-AFFJJIIAJIFAJIFIFJIIJ-FAT-FAJFJAJFFF--FFJFJIJAFJIIIIT-<AT-< TF<7JTIF-<<ARAJATF<JA,
@ST-E00310:147:HVT25CCXX:3:1101:6756:1907 1:N:0:TGAAGAGA @ST-E00310:147:HVT25CCXX:3:1101:6756:1907 1:N:0:TGAAGAGA
GTTACTTTGTTCCAAAGCTTTAGCTTTATTCCGTCCAAAGTTCATTGCACCACGTGCTCCACCACCACCCTGGTTCTTCAT(GTTACTTTGTTCCARAGCTTTAGCTTTATTCCGTCCARAGTTCATTGCACCACGTGCTCCACCACCACCCTGGTTCTTCAT!
- -

@ST-E00310:147:HVI25CCXX:3:1101:13382:1819 1:N:0:TGAAGACA @ST-E00310:147:HVI25CCXX:3:1101:13382:1819 1:N:0:TGAAGACA
AGATTCGGATTGGTCAACAATGTTTAAGTGATATTTCAACCAAGGAGATGAGAAGACTGAAATCCTTCATACCTCAGGACAIAGATTCGGATTGGTCAACAATGTTTAAGTGATATTTCAACCAAGGAGATGAGAAGACT GARATCCTTCATACCTCAGGACA]
- -

AR-<FJAAFF-FA7JFATFF<FFJ-<AF<--<AJA--<-77-F7-<<--TFF77<A-————— 7<AF<-F--<J-F<7-A---BA-<FJAAFF-FA7JFATFF<FFJ-<AF<-—<AJA--<-77-F7-<<--TFF77<A--———- 7<AF<-F--<J-F<7-A-—
@ST-E00310:147:HVT25CCXX:3:1101:7162:1872 1:N:0:TGAAGAGA @ST-E00310:147:HVT25CCXX:3:1101:7162:1872 1:N:0:TGAAGAGA
CTATTTCAGTATTTAGTAGATATATTTTAAGAGGGGTATCCCTCTTTTTATTATCAATACTTATAATTGCAAGGGAATTTG . CTATTTCAGTATTTAGTAGATATATTTTAAGAGGGGTATCCCTCTTTTTATTATCAATACTTATAATTGCAAGGGAATTTG:
- -
A<AFA-<JJ-A-FJJF-AAFJJ--<-FJ-<FAAJF-T7<F-FFFJ-<---J-FJJ<<-<JI<IIT-<F-TTFIFIT--—<<BAA<KAFA-<JJ-A-FJJF-AAFJJ--<-FJ-<FAAJF-T7<F-FFFJ-<---J-FJJ<<-<JI<IITI-<F-TTFIFIT--—<<A
@ST-E00310:147:HVI25CCXX:3:1101:14306:1872 1:N:0:TGAAGAGA @ST-E00310:147:HVI25CCXX:3:1101:14306:1872 1:N:0:TGAAGAGA
TGTTCCGTCAGCTCAGAAGAGTTTGATACTGCTAGAGGTTTATCATCTACTGGCTTGACTGTATATGCAACCATATAGAAC(TGTTCCGTCAGCTCAGAAGAGTTTGATACTGCTAGAGGTTTATCATCTACTGGCTTGACTGTATATGCAACCATATAGAAC
+ +
A-AFFJJJJAJIFAJIFIFIJII-FAT-FAJFIAJFFF--FFIFJIAFJIJIIT-<AT-<TF<TIJIF-<<ARAJATF<JAA-AFFJJIIAJIFAJIFIFJJJJ-FAT-FAJFJAJFFF--FFJFJJAFJIIIIT-<AT-<TF<7JTIF-<<ARAJATF<JA,
@ST-E00310:147:HVI25CCXX:3:1101:6756:1907 1:N:0:TGAAGAGA @ST-E00310:147:HVI25CCXX:3:1101:6756:1907 1:N:0:TGAAGAGA
GTTACTTTGTTCCAAAGCTTTAGCTTTATTCCGTCCAAAGTTCATTGCACCACGTGCTCCACCACCACCCTGGTTCTTCAT(GTTACTTTGTTCCARAGCTTTAGCTTTATTCCGTCCARAGT TCATTGCACCACGTGCTCCACCACCACCCTGGTTCTTCAT!
- -

AL<FFJJJJJJAFJJJFFJAJIF-FIATRARJFFAL-FJJTTI<KFFAFTF-TAJ<JF-RAJJIJI<<I<FA-TFAJFF-<<<J-RA<FFJJJJJJAFJJJFFJAJJF-FIJATAAJFFAR-FJJT7T7I<FFAFTF-TAJ<JF-RAJJIJI<<I<FA-TFAJFF-<<<J-



Overview of data processing step

| FASTQ

FASTQ

SAM/BAM

Alignment Cleanup
| BAM
Differential Expression Analysis

Shi, Song et al. Journal of orthopaedic surgery and research ,2021.

