
徐唯哲
Paul Wei-Che HSU

分子與基因醫學研究所
專案技術助研究員

機器學習與多體學資料分析
Machine learning and integrative analysis of multi-omics data

2023/9/15
1



課程相關資料
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https://drive.google.com/drive/folders/1JwKLgLGLvscr9fVsAKc_AacJyYgkEfZ-?usp=sharing

https://drive.google.com/drive/folders/1JwKLgLGLvscr9fVsAKc_AacJyYgkEfZ-?usp=sharing


群聚 (Crowding)
引發的災難

蝗災
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蚱蜢 蝗蟲

蝗災的起源: CYP305M2

Active CYP305M2

Crowding

L-Phenylalanine (苯丙胺酸) Z-Phenylacetaldoxime (苯乙醛肟) Phenylacetonitrile, PAN (苯乙腈) HCN (氰化氫)
CYP305M2 CYP71
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CYP450 (Cytochrome P450)
CYP enzymes cover about 80% of oxidative metabolism

70-80% of clinical drugs are metabolized by CYP enzymes

CYP2R1

CYP27B1

l, 25-dihydroxyvitamin D
1,25(OH)2D

25-hydroxyvitamin D

Vitamin D2 Vitamin D3

(Zhao et al., 2021)

(Zanger and Schwab., 2013)

為什麼每個人獲得的維他命D的能力不一樣?

細胞色素P450



Genetic Variants

遺傳變異:個體之間DNA的差異

6



Phenotype Variability

• 外顯率 (Penetrance)

• 表現度 (Expressivity)
(https://www.wikiwand.com/en/Phenotype)

表型多變性

相同基因突變下，造成phenotype表現的比率

80%

相同基因突變下，phenotype表現的程度
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CYP450, CYP (細胞色素P450)
23 Pharmacogenes

https://www.pharmvar.org/

CYP2 family
CYP2A6

CYP2A13
CYP2B6
CYP2C8
CYP2C9

CYP2C19
CYP2D6
CYP2E1
CYP2F1
CYP2J2
CYP2R1
CYP2S1
CYP2W1

CYP1 family
CYP1A1
CYP1A2
CYP1B1

CYP3 family
CYP3A4
CYP3A5
CYP3A7

CYP3A43

CYP4 family
CYP4F2

Non-Cytochrome P450
DPYD

NUDT15

21 CYP genes
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CYP2C9

Liver

Small intestine
ABCB1

Intestinal absorption

2-oxo Clopidogrel

CYP1A2
CYP2B6
CYP2C19

CYP3A4
CYP2B6CYP2C19

Clopidogrel
Inactive metabolite

Clopidogrel
(pro-drug)

Clopidogrel
(active metabolite)

P2Y12 receptor

>85%<15%

CES1

CES1

(保栓通,
抗凝血藥物)

降低血小板的活性

抑制血栓
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Platelet reactivity unit (PRU)

血小板高反應性
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PRU
低

(抗凝血效果佳)

高

Pharmacogenes

Machine learning 
從基因型態預測藥效

(抗凝血效果差) 11



Arthur Samuel popularized the term "machine learning" in 1959
12



13

Artificial Intelligence
人工智慧

Machine Learning
機器學習

Deep Learning
深度學習

人工智慧，機器學習與深度學習



Machine learning 

Supervised Learning

Unsupervised Learning

Reinforcement Learning

Semi-supervised learning

監督學習

無監督學習

半監督學習

強化學習
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80%

20%

資料
data Machine learning 

訓練 training

模型 model
測試 test

Supervised Learning 監督學習

Labeled examples

Unlabeled examples
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Supervised Learning 監督學習

(by Karen Zack )

Classification(分類)

良性腫瘤/惡性腫瘤

圖片: 食物/狗

垃圾郵件/非垃圾郵件

predicting a label 

Regression(回歸)

predicting a quantity

骨齡預測

房價評估

降雨機率
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0

400

200

x = SNP number

Clopidogrel(保栓通)

PRU

hθ (x) = θ0 +θ1x

θ0

模型二 (二項式回歸)

模型一 (線性迴歸)

模型一 (線性迴歸)

模型二 (二項式回歸)hθ (x) = θ0 +θ1x+θ2x2

從受試者的特徵值去預測PRU值

x1 = SNP number

= age of subjectx2

= sex of subjectx3

= is CYP2C19*17 (0/1)x4

…

x100

特徵值(features)x

Regression(回歸)

x0 = 藥效0/1
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PRU

高

Pharmacogenes
(特徵值)

(抗凝血效果差)

