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Motivation: Pentatricopeptide repeat (PPR), which is a triangular peapeptide repeat
domain, plays an important role in plant growth. Features @xacted from sequences are
applicable to PPR protein identi cation using certain clasi cation methods. However,
which components of a multidimensional feature (namely viables) are more effective for
protein discrimination has never been discussed. Therefer we seek to select variables
from a multidimensional feature for identifying PPR protes.

Method: A framework of variable selection for identifying PPR proies is proposed.
Samples representing PPR positive proteins and negative @s are equally split into a
training and a testing set. Variable importance is regardeds scores derived from an
iteration of resampling, training, and scoring step on theraining set. A model selection
method based on Gaussian mixture model is applied to automat choice of variables
which are effective to identify PPR proteins. Measurementare used on the testing set
to show the effectiveness of the selected variables.

Results: Certain variables other than the multidimensional featurhey belong to do
work for discrimination between PPR positive proteins andhiose negative ones. In
addition, the content of methionine may play an important rie in predicting PPR proteins.

Keywords: pentatricopeptide repeat, variable selection,
Gaussian mixture model

variable importance, random forest, model selection,

1. INTRODUCTION

Pentatricopeptide repeat (PPR), which is a 35-amino acid segueotif (Chen et al., 2018; Rojas
et al., 201pand is commonly found in eukaryotes and terrestrial plaritsida et al., 20)3plays
an important role in plant growth and developmen®( et al., 201p PPR proteins, which are
distinguished by the presence of tandem degenerate PPRsmaoiif by the relative lack of introns
in the genes coding for them, are regarded as an ideal mod#litty plant cytoplasmic and nuclear
interactions {(Vang et al., 2003

Many prevailing methods or toolg/ei et al., 2017a,b; Tang et al., 2pé&n be used to predict
PPR proteins. A feature composed of 188 variables (namely)I@gided to sequence information
and amino acid propertieZfang et al., 2012; Song et al., 2014; Xu et al., 2014; Lj 204§ or
the one including 65 components, i.e., pseudo-amino acid caitipo which can be abbreviated
as PAAC (Chou, 2001, 2005s a case in point. In addition, classi ers such as random so(ev
etal.,, 2019; Ruetal., 2019; Wei et al., 3@h@ support vector machingéng et al., 2016; Tan et al.,
2019 can be applied to the evaluation of extracted features. Contynthese features represent the
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protein primary sequences. Subsequently, features indgudin
487 positive samples vs. 188D and PAAC are extracted, respectively. Commonly, these
J 50%

features are directly used for distinguishing positive praein

from negative ones. However, which components of 188D or

@50% PAAC do play a part in this discrimination needs to be further
discussed. Thus, we follow the framework presenteigure 1

to select key variables for identifying plant PPR proteins. More
sty i el i details can be seen in the following subsections.

9590 negative ones

@ n-fold cr‘oss@
validation 2.1. Sample Split
‘ measurement ‘ In order to validate the e ectiveness of selected variabies,
make a balanced sample split. Samples within positive or negative
ﬁ group are equally divided other than splitting negative sasapl
in 10 setsQu et al., 201p which actually discarded half negative
automatic samples. As a result, 243 positive samples and 4,795 negative ones
j\> variable are randomly selected as a training set; meanwhile, theirénga
selection samples are regarded as a testing set.

) l 2.2. Resampling, Training, and Scoring
FIGURE 1 | A framework of variable selection for identifying plant PPR AS. |I]ustrated InFIgu.re.l' a.n Iteration |s.|mplemented on the
proteins. training set for obtaining important variables. Each rounél o
the iteration includes three steps, i.e., resampling, trajnand
scoring. First of all, we randomly choose two-thirds of the
content of certain amino acid, the conversion frequencytsf i training samples in balance. That is, 162 positive samples and
surface tension, its hydrophobicity, hydrophilicity, andesithain 3,197 negative ones are selected in a random manner for ttte ne
volume, etc. However, it has never been discussed whetlhgr orraining step.
some components of a multidimensional feature may work or Secondly, these selected samples are utilized to train a
not. In other words, which components of an extracted featureélassi cation and regression tree (CART). All the comporgeoit
may identify PPR proteins (i.e., distinguish PPR proteinsrfro afeature are considered. By recursively splitting datadrgtnct
non-PPR ones) need to be discussed. subsets, the CART is constructed in a binary-tree form. Athea

