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Step 1.1. In the Jupyter homepage, click on the notebook M01 – expression data pre-processing.ipynb to open it. 
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Step 1.2. Specify the position of the columns for each data type. Enter the first column index for each data type in place of col_start and the last columns index in place of col_end; for example: cols_prot = slice(0, 8817). Ensure that the values specified in the slice objects correspond to the first and last column indexes corresponding to each data type. “cols_prot”, proteomics data indexes; “cols_met”,  metabolomics data indexes; “cols_clin_con”, continuous clinical data indexes; “cols_clin_bin”, binary clinical data indexes.
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Step 1.3. Select Cell | Run all from the menu bar in Jupyter to create the output data file in the specified folder.
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Step 2.1. In the Jupyter homepage, click on the notebook M02 – DeepOmicsAE model optimization.ipynb to open it. 
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Step 2.2. Specify the position of the columns for each data type.  Ensure that the values specified in the slice objects correspond to the first and last column index corresponding to each data type, and use the commands in the third and fourth cells of the notebook to explore the data and determine the start and end position for each data type. Specify the name of the column containing the target variable in place of y_column_name as y_label. “cols_X_prot”, proteomics data indexes; “cols_X_met”,  metabolomics data indexes; “cols_clin”, clinical data indexes; “cols_X_expr”, all molecular expression data indexes.
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Step 2.3. Specify how many optimization rounds to perform by assigning a value to n_comb. 
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Step 3.1. In the Jupyter homepage, click on the notebook M03a – DeepOmicsAE implementation with custom-optimized parameters.ipynb to open it. 
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Step 4.1. In the Jupyter homepage, click on the notebook M03b – DeepOmicsAE implementation with pre-set parameters.ipynb to open it. 
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Step 5.1. On MetaboAnalyst, paste the list of proteins into the window “Genes/proteins with optional fold changes” and the list of metabolites into the window “Compound list with optional fold changes. Select the appropriate organism and ID type, then click Submit at the bottom of the page.
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Step 5.2. In the Parameter Setting page, select Metabolic pathways (integrated) or All pathways (integrated) to visualize respectively the contribution of the input to metabolic pathways only or to all signaling pathways. 
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In [ 1: import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
from sklearn.impute import SimpleImputer
from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import silhouette_score
import seaborn as sns
from sklearn.manifold import TSNE
from sklearn.decomposition import PCA
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from sklearn. feature_selection import SelectkBest, f_classif
import random
import warnings
from sklearn.preprocessing import LabelEncoder
from sklearn.model_selection import StratifiedFold
import xgboost as xgb
from sklearn.model_selection import GridSearchCV
from collections import Counter
from sklearn.metrics import classification_report
from sklearn.metrics import accuracy_score
from sklearn.metrics import confusion_matrix
import csv
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
#from Fo2_autoencoder_model_optimization_final import %
from F02_autoencoder_nodel_optimization import
RANDOM_STATE = 55 ## We will pass it to every sklearn call so we ensure reproducibility

In [ 1: # Load the datasets using pandas
df = pd.read_csv("Mo1_output_data.csv")

In [ 1: df.shape

In [ 1: # cols_X_prot = slice(col_start, col_end)
# cols_X_met = slice(col_start2, col_end2)
# cols_clin = slice(col_start3, col_end3)
# cols_X_expr = slice(col_startd, col_endd)
# y_label = 'y_column_name'
# n_all_feat = cols_X_met.stop
# n_all_feat

cols_X_prot = slice(0, 6497)
cols_X_met = slice(6498, 6941)
cols_clin = slice(6941, 6944)
cols_X_expr = slice(d, 6941)
y_label = 'cogdx"

n_all_feat = cols_X_met.stop
n_all_feat

In [ ]: df_res, df_selected = model_optimization(df=df, n_all_feat=n_all_feat, cols_X_prot=cols_X_prot, cols_X_met=cols_X_me
cols_X_expr=cols_X_expr, y_label=y_label, n_comb=30)
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import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.impute import SimpleImputer

from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import silhouette_score
import seaborn as sns

from sklearn.manifold import TSNE

from sklearn.decomposition import PCA

from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses

from sklearn.feature_selection import SelectkBest, f_classif
import random

import warnings

from sklearn.preprocessing import LabelEncoder
from sklearn.model_selection import StratifiedkFold
import xgboost as xgb

from sklearn.model_selection import GridSearchCV
from collections import Counter

from sklearn.metrics import classification_report
from sklearn.metrics import accuracy_score

from sklearn.metrics import confusion_matrix
import csv

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

#from Fo2_autoencoder_model_optimization_final import %
from F02_autoencoder_nodel_optimization import