PRU=200

有藥效
(PRU低)

無藥效
(PRU高)

Classification(分類)
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g(ΘTx) 1

0

0.5

從受試者的特徵值去預測Clopidogrel(保栓通)的藥效

hθ (x) = 0.7

If x = =
1

SNP number

hθ (x) = 0.7

無藥效

該名患者服藥後70%無效

Logistic regression

If hθ (x) ≥ 0.5, predict “y = 1”

If hθ (x) < 0.5, predict “y = 0”
無藥效

x1 = SNP number

x1 = SNP number

特徵值(features)x
x0 = 藥效0/1

有藥效

hθ (x) = estimated probability that y = 1 on input x 

有藥效
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x1 = SNP number

= age of subjectx2

= sex of subjectx3

= is CYP2C19*17 (0/1)x4

…

x100

特徵值(features)

hθ (x) = g(ΘTx)

= 

Logistic regression

g(ΘTx) 1

0

x

ΘTx

Sigmoid function

0.5

從受試者的特徵值去預測Clopidogrel(保栓通)的藥效

x0 = 藥效0/1

無藥效

有藥效
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找出重要的特徵值(features) x

(Michal Kosinski and Yilun Wang, 2020)
Male Female
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如何診斷代謝症候群?

22

ATP-III

符合五項指標任三項者2007.1.18公告實施

台灣
目前的評估標準

代謝症候群的診斷標準
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Taiwan Biobank

n=217,196

根據不同性別年齡/性別，標準化各項指標 (Z-score)

建立各項指標風險程度的評分

1

2
分析各項指標的權重

統計模型

Pearson Correlation

Scores Based

Weighting

Regression

LASSO

Confirmatory factor analysis (CFA)

如何判斷指數的嚴重性?



重要特徵排名
feature scores analysis

1. 腰圍
2. 血糖
3. TG
4. 血壓
5. HDL

1. 腰圍
2. 血糖
3. TG
4. 血壓
5. HDL

1. 腰圍
2. 血糖
3. TG
4. HDL
5. 血壓

1. 腰圍
2. 血糖
3. TG
4. HDL
5. 血壓

1.血糖
2.腰圍
3.血壓
4. HDL
5. TG

1. 腰圍
2. 血糖
3. TG
4. 血壓
5. HDL

年齡 20-39 40-54 55-64 ≥65
TG 0.593812 0.564152 0.54498 0.529211

HDL 0.32498 0.323892 0.286285 0.265515

腰圍 0.894987 0.891831 0.902409 0.938052

血糖 0.778805 0.683606 0.641712 0.63396

血壓 0.423434 0.335106 0.261107 0.215299

年齡 20-39 40-54 55-64 ≥65
TG 0.460873 0.580948 0.608649 0.584282

HDL 0.493218 0.446388 0.346302 0.341003

腰圍 0.905682 0.881332 0.942321 0.969141

血糖 0.995502 0.706625 0.54936 0.497753

血壓 0.651754 0.458852 0.306021 0.224916

男性
女性

1. 腰圍
2. TG
3. 血糖
4. HDL
5. 血壓

1. 腰圍
2. TG
3. 血糖
4. HDL
5. 血壓

0.45

0.5

0.55

0.6

20-39 40-54 55-64 ≥65

TG

0

0.2

0.4

20-39 40-54 55-64 ≥65

HDL

0.85

0.9

0.95

20-39 40-54 55-64 ≥65

腰圍

0

0.5

1

20-39 40-54 55-64 ≥65

血糖

0

0.2

0.4

0.6

20-39 40-54 55-64 ≥65

血壓

0

0.5

1

20-39 40-54 55-64 ≥65

TG

0

0.2

0.4

0.6

20-39 40-54 55-64 ≥65

HDL

0.8
0.85

0.9
0.95

1

20-39 40-54 55-64 ≥65

腰圍

0

0.5

1

1.5

20-39 40-54 55-64 ≥65

血糖

0

0.5

1

20-39 40-54 55-64 ≥65

血壓

從台灣人體資料庫來看不同性別與年齡，各項指數的重要性也不同

隨著年齡的增加，腰圍的重要性逐漸上升。

重要特徵排名
feature scores analysis



監督學習常用的演算法

如何從細胞外觀判定惡性與良性腫瘤
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羅吉斯迴歸 (Logistic Regression) 分類

將細胞特徵綜合評分，畫出惡性與良性腫瘤的分界
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單純貝氏( Naïve Bayes ) 分類

根據經驗，腫瘤越大，惡性的機率越大
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支援向量機 分類(SVM)和迴歸(SVR)

