Chapter 15
Discovering Essential Domains in Essential Genes
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Abstract
Genes with indispensable functions are identified as essential; however, the traditional gene-level perspective
of essentiality has several limitations. We hypothesized that protein domains, the independent structural or
functional units of a polypeptide chain, are responsible for gene essentiality. If the essentiality of domains
is known, the essential genes could be identified. To find such essential domains, we have developed an EM
algorithm-based Essential Domain Prediction (EDP) Model. With simulated datasets, the model provided
convergent results given different initial values and offered accurate predictions even with noise. We then
applied the EDP model to six microbes and predicted 3,450 domains to be essential in at least one species,
ranging 8–24 % in each species.
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1 Introduction
Genes are widely regarded as the basic units of a cell, a complex
system made up of a large number of components and reactions.
Therefore, a fundamental question in synthetic biology is: what is
the minimal gene set that is necessary and sufficient to sustain life
[1]? The individual genes that constitute a minimal gene set are
called essential genes. Experimentally, essential genes are defined as
those that when disrupted, confer a lethal phenotype to organisms
under defined conditions. Therefore, the essentiality of a gene is
the indispensability of this gene’s product to the survival of a
microorganism. Systematic genome-wide interrogations of essential genes have been conducted by single-gene knockouts [2–5],
transposon mutagenesis [6–12], or antisense RNA inhibitions [13,
14]. These experiments have provided a tremendous amount of
resources to further our understanding on gene essentiality, one
important step closer to unraveling the complex relationship
between genotype and phenotype [15].
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Recent comparative research on the available essential gene
datasets has shown surprising results and has challenged many early
assumptions in genomics. Firstly, it was discovered that microorganisms share a limited set of essential genes. Independent studies
have firmly established that bacterial species share a very limited
number of orthologs, regardless of which ortholog detection
method is used [16]. This may reflect the physiology of diverse
microorganisms expanding the organism list will further decrease
the number of orthologs and thus common essential genes.
Secondly, and more surprisingly, a recent study showed that when
tested experimentally in model bacteria, less than a quarter of the
highly conserved genes were essential [17–20]. This suggests that
evolutionary conservation of a gene does not necessarily imply that
it is essential for microbial survival. Finally, orthologs are often
observed to be essential in one organism but not another. For
example, the dapE gene is essential in E. coli but nonessential in
P. aeruginosa [21]. It is also possible for orthologs to have different functions in different organisms [22], even though it is a fundamental assumption of genomics that most orthologs perform a
similar function. This suggests that differences in genetic regulation, genetic redundancy, and divergence in cellular pathways or
processes between organisms may all affect gene essentiality; their
combined effects result in the discrepancy in essentiality between
orthologs.
Here we have reexamined gene essentiality from a novel essential protein domain point of view. With an EM algorithm-based
Essential Domain Prediction (EDP) model, we evaluate the contribution of domains in the essentiality of gene. The performance of
EDP model are tested on simulated data sets and then used to
predict essential domains in six microbes. Our results suggest that
this new perspective may offer unique insights into the mechanistic
basis of gene essentiality and help to resolve the controversy regarding this phenomenon.

2 Materials
2.1 Essential
Gene Data

E. coli K-12 sequence data were downloaded from Comprehensive
Microbial Resource (CMR) (http://cmr.jcvi.org/tigrscripts/
CMR/GenomePage.cgi?database=ntec01). This database contains
4,289 protein sequences in total [23]. The essential genes of E. coli
K-12 were downloaded from the PEC database [5]. The Kato data
set contains 302 essential genes from gene deletion experiments.
P. aeruginosa PAO1 sequence data were downloaded from the
Pseudomonas Genome Database (http://www.pseudomonas.
com/) (Pseudomonas_aeruginosa_PAO1.faa, revision 2009-07-17).
PA essential genes were adopted from ref. 24. The Jacobs data set
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contains 678 essential genes from transposon mutagenesis experiments in PAO1.
A. baylyi ADP1 sequences were collected from the Magnifying
Genomes Database (http://www.genoscope.cns.fr/agc/mage).
Out of a total of 3,308 genes, 499 essential genes were acquired
from ref. 2.
B. subtilis sequence data were downloaded from Microbial
Genome Database (http://mbgd.genome.ad.jp/). This data set
contains 4,117 ORFs. The essential gene list was acquired from
ref. 25 and consists of three data sets: 150 essential genes determined by Kobayashi’s mutant genesis experiments, 42 known
essential genes from previous studies, and 79 essential genes by
homology mapping to other bacteria, most of which encode proteins involved in ribosome or synthesis.
S. cerevisiae sequences were downloaded from Saccharomyces
Genome Database (http://downloads.yeastgenome.org/sequence/
genomic_sequence/). This resource contains 5,885 ORFs. The
essential gene list was obtained from ref. 26. This data set contains
1,049 essential genes from targeted mutagenesis experiments.
N. crassa ORFs were downloaded from Neurospora crassa
database at Broad Institute (http://www.broadinstitute.org/annotation/genome/neurospora/MultiDownloads.html).
Dubious
ORFs and pseudo genes were excluded from this list. Essential
gene data was kindly provided by K. Borkovich from the systematic
genome deletion project in N. crassa at UC Riverside. This list
contains 1,251 essential genes.
Gene ontology (GO) annotations for domains were downloaded from the Mappings of External Classification Systems to
GO (http://www.geneontology.org/GO.indices.shtml).
2.2 The Domain Data
Set and Data Filtering