B oo

NotTrusted & | tensorflow_xgboost_env O

RANDOM_STATE = 55 ## We will pass it to every sklearn call so we ensure reproducibility

# Load the datasets using pandas
df = pd.read_csv("Mo1_output_data.csv")

df . shape

df.ilocl:,

# cols_X_prot = slice(col_start, col_end)
# cols_X_met = slice(col_start2, col_end2)
# cols_clin = slice(col_start3, col_end3)
# cols_X_expr = slice(col_startd, col_endd)
# y_label = 'y_column_name'

# n_all_feat = cols_X_met.stop

# n_all_feat

cols_X_prot = slice(o, 6497)
cols_X_met = slice(6498, 6941)
cols_clin = slice(6941, 6944)
cols_X_expr = slice(, 6941)
y_label = 'cogdx"

n_all_feat = cols_X_met.stop
n_all_feat

In[1:

df_res, df_selected = model_optimization(df=df, n_all_feat=r
cols_X_exp:

_all_feat, cols_X_prot=cols_X_prot, cols_X_met=cols_X_ne
ols_X_expr, y_label=y_label, n_con

In[1:

df_res_sort = df_res.sort_values(by='pca_extracted’, ascending=False)
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’o Metabolic pathways (integrated)
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’ Metabolic pathways (metabolite only)

Al pathways (gene only)

Algorithm Selection
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‘The topology analysis evaluates the potential importance of a particular molecule (a node) based on its po:
connect to a node. Betweenness Centrality measures the number of shortest paths from all nodes to all the others that pass through a given node. Closeness Centrality measures the overall

distance from a given node to all other nodes.

For integration methods, there are two general approaches - tight integration by combining. queries in which genes and metabolites are pooled into a single query and used to perform

enrichment analysis within their "pooled universe" or loose integration by combining p values in which enrichment analysis is performed separately for genes and metabolites in their

“individual universe", and then individual p-values are combined via weighted Z-tests. Moreover, there are three options for computing weights. Let's assume the pathway database contains
a total of 100 pathways covering a total of 1000 metabolites and 4000 genes, respectively. Pathway A contains 5 compounds and 45 genes, while pathway B contains 20 compounds and 30

genes.

* Unweighted or equal weights (i.e metabolite: 0.5, gene: 0.5);

« Weights based on the overall proportion of each omics within the "universe" (i.e metabolite: 0.2, gene: 0.8 for all pathways);

* Weights based on the pathway-level proportion within individual “pathway space"

Le. pathway A - metabolite 0.1, gene 0.9; pathway B - metabolite 0.4, gene 0.6)
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values can be viewed as adjusting the confidence level based on new evidence

Enrichment analysis. © Hypergeometric Test Fisher's Exact Test

Topology measure (© Degree Centrality Betweenness Centrality Closeness Centrality

© combine queries

Combine p values (unweighted)

Combine p values (overall)

Combine p values (pathway-level)

Show




image1.jpg
Z Jupyter

Files ~ Running  Clusters

Select items to perform actions on them.

