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Table S1 Details of the samples of the 12 prokaryotic genomes”

Prokaryotic genomes Abbreviations Ess (our study) Ess (Ref))
1. Acinetobacter baylyi AB 498 499 1
2. Bacillus subtilis 168 BS 267 2712
3. Caulobacter crescentus CC 480 4803
4. Escherichia coli* EC 296 303 4
5. Francisella novicida FN 390 3963
6. Mycoplasma genitalium MG 378 3826
7. Mycoplasma pulmonis MP 309 3107
8. Pseudomonas aeruginosa UCBPP-PA14 PA 335 3358
9. Staphylococcus aureus N315 SA315 302 150/146/122°
10. Staphylococcus aureus NCTC 8325 SA8325 351 35110
11. Salmonella enterica serovar Typhi SE 352 356 11
12. Streptococcus sanguinis SS 218 218 12

* Ess (our study): the number of essential genes used in our study; Ess (Ref.): the number of essential genes given
by the references. **There are three datasets of E. coli in the DEG 6.5 database, Gerdes set contains 609 essential
genes '3, Baba set contains 296 essential genes 4 and the union set of the Gerdes set and the Baba set. Gerdes set
was identified by transposon mutagenesis. Baba set was identified by the single gene knockout experiments.
Gerdes set contains more false positives than Baba set does. Consequently, we only used the Baba set.

The Z-curve methods

Z-curve is a powerful tool in visualizing and analysing DNA sequences 4. For convenience,
we briefly introduce Z-curve parameters.

The Z-curve parameters for frequencies of phase-independent mononucleotides. The
frequencies of the bases A, C, G, and T occurring in a fragment of DNA sequence are denoted by
a, ¢, g, and ¢, respectively. Based on the Z-curve method, a, ¢, g and ¢ are mapped onto a point P
in a three-dimensional space V, which are denoted by x, y and z 14b.

x=(a+g)—(c+?)

y=(atc)—(g+1) (1)

z=(a+t)—(c+g)
The Z-curve parameters for frequencies of phase-specific mononucleotides. The frequencies of
bases A, C, G and T occurring in a fragment of DNA sequence at the 1st, 2nd and 3rd codon
positions are denoted by a;, ¢, g, t;, i=1, 2, 3, respectively. Based on the Z-curve method, a;, ¢;, g;

and ¢; are mapped onto a point P; in a three-dimensional space V3, i=1, 2, 3, which are denoted by
14a
Xis Vis Zi -

x, =(a;+g)—(c,+t,)

Y :(ai+ci)_(gi+t[)

z,=(a,+t)—(c,+g;)
x,y,ze[-L+1], i=123

)

The Z-curve parameters for frequencies of phase-independent di-nucleotides. 1ect the frequency
of di-nucleotides XY be denoted by p(XY), where X, Y=A, C, G and T. Using the Z-curve of DNA
sequences, we have

x, =[P(XA) + p(XG)]~[p(XC) + p(XT)]

Yy =[P(XA)+ p(XO)]-[p(XG) + p(XT)]

2, =[p(XA)+ p(XT)]~[p(XC) + p(XG)]
X=A,CG,T

where xy, yy and zy are the coordinates of a point in a three-dimensional space.

€)

The Z-curve parameters for frequencies of phase-specific di-nucleotides. Using similar
notations, we have



xy =[P (XA)+ p* (XG)]-[p" (XC) + p* (XT)]

Vi =[p" (XA) + p*(XO)]-[p"(XG) + p* (XT)]

2y =[p" (XA) + p" (XD)]-[p"(XC) + p* (XC)]
X=ACGT, k=123

where k=1,2,3 mean that the nucleotides are situated at the 1st, 2nd and third codon positions,
respectively.

(4)

The Z-curve parameters for frequencies of phase-independent tri-nucleotides. Using similar
notations, we have

Xy = [P(XYA) + p(XYG)]=[p(XYC) + p(XYT)]
Vir =[P(XYA) + p(XYC)] = [p(XYG) + p(XYT)]

(%)
Zyy =[P(XYA) + p(XYT)] - [ p(XYC) + p(XYG)]
X=ACGT, Y=ACGT,
The Z-curve parameters for frequencies of phase-specific tri-nucleotides. Similarly, we have
Xy =[P (XYA) + p" (XYG)]~[p" (XYC) + p* (XYT)]
Vi =[P (XYA)+ p* (XYO)] - [p" (XYG) + p* (XYT)] ©6)

2y =[P" (XYA)+ p" (XYT)] - [p"(XYC) + p" (XYG)]
X=ACGT,Y=ACGT, k=1273
A fragment of DNA sequence can be represented by a point in an n-dimensional space V by a

selective combination of n variables derived from the Z-curve method, where ne[1..252]. Please
refer to Gao and Zhang (2004) % for more details.