In order to solve this problem, we propose a frameworknode of the CART, Giniimpurity (Gl) is used to choose a variable.
of variable selection for identifying plant PPR proteins adn fact, Gl is a measure of how often a randomly chosen sample
shown in Figure 1 First of all, samples are randomly split in point from training set would be incorrectly labeled. It can be
balance within either PPR positive or negative protein grouptomputed by summing all the probability products, each of which
Then, multiple rounds of resampling, training and scoring areis expressed as a probability of a randomly chosen sampledabele
implemented on the training set in order to accumulate scoreé(i-€.,pi) times the probability 1 p;. That s,
for each variable. Random forest is presented as the ensemble

classi er to be trained. In each round, the score of a vagabl XK
calculated by making a comparison between classi cationrerr GID p (1 p), (1)
rates before and after one time random permutation of the iDO

remaining sample values on the variable. After enough rowids

score accumulation, variables with high accumulated scare  wherek is the number of sample groups in the training set and
regarded as important variables. Instead of manually cimapsi i p 2, To select suitable variable to make a split in each node, the
variables with high accumulated scores, we make an automatjecrease of Gl between the parent node and its two descendant

variable selection according to their accumulated scoyesddel  nodes is calculated, and the variallewhich maximizes this
Se|ECtI0n based on GaUSSIan mIXture mOde| After |mp0rtanaecrease is chosen as the current node.

variables are selected, qualitative and quantitative oreagents Thirdly, the remaining one-third of the training samples,
are made on the testing set derived from previous sampl@hich are also named as out-of-bag (OOB) samples, are used
split. Good classi cation results indicate the e ectivene$she  for scoring variable importance. At the scoring step, we adopt
selected variables which keep certain properties for idéntif 5 permutation based variable importance scoring approach. The

PPR proteins. main idea behind this method is that we use the classi er to
predict labels of OOB samples and calculate the classi cation
2. METHOD accuracy or error rate in advance. In our experiments, OOBrerr

estimate is utilized. The established CART is used to classify
First of all, the dataset representing plant PPR is provided ( each OOB sample. Taking the unbalanced distribution between
et al., 201) which contains 487 PPR positive and 9,590 negativpositive and negative samples into account, we modify the OOB
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FIGURE 2 | Qualitative results on 188D (A—C) Gaussian distribution of the accumulated variable importece corresponding to three-time random sample splits,
respectively.(D—F) Refer to the ROC curves and AUC values of the selected four viables, 188D and the selected 13 variables, respectively.
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TABLE 1 | Quantitative results on 188D.

Feature Confusion matrix Class TP rate FP rate Precision Recal | F1-measure
Classiedas > a b a: Positive 0.230 0.032 0.267 0.230 0.247
(10y a 56 188 b: Positive 0.968 0.770 0.964 0.968 0.964
b 154 4,641 Weighted average 0.932 0.734 0.927 0.932 0.927
Classiedas > a b a: Positive 0.344 0.012 0.587 0.344 0.434
(10, 12y a 84 160 b: Positive 0.988 0.656 0.967 0.988 0.977
b 59 4,736 Weighted average 0.957 0.625 0.949 0.957 0.951
Classiedas > a b a: Positive 0.434 0.011 0.675 0.434 0.528
(10,12, 130y a 106 138 b: Positive 0.989 0.566 0.972 0.989 0.980
b 51 4,744 Weighted average 0.962 0.539 0.958 0.962 0.958
Classiedas > a b a: Positive 0.541 0.006 0.825 0.541 0.653
(10,12,130, 1) a 132 112 b: Positive 0.994 0.459 0.977 0.994 0.985
b 28 4,767 Weighted average 0.972 0.437 0.970 0.972 0.969
(10, 12,152,130, Classiedas > a b a: Positive 0.639 0.001 0.975 0.639 0.772
1,63,24,13,22, a 156 88 b: Positive 0.999 0.361 0.982 0.999 Q990
87,62,45,9) b 4 4,791 Weighted average 0.982 0.344 0.982 0.982 0.979
Classiedas > a b a: Positive 0.623 0.000 1.000 0.623 0.768
188D a 152 92 b: Positive 1.000 0.377 0.981 1.000 0.985
b 0 4,795 Weighted average 0.982 0.359 0.982 0.982 0.979
error rate as follows, 2.3. Automatic Variable Selection

Once the accumulated score of each component or variable in
Erfoos D (FNSTPC FN) C FP<(TN C FP)=2, 2 2 muItidimer_lsionaI feature is achieved, it needs to be ferth
discussed either some components or the whole feature may
work for discrimination between positive and negative samples
where FN, TP, FP, and TN represent the number of false | 654 of manually selecting variables with high accuteda
negative, true positive, false positive, and true negativetss, s.ore5 a model selection method needs to be presented for
respectively. Then we permute the values of a speci ¢ variablg y,matic variable selection. Here, we choose Gaussiamiraixt
and use the classi er to predict the permuted data and caleulaty,q e (GMM) (Li et al., 201pfor automatic variable selection.
the error rate again. The di erence between the two error rate M is a probabilistic model that assumes samples are
measures is assigned to the speci ¢ variable as its importance generated from the mixture of Gaussian distributions. Assaite
Under the assumption that there are no di erential expressiondata is distributed as follows,
levels between positive and negative samples, the expression
levels of OOB samples on componeimt are reordered.