把二維變成三維，找出超平面分開惡性與良性腫瘤
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K最近鄰居 ( KNN, K-Nearest Neighbors )

腫瘤是良性或惡性，由周圍的細胞表決

分類和迴歸

惡性腫瘤

良性腫瘤

29



決策樹 ( Decision Tree ) 分類和迴歸

先看腫瘤大小，再看形狀，然後看硬度

隨機森林 ( Random Forest )

梯度提升樹 (GBDT)極端梯度提升樹 (XGBoost)

輕量級的高效梯度提升樹(lightGBM)
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餅乾
巧克力
冰淇淋
威化餅
香蕉

口袋餅
可樂
葡萄
柳橙

椰棗乾
烤燕麥
蘋果
西瓜

起司蛋糕
牛角麵包
柳橙汁
披薩

丹麥麵包
麵包

米脆餅
柿子

馬鈴薯
酥皮鹹派
全麥麵包
麵包卷

全麥麵包卷
米飯

玉米榖片

由決策樹 ( Decision Tree )來預測個人對特定食物的血糖反應

0 20 40 60 80

血糖反應 (mg/dl)

(E. Segal & E. Elinav, 2017)

腸道菌才是關鍵

Parabacteroides distasonis
狄氏副擬桿菌

多氏擬桿菌
Bacteroides dorei

決策樹 Decision Tree 

137特徵值

血糖預測模型

血糖反應

血糖反應
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全球最大的資料科學社群

如何入門?

Alzheimer Microarray Analysis Breast Cancer Analysis ECG Heartbeat Categorization
COVID19-hg GWAS round 5 release (GRCh38)

32
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快速入門

1. 下載 ANACONDA: https://www.anaconda.com 

上課資料

2. 安裝

3. 打開ANACONDA

4. 準備工作:安裝套件

5. 跑程式 (Jupyter)

只需要做一次
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打開”安裝frameworks.txt”，一行一行輸入需要安裝的套件

安裝的套件



實戰演練

35

檔案: https://www.kaggle.com/datasets/samdemharter/brca-multiomics-tcga

n=705 (611名存活，94名死亡)

Copy Number Variations (860)
Somatic Mutations (249)
Gene Expression (604)
Protein Expression (223)
Total: 1936 features

Multi-Omics

Total: 1936 features

paper: https://www.cell.com/cell/fulltext/S0092-8674(15)01195-2
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data.csv
70

5 
pa

tie
nt

s

…

…

1936 features survival: 0 
death: 1
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開啟brca.ipynb

Jupyter
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效能評估
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confusion matrix 混淆矩陣

=

偽陽性率, 沒病被診斷有病的比率

false positive rate (FPR)

偽陰性率, 有病被診斷沒病的比率

false negative rate (FNR) =

偽陰性

偽陽性

42



Recall/Sensitivity

Specificity

Precision

Accuracy

False Discovery Rate (FDR)

=
所有得病者被正確診斷出得病的比率

=
所有非得病者被正確診斷非得病的比率

診斷出得病者中，真正得病的比率

= 所有受試者被正確診斷為有病和沒病的比率

= 1 - Precision

43



Harmonic Precision-Recall Mean (F1 Score)

診斷出得病者中，真正得病的比率

所有得病者被正確診斷出得病的比率
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Receiver operating characteristic curve, ROC

真陽性率(true positive rate)

TPR

敏感度(sensitivity)

偽陽性率(false-positive rate)

FPR

Area under the ROC curve

召回率 (recall)

研究罕病用Precision

=
=

1 - Specificity= 45



與遺傳性乳癌相關的基因

僅有10%乳癌患者有以上基因突變

5%乳癌患者有BRCA1/2突變

14%遺傳性乳癌患者找不到相關基因

ATM ATM serine/threonine kinase
BARD1 BRCA1 associated RING domain 1
BRCA1 BRCA1 DNA repair associated
BRCA2 BRCA2 DNA repair associated
BRIP1 BRCA1 interacting helicase 1
CDH1 cadherin 1
CHEK2 checkpoint kinase 2
FANCA FA complementation group A
FANCI FA complementation group I
FANCL FA complementation group L
NBN nibrin
NF1 neurofibromin 1

PALB2 partner and localizer of BRCA2

PIK3CA phosphatidylinositol-4,5-bisphosphate 3-kinase 
catalytic subunit alpha

PMS2 PMS1 homolog 2, mismatch repair system component
PPM1D protein phosphatase, Mg2+/Mn2+ dependent 1D
PTEN phosphatase and tensin homolog

