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Introduction
Screening problem

• Effective selection of the potential molecular candidates that meet certain 
conditions in an immense search space has been one of the major concerns in 
many real-world biochemistry applications.

• Finding molecules that can proceed to later stages of the drug design protocol against 
the COVID-191.

1. Saadi, A.A., Alfe, D., Babuji, Y., Bhati, A., Blaiszik, B., Brace, A., Brettin, T., Chard, K., Chard, R., Clyde, A. and Coveney, P., 2021, August. Impeccable: Integrated modeling pipeline for covid cure by assessing better 

leads. In 50th International Conference on Parallel Processing (pp. 1-12).
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Introduction
Fundamental challenges in the screening problem

1. The number of drug molecules is enormous.

2. The screening cost based on the accurate evaluation platform is expensive.

• Accurate and efficient selection of the potential drug candidates from a huge 
set of drug molecules is the key factor determining the success of the 
screening problem.
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Introduction
High-Throughput Virtual Screening (HTVS) Pipeline

• HTVS pipeline is one practical approach for the screening problem.

IMPECCABLE: HTVS for COVID cure1

1. Saadi, A.A., Alfe, D., Babuji, Y., Bhati, A., Blaiszik, B., Brace, A., Brettin, T., Chard, K., Chard, R., Clyde, A. and Coveney, P., 2021, August. Impeccable: Integrated modeling pipeline for covid cure by assessing better 

leads. In 50th International Conference on Parallel Processing (pp. 1-12).
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Introduction
Motivation

• To date, there has been no optimal rule to manage such HTVS pipelines.

• Can we optimize the performance of the HTVS pipeline?
1. Can we minimize the (computational) cost?

2. Can we maximize the throughput (the number of potential candidates)?

• We present two optimization frameworks for the HTVS pipeline.
1. A framework that optimizes the throughput given a computational budget constraint.

2. A framework that jointly optimizes the throughput and computational costs. 
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Methods
Illustration of the formal HTVS pipeline problem

• Objective: maximizing throughput 𝕐 .

• Assumption: screening threshold of the last stage 𝜆𝑁 is given by experts. 

• Optimization variables: screening thresholds 𝜆1, 𝜆2, … , 𝜆𝑁−1 of earlier stages 
𝑆1, 𝑆2, … , 𝑆𝑁−1.
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Methods
Key idea of the proposed approaches

1. Estimating the joint score distribution 𝒇𝓢 𝒚𝟏, 𝒚𝟐, … , 𝒚𝑵 .

2. Finding 𝜆1, 𝜆2, … , 𝜆𝑁−1 via the optimization framework.
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Methods
Key idea of the proposed approaches

1. Estimating the joint score distribution 𝑓𝓢 𝑦1, 𝑦2, … , 𝑦𝑁 .

2. Finding 𝝀𝟏, 𝝀𝟐, … , 𝝀𝑵−𝟏 via the optimization framework.
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Methods
Proposed optimization framework under a computation budget constraint

• Optimal screening thresholds 𝝍∗ = 𝜆1
∗ , 𝜆2

∗ , … , 𝜆𝑁−1
∗ under fixed 

computational budget 𝐶

𝝍∗ = arg max
𝝍∈ℝ𝑁−1

𝑟 𝝍, 𝜆𝑁

s. t. σ𝑖=1
𝑁 𝑐𝑖 𝕏𝑖 ≤ 𝐶.