We used InterPro (http://www.ebi.ac.uk/interpro/) [27] and
Pfam (http://pfam.sanger.ac.uk/) [28] to derive domain information from protein sequences. Because the InterPro database already
includes Pfam-A entries, we combined Pfam-B entries with the
InterPro data to construct our domain data set. In total, 9,689
InterPro and 5,098 Pfam-B domains were included in our analysis.
Genes that had no domain annotation were excluded, leaving a
total of 26,302 genes. Specific numbers of genes and domains for
each species are shown in Table 1.

3 Methods
3.1 The Essential
Domain Predictor
(EDP) Model

Assuming the genome contains n different genes, we defined
G = { g 1 , g 2 , ¼, g n } . For gi, i ∈ (1, n), let gi = 1 if the i-th gene is
essential, and 0 otherwise. The vector G was obtained from the
experiments, and thus was treated as observed data in our model.
Suppose gene gi contains ni different domains which form the set
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Table 1
Details for gene and domain data sets
The number of domains and genes in each data set are shown, as well as the essential count of each type

{

}

j
D ( g i ) = Di1 ,Di2 , ¼,Dini . Here variable Di = 1 if this domain is
essential, and 0 otherwise, where (i, j) denotes the j-th domain of
the i-th gene. These Dij values are unobserved from the experiments, need to be predicted from the model, and are treated as
missing values. Each protein may include several distinct domains
and each domain may occur in different proteins. Suppose that a
genome contains a total of m unique domains denoted
D = {D1 ,D 2 , ¼,Dm } , where Dk = 1, k ∈ (1, m) if the k-th unique
domain is essential, and 0 otherwise. We also define S = {S1 ,S 2 , ¼,Sm }
, where Sk, k ∈ (1, m) is the set of domains Dmns that are equal to the
kth unique domain Dk. We use | Sk | to denote the size of the set Sk,
and we further define δk that as the probability that domain Dk is
essential.
We also need to describe two kinds of errors that may exist in
the prediction process: falsely predicted essential rate (FER) and
falsely predicted nonessential rate (FNR). These can be defined as
follows:

FER = Pr ( pi = 1 | g i = 0 ) , FNR = Pr ( pi = 0 | g i = 1) ,

(1)

where pi = 1 if the ith gene is predicted to be essential and 0
otherwise.
Our model also needs two assumptions (see Note 1):
Assumption I: The essentialities of the domains are independent, which means that the event that one domain is essential is
not depend on the essentiality of others.
Assumption II: A gene is defined as essential if and only if at
least one of its domains is essential.
The goal of this model is to estimate the parameters set θ to
maximize the likelihood of observed essential genes. Because
L(G|θ) is difficult to optimize directly, we augment the observed
likelihood L(G|θ) with missing data D, and the complete data likelihood is thus defined as: L(G,D|θ) = L(D|θ)L(G|D,θ). We further
derive the formula as:
m

L ( D | q ) = ÕLk
k =1

Dk = 1
ì d ,
where, Lk = í k
î1 - d k , Dk = 0

(2)
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n

L (G | D , q ) = ÕLi ,
i =1

ì(1 - FNR ) : g i = 1 and one Dij Î D ( g i ) = 1
ï
FER : g i = 1 and all Dij Î D ( g i ) = 0
ï
where Li = í
FNR : g i = 0 and one Dij Î D ( g i ) = 1
ï
ï 1 - FER : g i = 0 and all Dij Î D ( g i ) = 0
î