(A)Data collection

find RNA-Seqg/Microarray data for OA
from GEO or ArrayExpress

(B) Quality control and data
normalization

a. RSegQC for RNA-seq data
b. RMA for microarray data

S 1 ] fdu:
(C) Differential gene expression A ﬁ‘
analysis = W il B
2. 3 " ! 4 b1 1
a. Deseq for RNA-seq data 2 ol rh bl '
b. Limma for microarray data S v ! Ly " 9
6 il 410 B vﬁ
3 ! 1 lI ) ! T
| f' \ l | :
] v |l i Nii-ome

(D) Integrated analyS|s Skeletal system development 1

a. Geneset enﬁchment AnalYsiS ;e regulation of angiogenesis 1 |
b. Network analysis

c. Computational drug repurposing Platelet degranulation

Response to progesterone { -

Ossification{ [

000 005 010 015
~Log10{Adjust.P|



uality control . " i
Q y Basic Statistics

| S e
g Fa St QC Re po rt Filename S Py e

File type Conventional base calls SZ#F%@
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Alignment

ANA-Seq reads
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Align reads to Assemble transcripts
genome de novo
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- 1 ]
=
—— N
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HREE AR
* Hisat2
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ERA T HRMG

* Bowtie2
- BWA

Table S3. Overview of mapping of RNA-seq reads

Sample Reads Passed Pipeline  Total reads for Mapped reads Mapped Uniguely mapped Uniquely
name Casava 1.8 mapping after reads (%) reads mapped
depletion of rRNA reads (%)
reads
S1-BLO 14,979,030£567,503 14,645,020+£726,712 10,413,447+1,038,711 71.01#4.36  8,642,167+687,620 58.96£2.05
S1-BLO1 14,331,274 13,808,859 9,318,562 67.48 7,860,447 56.92
S1-BLO2 15,388,745 15,001,973 11,384,966 75.89 9,153,474 61.02
S1-BLO3 15,217,072 15,124,229 10,536,813 69.67 8,912,579 58.93
S1-KID 14,348,868+304,077 13,956,939+199,609 9,985,279+365,562 71.53#1.62 8,196,252+24,544 58.73%1
S1-KID1 14,538,519 14,179,524 10,406,972 73.39 8,172,559 57.64
S1-KID2 14,509,948 13,793,822 9,758,102 70.74 8,221,567 59.6
S1-KID3 13,998,138 13,897,472 9,790,763 70.45 8,194,630 58.96
S2-BLO 16,243,50313,578,949 14,163,39511,630,064 9,379,9591990,424 66.3112.89  7,848,4351831,241 55.4812.48
S2-BLO1 20,289,683 16,045,356 10,439,342 65.06 8,734,231 54.43
S2-BLO2 14,948,561 13,194,586 8,477,144 64.25 7,085,403 53.7
S2-BLO3 13,492,265 13,250,242 9,223,390 69.61 7,725,672 58.31

El-Sharkawy, Islam et al. Journal of experimental botany,2015.



Differential Expression Analysis: Find key genes

WGCNA
A

Cluster Dendrogram
Fiyp27 @ 27y
a 5 . ¥ ERG251 .
Fluconazole resistance ® s
Ergosterol synthesis o % 5
Sphingolipid synthesis 2
401 Others : ¥ 8
! 1 @ st
) ! ! Cg_ 040500 o e
g 30 | | i ng:z ugm c
s ; | §702930C o B Module -trait relationships
(= | | §_03800C Module (# of genes)
- ; . Y Mgb‘
8 0 ®e ! !PA‘mFENI S (00 ‘ uler e 0o v .- m.nsg" il
! ° | 1 $ ® ERGS3 Pink (34 0 2"
o ; ., @ ® ink (34) Lty 2
! Re - - M.Ooc.gas?-“llgﬂ
° & | S crce roravoe (1172 8 (G @, Gt | v A iy
________________ Green (166) 3005; M gﬂ ; Mgn
0 ! RG28 ERG27 Red (140) s o . waipe: [ >
-5.0 -25 0.0 25 5.0 Black (49) e uie: s
- Log2 (fold change) — Brown (458) e Y w@iltis willho:
7
Sensiti Resistant -0.42 -0.41 049
ensitive esistan Yellow (444) o on e s we:o
crrt9 - g e -
ﬁ\@o. y"‘\ &‘c"‘ MATE Mﬁ“ maa'! NRF
Lz LY v <« NRF
EHNTARA
* DESeq2
* edgeR

Kingston, Belinda et al. Nature communications ,2021. El-Sharkawy, Islam et al. Journal of experimental botany,2015.