& MO1 - expression data pre-processing.ipynb

& MO2 - DeepOmicsAE model Dpumlzatlnn.ipynlk

& M03a - DeepOmicsAE implementation with custom-optimized parameters.ipynb
& M03b - DeepOmicsAE implementation with pre-set parameters.ipynb

[ DeepOmicsAE functions and Jupyter notebooks.zip

[ DeepOmicsAE_env.ymi

[ Fo1_data_preprocessing_function.py

[ Fo2_autoencoder_model_optimization.py

[ Fo3_Feature_importance_functions.py

[3 LIcENSE

[ Mo1_output_data.csv

Name ¥

Quit

Upload
Last Modified

18 hours ago
18 hours ago
18 hours ago
3 months ago
2 months ago
4 months ago
3 months ago
3 months ago
3 months ago
3 months ago

18 hours ago

Logout

New~ &

File size
4.45kB
44.9kB
13.6kB
12.8kB
24.7kB
7.46kB
10.2kB
17.4kB
8.06 kB

15kB

20.9MB




image2.jpg
: Jupyter MO1 - expression data pre-processing Last Checkpoint: 18 hours ago  (autosaved)

L]

Logout

File  Edit  View Insert  Cell  Kemel  Widgets  Help NotTrusted 4 | tensorflow_xgboost_env O

+ x @ B 4 ¥ PRin B C »  Code

2]

In [ 1: import numpy as np
import pandas as pd
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score
import matplotlib.pyplot as plt
from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import silhouette_score
from sklearn.decomposition import PCA
from sklearn.covariance import EmpiricalCovariance
from scipy.spatial import distance
import seaborn as sns
import warnings
warnings. filterwarnings (' ignore')
from FO1_data_preprocessing_function import data_preprocessing

In [ ]1: # Load the dataset using pandas
df = pd.read_csv("your_dataset_name. csv")

In [ ]: print(df.shape)

In [ 1: df.ilocl:,

In [ 1: ### df should have features across the columns and samples across the rows
### (features include protein abundances, metabolite abundances, and clinical features)
### df should have protein expression values expressed as log2 ratios (no change = 0)
### df should have metabolite expression values expressed as ratios, non log2 normalized (no change = 1)
### there should be no missing values in your target variable column (patient diagnosis)

## define slice objects that can be used to slice the dataframe within the function
# cols_prot = slice(col_start, col_end)

# cols_met = slice(col_start2, col_end2)

# cols_clin_con = slice(col_start3, col_end3)

# cols_clin_bin = slice(col_startd, col_end4)

## define slice objects that can be used to slice the dataframe within the function
cols_prot = slice(d, 8817)

cols_met = slice(8817, 9872)

cols_clin_con = slice(9873, 9875)

cols_clin_bin = slice(9872, 9873)
In [ 1: \

In [ 1: #### the input dataframe in my case should only contain prot, met and clinical features +
#### the age column should already have "91" instead of "90+"

In [ ]: result_df = data_preprocessing(df, cols_prot, cols_met, cols_clin_bin, cols_clin_con)
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import pand
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: Cell Ty
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from sklear Cument Outputs » Eore
from sklear
from sklear ~'OUPY . _* 1covariance
from scipy.spatial import distance
import seaborn as sns
import warnings
warnings. filterwarnings (" ignore')
from Fol data_preprocessing_function import data_preprocessing
In [ 1: # Load the dataset using pandas
df = pd.read_csv("your_dataset_name.csv")
Tn [ 1: print(df.shape)
In [ 1: df.ilocls, :1
In [ 1: ### df should have features across the columns and samples across the rows
### (features include protein abundances, metabolite abundances, and clinical features)
### df should have protein expression values expressed as log2 ratios (no change = 0)
### df should have metabolite expression values expressed as ratios, non log2 normalized (no change = 1)
### there should be no missing values in your target variable column (patient diagnosis)
## define slice objects that can be used to slice the dataframe within the function
# cols_prot = slice(col_start, col_end)
# cols_met = slice(col_start2, col_end2)
# cols_clin_con = slice(col_start3, col_end3)
# cols_clin_bin = slice(col_startd, col_endd)
## define slice objects that can be used to slice the dataframe within the function
cols_prot = slice(d, 8817)
colsmet = slice(8817, 9872)
cols_clin_con = slice(9873, 9875)
cols_clin bin = slice(9872, 9873)
[l
In [ 1: #### the input dataframe in my case should only contain prot, met and clinical features +
#### the age column should already have "91" instead of "90+"
Tn [ 1: result_df = data_preprocessing(df, cols_prot, cols_met, cols_clin_bin, cols_clin_con)
Tn [ 1: print(result_df.shape)