Correspondingly, a new OOB classi cation error rate which is . XK
expressed airroop is obtained using Equation (2). As a result, p(q ) D iNC iy ), (5)
the score of componeritin j round is calculated as iD1
scorgi) D Erroos  Erroos (3) where j, i, ; are the mixture proportion, the mean and
the standard variance of Guassian compongntespectively.
The score calculated in Equation (3) indicates the contitouof N denotes  Gaussian distribution, and = (i, i, i) Is

componeni to the classi cation result expressed in Equation (2).n€ parameter vector to be determined. To t a GMM

If the values of variablé have no apparent di erence between M0del, expectation maximum algorithm (EM) which guarantees
two groups of OOB samples before and after permutation, theRONVErge can be used after xing the number of components. EM
Erroos will keep a similar OOB error rate &rroos despite the  algorithmis an iterative method to nd the maximum likelihai

one time permutation to the values of OOB samples. Otherwis@" maximum posteriori estimates on paramt_aters of amodel. The
the score expressed in Equation (3) will become large. Aftépethod repeatedly performs the expectation (E) step and the

N rounds of resampling, training and scoring, the accumulatedn@imum (M) step. In the E step, a function for the expectation
score of componeritis expressed as of the log-likelihood evaluated using the current estimaias f

model parameters is created; while in the M step, the values of
N . parameters which maximize the function for the expectation is
A N D jp1 SCOreli) 4 found, and the new estimates are then used in the next E step.
ccscoré)D ——. 4) . o .
N When tting the GMM model, the E step at thih iteration of
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FIGURE 3 | Qualitative results on PAAC(A-C) Gaussian distribution of the accumulated variable importece corresponding to three-time random sample splits,
respectively.(D—F) Refer to the ROC curves and AUC values of the selected two vailes, PAAC and the selected eight variables, respectively
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TABLE 2 | Quantitative results on PAAC.

Feature Confusion matrix Class TP rate FP rate Precision Recal | F1-measure
Classiedas > a b a: Positive 0.246 0.034 0.267 0.246 0.256
Loy a 60 184 b: Positive 0.966 0.754 0.962 0.966 0.964
b 165 4,630 Weighted average 0.931 0.719 0.929 0.928 0.930
Classiedas > a b a: Positive 0.471 0.012 0.669 0.471 0.553
(10,1y a 115 129 b: Positive 0.988 0.529 0.973 0.988 0.980
b 57 4,738 Weighted average 0.963 0.504 0.958 0.963 0.959
(10,1, 30, Classiedas > a b a: Positive 0.652 0.001 0.958 0.652 0.776
29,22,9, a 159 85 b: Positive 0.999 0.348 0.983 0.999 0.991
12,13)" b 7 4,788 Weighted average 0.982 0.331 0.982 0.982 0.981
Classiedas > a b a: Positive 0.643 0.000 0.994 0.643 0.781
PAAC a 157 87 b: Positive 1.000 0.357 0.982 1.000 0.991
b 1 4,794 Weighted average 0.983 0.340 0.983 0.983 0.981
EM algorithm can be described as Correspondingly, TP rate, FP rate, Precision, Recall, and
Accuracy (ACC) are computed as follows,
i pxj . )
pD L P L) ) TP rateD sery
FP rateD =y
And the updates of estimates at theQ 1)th iteration in the M PrecisiorD peep, 9)
step is formulated as RecalD pery.
- ACCD rrefie e
iclp PTP' , .
ic1p pPx @ where TP rate and Recall are expres_sed in the same fo_rm. The F1-
p P’ . measurel{lan et al., 201@s a harmonic average of Precision and
iClp ﬂl’—?ﬂ(xi. Recall, which is expressed as
How to choose the GMM model which ts the data best among F1 measurd 2 Pre.C|.S|on Recal! (10)
these with di erent component numbers is an instance of model PrecisiorC Recall

selection. Bayesian information criterion (BIC) is empldyia

our method. BIC is de ned as Besides, the receiver operating characteristic (ROC) andréee

under ROC curve (AUC) are also provided.

BICD In(nk 2n(0, ® 3 RESULTS

where© D p(xj QO denotes the maximized value of the Experiments were conducted on 487 PPR positive and 9,590
likelihood function of GMM, n is the sample size arklis the negative proteins. The procedure shown Figure 1 was
number of parameters in the model. BIC considers both dat%lccomplished using our own developed tool ECFS-DEAap
tting and model complexity, and it adds a penalty term for eachet a1, 202p on the training set, whereby variables associated
model to help to avoid over tting. The model with the lowestB  ith discrimination between PPR positive and negative samples
is preferred. were automatically selected. On the testing set, we useflsix-
After tting the GMM model with accumulated scores, cross validation. Five parts of the testing set were used to tra

variables belonging to Gaussian distributions with highame 5 random forest (RF), each tree of which was a CART. The
will be automatically selected for subsequent analysis. remaining part was used for testing.