Enrichment Analysis : GO or KEGG analysis

THE GENE ONTOLOGY RESOURCE

KEGG v Search | Help
GO Enrichment Analysis @
The mission of the GO Consortium is to develop a comprehensive, computational model of  powered by PANTHER » Japanese
biological systems, ranging from the molecular to the organism level, across the multiplicity
of species in the tree of life. =
KEGG Home KEGG: Kyoto Encyclopedia of Genes and Genomes

Release notes

The Gene Ontology (GO) knowledgebase is the world' s largest source of information on
Current statistics

the functions of genes. This knowledge is both human-readable and machine-readable, and KEGG Is a database resource for understanding high-level functions and utilitias of

is a foundation for computational analysis of large-scale molecular biology and genetics the biclogical system, such as the cell, the organism and the ecosystem, from
experiments in biomedical research ' 1 > . biolagical process KEGG Databsse molecular-level information, especially large-scale molecular datasets generated by
B TAN W e giaiproc KEGG overview genome sequencing and other high-throughput experimental technologies.
See Release notes (October 1, 2024) for new and updated features.
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Color codes 4 3 z
can use UniPro - Gene Nsme. Gene Symbols, New article: KEGG: biological systems database as a model of the real world
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Visualize the enrichmen
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Chen, Ke et al. Molecular medicine reports,2017.
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Differentially expressed genes in chronic social isolated drosophila.
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Take home message
llumina

. . . PacBi@®
* Principles of the three sequencing technologies.
e [llumina, PacBio, Nanopore {2 NANOPORE

* The process of sequencing data processing
* Quality control, Alignment, Differential Analysis, Enrichment

Sequence reads

FASTQ

FASTQ

SAM/BAM

Alignment Cleanup
BAM ready for variant calling

BAM




Advanced Computational Techniques in Omics and
Behavioral Data

Joshua Liang
2024-11-28



Unlocking Complexity in Neuroscience with Advanced Analytics
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Non-Negative Matrix Factorization (NMF)

A",n, xn — W’In..}{ k Hk}{' n

Original Matrix Feature Matrix Coefficient
A W Matrix
H
m ~ m + Kk
n
n k
where,

A -> Original Input Matrix (Linear combination of W & H)
W -> Feature Matrix

H -> Coefficient Matrix (Weights associated with W)

k => Low rank approximation of A (k = min(m,n))



Basal Mes-1 I Mes-2 Forebrain development

T —

v Cell cycle GZIM phase transition

Signal release

Learning

Positive regulation of neurogenesis

Neuron migration

Regulation of neural precursor cell proliferation
Nose development

DNA replication

cellular structure organlzatlon

Mesenchymal cell differentiation
Epithelial cell proliferation
Macrophage migration
Positive regulation of chemotaxis
Response to TGF-§
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‘ nove : t— — = v w— s
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Response to FGF

Steroid metabolic process

T T

NMF Reveals Expression Patterns in Olfactory Neuroblastoma

Yang J et al., Nat Cancer. 2024



' Patients
Factors
’ ' -P factor 1
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Dimensional approach
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Manifold Fitting

. ey et 3 i
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---------- . o Tl (b) Denoising

e

(a) Embedding

(c) Fitting

Yao Z et al., arXiv, 2023



2D UMAP Projection

| 3D Data

igina

Or

UMAP (Uniform Manifold Approximation and Projection)

ghbors: 15
min_dist: 0.1

n_nei



A Transformation Manifold Fitting
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Mendelian Randomization (MR)

Mendelian randomization Randomized controlled trial
Population Sample
l Randomization step l
Random segregation of alleles Random allocation to groups
— —
Wild-type allele Variants Control Treatment
Disease Disease Disease Disease
outcomes outcomes outcomes outcomes
Statistical Statistical
tests tests

Sanderson E et al., Nat Rev Methods Primers , 2022



@ An RCT to test whether lowering CRP lowers SBP

Confounders (U)