Table S2. Descriptions of the selected 93’ Z-curve variables
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N - oy . Phase-specific  parameters
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Orthologs

Previous studies have proven that essential genes tend to be evolutionarily more conserved
than non-essential genes in bacterial species '°. This is because essential genes are more likely
involved in basic cellular processes, and the negative selection acting on essential genes are more
stringent than for non-essentials. Thus the number of orthologs has been found to be a valuable
predictive feature for gene essentiality 6.

We introduced a reciprocal best hit (RBH) 7 method to identify the orthologs between
training and target genome. For example, in the case of calculating the number of orthologs
between EC and PA: we first queried an ORF; in PA against all known ORFs in EC by Blastp to
yield the set of hits W. The corresponding E-value threshold was 10-3. Then, we queried the hit
with the lowest E-value in /' (ORF)) against all ORFs in PA to yield the set of hits Y. A pair of
proteins (ORF;, ORF;) was considered putative orthologs if ORF; was the hit in Y with the lowest
E-value, and if they also met two strict criteria:

(1) LengthShonerProtein:LengthLongerProtein = 80%,
(11) LengthAlignedRegion:LengthShorterProtein = 80%;
to ensure sufficient coverage of aligned regions.

We used 17 genomes given by DEG6.5 database and other 180 genomes '>¢ to calculate the
orthologs. 185 genomes are finally selected because the overlapped genome between DEG 6.5
dataset and the 180 dataset.

For example, in the case of EC—»PA, there are 183 genomes left except for EC and PA. So
there are 183 orthologs features for EC, noted as ECorth. Similarly, there are 183 orthologs
features for PA, noted as PAorth. We also used the standard deviations and mean values of them
as the features.

Other sequence-based features
< Gene size

There is a trend for proteins to become larger throughout evolution. Gene size is therefore
expected to be indicative of essentiality '>°. We used the number of nucleotides of the gene
sequences as the “Gene size” feature.

< Strand bias

Essential genes are more likely to be encoded on the leading strand of the circular
chromosome 8. If the gene is on the leading strand, the corresponding strand bias feature is “1°, or
else is ‘0’.
< Codon Adaptation Index

Codon Adaptation Index (CAI) is a measurement of the relative adaptiveness of the codon
usage of a gene towards the codon usage of highly expressed genes !°. We used the CodonW
software (http://codonw.sourceforge.net) to calculate the CAI values.

< Frequency of optimal codons

Frequency of optimal codons (Fop) is the ratio of optimal codons to synonymous codons
(genetic code dependent) %, We also used the CodonW software (http://codonw.sourceforge.net)
to calculate the Fop values.

< Frequency of all encoded amino acids

Lin et al. found that rather than all essential genes, only those with the COG functional
category of information storage and process (J, K and L), and subcategories D (cell cycle control),
M (cell wall biogenesis), O (posttranslational modification), C (energy production and conversion),
G (carbohydrate transport and metabolism), E (amino acid transport and metabolism) and F
(nucleotide transport and metabolism) were preferentially situated at the leading strand 2.
Therefore, we used the frequency of encoded amino acids as features.

< Close_stop_ratio

We also calculated Close stop_ratio, the number of codons that are one third-base mutation
removed from a stop codon. There are five such codons: TAC and TAT encoding Tyr are one
third-base mutation away from TAA and TAG; TGC and TGT encoding Cys, and TGG encoding
Trp are one third-base mutation away from TGA 2!. Such codons were counted and the ratio can



be calculated as follows: if an ORF contained 200 codons, and the translated sequence contains 3
Tyr, 2 Cys and 1 Trp. Then, the total ratio of the codons that close to the stop codon would be
(3+2+1=6)/200=0.03.

»  Paralogs

Genes that have duplicates are more likely to be unessential '*°. They are often referred to as
paralogs which typically have a similar function. In our study, paralogs were defined as the
number of those genes which were present in the same genome. An all-against-all FASTA search
was conducted for the proteins coded in an organism to identify the putative paralogs!> 7. The E-
value threshold is 10-.

