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® Uses for ML in blologlcal and blomedlcal research =

Before Moving On:

Pre-test: https://und.qualtrics.com/jfe/form/SV_3asp6ByKwgfrV8W

R code: https://med.und.edu/daccota/ files/docs/berdc_docs/machine learning rcode.txt



https://und.qualtrics.com/jfe/form/SV_3asp6ByKwgfrV8W
https://med.und.edu/daccota/_files/docs/berdc_docs/machine_learning_rcode.txt
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including hidden ones [1]; collection of connected nodes loosely
representing neuron connectively in a biological brain [4]
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® Label: dependent variable (statistics) N

® Features: independent variables (statistics)

y = x1+x2+x3

|_'_I

Features

® TFeature creation: transformation (statistics)

® (lasses: mutually exclusive groups (labels not mutually
exclusive)

& Datasets [4]: _

model to improve performance

= Validation datasets: used to monitor but not influence -
the training process
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B Supervised, unsupervised, semi-supervised,

reinforcement

® Supervised: use of labeled datasets to train algorithms
to classify data or predict outcomes accurately [6]

B  Unsupervised: use of ML algorithms to analyze and

cluster unlabeled datasets

® Main difference between the two: labeled data [7]

B Semi-supervised: Happy medium between two; during
training, uses a smaller labeled dataset to guide
classification and feature extraction from a larger,

unlabeled dataset

® Reinforcement: Like supervised (receives feedback),
but not necessarily for each input or state; ideal
algorithm that can learn how to make decisions in an

uncertain environment [8]

ML Methods

(Data with labels)

8] o
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3) validate the model, 4) interpret the results [2]

Get Data Train Model Improve

Clean, Prepare Test Data
[9] & Manipulate Data
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ML Techniques

Supervised learning:

®  neural networks, genetic algorithm, naive Bayes, Bayesian networks linear
regression, logistic regression, random forests, support vector machines (SVN),
decision trees, gradient boosting and bagging, multivariate adaptive regression

splines, nearest neighbor [3] MACHINE LEARNING

Unsupervised learning:

®  neural networks, genetic algorithm, Bayesian networks, PCA and singular value
" . _ L : : SUPERVISED UNSUPERVISED

decomposition (SVD), clustering (k-means, probabilistic, etc.), Gaussian mixture UPERVISE! ISUPERVIS

models, self-organizing maps, associations and sequence discovery, expectation

maximization, Bayesian networks, kernel density estimation, sequential covering

rUIe bUIldlng Define task — Obtaindata — Formtestset — Selectmodel —— Train —— Tune — Test
(if supervised) (if supervised)
v CLASSIFICATION | | REGRESSION CLUSTERING
Sufficient data? N Cet more data
l?es
Suppert Vector Linear Regression, K-Means, K-Medoids
Connections between Small, fixed number of Machines GLM Fuzzy C-Means
convolutional Yes @ntities? to features or no data labels
network e
Na Tes DI TN SVR, GPR Hierarchical
Dimensionality Analysis
2D/3D Spatial or Predicting Just visualizing reduction
Murallm Tes image data? class orvalue? vy Regression Naive Bayes Ensemble Methods Gaussian Mixture
lN“ lClass methods
m*t;tigwral . = m%antial Labelled data? TP (el Mearest Neighbor } [ Decision Trees ] [ MNeural Metwarks
convolutional No Yes ©
neural network l l
MNewral Metwarks Hidden Markov
Multilayer Support vector machine/ Madel
perceptron random forest/gradient boosting
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® Conceptual: predict values, identify unusual
occurrences, find structure, predict categories [2]

® General: speech recognition, customer service,
computer vision, recommendation engines,
automated stock trading [1]
® Healthcare/Biomedical:
® diagnostic tools, patient monitoring, and outbreak
predication|2]
®  tumor detection, drug discovery, and DNA
sequencing [3]
® identifying gene coding regions, structure
prediction, neural networks (classification of

cellular images, genome analysis, drug discovery), Al
in healthcare [11]

®  drug manufacturing, personalized medicine, stroke
diagnosis [12]

THIS 1S YOUR MACHINE LEARNING SYSTET?

