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) Conventional approaches for disease diagnosis using LC-MS

a b Clean data C Annotate metabolites ¢ Built prediction model

.

Raw data processing Metabolic feature table

LC-MS raw data

LC-MS raw data
acquisition

(1) LC-Mass Spectrometry (MS)
data acquisition.

MS1 for quantification and MS2

Raw data processing
(1) Peak detection and
integration.

(2) Retention time alignment.
(3) Peak grouping.

Metabolic feature
table

(1) Row is feature or

peak (defined by m/z
and retention time)

Data cleaning (
preprocessing)
(1) Remove noisy
features.

(2) Remove outlier

Metabolite
annotation

(1) Accurate mass.
(2) Retention time.
(3) MS2 spectra.

Biomarker discovery
and prediction model

construction
(1) Biomarker discovery
from the discovery dataset.

LC-MS raw data
E Stanford|MEDICINE

(1) Noisy features

(2) Loose some low abundance
features.

(3) Wrong alignement.

(1) Batch effect.
(2) Wrong missing
value imputation.

(1) Low annotation rate.

(2) Misannoation.

Skip Step1-3

for qualitative assessment. (4) Gap filling. (2) Column is sample. samples (4) Other method. For (2) Construct the prediction
(2) MS raw data. For each (3) One cell is the peak (3) Impute missing example, MetDNA, model in the discovery
sample, x-axis is rentention time abundance. values. GNPS. dataset.
and y-axis is mass to charge (4) Data normalization (3) Validate prediction in the
ratio. and integration. validation dataset.

Step 1 Step 2 Step 3 Step 4

M

> 1“

Prediction model




) Disadvantages of conventional methods

Identification of all metabolites is extremely difficult
1. Most of the peaks have no MS? spectra (Only 30%-40% peaks have MS? spectra).

2. Some MS? spectra quality are not high.
3. We don’t have enough MS? spectra.

4. We can not avoid the false identification.

Prediction model with metabolites/lipids
1. A lot of peaks with good prediction power will be lost.

2. ltis extremely time-costing to identify metabolites (level 1, standard confirmation).
Prediction model with peaks
1. Peaks are not robust.

2. ltis difficult to use peaks in clinical application.

m/z, retention time and intensity (inter- intra-batch effect) shift
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) LC-MS raw data: Image (pseudo Mass Spectrometry Image, pseudoMSI)

Raw MS data (Millions data points) Metabolic image (pseudoMSI)

i

36C sample 2, MS1

F§ |l

v

m/z

Inten‘si/ty Retention time
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) Advantages of pseudoMS image

1. All the information are in the image

—
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) Advantages of pseudoMS image

2. Handle batch effect

m/z

v

Retention time

Raw data

11
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) Advantages of pseudoMS image

2. Handle batch effect

m/z
m/z

v

Retention time Retention time

Raw data RT shift
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) Advantages of pseudoMS image

2. Handle batch effect

m/z
m/z

v

Retention time Retention time

Raw data RT shift

P Stanford|MEDICINE

Retention time

m/z shift
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) Advantages of pseudoMS image

2. Handle batch effect

m/z
m/z
m/z
m/z

v

v
v

Retention time Retention time Retention time Retention time

Raw data RT shift m/z shift Intensity shift
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> Workflow of deepPseudoMSI

A LC-MS raw data DeepPseudoMSI: Pseudo-MS Image Converter )
LC-MS raw data Pmmm e e e e e e e e e e e e e e e e e e e e e e e e e e e e m e mmmm— - = - Pseudo-MS image
| (mzXML) | _ ]
" " < A ©
If: ) Y 3 - [
! Ll @ 5 @
1 . =2 ° 2} 1
1 .ot 5 e
I A | I
1 R < = ol o |
X — S -
[ o L To) s} ¥ 7o) I
e ., . W I ~ |— L ~ I . :
Retention time | 9446 949 06 second Grey degree 944 6 949 06 second ! Retention time

New pseudo-MS images

--------------------------------------------- . f = Disease
1 N

VGG16 Feature ,| Global Average | | oo | Dense Regression :Pf_e*j—'Ct'Of_‘&,

Extraction Network| Pooling i i Network ' Diagnosis
| f = Healthy
1 =

""""""""""""""""""""""" ! — =
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) PseudoMS Image converter

a b

LC-MS-based untargeted metabolomics raw data Vendor format: Thermo raw, Waters raw, Sciex wiff, Agilent .D.