2.4. Measurement 3.1. Variable Selection Results on 188D
In order to show the e ectiveness of the selected variable$Ve rstly used 188D as the starting point of our variable setact
we choose seven quantitative measurements includingethod. Rounds of the iteration were referred to the sucuegsi
confusion matrix, TP rate, FP rate, Precision, Recall, Aacyr performing of resampling, training, and scoring. In order to
and F1-measure. stabilize the results obtained by our variable selectiomhodd

A confusion matrix {"heodoridis and Koutroumbas, 2009 1 1P rounds were performed. In addition, this procedure was
illustrates the number of false negative (FN), true positiveepeated three times, each of which corresponded to a group
(TP), false positive (FP), and true negative (TN) sampleof randomly selected training samples. Accordingly, Gaussi

Frontiers in Plant Science | www.frontiersin.org 6 March 2021 | Volume 12 | Article 506681



Zhao et al. Identifying PPR Using Variable Selection

A B

3104 — TPrate g 1.0 1

§ — FP ra.t_e §

o Precision ® 0.9

8 0.8 — Recall ©

v v

e —— F1 measure @

S S 0.8 1

8 8

2 0.6 1 =%

g g o7

@ ©

- -

9 %41 2 0.6

S =

g "

g £ —— TP rate

202 < 051 — Fprate

E _E, Precision

s 0447 Recall

3 0.0 1 3 —— F1 measure

1 2 3 4 13 188 1 2 3 4 13 188
Number of variables Number of variables

C D

; 1.01 — TPrate 24,

2 —— FPrate 8 e
n Precision ]

& 0.8 — Recall © 0.9 1

b+ —— F1 measure =

2 [

= g 0.8 4

8 0.6 8

- Q

g U071

: :

041 5

i} » 0.6

2 2

g g

2021 €05 TP rate

% g —— FPrate

£ s Precision

S € 0.49 — Recall

3 0.0 4 8

o 8 —— F1 measure

1 2 8 65 : : & e
. 1 2 8 65
Number of variables Number ofvariables
FIGURE 4 | Line charts of quantitative results on 188D and PAAC, with #x axis representing the number of selected variablegA,B) Quantitative results on 188D
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distributions of the GMM instances tted by the accumulated If we expand the scope by including two green Gaussian

variable importance are listed Figures 2A—C respectively. components illustrated ifrigures 2A,G namely, we now select
Figure 2A illustrates one, four, 24 and 159 variables invariables in subs&®®, whereQis de ned asQ®D (G11[ Giz2|

the rst, second, third, and fourth Gaussian component withGi3)\ (Gz1[ G22)\ (G31[ Gs2[ Gss), we will obtain 13 variables.

the variable importance in a descending order, respectivelfi.he corresponding ROC curves and AUC values can be seen in

Figure 2B shows one, 13 and 174 variables in the rst, secondrigure 2F. Besides, the ROC curves and AUC values of 188D are

and third Gaussian component with the variable importance inshown inFigure 2E

a descending order, respectively. AsRigure 2C it has one, Starting from the setA which is composed of the only

seven, 19 and 161 variables in the rst, second, third, andtfo  variable with the highest importance score, i&.,D \ |Gy,

Gaussian component according to the variable importance ive progressively add t& new elements irQ which is made

a descending order. If we select variables which belong o thip of originally selected four variables with their importania

rst two Gaussian components of all the three times which havex descending order and present quantitative resultSable 1

highest mean scores of variable importance, namely we sel@bétailed results of the selected four variables togethirtive 13

all the variables belong to subset Q, wh@eD \ j(Gi1 [ Gi2).  variables and 188D are also listedlable 1

Here, i is the index of the three times an@; denotes the In Table 1, the confusion matrix, true positive (TP) rate,

Gaussian distribution which has théh highest mean score of false positive (FP) rate, precision, recall, and F1 measure are

variable importance in théth time, four variables are selected. calculated for the results corresponding to a specic feature

The corresponding ROC curves and AUC values can be seenii., the compound of the selected variables. The two classes

Figure 2D. representing PPR positive (labele) and negative proteins
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FIGURE 5 | Scatter plots derived from feature 188D, each of which keepx and y axis representing variable and its importance scoreespectively.(A,C) Correspond
to 20-fold sample split from twice random generations of theraining samples.(B,D) Refer to the accumulated results of the 20-fold scatter platin (A,C), respectively.