YUP! YoU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLERS ON THE OTHER SIDE.

WHAT IF THE ANSLEERS ARE LIRONG? J

JUST STIR THE PILE. UNTIL
THEY START LOOKING RIGHT.

\HEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEY'RE IN A NATIONAL PARK ...

SURE, ERSY GIS LoOKUR
GW'EHFEUHU(RS.

.. AND CHECK WHETHER
THE PHOTD 15 OF A BIRD.

ILLNEEDHREEEHﬁCH

L

https://xkcd.com/1838/

IN CS, IT CAN BE HARD T© EXPLAIN

THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE.

https://xkcd.com/1425/
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®  Genomics: regulatory genomics (producing RNA-binding
proteins and transcription factors and predicting and
classifying gene expression), structural genomics (help classify
protein structure), functional genomics (classify mutations
and protein subcellular localization), genome sequencing, gene
editing, clinical workflow

®  Proteomics: mass spectral peaks, protein recognition by
sequence database searching

®  Microarrays: spotting significant interactions in complex
environments, gene classification, clustering, gene analysis
(analyze chances in gene patterns), differentiate gene states,
predict future gene changes

-

®  Systems Biology: capture interactions between biological
components and simulate the whole system’s behavior (signal
transduction networks, genetic networks, and metabolic
pathways), probabilistic graphical modeling, genetic ’
algorithms, Markov chain optimization
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& Cell Profiler & SAS [13, 14]

L ient
= DeepVarient ®  Machine learning Algorithms Cheat Sheet

1 ise
B Atomwise ® Base SAS procedures: ACECLUS,

®  TensorFlow ADAPTIVEREG, CLUSTER, DISCRIM,
et DISTANCE, FACTOR, FASTCLUS, GLIMMIX,
"""""""" BN (DE KRIGE2D, LOGISTIC, MCMC, MDS,
MODECLUS, NLIN, PLS, PRINCOMP, REG,
ROBUSTREG, VARCLUS




DaCCoTA

DAKOTA COMMUNITY COLLABORATIVE
ON TRANSLATIONAL ACTIVITY I 4 I Yy R TR
M O O l S NORTH DAKOTA.

B Python [15] B R [18, 19, 20]
®  Numpy, Scipy, Scikit-learn, ® lattice, DataExplorer,
Theano, TensorFlow, Keras, Dalex(Descriptive Machine Learning
PyTorch, Pandas, Matplotlib Explanations), dplyr, Esquisse, caret,
& Julia [16, 17] janitor, rpart, data.table, ggplot2,

e1071, xgboost, randomforest

®  MLJ, Scikit Learn, GLM,
Decision Tree, Mocha, Knet, ®  caret: Classification and Regression

Flux, Merlin, MLBase, Strada, Training
TensorFlow
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® Machine Learning in Python (Part 1 of 4) [22]

® Machine Learning in R (Book) [23]

® Book list for Machine Learning in R [24]

® Presentation slides on Machine Learning in SAS [25]
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(Unsupervised) [28-29]

Biopsy Data on Breast Cancer Patients

V1: clump thickness

V2: uniformity of cell size
V3: uniformity of cell size
V4: marginal adhesion

V5. single epithelial cell size
V6: bare nuclei

V=: bland chromatin

V8: normal nucleoli

V9: mitosis

Class: ‘benign’ or ‘malignant’
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Example 1.1

Classification of tumors

#Get and check data

>data(biopsy) ID Vi V2 V3 V4 V5 V6 V7 V8 V9  class

~hea d(biopsy) “character" "integer" "integer" 'integer" 'integer" 'integer" "integer" "integer" "integer" 'integer" "factor"
>sapply(biopsy, class)

#New dataset (excluding missing data and setting variable to numerical)

>biopsy1 <-na.exclude((biopsyl[,2:11]))