Y

Convert data format ProteoWizard. massConverter, fileConverter

\

4

mzXML(or mzML) format data

A

4

Bin scan axis (Retention time, RT)

A

4

Bin m/z axis (mass to charge ratio)

\

/

Sum intensity of all d

ata points in one grid

A

4

Transform intensity to grey degree (color)

Y

Pseudo-MS image

E Stanford|MEDICINE

mzXML is a XML (eXtensible Markup Language) based common file
format for metabolomics/proteomics mass spectrometric data.

mzXML can be read using the R package MSnbase. And for the
scan axis, we combine scans who are in the same range.

For the m/z axis, we combine m/z who are in the same range.

All the data points in the raw data are grouped into different grids. The
median intensity is used to represent the intensity of one grid.

The color of one grid is represented by the grey degree. The grey
degree is linearly transformed from the intensity of one grid.

Pseudo-MS image is a black and white graph with defined resolution.
For example, 224 * 224.

16



) PseudoMS Image predictor

:% —_— —
L ]
|

freeze

gap

1III— gestational age
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) Workflow of pseudo-MS image augmentation

200 A

0 200

0 200 0 n 250

0 250 0 250
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) Workflow of pseudo-MS image augmentation

LC-MS raw data

LC-MS raw data (mzXML format)

b

LC-MS raw data (mzXML format)
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Y Applications of deepPseudoMSI

Cell 2 ]
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) Resolution optimization

Validation result in
validation dataset

a
750 samples in total Randly selected 2/3 subjects as training Prediction model in
30 subjects in total »| dataset. And remaining 1/3 subjects are » discovery dataset
used as validation dataset. (DeepPseudoMSl)
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Gestation age (week, Actual)

0
Error (Actual — Predicted)
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) DeepPseudoMSI predicts gestation age

Discovery dataset

Validation dataset /—.————"‘ i

5-folds

P Stanford |/ MEDICINE

Prediction model

Performance
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) DeepPseudoMSI predicts gestation age

Fold (cross validation)
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Gestational age (week, Actual)
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Y DeepPseudoMSI predicts gestation age (Individual)
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) DeepPseudoMSI predicts gestation age
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) Conventional method
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) Other public databases
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Y Evaluation of deepPseudoMSI
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) Future works
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DeepPseudoMSI About Casestudy Tutorial Team Tools Contact

DeepPseduoMS| »‘ =
project .. A

The deepPseudoMSI project is the first method

that convert LC-MS raw data to “images” and

then process them using deep learning method
for diagnosis. % E ’ !i;

: ~ Greydeg R o

19.33 (Da)

15.18

™
DeepPseudoMS|
Deep learning-based pseudo-mass spectrometry imaging gnavIYEis for precision medicine
p
The deepPseudoMSI project is the first method that convert LC-MS raw data to “images” and then process them using deep learning \

method for diagnosis. It contains two parts.
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One L C-MS raw data usuallv contains millions of data noints. so we need to divide it into different pixels (or arids) based on the
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) Future works

<+ How to combine datasets of different chromatography and Electrospray
ionization (ESI) modes to increase the prediction accuracy.

“ A large-scale dataset for cancer diagnosis.
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SUMMARY

<> DeepPseudoMSl is the first systematic study that converts the LC-MS-
based untargeted metabolomics data to pseudo-MS images and then
takes advantage of the power of deep learning in image processing for
precision medicine.

<> We also demonstrate that the deepPseudoMSI can overcome the
limitations of the traditional method for LC-MS data in precision
medicine.
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