RAD51C RAD51 paralog C
STK11 serine/threonine kinase 11
TP53 tumor protein p53
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欠擬合 過擬合

樣本數太少

特徵數/參數太多

特徵數/參數太少

欠擬合(Underfitting) &過擬合(overfitting)

單純以遺傳性乳癌相關基因
建立乳癌預測模型

完美

(Source from Andrew Ng)
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從人的睡姿來預測床的形狀

過擬合
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Unsupervised Learning 無監督學習

Clustering (群集)

Association (關聯)

Microarray 基因表現分群 (Kao, et al., 2009)

Single-cell analysis

Dimensionality Reduce (降維)

GWAS (全基因組關聯分析)

49



Clustering (群集)

k-Means 
Clustering

Microarray/RNA-seq 基因表現分群

Day0: Control

Day1 Day2 Day3

施打疫苗後基因產生的變化

Day4

Gene1

Gene2
Gene3

k=6

Gene Functional 
Analysis
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Association (關聯)

Apriori algorithm

找出轉錄因子(Transcription factors)的組合

Gene TF
Gene1 A,B,C
Gene2 A,C
Gene3 A,D
Gene4 B,E,F

promoter

Gene1

Gene2

Gene3

Gene4

A

A

C

C

FE

B Transcription factors (TF)

B

A C

AD

計算頻率

Frequent Items Support
{A} 0.75
{B} 0.5
{C} 0.5

{A,C} 0.5
{E} 0.25
{F} 0.25

{A,B,C} 0.25
{A,D} 0.25

{B,E,F} 0.25

Minimum support 0.5
Minimum confidence 0.5

Support = support({A, C}) = 0.5 

Confidence = support({A, C})/support({A}) = 0.67

Confidence = support({A, C})/support({C}) = 1
51



The activating TF binding sites are significantly closer than repressing TF binding sites 
to the TSS

Positive elements on human promoters between 40 and 350 bp away from the TSS, 
as well as the presence of negative elements from 350 to 1,000 bp upstream of the 
TSS (Cooper et al., Genome Res, 2006).

Transcription factor binding resulted in transcriptional repression in more than a third 
of functional sites.

Genome Biology 2012
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Dimensionality Reduce (降維)利用基因表現值將細胞分類

(Source from StatQuest)

Cell1 Cell2 Cell3 Cell4 …
Gene1 3 0.25 2.8 0.1 …
Gene2 2.9 0.8 2.2 1.8 …
Gene3 2.2 1 1.5 3.2 …
Gene4 2 1.4 2 0.3 …
Gene5 1.3 1.6 1.6 0 …
Gene6 1.5 2 2.1 3 …
Gene7 1.1 2.2 1.2 2.8 …
Gene8 1 2.7 0.9 0.3 …
Gene9 0.4 3 0.6 0.1

…

PCA (主成分分析)
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PCA (gene expression)

Position specific scoring matrix (PSSM)

Protein structure: 

Gene expression regulation pathway:

SNP and InDel caller: 

Clustering, K-means
Transcription factor+

Functional Annotation

g:Profiler GSEA
DAVID

I-TASSER 
AlphaFold

BioCyc

IPA

GATK
Illumina DRAGEN (國網中心) PRSice-2 (R程式)

GWAS/PRS:
plink

QIIME 2 (microbiota)

PCoA, NMDS (microbiota)

MEME
JASPAR
TRANSFAC

機器學習早
已融入到生物資訊
各個分析領域
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Radiomics 放射組學

Philippe Lambin 2019

Deep Learning深度學習

生物醫學影像分析流程



Convolutional Neural Networks

https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/

property 1

property 2

conv layer
(search feature) pooling layer



靠人工判讀X光片無法正確
診斷是否確診新冠肺炎

Sensitivity = 0.56

Specificity = 0.60

只從X光片，確診者被診斷出確診的比率

只從X光片，非確診者被診斷非確診的比率



影像分析:胸腔X光判讀感染肺炎

開發框架:
- TensorFlow-21.02-tf2-py3
硬體設定:
- a100.2g.20gb

資料來源: Kang Zhang et. al., 2018, Cell

正常(n =1,349)

細菌性肺炎(n=2,538)

非COVID-19病毒性肺炎(n=1,345)

COVID-19肺炎(n=3616)

Chowdhury et. al., 2020. IEEE



Sensitivity = 0.93

Specificity = 0.96

只從X光片，確診者被診斷出確診的比率

只從X光片，非確診者被診斷非確診的比率

Convolutional neural networks(CNN)

