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MTBLS90: Large-scale non-targeted serum metabolomics in the Prospective Investigation of the Vasculature in Uppsala Seniors

Andrea Ganna, Samira Salihovic, Erik Ingelsson, Lars Lind

The Prospective Investigation of the Vasculature in Uppsala Seniors (PIVUS) is a community-based study where all men and women at age 70 living in Uppsala, Sweden were
invited to participate in 2001. The 1,016 participants (50% women) have been extensively phenotyped. In March 2006 a reinvesigation of the cohort at the age of 75 was started.
The major measurements performed at age 70 were also repeated at age 75. Here we make publically available all the metabolomics analysis on serum samples from the
investigation at age 70. In the final analysis we included samples from 968 individuals.
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X0 <- read.csv(file="C:/R/MTBLSY0_train.csv")

- T — I DE
X <-as.matrix(X0[,-c(1,2)]) # A ¥ Fra—5L5—%

YO <- XO[,2] # Bt1&4R (M 2)
Y <- model.matrix(" YO + 0) # B&IZEH

« PLS¥I 514047

library(chemometrics)
plsda <- cppls(Y™X, 30, data=data.frame (X=X, Y=Y),
scale=TRUE)



PLSHI 31547 (2)
« PLS¥IB D X7

col_class <- NULL;
col_class[YO=="Male"] <- |; col_class[YO=="Female"] <- 2

plot(plsda$scores, col=col_class, pch=16, cex=1.5)

Comp 2
0
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e chemometrics/ Wi —3
library(chemometrics)
plsdal <- cppls(Y™X, 2, data=data.frame (X=X, Y=Y),
scale=TRUE)

e pls/\wir—3
library(pls)
plsda2 <- pls2_nipals(X, Y, a=2, scale=TRUE)

e mixOmics/ Vo —
library(mixOmics)
plsda3 <- plsda(X, YO) # 7 7#/L+Tscale=TRUE
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« 702/ F—3 3 >(10 fold)

plsda <- cppls(Y™X, 30, data=data.frame (X=X, Y=Y),
validation="CV", segment=10, segment.type="consecutive",
scale=TRUE)

c BEZBOEDRE
PRESS <- plsda$validation$PRESS[ |,]
plot(PRESS, type="b")
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c BEEBOBDRE
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lvnum <- which.min(PRESS) # 34'PRESS&/)
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e TRAMNTFT— I NHAIAK
Z0 <- read.csv(file="C:/R/MTBLSY0_test.csv")
« T — 9 DA

Z <-as.matrix(Z0[,-c(1,2)]) # A9 Hra—5L5—%
Ytest <- ZO[,2) # TR b T — 9 D5

« A

pO <- predict(plsda, ncomp=Ilvnum, newdata=2)
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« TAIFERDEE
pl <- max.col(pO[,,!])

rm

p <- NULL;
p[which(pl==1)] <- "Female"; p[which(p|==2)] <- "male"
« REtRER
mig: ko
table(Ytest, p) TRlER
Female male &at
Female 98 22 120
IE %
Male 29 q2 |21

FRRERIZLMTS]. 7% . BHET76.0%



Metabolomics

(2019) 15:150

https://doi.org/10.1007/511306-019-1612-4

ORIGINAL ARTICLE

®

Check for
updates

A comparative evaluation of the generalised predictive ability of eight
machine learning algorithms across ten clinical metabolomics data

sets for binary classification

Kevin M. Mendez' @ . Stacey N. Reinke'® . David I. Broadhurst'©®

Table 1 The ten data sets curated for this study

Study ID Publication Platform Type  No. of sam- No. of peaks Case/control
ples (case/
control)
MTBLS90* Gannaetal. (2014); LC-MS Plasma 968 (485/483) 189 Sex (M/F)
Ganna et al. (2015)
MTBLS92" Hilvoetal. (2014) LC-MS Plasma 253 (142/111) 138 Breast cancer chemotherapy (before/after)
MTBLS136" Stevens et al. (2018) LC-MS Serum 668 (337/331) 689 Postmenopausal hormone (estrogen/estrogen + pro-
gesterone)
MTBLS161* Armstrong et al. (2015) NMR Serum 59 (34/25) 29 Chronic fatigue syndrome (case/control)
MTBLS404* Thévenotetal. (2015) LC-MS Urine 184 (101/83) 120 Sex (M/F)
MTBLS547% Zheng et al. (2017) LC-MS Caecal 97 (46/51) 42 High fat diet (case/control)
ST000369*  Fahrmann et al. (2015) GC-MS Serum 80 (49/31) 181 Adenocarcinoma (case/control)
ST000496*  Sakanakaetal. (2017) GC-MS Saliva 100 (50/50) 69 Debridement (pre/post)
ST001000*  Franzosaet al. (2019) LC-MS Stool 121 (68/53) 747 Inflammatory bowel diseases (Crohn’s disease/
ulcerative colitis)
STO01047*  Chan et al. (2016) NMR Urine 83 (43/40) 149 Gastric cancer (gastric cancer/healthy)