(labeled b) are separately considered as the positive clasariables with the variable importance in a descending arder
when we calculate these quantitative results. As more arfigure 3B presents three, 11 and 51 variables in the three
more variables are added #, the frequency of misclassifying Gaussian distributions from right to left with the variable
samples labeled to a decreases and vice versa; while themportance in a descending order. Meanwhile, three, 12 and 50
TP rate using both clasa and classb as the positive class variables are included in three Gaussian components froimt rig
improves, so do the precision, recall and F1 measure. As to left, respectively, as shownigure 3C
the FP rate, when setting the positive classbtocand the We rst select the variables in subs&, which is the
error rate that misclassifying samples of lalzlto b, the interaction of variables belonging to the Gaussian componen
values gradually become smaller as more variables arededtlu with the highest mean score iRigure 3 variables belonging
at the beginning, but uctuate later. These dynamic changeto the Gaussian component with the highest mean score in
are illustrated inFigures 4A,B respectively. Besides, it can beFigure 3B and variables belonging to the Gaussian component
obviously seen that the 13 variables keep a comparable resulith the highest mean score Figure 3C namely,Q D (G11) \
with 188D. (G21) \ (Ggy). Here,i is the index of the three times anG
denotes the Gaussian distribution which hasjtmehighest mean
3.2. Variable Selection Results on PAAC score of variable importance in thth time. Q consists of only
Then, we used PAAC as the original feature for variabléwo variables. The corresponding ROC curves and AUC values
selection. Following the same way as 188D, we also performedn be seen ifigure 3D.
1 10 rounds to stabilize the results and repeated the If we expand the scope by including two green Gaussian
procedure three times on three groups of randomly selectedomponents illustrated irrigures 3B,C namely, we now select
training samples. Gaussian distributions of the GMM instancevariables in subse®® whereQ®is de ned asQ® D (Giq) \
tted by the accumulated variable importance are shown in(Ga1 [ Gpo) \ (Gz1[ Ggo), eight components will be selected.
Figures 3A-C respectively. The corresponding ROC curves and AUC values can be seen in
Figure 3Aillustrates two Gaussian mixture components fromFigure 3k Besides, the ROC curves and AUC values of PAAC are
right to left, each component of which contains 11 and 54shown inFigure 3E
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FIGURE 6 | Scatter plots derived from feature PAAC, each of which keepg and y axis representing variable and its importance scoregspectively.(A,C) Correspond
to 20-fold sample split from twice random generations of theraining samples.(B,D) Refer to the accumulated results of the 20-fold scatter plat in (A,C), respectively.

Again, similar to what we have done on 188D, starting3.3. Results on Low-Redundant Training

from the setA consisting of the only variable with the highest Data From 20-Fold Sample Split
importance score, we progressively add\toew elements iR Actually, we don't know whether the dataset representing
which is made up of originally selected two variables wit&ith plant PPR Qu et al., 201pis non-redundant or not. And
importance in a descending order and present quantitativeltes  the case might be that redundancy exists among 9590 PPR
in Table 2 Then, detailed results of the selected two variablegegative sequences. However, some statistical strategiesec
together with the eight variables and PAAC are listedéhble 2 employed to reduce data redundancy as much as possible.
In Table 2 the confusion matrix, true positive (TP) rate, Here, we used all the 243 positive samples of the training
false positive (FP) rate, precision, recall, and F1 measukt and divided the 4,795 negative samples of the training
are also presented for the results corresponding to thget equally into 20 sets. We made this 20-fold sample split
compound of selected variables. The two classes representigg make a balance between the number of PPR positive
PPR positive samples (labelefland negative ones (labelél  proteins and that of negative ones. This kind of strategy
are separately considered as positive classes when we tmlcwﬁay help to reduce redundancy among PPR negative samples.
these quantitative results. As more and more variablesdded Again, this procedure was repeated two times, each of

to Q, the frequency of misclassifying samples labedeth a  \yhich corresponded to a randomly selected original group of
decreased and vice versa; while the TP rate using both claggining samples.

a and classh as positive class improves, so do the precision, Ag to each fold of negative samples and the 243 positive
recall and F1 measure. When setting the positive clagsaiod  ones, we followed the resampling, training, and scoring
the error rate of misclassifying samples of laheb b, the FP  step in section 2.2 and made 1 10 rounds of the
rate also follows a similar trend of the result on 188D. Theséeration. Correspondingly, a scatter plot was obtained,
changes of quantitative results regarded as the functiothef with its x and y coordinate representing each variable
variable number are plotted iRigures 4C,Q respectively. Itcan and its importance score, respectively. The experimental
be also seen that the eight variables keep a comparable res@éults on 188D and PAAC are shown ifFigures§
with PAAC. 6, respectively.
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FIGURE 7 | Qualitative results on low-redundant dataset using 188D(A,C) Gaussian distributions of the accumulated variable impoance corresponding to twice
random sample splits, respectively(B,D) Refer to ACC line charts of different dimensions derived fro feature 188D, with important variables incrementally adet one
by one according to the accumulated scores in a descending ater.