Randomization to
CRP-lowering medication

» | CRP (X) > | SBP(Y)

b An MR study to test whether lowering CRP lowers SBP

Confounders (U)

Genetic variant associated
with lower CRP (G) > | CRP (X) > | SBP(Y)

Sanderson E et al., Nat Rev Methods Primers , 2022



V
Step2: Quality control

« Exposure-outcome pair with F-statistic of IVs >10
« Remove heterogeneous IVs (Q P<0.05)
* Remove exposure-outcome pair with horizontal pleiotropy

Step3: MR analysis

Forward Reverse
e -/Confoundi /Confoundel's\< i=ea
Genetics : :
varlants rsfMRI X Disorder Y rsfMRI X Disorder Y

|

Step4: Sensitivity analysis

« Leave-one-out analysis
« MR-PRESSO global test
« MR-Egger intercept

Genetics
variants

Mu C et al., Nat Hum Behav, 2024



Outcome: Autism spectrum disorder

Exposure
(location) fMRI network  IVs (N) Method P value
MR Egger 1.98x10” —e—n
Pheno12 Weighted mode  8.28 x10™% ——
(Paracentral | Motor 8 Weighted median 1.02 x 107 .
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Exposure: Attention-deficit/hyperactivity disorder

Orbitofrontal
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-01 |
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Mu C et al., Nat Hum Behav, 2024



Machine Learning & Deep Learning

INPUT FEATURE EXTRACTION CLASSIFICATION OUTPUT

— —)—4®)
vavavavaval

Leslieies et el

INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT
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mo.chine learning

unsuper‘vised
lear‘ning

super'vised
lear‘ning

reinforcement
lear‘ning
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Reinforcement Learning in ML

Input Raw Data

Environment |<€—

State

Best Action

Selection of
Algorithm

Agent

Output




Trial timeline Possible outcomes

No reward, no aversive sound Reward, no aversive sound

Fixation

Aversive sound, no reward Reward and aversive sound

Options

Choice

Outcome probability ©

Qutcome

Option — Conflict ---- Safe Outcome — Reward — Aversive sound
d
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o
®
s
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S
@)

0.00- 0.00-

0 50 100 150 200 Conflict Safe
Trial Option

Yamamori Y et al., Elife, 2023



Model

b
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c Task-induced anxiety Task-induced anxiety
Approach
Punishment learning rate 8 —
0-239(0
S Mediated effect = -0.002 (0.001) -06>)
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Task-induced anxiety reotieffeot ()= 0,002 (0.009) » Avoidance of conflict option

Mediated effect = 0.009 (0.003)**
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Yamamori Y et al., Elife, 2023



Deep Neural Network

input layer hidden layer 1 hidden layer2  hidden layer 3
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Convolutional Neural Network with Multiple Layers
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Layer (type) Output Shape Param #

