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We developed an SAE-XGBoost cell viability prediction algorithm based on the LINCS-L1000 perturbation signal. By
matching and screening three major dataset, LINCS-L1000, CTRP and Achilles, a stacked autoencoder deep neural network
was used to extract the gene information. These information were combined with the RW-XGBoost algorithm to predict the
cell viability under drug induction, and then to complete drug sensitivity inference on the NCI60 and CCLE datasets. The
model achieved good results compared to other methods with a Pearson correlation coefficient of 0.85. It was further validated
on an independent dataset, corresponding to a Pearson correlation coefficient of 0.68. The results indicate that the proposed

method can help discover novel and effective anti-cancer drugs for precision medicine.
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Data association diagram of LINCS-L1000 with CTRP and Achilles respectively.
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*1 BHEEMEAER
Table 1 The detailed description of each dataset

Screen name pDo?r:?s ﬁﬁg Compounds shRNAs
CTRP-L1000-3h (S1) 1130 5 43 0
CTRP-L1000-6h (S1) 9099 47 288 0
CTRP-L1000-24h (S1) 13363 18 327 0
CTRP-L1000-3h (S2) 1328 5 43 0
CTRP-L1000-6h (S2) 10063 47 288 0
CTRP-L1000-24h (S2) 15610 18 327 0
Achilles-L.1000-96h 69941 10 0 11771
Achilles-L1000-120h 14563 2 0 12 018
Achilles-L1000-144h 10484 3 0 4 837
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Extreme gradient boosting prediction
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Fig. 2 Comparison and analysis of feature extraction algorithms.
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* 2 BEHLIFER ETE XGBoost HiZHFHIIERKER

Table 2 Iterative results of random walk in XGBoost
Pearson Mean
The screen used . 2 squared
correlation
error
CTRP-L1000-3 h (S2) 0.849 0 0.7025 0.0204
CTRP-L1000-6 h (S2) 0.703 6 0.4853 0.0516
CTRP-L1000-24 h (S2) 0.892 6 0.7945 0.016 9
CTRP-L1000-3 h (S1) 0.773 4 0.5944 0.027 7
CTRP-L1000-6 h (S1) 0.635 4 0.3876 0.0636
CTRP-L1000-24 h (S1) 0.846 0 0.7108 0.0238
Achilles-L.1000-96 h 0.599 5 0.3396 1.4931
Achilles-L1000-120 h 0.487 5 0.1859 1.5686
Achilles-L1000-144 h 0.5110 0.2128 1.4382
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Training data

Independent dataset validation: using the Achilles-L1000 series model to predict cell viability in CTRP-L1000
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Fig. 4 ROC curve (A) and PR curve (B) of the model evaluation on LINCS-L1000-NCI160-24 h dataset.
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Fig. 5 ROC curve (A) and PR curve (B) of the model evaluation on LINCS-L1000-NCI160-24 h dataset.
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Fig. 6 ROC curve (A) and PR curve (B) of the model evaluation on LINCS-L1000-CTRP-NCI60-24 h dataset.
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Fig. 7 ROC curve (A) and PR curve (B) of the model evaluation on LINCS-L1000-NCI160-24 h dataset.
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Table 3 Comparison of the algorithm in this paper
with other algorithms. Taking the CTRP-L1000-24 h
(S1) dataset as an example

The algorithm Pearson 2 Mean squared
used correlation error
Our model 0.846 0 0.710 8 0.023 8
PCA-Lasso 0.776 0 0.601 7 0.032 8
KPCA-RF 0.769 0 0.584 3 0.034 3
LLE-SVR 0.683 4 0.449 9 0.045 3
LLE-KNN 0.734 6 0.536 4 0.038 2
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Table 4 The drugs that affect the cell viability

Cell line A549 NPC MCF7
Mepacrine Vorinostat Idasanutlin
Teniposide Sorafenib Daunorubicin

Drug Gemcitabine  Rigosertib Selinexor
Topotecan Fenretinide Mitoxantrone
Piperlongumine Pirarubicin PHA-848125

Cell line HT29 PCE A375
Delanzomib Bortezomib Delanzomib
Panobinosta YM-155 Oprozomib

Drug Ixazomib MG-132 PHA-848125
Trichostatin-a BGT-226 Bruceantin
Brotezomid Bortezomib Delanzomib

Cell line HALE HELA YAPC
Perhexiline AZD-7762 Ixazomid
BVT-948 Carfilzomib Bortezomid

Drug Foretinib MK-1775 AZD-7762
Withaferin-a ~ JNJ-26481585 Delanzomid
Teniposide Romidepsin Brotezomid
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