Figures 5A,C refer to twice random generations of the random generations of the training set are obtained and
training set. Twenty scatter plots corresponding to 20-foldllustrated inFigures 7 8, respectively.
negative samples are listed in each sub- gure. Besides, two Figures 7A,G which are associated with the scatter plots in
scatter plots which record the accumulated scores of variabFigures 5B, show Gaussian distributions of the accumulated
importance are listed ifrigures 5B,0 respectively. It can be seen variable importance using feature 188D. Asigures 8A,C they
that variable 10 in 188D is obviously more important than thecorrespond to the scatter plots iRigures 6B,Dand represent
other variables. Gaussian distributions of the accumulated variable impoce
As to Figures 6A,G it refers to twice random generations using feature PAAC. In practice, we regard variables tharigd
of the training set. Twenty scatter plots corresponding toto the rst two Gaussian mixture components (or outliers) tvit
20-fold negative samples can be seen in each sub- gurbigher scores of variable importance as important variables.
Moreover, two scatter plots which correspond to the accumdlate )
scores of variable importance are shown Figures6B,Q 3.4. Results on Low-Redundant Testing
respectively. It can be also seen that variable 10 in PAAData From 20-Fold Sample Split
is important. Now that important variables were selected according to
As having been stated in section 2.3, after making automatiGaussian distributions derived from each training set, waved
variable selection on accumulated scores of variable irapog  on to the testing set. In order to get low-redundant data, we
shown in Figures 5B,D 6B,D, Gaussian distributions of the divided negative samples of the testing set equally into 20 sets
accumulated variable importance corresponding to the twiceach of which kept a comparable number as that of the positive
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one by one according to the accumulated scores in a descendig order.

samples. Each set of the negative samples and all the posiége on Figures 7B, which are separately associated with
together formed a fold on the testing set. Figures 7A,G show ACC line charts of di erent dimensions
In each fold, we followed the resampling, training, and sogri  derived from feature 188D. The line chart keeping the lowest
step stated in section 2.2 and made 110* rounds of the ACC values corresponds to variable 10 in 188D; while, the one
iteration. Therefore, a random forest containing 110 CARTs  keeping the highest ACC values represents feature 188D. It
was built. Then, the left samples on the testing set were used tan be seen that ACC values may increase with the addition of
calculate an ACC value, as having been expressed in Equ8jion (feature dimension.
Each fold corresponded to an ACC value. As a result, we As to Figures 8B, which are separately associated with
could get a line chart including 20 ACC values in a speci cFigures 8A,G ACC line charts of di erent dimensions derived
dimensional space. from feature PAAC are also listed in turn. The variable witle t
Since important variables have been selected in each randdmghest score of variable importance keeps the lowest AC@salu
generation of the training set using either feature 188D omvhile, the one keeping the highest ACC values corresponds to
feature PAAC, important variables can be sorted accordinfeature PAAC. Also, it can be discovered that ACC values may
to their accumulated scores in a descending order. Follgwinincrease with the addition of feature dimension.
this order, variables can be incrementally added so that From the ACC lines charts of di erent dimensions shown in
di erent dimensional spaces composed of important variable§igures 7 8, we see that ACC values increase with the growth
are established. of feature dimensions. Anyway, even though all the important
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FIGURE 9 | Line charts of the average ACC values with increasing feateidimensions following the order of the variable importancgA) Is the line chart derived from
the average of 20-fold cross validation using 188D(B) Is the line chart derived from the average of 1,000 times equaésampling on negative samples from a testing
set compared with the number of positive samples on the testig set using 188D.(C) Is the line chart derived from the average of 20-fold cross viation using PAAC.
(D) Is the line chart derived from the average of 1,000 times equagsampling on negative samples from a testing set compared ith the number of positive samples
on the testing set using PAAC.

variables are used, the ACC value is still slightly leseb#étan  while, itis variable 22 ifrigure 8D. Thus, we inferred variable 10
the ACC value using feature 188D or feature PAAC. We wondeis more important. After attaching the ACC line chart of vadria
at which dimension the incrementally added variables camiob 22 using dotted line, we found the line chart of variable 10 is
almost same ACC values as feature 188D or feature PAAC doeabove that of variable 22. That is to say, variable 10 shoeld b
As a result, we followed the order of the variable importancethe most important variable in PAAC despite the instability of
made 1 10* rounds of the iteration by repeating the resampling,selected variables using PAAC ($égures 6B,D).
training and scoring step to establish a random forest withl0* Note that 188D and PAAC keep the same variable 10. In
CARTSs, and obtained line charts of the average ACC values irder to validate whether variable 10 plays a part in predicting
di erentdimensions Figure illustrates the experimental results PPR proteins, we randomly extracted negative samples with
in detail. It can be indicated that the rst 25 variables maythe number equal to that of positive samples on a testing set
achieve almost the same ACC values as feature 188D or featanred made 1 10* rounds of resampling, training and scoring
PAAC does. step to form a random forest. The left samples were used to
By making a comparison betwedtigures 8B,0 we found calculate ACC values. The random extraction was repeat@® 1,0
the ACC line charts of the most important variable in thesetimes.Figure 10shows the experimental results in detail. It can
two sub gures are of di erent ACC values. In fact, the mostbe seen that any 25 dimensional feature excluding variable 10
important variable shown ifFigure 8Bis variable 10 in PAAC; shown in Figures 10B,Ehas a lower average ACC value than