»  DES (Domain enrichment score)

Domain enrichment reflects the conservation of local sequences rather than the entire gene 7.
We introduced the DES feature proposed by Deng et al. 201117 as one of the features to predict
essential genes.



Partial least squares classifier

Partial least squares (PLS) algorithm is a key technique for modelling linear relationships
between a set of known class-labels and a set of input variables. In PLS model, it is assumed that
the investigated pattern is influenced by just a few underlying variables, which are called Latent
Variables (LVs). Thus the original data space is projected to a much lower LV space to eliminate
the interference of noise and the missing data. The multi-colinearity among the original data is
also excluded by the orthogonality among the LVs. Interestingly, the LV assumptions closely
correspond to the use of microscopic concepts such as molecules and reactions in chemistry and
molecular biology, thus making PLS philosophically suitable for the pattern recognition (PR) of
chemical and biological data 2.

The methodology and procedure of PLS
In the first step, PLS creates uncorrelated latent variables (LVs) which are linear
combinations of the original input variables. The basic point of the procedure is that the weights
used to determine the linear combinations of the original variables are proportional to the
maximum covariance among input and output variables 3. Then, the original data space is
projected to the much lower LV-space to eliminate the interference of noise, missing data and
multi-collinearity. This leads to a biased but lower V:B}%%%% nelsl‘{irr’lilgntg (%%;cllluggregression coefficients
compared to the least squares method 23. best correction with L
The PLS recognition model can be written in matrix form as:
Given two data matrices XeR ™" and L R" and assuming they are linearly related by:
L= XB+F (7)
where Be R and Fe R"™! are coefficient and noise matrices, respectively.
For example, the two-class PLS recognition model can be written as
I=sgn(XB+F) (®)
sgn(*) is the Signum function. For each element of *, sgn(¥*) returns 1 if the element is greater
than zero, 0 if it equals zero and -1 if it is less than zero.
The PLS algorithm builds a linear model by decomposing matrices X and L into bilinear
terms:

X:X+§/°:Zvltipf+)9/°:TPT+)€/C 9

L=L+ Py ugl + le-UQ" + I/ (10)
i=1
where X and Lare the modeling matrices of X and L, respectively; Xe, fare corresponding
model error matrices; ¢; and u; are the ith LV score vectors; and p; and ¢; are their loading vectors.
The deflation of L is not always necessary.

The above two equations formulate a PLS outer model. A least squares regression is then
performed on the subset of extracted orthogonal latent variables (LVs). Latent vectors are then
related by a linear inner model:

u=cittr; (izl,...,V) (11)
where ¢; is an inner coefficient determined by minimizing the residual #;.

After performing the first LV calculation, the second LV is calculated by decomposing the
residuals ¥¢ and F4 using the same procedure as for the first LV. The total number of LVs, v,
required in the model is usually determined by cross-validation, although elsewhere an F-test is
suggested 24,

The regression coefficients matrix/vector B has the form

B=W(P"Wy'Q" (12)
where P (nxv) and @ (1xv) are the matrices/vectors consisting of loading vectors p; and g¢;
(i=1,...,v), and W is the (nxv) weighting matrix consisting of weighting vectors w; (i=1,...,v).

There exist several different modifications of the basic algorithm for PLS regression
originally developed by Wold 2. In its basic form, a special case of the nonlinear iterative partial
least squares (NIPALS) algorithm is used 26. NIPALS is a robust procedure for solving singular
value decomposition problems and is closely related to the power method.

The classical NIPALS-PLS algorithm training procedure is:

1. Scale the data {X, L} to zero mean and unit variance, or as otherwise specified. Ey=



7.

X, F():L;
Randomly initialize u; (in two-class problems, always set u=I, [ is the label vector)
Build the outer model of PLS
Repeat the following steps until #; convergence
w,=E  u/u'u,
t,=E_w, /”Ei—lwi”
q, = F:lti /”FH ti”
u =F_gq,
Calculate the loading vectors of X: p =E' ¢ /t't. = E| ¢,
Build the inner model of PLS: ¢, = "l-Tt,- /tiTti = ”l-Tt,-

Deflate E, F matrices: E, =E,, —t,p/ , (the deflation of F is not always necessary)
171 = E—l _bit'qi

i

Repeat steps 3-6 untill given number of LVs have been extracted or cross-validation
indicates that there is no more significant information in X about L.

where (*)T is the transpose of *; ||*|| is the norm of *; #; and u; are the ith LV score vectors; and p;
and ¢; (i=1,...,v) are the corresponding loading vectors.
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