(3)

where FER and FNR are defined as before and q = (d k ,fer,fnr ) .
Under this framework, we adopted the conventional Expectation-
Maximization (EM) algorithm [29] to computer the optimal θ
that maximizes L(G|θ). We derived the EM algorithm as follows:
E-step: during the E step of the t-th iteration, D is updated by
the conditional expectation given the estimated θ from last iteration θt−1 and G, that is:
= E [Dij | G , q (t -1) ] = Pr(Dij = 1 | G , q (t -1) )

pij (t )

=
=

Pr(Dij = 1 | q (t -1) ) Pr( g i | Dij = 1, q (t -1) )
Pr( g i | q (t -1) )

(4)

dij (t - 1)Pr( g i | Dij = 1, q (t -1) )
, i Î (1, n), Dij Î D ( g i )
Pr( g i | q (t -1) )

M step: update θ using maximum likelihood estimation (MLE)
approach (see Note 2).

q (t ) (d k , fer , fnr ) = max L (q ; G , D)

å

d k (t ) =
FER(t ) =

å

n

q

n
Dm
ÎSk

pmn (t )

| Sk |

, "k Î (1,, m)

(1 - g i )[1 - Õ D j ÎD ( g )(1 - Dij (t ))]

i =1

i

i

å [1 - Õ
å gÕ
FNR(t ) =
å Õ
n

i =1

(1 - D (t ))]

Dij ÎD ( g i )

n

i =1
n

i =1

i

(5)

j
i

(1 - Dij (t ))

Dij ÎD ( g i )

(1 - Dij (t ))

Dij ÎD ( g i )

Each domain group receives a probability score δj indicating its
likelihood of being essential. In this study those with di ³ 0.9 were
classified as essential. The cutoff value was obtained by minimizing
the sum of false positive essential gene predictions and false negative predictions.
3.2 Running the EDP
Model with Different
Initial Values

The results of the EM-algorithm may be different if the initial values of the model are changed. For the EDP Model, three parameters are given by initial values: the probability that one domain is
essential D = {D1 ,D 2 , ¼,Dm } , the falsely predicted essential rate
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Fig. 1 The convergent process of the EDP Model in real data sets. Shown in the figure are the likelihood result
of the EM algorithm performed in six microbes, processes with different initial value are compared. The EDP
Model converges quickly for all six microbe data sets. For each species, the calculation provided the same
results when given different initial values (each shown in a separate color)

(FER) and falsely predicted nonessential rate (FNR). The initial
value of Dm is set equal to the percentage of essential genes in
which domain m can be found. We fixed the initial value of D and
tested the influence of different FERs and FNRs on the results of
the EDP Model. Six pairs of FER and FNR values were tested, and
the final result of the EDP Model was convergent as long as the
data set remained constant (Fig. 1).
3.3 Testing
the Essential Domain
Prediction (EDP)
Model Using
Simulated Data Sets

1. To test the performance of the EDP Model, we generated 20
independent simulated data sets, each of which contains 1,200
genes and 1,000 domains. A previous study has shown that the
number of domains for each gene follows a power-law-like
distribution [30], and we found the same distribution in the
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combined gene-domain annotation for the six microbes.
Therefore, we required that the degree of both genes and
domains in the simulated data sets follow a power-law distribution. For each data set, we randomly assigned a certain number
of essential domains, and then assigned essential genes based
on the assumption I. Among the 20 simulated data sets, the
number of essential domains ranged from 50 to 83, while the
number of essential genes ranged from 120 to 164.
2. We then applied the EDP Model to these simulated data sets,
revealing only the essential gene labels and gene-domain association. When given different initial values, the EDP Model
produced convergent results for each simulated data set. The
results from the 20 simulated data sets were then compared to
the original assignment of essential domains (Fig. 2a). All preassigned essential domains were correctly predicted, i.e., no
false negative (FN) predictions, while the false positive rate
(FPR) is ~0.4. All false positive (FP) assignments were the
results of the same scenario: a domain appeared in only one
gene and that gene was essential. Additionally, we annotated
the essentiality of genes reciprocally based on the predicted
essential domains, and no false predictions were made (Fig. 2a).
3. Next, we added noise to the simulated data and repeated the
prediction process. The noise data includes ten genes, five were
annotated as essential but contained no essential domains, and
the remaining five were annotated as nonessential but con-

