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Abstract: Extracellular matrix (ECM) proteins play an important role in a series of biological processesin the cell, and their
abnormal regulation can lead to many diseases. The theoretical ECM reference dataset is the basis for efficient identification
of extracellular matrix proteins. Researchers have developed various ECM protein prediction tools based on machine learning
methods. In this review, the main strategy of development of ECM protein prediction tools that based on machine learning
methods has been introduced. Then, advances and specific characters of the existing ECM protein prediction tools have been
summarized. Finally, the challenges and possible improvements of ECM protein prediction tools are discussed.
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Fig. 1 Overview of the analysis pipeline of ECM protein prediction tools.
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#1 TEECM EERMNIAREYFS
Tablel List of themain ECM prediction tools and their features

Tool Release Dataset Extracted Feature selection Machine Cross-validation
date features method learning model method
ECMPP 2010 Jung SI/EI Mean decrease accuracy  Random forest 5-fold cross
validation
ECMPred 2013 Kandaswamy SI/PP Maximum relevance Random forest Independent
Minimum redundancy dataset test
PECM 2014 Kandaswamy EI/SI/PP Fisher-Markov selector Support vector Independent
machine dataset test
IECMP 2015 Kandaswamy SI/PP/EI/SI Information gain ratio Random forest 10-fold cross
validation
ECMP-HybKNN 2016 Kandaswamy Sl Maximum relevance K nearest 10-fold cross
Minimum redundancy neighbor validation
BAMORF 2017 Kandaswamy SI/PP Binary animal migration  Random forest Independent
dataset test
TargetECMP 2018 Kandaswamy El Support vector Jackknife test

machine

Jung: the standard dataset used by Jung et a to build ECMPP in 2010; Kandaswamy: the standard dataset used by
Kandaswamy et al to build EcmPred in 2013; Sl: extracted features based on the sequence information; El: extracted features
based on the evolutionary information; Sl: extracted features based on the structural information; PP: extracted features based

on physicochemical properties.
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