*Indicates data sourced from Metabolomics Workbench (https://www.metabolomicsworkbench.org)

“Indicates data sourced from Metabolights (https://www.ebi.ac.uk/metabolights/)
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o /\“//T—‘/O) ']EJ# J#
library(caret)

e csVIPAILDEFRAIAH
X0 <-read.csv(file="C:/R/data/MTBLS90.csv")

« T—INEHE
X <-as.matrix(X0[,-c(1:4)])
y <- X0[,4]

c T—IDDE(3/4 %IRRT —F. | /4T AT —9)
trainIndex <- createDataPartition(y, p = .75, list=FALSE)
train_data <- data.frame(X[trainIndex,],

y=factor(y[trainlndex]))
test_data <- data.frame(X[-trainlndex,], y=factor(y[-trainIndex]))
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cv_rf <- frain(: -+ (&8), method = “rf", -+ (AH)))
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« TETILERK (T LT2LAN)
set.seed(|)
cv_rf <- train(
target ~ .,
data = data.frame(train_data[, -ncol(train_data)],

target=train_data$y),
method = "rf",

trControl = trainControl(method = "cv", number=10,

savePredictions = TRUE, classProbs=T)
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e JURANYF—a>
library(ROCR) # ROC curve
pred_cv <- cv_rf$pred
index_cv <- which(pred_cv$mtry == cv_rf$bestTune$mtry)

pred <- prediction(pred_cv[index_cv,]$Male, pred_cv[index_cv,]$obs)
perf_cv <- performance(pred, "tpr", "fpr")
plot(perf_cv)

1.0

True positive rate
04 0.6

« AUC

auc.tmp <- performance(pred,"auc" e

AUC=0.8210

auc_cv <- auc.tmp@y.values[[ | ]]

0.0
|

| | | 1 | |
0.0 0.2 0.4 06 0.8 1.0

False positive rate
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« ROCHh#%Z

p <- predict(cv_rf, newdata=data.frame(

test_data[,-ncol(test_data)]), type="prob")
pred <- prediction(p[,2], test_data$y)
perf_test <- performance(pred, "tpr", "fpr")

plot(perf_test) =

Ly
o

@
o

True positive rate
04

0.2

« AUC

0.0

auc.tmp <- performance(pred,"auc" S B3 BE G BE %

auc_test <- auc.tmp@y.values[[ |]] False posiive rate
AUC=0.85"79
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« JURANY)FT—2a>
cv_plsda <- train(
target ~ .,
data = data.frame(
train_data[, -ncol(train_data)],
target=train_data$y),
method = "pls",
trControl = trainControl(
method = "cv",
number=10,
savePredictions = TRUE,
classProbs=T),
tunelLength = 30

Accuracy (Cross-Validation)

0.78

0.76

0.74

0.72

T T T T T T T
0 5 10 15 20 25 30

#Components

plot(cv_plsda)

27
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» Gradient Boosting(&E7 —XT74>7)
cv_gbm <-train(--- (&A8), method = “gbm", --- (HE)))



Elastic net (Lasso) DHEE
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« Elastic netldwdL |1 ¥L2//L A/ A D IERL
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« Elastic net (Lasso)
cv_glmnet <- train(--+ (&8), method = “glmnet", --- (&AE)))
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varlmp(cv_rf) # 5> L74L A MDIFE

Rank| S>%4L7#LXFG PLS-DA Gradient boosting Elastic net
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Ceramide phospho | 3.7- Ceramide phospho
2 ethanolamine (35:2) Trime‘rl'; I,uric acid Creatinine ethanolamine (35:2)
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