>biopsyi[,1:9] <- sapply(biopsyi[,1:9],as.numeric) VI V2 V3 V4 V5 V6 V7 V8 V9 class

>Sapply(biopsy1, class) "numeric" "numeric" "numeric" "numeric" "numeric" "numeric" "numeric" "numeric" "numeric" "factor"

#Validation Dataset

>validation_index <- createDataPartition(biopsyis$class, p=0.80, list=FALSE)
# select 20% of the data for validation

>validation <- biopsyi[-validation_index;,]
# use the remaining 80% of data to training and testing the models

>dataset <- biopsyi[validation_index,]
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Example 1.2

Classification of tumors

# Run algorithms using 10-fold cross validation
>control <- trainControl(method="cv", number=10)

>metric <- "Accuracy”

# Test Five Classification models

>set.seed(1)

>fit.lda <- train(class~., data=dataset, method="lda", metric=metric, trControl=control)
>set.seed(1)

>fit.cart <- train(class~., data=dataset, method="rpart", metric=metric, trControl=control)
>set.seed(1)

>fit.knn <- train(class~., data=dataset, method="knn", metric=metric, trControl=control)
>set.seed(1)

>fit.svim <- train(class~., data=dataset, method="svmRadial", metric=metric, trControl=control)
>set.seed(1)

>fit.rf <- train(class~., data=dataset, method="rf", metric=metric, trControl=control)



DaCCoTA

DAKOTA COMMUNITY COLLABORATIVE
ON TRANSLATIONAL ACTIVITY

Classification of tumors

#Summarize accuracy of models

>results <- resamples(list(lda=fit.lda, cart=fit.cart,
knn=fit.knn, svm=fit.svi,
rf=fit.rf))

>summary(results)

>dotplot(results)

>print(fit.rf)

#Make predictions
>predictions <-predict(fit.rf, validation)

>confusionMatrix(predictions, validationsclass)

Example 1.3

call:
summary. resamples (object = results)

Models: lda, cart, knn, svm, rf
Number of resamples: 10

)

NORTH DAKOTA.

rRandom Forest

Accuracy 548 samples
Min. 1sT Qu. Median Mean 3rd qQu. Max. NA's 9 predictor
Tda 0.9259259 0.9327922 0.9632997 0.9598942 0.9817340 1.0000000 0 2 classes: 'benign', 'malignant’
cart 0.8571429 0.9078283 0.9363636 0.9325493 0.9634630 0.9818182 0
knn 0.9090909 0.9498316 0.9818182 0.9709716 1.0000000 1.0000000 0 No pre-processing .
svm 0.8928571 0.9272727 0.9537037 0.9527537 0.9909091 1.0000000 0 Resampling: Cross-validated (10 fold)
rf  0.9285714 0.9544613 0.9818182 0.9764598 1.0000000 1.0000000 0 summary of sample sizes: 494, 493, 493, 493, 492, 494, ...
Resampling results across tuning parameters:
Kappa
Min. 1St qu. median Mean  3rd qu. Max. NA'S mtry Accuracy Kappa
1da 0.8335901 0.8508984 0.9182515 0.9109532 0.9591931 1.0000000 0 g g-gg%g?g g-g;gggg%
cart 0.6956522 0.7999152 0.8597709 0.8535073 0.9203543 0.9592894 0 3 0 9651497 0. 9248091
knn 0.8014440 0.8903491 0.9597891 0.9365130 1.0000000 1.0000000 0 . .
svm 0.7717391 0.8467967 0.9015716 0.9000753 0.9803852 1.0000000 0 ] )
Accuracy was used to select the optimal model using the largest value.
rf  0.8444444 0.9026131 0.9600850 0.9488491 1.0000000 1.0000000 0 The final value used for the model was mtry - 2.
confusion mMatrix and statistics
080 0B85 090 09 100
1 1 1 1 1 1 1 | 1
Accuracy Kappa o rReference
prediction benign malignant
benign 86 1
it : N malignant 2 46
Accuracy : 0.9778
ke e e 95% CI : (0.9364, 0.9954)
No Information Rate : 0.6519
P-value [Acc > NIR] : <2e-186
da — R Kappa : 0.9513
Mcnemar's Test P-value @ 1
svm —_— —_— .
sensitivity : 0.9773
specificity : 0.9787
Pos Pred value : D.9885
cart e R Neg Pred value : 0.9583
Prevalence : 0.6519
T T T T T T T T T petection Rate : 0.6370
080 085 090 085 100 Detection Prevalence : 0.6444
Kappa Balanced Accuracy : 0.9780