Frontiers in Plant Science | www.frontiersin.org 12 March 2021 | Volume 12 | Article 506681


https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles

Zhao et al. Identifying PPR Using Variable Selection

Acc
Acc
Acc

o 200 400 600 800 1000 [ 200 400 600 800 1000 o 200 400 600 800 1000
D round E round F round

0 200 400 600 800 1000 0 200 400 600 800 1000 o 200 400 600 800 1000
round round round

FIGURE 10 | Line charts of ACC values in 25 dimensions including and exatling variable 10 on 188D and PAAC. The black dotted line refs to the average ACC
values of 1,000 rounds.(A) Shows the ACC values of any 25 dimensional feature randomlyxéracted from 188D in each round of 1,000 times negative samie
extraction. (B) lllustrates the ACC values of any 25 dimensional feature randly extracted from 188D after excluding variable 10 in eachound of 1,000 times
negative sample extraction.(C) Shows the ACC values of any 25 dimensional feature includingariable 10 that is randomly extracted from 188D in each rouhof
1,000 times negative sample extraction(D) Shows the ACC values of any 25 dimensional feature randomlyx&acted from PAAC in each round of 1,000 times
negative sample extraction.(E) lllustrates the ACC values of any 25 dimensional feature ranchly extracted from PAAC after excluding variable 10 in eactound of
1,000 times negative sample extraction(F) Shows the ACC values of any 25 dimensional feature includingariable 10 that is randomly extracted from PAAC in each
round of 1,000 times negative sample extraction.

that of any 25 dimensional feature (sEgures 10A,D. As to  and the 85 positive ones, we followed the resampling, training
any 25 dimensional feature including variable 10, it keeps and scoring step in section 2.2 and made 110* rounds of
higher average ACC value (segures 10C, [y than that of any the iteration. After traversing all the 50-folds, a scatf#ot
25 dimensional feature. Thus, it indicated that variabled#lly  recording the accumulated scores of variable importance was

plays an important role in predicting PPR proteins. obtained, with its x and y coordinate representing each \deia
and its importance score, respectively. The experimentalteesu
3.5. Results on Non-redundant Data on 188D and PAAC are shown iRigures 11 12, respectively.

In order to show the e ectiveness of our method, redundancyFigures 11A,Dshow the scatter plots derived from feature 188D,

has to be removed from the dataset representing plant RRR ( €ach of which corresponds to one time of random sample

et al., 2010 A redundancy removing tool namely Cd-hit.i  Selection for training. Gaussian distributions of the acalated

and Adam, 200Bis used at 25% cuto, which means no Variable importance corresponding to the twice random sesect

two protein sequences have similarity more than 25%. Thief the training set are illustrated ikigures 11B,Erespectively.

redundancy removing procedure was made on 487 PPRccordingly, experimental results using feature PAAC aresho

positive protein sequences and 9,590 negative ones, regggctivin Figures 12A,B,D,Erespectively.

Correspondingly, 170 PPR positive proteins and 9,293 negative As to each testing set, 4,647 negative samples were equally

ones were left, and they composed the non-redundant data. A$vided into 50 sets, each of which kept a comparable number as

shown inFigure 1, a balanced sample split was made. That isthat of the 85 positive samples. Each set of the negative samples

85 PPR positive proteins together with 4,646 negative ones weand all the positive samples formed a fold. Thus, we obtained

randomly selected as the training set. The left proteins casedo 50-folds. In each fold, we followed the automatic variable

the testing set. Again, this procedure was repeated two tieaeh, selection step shown iRigure 1, which has been clearly stated

of which corresponded to a random selection of training samplesn section 3.4. A line chart including 50 ACC values could be
In each time of random sample selection for training, weobtained in a speci c dimensional space deriving from impottan

divided the 4,646 negative proteins of the training set dgual variables incrementally added according to their accuttaala

into 50 sets in order to make a balance between the positivgcores in a descending order. Therefofégures 11C,Fshow

and negative samples. As to each fold of negative sampl&EC line charts of di erent dimensions derived from 188D.