input_1 (InputLayer) [(None, 28, 28, 3)] 0

conv2d (Conv2D) (None, 28, 28, 32) 896

batch_normalization (BatchNo (None, 28, 28, 32) 128

conv2d_1 (Conv2D) (None, 14, 14, 32) 9248

batch_normalization_1 (Batch (None, 14, 14, 32) 128

dropout (Dropout) (None, 14, 14, 32) 0

conv2d_2 (Conv2D) (None, 14, 14, 32) 9248

batch_normalization_2 (Batch (None, 14, 14, 32) 128

dropout_1 (Dropout) (None, 14, 14, 32) 0

conv2d_3 (Conv2D) (None, 14, 14, 32) 9248

batch_normalization_3 (Batch (None, 14, 14, 32) 128

dropout_2 (Dropout) (None, 14, 14, 32) 0

conv2d_4 (Conv2D) (None, 7, 7, 32) 9248

batch_normalization_4 (Batch (None, 7, 7, 32) 128

dropout_3 (Dropout) (None, 7,7, 32) 0

conv2d_5 (Conv2D) (None, 7,7, 32) 9248

batch_normalization_5 (Batch (None, 7, 7, 32) 128

dropout_4 (Dropout) (None, 7,7, 32) 0

conv2d_6 (Conv2D) (None, 4, 4, 32) 9248

batch_normalization_6 (Batch (None, 4, 4, 32) 128

dropout_5 (Dropout) (None, 4, 4, 32) 0

conv2d_7 (Conv2D) (None, 4, 4, 32) 9248

batch_normalization_7 (Batch (None, 4, 4, 32) 128

dropout_6 (Dropout) (None, 4, 4, 32) 0

conv2d_8 (Conv2D) (None, 4, 4, 64) 18496

batch_normalization_8 (Batch (None, 4, 4, 64) 256

dropout_7 (Dropout) (None, 4, 4, 64) 0

conv2d_9 (Conv2D) (None, 4, 4, 64) 36928

batch_normalization_9 (Batch (None, 4, 4, 64) 256

dropout_8 (Dropout) (None, 4, 4, 64) 0

dense (Dense) (None, 4, 4, 1024) 66560

batch_normalization_10 (Batc (None, 4, 4, 1024) 4096

dropout_9 (Dropout) (None, 4, 4, 1024) 0

conv2d_10 (Conv2D) (None, 4, 4, 64) 589888

batch_normalization_11 (Batc (None, 4, 4, 64) 256

dropout_10 (Dropout) (None, 4, 4, 64) 0

conv2d_11 (Conv2D) (None, 4, 4, 128) 73856

batch_normalization_12 (Batc (None, 4, 4, 128) 512

dropout_11 (Dropout) (None, 4, 4, 128) 0

conv2d_12 (Conv2D) (None, 4, 4, 128) 147584

batch_normalization_13 (Batc (None, 4, 4, 128) 512

dropout_12 (Dropout) (None, 4, 4, 128) 0

conv2d_13 (Conv2D) (None, 2, 2, 128) 147584

batch_normalization_14 (Batc (None, 2, 2, 128) 512

dropout_13 (Dropout) (None, 2, 2, 128) 0

conv2d_14 (Conv2D) (None, 2, 2, 128) 147584

batch_normalization_15 (Batc (None, 2, 2, 128) 512

conv2d_15 (Conv2D) (None, 2, 2, 128) 147584

batch_normalization_16 (Batc (None, 2, 2, 128) 512

dropout_14 (Dropout) (None, 2, 2, 128) 0

conv2d_16 (Conv2D) (None, 2, 2, 128) 147584

batch_normalization_17 (Batc (None, 2, 2, 128) 512

max_pooling2d (MaxPooling2D) (None, 1, 1, 128) 0

flatten (Flatten) (None, 128) 0
dropout_15 (Dropout) (None, 128) 0
dense_1 (Dense) (None, 2048) 264192
batch_normalization_18 (Batc (None, 2048) 8192
dropout_16 (Dropout) (None, 2048) 0
dense_2 (Dense) (None, 1024) 2098176
batch_normalization_19 (Batc (None, 1024) 4096
dropout_17 (Dropout) (None, 1024) 0
dense_3 (Dense) (None, 512) 524800
batch_normalization_20 (Batc (None, 512) 2048
dropout_18 (Dropout) (None, 512) 0
dense_4 (Dense) (None, 10) 5130

Total params: 4,504,874
Trainable params: 4,493,226
Non-trainable params: 11,648

« Convolutional Layers: Extract audio spectrogram
patterns.

- Batch Normalization: Stabilizes the training
process by normalizing the output of each layer,
accelerating convergence and improving
performance.

* Pooling Layers: Reduce the dimensionality of
spectrogram data while retaining critical features.

* Dense Layers: Combine learned features for
classification.

* Dropout Layers: Regularize the model to avoid
overfitting.
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Multi-Head Attention allows the model to “look” at the input from multiple perspectives
simultaneously, capturing diverse relationships within the data for a deeper understanding.
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Take home message

» Transformers use attention mechanisms to analyze gene interactions and integrate multi-

modal data, advancing tasks like cell annotation and regulatory network inference.

» NMF extracts latent features from high dimensional data, while manifold fitting captures

nonlinear structures, enhancing insights into complex biological systems.

» MR uses genetic variation to infer causal links between traits and diseases, aiding the study

of brain networks and mental disorders.



What can we learn from this report?

1. The diversity of statistical approaches in neuroscience data analysis:

Beyond differential analysis, statistical methods encompass regression prediction,
dimensionality reduction, and causal inference. These approaches enable us to uncover
complex relationships and biological mechanisms within data.

2. Standardized sequencing data processing steps:

Common sequencing data processing pipelines include quality control, alignment, differential
analysis, dimensionality reduction, and functional/network inference. These steps ensure data
reliability and provide a solid foundation for biological interpretation.

3. The potential of deep learning in neurobiology:

Deep learning methods, such as the Transformer architecture, are driving innovations in
neurobiology through their powerful feature extraction capabilities and flexibility. Embracing
breakthroughs like “Attention Is All You Need” will further unravel the complexity of neural
and gene regulatory networks.