Reward function: 𝑟 𝝀 = 𝜆1, 𝜆2, … , 𝜆𝑁 = 𝜆𝑁,𝜆𝑁−1,…,𝜆1⋯
∞

𝑓𝓢 𝑦1, 𝑦2, … , 𝑦𝑁 𝑑𝑦1𝑑𝑦2⋯𝑑𝑦𝑁

Cardinality of input set 𝕏𝑖 of stage 𝑆𝑖: 𝕏𝑖 = 𝕏 𝜆𝑖,𝜆𝑖−1,…,𝜆1⋯
∞

𝑓𝓢1:𝑖−1 𝑦1, 𝑦2, … , 𝑦𝑖−1 𝑑𝑦1𝑑𝑦2⋯𝑑𝑦𝑖−1
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Methods
Proposed joint optimization framework

• Optimal screening thresholds 𝝍∗ = 𝜆1
∗ , 𝜆2

∗ , … , 𝜆𝑁−1
∗ jointly optimizing 

efficiency and throughput

𝝍∗ = arg min
𝝍∈ℝ𝑁−1

𝛼𝑔 𝝍, 𝜆𝑁 + 1 − 𝛼 ℎ 𝝍, 𝜆𝑁 .

Weight parameter: 𝛼 ∈ 0,1

Relative reward function:𝑔 𝝍, 𝜆𝑁 =
𝑟 −∞,𝜆𝑁 −𝑟 𝝍,𝜆𝑁

𝑟 −∞,𝜆𝑁

Normalized total cost function: ℎ 𝝍, 𝜆𝑁 =
1

𝑁 𝕏 max
𝑖

𝑐𝑖
σ𝑖=1
𝑁 𝑐𝑖 𝕏𝑖
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Results: Long non-coding RNA (lncRNA) screening
Motivation

• Long non-coding RNAs (lncRNAs) do not encode proteins.

• LncRNAs are closely related to hard-to-treat diseases including Alzheimer’s 
disease2,3,4, cardiovascular disease5,6, and several types of cancers7,8,9,10.
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Results: Long non-coding RNA (lncRNA) screening
Dataset (Human) - GENCODE (v38, May 2021)

13/20

Raw dataset
48,752 lncRNA sequences

106,143 protein-coding sequences

Preprocessed dataset
39,785 lncRNA sequences

64,948 protein-coding sequences
* containing only valid characters (A, U, C, and G)

* less than 3,000 nt
* representative (via CD-hit)11

11. Li, W. and Godzik, A., 2006. Cd-hit: a fast program for clustering and comparing large sets of protein or nucleotide sequences. Bioinformatics, 22(13), pp.1658-1659.



Results: Long non-coding RNA (lncRNA) screening
Construction of the HTVS pipeline

• Learnt the joint score distribution with 4 % of samples via the EM algorithm

Algorithm Accuracy Sensitivity Specificity Time (ms)

CPC2 0.7154 0.5760 0.9493 2.5265

CPAT 0.8217 0.6861 0.9817 2.7336

PLEK 0.7050 0.5666 0.9478 83.1765

LncFinder 0.8329 0.7062 0.9678 2,495.623

14/20



Results - Long non-coding RNA (lncRNA) screening
Performance of the optimized pipeline under the computational budget constraint
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Long non-coding RNA (lncRNA) screening problem
Performance of the jointly optimized HTVS pipeline (𝛼 = 0.5)
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Concluding remarks

• We present two computational frameworks optimizing the performance of 
HTVS pipelines involving surrogate models with different complexity.

• The key idea is to estimate the joint distribution of scores computed at 
different stages of the pipeline, based on which the screening thresholds are 
optimized to maximize the throughput while minimizing the computational 
costs.
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Concluding remarks

• We first consider the case where the computational budget is fixed, and the 
goal is to maximize the throughput within the given budget.

• Next, we consider the case where we aim to maximize the throughput of the 
HTVS pipeline while minimizing the overall computational costs at the same 
time.
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• We demonstrated the performance of the proposed optimization schemes 
based on both synthetic and real-world pipeline data. We formed a high-
throughput virtual screening (HTVS) pipeline for screening long non-coding 
RNAs (lncRNAs) by integrating various lncRNA prediction algorithms with 
different accuracy and computational costs. We showed that our proposed 
optimization frameworks can lead to significant computational savings at 
identical (or comparable) screening throughput/accuracy. 

Concluding remarks
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