Frontiers in Plant Science | www.frontiersin.org 13 March 2021 | Volume 12 | Article 506681


https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles

Zhao et al. Identifying PPR Using Variable Selection

FIGURE 11 | Qualitative results on non-redundant dataset using 188D(A,D) Refer to the accumulated results of the 50-fold scatter plat, each of which corresponds
to one time of random sample selection for training(B,E) Gaussian distributions of the accumulated variable impaaince corresponding to twice random sample
splits, respectively.(C,F) ACC line charts of different dimensions derived from featarl88D, with important variables incrementally added one bgne according to the

accumulated scores in a descending order.

FIGURE 12 | Qualitative results on non-redundant dataset using PAAGA,D) Refer to the accumulated results of the 50-fold scatter plat, each of which
corresponds to one time of random sample selection for traiimg. (B,E) Gaussian distributions of the accumulated variable impoaince corresponding to twice random
sample splits, respectively(C,F) lllustrate ACC line charts of different dimensions deriveddm feature PAAC, with important variables incrementallydaled one by one

according to the accumulated scores in a descending order.

Frontiers in Plant Science | www.frontiersin.org 14 March 2021 | Volume 12 | Article 506681



Zhao et al. Identifying PPR Using Variable Selection

FIGURE 13 | Line charts of the average ACC values with increasing featidimensions following the order of the variable importancen non-redundant dataset.
(A,B) Are the line charts derived from the average of 50-fold crossalidation using 188D, which correspond to twice random sarple splits. (C,D) Are the line charts
derived from the average of 50-fold cross validation usingeature PAAC, which correspond to twice random sample splits

Correspondingly, experimental results using feature PAAE ar4. DISCUSSIONS
illustrated inFigures 12C,Frespectively.

Furthermore, we calculated the average ACC values of tHeccording to the experimental results, we make some discassio
50 folds derived from feature 188D and PAAC in di erent @s follows. Firstly, it needs to be considered whether the
dimensions, as shown iRigure 13 Figures 13A,Bcorrespond ~ classi cation accuracy will come down when non-redundarteda
to the experimental results of the twice random selection ofs used. Itis observed that methods presente®hyet al.(2019
the training set using feature 188D. As fagures 13C,D it and the 20-fold sample split in this paper have used all the
refers to the experimental results of the twice random silect PPR positive proteins for training, which means there are only
of the training set using feature PAAC. It can be discoverediegative samples in a testing set. In that case, ACC is equivale
that mean ACC values may increase when enlarging featue TP rate, for PPR negative proteins are labeled with positive
dimension. The selected variables regarded to be importaiass (see Equation 9Jable 1 shows the classi cation results
always obtain ACC values comparable to those of feature 188E0 a testing set containing 244 PPR positive proteins and 4,795
or PAAC, which indicates the e ectiveness of the selectefegative ones. Correspondingly, the training set whichtideb
variables. After making a comparison betweEigure 9 and 243 PPR positive proteins and 4,795 negative ones is considered
Figure 13 we nd that our variable selection method still to be most redundant. As listed ifable 1, the ACC values (i.e.,
works on non-redundant data despite the existence of 59he TP rate when class b is labeled to be positive) using feature

point loss on the average ACC values from feature 188D an&88D and only variable 10 are 1.000 and 0.968. As to the low-
feature PAAC. redundant testing data from 20-fold sample split, only 243 PPR
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positive proteins and no more than 240 negative samples are usBd CONCLUSION

for training, which shows more lest redundancy (only 9.6%hef

former training sample size). It can be discovereffigure 8that  PPR proteins play a vital role in plant growth and development.

the ACC values are commonly above 0.95 when the dimension 81 this study, we proposed a framework of variable selection

selected variables is bigger than 25. That means the atasisin ~ for predicting PPR proteins. A random sample split was

accuracy will come down a little but not drastically when fow made for obtaining a training and a testing set in balance.

redundant data is used. As to non-redundant data, experiment An iteration referred to resampling, training, and scoring

results shown irFigure 13exhibit that the mean ACC values are Step was implemented to stabilize the results of variable

approximate to 0.9 with the feature dimension increasing,avhi Selection. Then, important variables were automaticallycted

demonstrates the e ectiveness of our method. by employing GMM with BIC. Qualitative and quantitative
Secondly, we want to discuss whether variable 10 is e ectiv@sults demonstrated that the content of methionine may

for identifying PPR proteins and whether all the variables inPlay an important role in predicting PPR proteins. Besides,

feature 188D or feature PAAC are needed. The experimenténportant variables other than the extracted feature are

results inFigure 10 indicate the importance of using variable applicable to prediction of PRR proteins. In future work,

10 for classi cation. The selected four variables (10,3@,1f  clustering methods will be considered in advance for getting

shown in Table 1 correspond to the content of methionine, better identifying results.

proline, cysteine, and the conversion frequency of amino

acid surface tension, respectively. Meanwhile, the selested DATA AVAILABILITY STATEMENT

variables (10, ) shown in Table 2 refer to the occurrence
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