Accuracy

Confidence Level: 0.95

'positive’ Class : benign




DaCCoTA

DAKOTA COMMUNITY COLLABORATIVE
ON TRANSLATIONAL ACTIVITY

Example 2.1

Regression decision tree for tumors

#Get and check data

>biopsy2 <- na.exclude((biopsy[,2:11]))
>biopsy2[,1:9] <- sapply(biopsyz[,1:9],as.numeric)
>head(biopsy2)

#Split into training and testing

>sample <- sample(c(TRUE, FALSE), nrow(biopsyz), replace=TRUE,
>prob=c(0.75,0.25))

>train <- biopsyz2[sample, |

>test <- biopsyz[!sample, ]
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Example 2.2

Regression decision tree for tumors

#Modeling

>fit.dt <-rpart(class~., data=train, method="class")
>rpart.plot(fit.dt)

>fancyRpartPlot(fit.dt, caption=NULL)

#Feature Importance
>varlmp(fit.dt)

confusion Matrix and statistics

# Make predictions Reference
>predictions2 <-predict(fit.dt, test, type="class") Prediction benign malignant

benign 100 5

>head(predictions2) malignane 7 47
>confusionMatrix(predictionsz, testsclass) overall *oswcl T Cor8719, 0.9600)
’ 1'.":'_ 9. 906541 No Information Rate : 0.673

P-value [Acc > WIR] : 3.302e-14

v2 188.706682
V3 189.041728 . .
v4  12.363090 Menemar's Test P-value : 0.7728

Kappa : 0.8302

sensitivity : 0.9346

W5 145.492667 specificity : 0.9038
Pos Pred value : 0.9524

ve 182.930631 Neg Pred value : 0.8704
prevalence @ 0.6730

V? l?g- 959556 petection Rate : 0.6289

V8  6.796046 e eelances accuracy | 0.9192
VO  2.899512

"Positive’ Class : benign
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K-means clustering for tumors

#Get data
>biOpSY3 <- na.exclude((biopsy[,z:n])) 5.U_Clus;ter plot Optimal ntlmeer of clusters
>biopsy3 <- sapply(biopsy3[,1:9],as.numeric) 067
>head(biopsy3)
#Clustering .
>set.seed(1) 251 2047
>clust.km <-kmeans(biopsy3,2) g cluster §
>clust.km 5 g & a1 C ; [#] - -
S| e v s © | 3
#Graphing . T B i | §o2,
>fviz_cluster(clust.km, data=biopsy3)
#Optimal clusters
>fviz_nbclust(biopsy3[,1:9], kmeans, o0 ¢ oo
— "l " 5 5 ' ' 1 2 3 4 5 6 7 8 9 10
method = "silhouette ) > Dim12'[565_5%} e “ Number of clusters k
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CODC]USiOnS NORTH BAKOTA

& Machine Learning has many applications in biological and
biomedical research

® Lots of techniques, which can be run using popular software

& Not as hard as you might think

® Most useful in predictive applications; inferential
applications can use standard statistical methods

Please take the post-test and survey:

Post-test: https://und.qualtrics.com/jfe/form/SV_gXLyNZwobmkugU6
Survey: https://und.qualtrics.com/jfe/form/SV_clokDfUYT{fHjwrA



https://und.qualtrics.com/jfe/form/SV_9XLyNZw0bmkugU6
https://und.qualtrics.com/jfe/form/SV_cI0kDfUYTfHjwrA
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