13808 samples
全部運行完畢時間: 約4min 30s

Conv2D
MaxPooling2

Dropout
Conv2D

MaxPooling2
Dropout
Conv2D
Flatten
Dense

Dropout
Dense

開發框架:
- TensorFlow-21.02-tf2-py3
硬體設定:
- a100.2g.20gb



找出AI判讀X光片為確診的依據

X-ray
Heatmap

Grad - CAM Algorithm

偏紅色為AI重要的參考區域

加上註釋



神經網路與深度學習
Neural networks and deep learning

1

2

3

https://drive.google.com/drive/folders/1ITEhTJqNjyPWu5h7rZsGmOeQwzlFZTT?usp=sharing

Python or Julia
Program language

TensorFlow or PyTorch
Software library for machine learning

Deep learning API

Keras



SpliceAI
2019

神經網路在基因體學的應用



Modeling

splice acceptor Loss/Gain
splice donor Loss/Gain
neither

Input: pre-mRNA sequences

CATGCATCTCGAGCATGCGTACACT

40 nt
200 nt

1000 nt
5000 nt

40 nt
200 nt
1000 nt
5000 nt

Convolutional Neural Networks (CNNS)

(Jaganathan et al., Cell, 2019)

Output: probability

Residual neural network (ResNet)

variant: chr6-2317763-T-A Acceptor Loss pre-mRNA position: 106 bp



Training and Testing
• hg19/GRCh37 Genome assembly
• GENCODE Version 24lift37

removed genes without any splice junctions

20,287 protein-coding gene

training testing 1
chromosomes 2, 4, 6, 8, 10-22, X, and Y

(13,384 genes, 130,796 donor-acceptor pairs)
chromosomes 1, 3, 5, 7, and 9 without any paralogs 

(1,652 genes, 14,289 donor-acceptor pairs)

95% accuracy !

~90% ~10%

The Genotype-Tissue Expression project



不預設立場

多面向觀察

正確觀念 正確方法 有效的精準醫療

邏輯正確

結果符合生物學常識

+ =

65



Little People of Ecuador: Laron Syndrome

肥胖是一種疾病，是心血管疾病與糖尿病元凶?

厄瓜多小人
(西班牙後裔)

一般厄瓜多人

肥胖
Obese

糖尿病
Diabetes

癌症
Cancer

Dr. Jaime Guevara-Aguirre Dr. Valter Longo

Dr. Arlan RosenbloomDr. Jaime Guevara-Aguirre

生長激素無法刺激肝臟分泌胰島素生長因子IGF1

20% 12%

~0%

~0%

5%

22%
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性別

年齡
族群 (肥胖族群， 抽菸族群)人種

基因體學

代謝體學

腸道菌體學

精準醫療
Genotyping

Metabolites data

Gut microbiota data

機器學習
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最後彩蛋

參考書籍 Deep Medicine: How Artificial Intelligence Can Make 
Healthcare Human Again, Topol, Eric, 2019

精準醫學：早期預防癌症，破解基因迷思對症下藥，曾嶔元，2020
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1. 人工智慧與定序都是老技術新發展，並開創熱潮

Frederick Sanger
1975

Dideoxynucleotide termination

2007 first real application of 
Next Generation Sequencing

(Johnson et al, Science 2007)

2006
Deep learning

Geoffrey HintonJohn McCarthy
1956

coined the term "artificial intelligence" (AI)

AI

Sequencing
NGS

Deep 
Learning
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2. Deep learning與NGS第一次結合是2016年，Google贏得SNP variant (from DNA-seq )
預測大賽

DeepVariant
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DeepVariant

SNP

Hetero Deletion

Homo Deletion

False Positive

Red = {ACGT} Green={quality score} Blue={read strand}

true SNP on one chromosome pair

a deletion on one chromosome

a deletion on both chromosomes

a false variant caused by errors

(Poplin et al., Nature Biotechnology, 2018)



(Poplin et al., Nature Biotechnology, 2018)

Convolutional neural network (CNN)

Genotype

Homozygous reference: 0.01

Homozygous variant: 0.95
Heterozygous: 0.04

Homozygous variant call

99.9% accuracy



Frank Rosenblatt

3. 1958年，Frank Rosenblatt當初為了解開大腦的奧秘，模仿神經元設計
了感知器，是人工智慧的先驅，也是AI神經網絡最小單位

(American psychologist)

感知器 Perceptron 神經元 Neuron

AI神經網絡 Neural Network 神經網路 Nerve Net
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Thanks for your attention~
My Email: paul@nhri.edu.tw
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