Fig. 2 A comparison between the input and calculated essentiality of domains and genes. (a) Shows the False
Positive (FP) and False Negative (FN) errors for both essential genes (G ) and domains (D ), with or without noise
(noi and ori, respectively). (b) Shows the number of errors that are the direct result of noise data
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tained at least one essential domain. When adding “noise
genes” to the data set, the number of domains that a noise
gene contained was randomly determined and followed the
same degree distribution as the “real genes” in the data set.
The errors for repeated predictions are also shown in Fig. 2b.
For essential domain prediction, the number of FP errors
remained almost the same and even decreased in some cases
(due to the influence of noise genes). The FPR increased
slightly because of the loss of true positives, which became FN
errors. Each of these was caused by the addition of noise genes.
As for the re-annotation of genes based on predicted essential
domains, 16 simulated data sets had no incorrect essential gene
assignments and four of them had only one, each of which
were noise genes. The number of FN predictions ranged from
8 to 17, including 3–5 noise genes (Fig. 2b). The test on simulated data shows that the EDP model offers an accurate prediction
of essential domains, even with substantial noise (see Note 3).
3.4 Predicting
Microbial Essential
Domains Using
the EDP Model

1. After testing the predictive capability of the EDP Model on
simulated data sets, we applied it to predict essential domains
in real data sets, which included six microbes: E. coli (EC), A.
baylyi (AB), P. aeruginosa (PA), B. subtilis (BS), S. cerevisiae
(SC), and N. crassa (NC). Essential gene annotation for these
species were collected and filtered, excluding genes that do not
have annotated domains in Interpro or PfamB. After filtering,
we obtained 26,302 genes and 14,787 domains (9,689 from
Interpro and 5,098 from PfamB) in total. The number for
each species is shown in Table 1. Considering that gene essentiality differs across species, we applied the EDP Model to each
organism separately.
2. We first tested the influence of initial parameters of the iterative
EM algorithm on its ability to converge. There are three
parameters in the EDP Model: domain essentiality, falsely predicted essential rate (FER), and falsely predicted nonessential
rate (FNR). Specifically, we obtained the initial essentiality of
domains by computing the percentage of essential genes associated with each domain. To test the influence of changes in
the FER and FNR, we generated six pairs of FERs and FNRs,
and compared their convergence process to the final results
within each species. As shown in Fig. 1, all processes converged
within 50 steps, including the pair with an FER of 0.9 and an
FNR of 0.8. This result indicated that the iterative process produces stable results for all data sets despite wide variation in the
initial FER and FNR values.
3. Based on the distribution of domain essentiality scores, we set
the cutoff for essentiality to 0.9 for the final prediction. Thus,
when we generated the set of essential domains, we accounted
for 8 ~ 24 % of the total number of domains in different species

Discovering Essential Domains in Essential Genes

243

(Table 1). We found that the number of essential domains was
much larger in eukaryotes than prokaryotes. We identified
1,198 essential domains in SC and 1,616 in NC, while the
numbers are 968, 653, 369 and 751 for AB, EC, BS, and PA,
respectively. This difference was not caused by the variation in
gene numbers; the number of genes in our prokaryotic data set
was similar to that of the eukaryotic data set. For example, PA
and SC have 5,179 and 4,901 genes in the data set, respectively. We interpreted this phenomenon to be a consequence of
the increased complexity of eukaryotic genomes. In order to
increase the number of essential functions in a genome without increasing the size (gene count), there must be an increase
in functionally essential “core” components, i.e., essential
domains.

4 Notes
1. The cross talk between domains may affect the EDP model’s
accuracy. For example, if a domain D1 is found in five genes
and four of them are essential, it might be estimated as essential domain with an initial value of 0.8. However, if there is
another domain D2 linked to exactly the same genes with D1,
both of them might be estimated as nonessential. This is
because when D1 is alone in the annotation matrix with related
genes, the probability estimated for the essential gene gi,
t -1
t -1
Pr g i | q ( ) , is less than Pr g i | Dij = 1, q ( ) , which provides an underestimation for the essentiality of gi and leads to
the improvement of D1’s essentiality score (Eq. 4). However,
if there is another domain D2 that is highly correlated with D1,
t -1
t -1
then Pr g i | q ( ) may not be less than Pr g i | Dij = 1, q ( )
(that is also due to the value of FNR and FPR). In this case, the
essentiality score for both D1 and D2 may not increase during
the iterative process, which would result in both domains being
labeled as “nonessential”.

(

)

(

(

)

)

(

)

2. The estimation of domain essentiality can be improved. For
example, in the EDP Model, FER and FNR are estimated
based on the entire data set (both essential genes and domains)
(Eq. 1). However, FER and FNR influence each domain’s
essentiality score when reestimating the probability for each
domain to be essential (Eq. 4). As a result, applying the EDP
Model on two separated gene–domain associations may
produce different results when this data is combined and the
model is run again.
3. The performance of the EDP Model is dependent upon the
quality of the data set. Although we have shown that it is capable of tolerating noise to some degree, the quality of the input
data will always affect the accuracy of the predictions.
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