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Abstract. Markov chain models are commonly used for content-based
appraisal of coding potential in genomic DNA. The ability of these mod-
els to distinguish coding from non-coding sequences depends on the
method of parameter estimation, the validity of the estimated param-
eters for the species of interest, and the extent to which oligomer us-
age characterizes coding potential. We assessed performances of Markov
chain models in two model plant species, Arabidopsis and rice, compar-
ing canonical fixed-order, x?-interpolated, and top-down and bottom-up
deleted interpolated Markov models. All methods achieved comparable
identification accuracies, with differences usually within statistical error.
Because classification performance is related to G+C composition, we
also considered a strategy where training and test data are first parti-
tioned by G+C content. All methods demonstrated considerable gains
in accuracy under this approach, especially in rice. The methods studied
were implemented in the C programming language and organized into a
library, IMMpractical, distributed under the GNU LGPL.

1 Introduction

Markov chain models, as applied to problems concerning gene recognition in
DNA sequences, make the fundamental assumption that sequences of different
functional roles exhibit distinct and reproducible dependencies among adjacent
nucleotides, such that sequences can be distinguished by oligomer usage. In prac-
tice, Markov models appear to be a suitable proxy to the (unknown) generative
models that have produced biologically relevant nucleic acid sequences, and they
have enjoyed widespread use in popular gene prediction applications, including
GENSCAN [1], GlimmerM [2], and GeneMark.HMM [3]. The Markov models used in
these applications tend to be complex, and in most cases, only heurisitic pro-
cedures exist for estimating Markov transition probabilities. Because both the
validity of the Markov model assumption and the accuracy of the estimation
procedures are unknown, it remains important to assess classification perfor-
mance in novel applications. As this study is primarily motivated by the need to
annotate plant gene structures, we used sequences from the model plant species
Arabidopsis thaliana and Oryza sativa (rice).

There are a number of distinct methods for estimating Markov chain transi-
tion probabilities and selecting among models of varying complexity. Azad and
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Borodovsky [H] undertook an empirical survey of fixed-order, x2-interpolated
[506], and top-down deleted interpolated Markov models [7] in prokaryotic taxa,
and found considerable differences in the relative performances of each method
as a function of genomic sequence characteristics, particularly G+C composi-
tion. The present study extends this work by comparing a greater breadth of
training methods and by considering method performances in the context of two
eukaryotic taxa. We show that, for the task of binary classification of coding
and intron sequences from A.thaliana and rice, all the Markov model variants
surveyed here (canonical fixed-order, y2-interpolated, top-down and bottom-up
deleted interpolated [7]) performed approximately equally. All Markov model
variants were implemented in the C programming language and organized into a
library, called IMMpractical, which is distributed under the GNU lesser/library
general public license and is available for download at [§].

We also compared a standard approach that trains and tests without concern
for the G+C composition of sequences, and a quartiled approach in which se-
quences are first partitioned into quartiles on the basis of overall G+C content,
and quartile-specific transition probability estimates are used to classify. The
latter strategy resulted in substantial improvements in classification accuracy
relative to the standard approach, particularly in rice.

2 Materials and Methods

2.1 Data Accumulation

The success of any gene-finding algorithm to accurately classify sequences is
largely dependent on how well the training data represent true coding and non-
coding DNA. To obtain a reliable set of nuclear protein coding and intron se-
quences for training and testing purposes, we started with the current genome
annotations for A.thaliana and rice available from the TAIR (version 6.0, [9])
and TIGR (version 4.0, [10]) resources, respectively.

As we were primarily interested in distinguishing coding sequences from in-
trons in split genes, single exon genes were excluded. This exclusion also elimi-
nated many processed pseudogenes, which are often intronless and share similar
features with functional genes [TT12]. We ignored all loci with multiple gene
models because these may be alternatively spliced [I3], making coding/intron
classification much more difficult [I4].

Full-length coding sequences were parsed from assembled pseudomolecules
based on reference coordinates, and if any ambiguous nucleotide symbols were
encountered, the gene was discarded. Start and stop codons along with 5’- and
3’-UTRs were removed from the coding sequences, and only genes encoding
translation products of 150 or more amino acids were retained. The selected se-
quences were compared to the TIGR plant repetitive element database [10] using
BLASTN [15], and all coding sequences with significant matches (E-value < 1071%)
were removed. We also used BLAST to limit redundancy in the coding data by
randomly retaining only one member of each pair of sequences having at least
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80% nucleotide identity over at least 80% of the length of both sequences. Reduc-
tion in dataset size during this refinement process is indicated in Table[I] Introns
from the remaining gene structures were parsed from the pseudomolecules, leav-
ing the concatenated exons as the coding data set. Introns that exceeded 50
nucleotides in length and contained no ambiguous characters were retained, and
the resulting collection was made non-redundant using BLAST, as described
above, to form the intron dataset. In total, we retained 15,538 coding sequences
(mean length 1,467nt) and 87,477 intron sequences (mean length 159nt) from
A.thaliana. In rice, 24,349 coding sequences (mean length 1,502nt) and 104,737
intron sequences (mean length 396nt) were retained. For the quartiled approach,
coding and intron sequences were separated into quartiles according to their
overall percent G4C composition (see Fig. [I]).

Table 1. Number of genes excluded in the A.thaliana and O.sativa data sets at each
refinement stage

Type Removed A.thaliana O.sativa
Annotated pseudogenes 3,818 0
Intronless genes 5,793 12,780
Alternatively spliced genes 2,887 4,280
Genes with ambiguous nucleotides 4 20
Genes with protein length < 150 2,009 7,433
Repetitive elements 60 7,379
Redundant genes 250 322
Total remaining 15,538 24,349

2.2 Fixed-Order Markov Models (FO)

For fixed-order methods, an order, k, is selected for the Markov chain based
on empirical or statistical considerations—in practice, this is often set to five
[1IBITT], and we also used this value. Let hj, represent some pretext, or history,
of length k that precedes a nucleotide i. The fixed-order Markov chain has 4*+1
transition probabilities, whose maximum likelihood estimates are

Cnt(hg, 1)

P(i| hi) = o
> jetac.cry Cnt(hy, j)

(1)

where Cnt(hg,z) is the count of oligomer hj succeeded by some nucleotide x
in the training data. Given a test sequence S = $189---s, of length n, the
likelihood, assuming that the sequence belongs to some functlonal class t with
maximum likelihood estimates 2, = {P(i | hy)}, is

P(S |t Qt = H 8]+k ‘ SjSj41 - ~-Sj+k,1).
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G+C Compositional Variability
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Fig. 1. Box-and-whiskers plot showing variation in G+C percent composition for cod-
ing and intron sequences in A.thaliana and O.sativa. Each data set was partitioned on
the quartiles, such that partitions contained roughly 3,884 coding and 21,869 intron
sequences for A.thaliana and roughly 6,087 coding and 26,184 intron sequences for
O.sativa, respectively.

For coding sequences, one recognizes the distinct properties of the three codon
positions by computing one set of transition probabilities P (i | hy,) for each
of the three reading frames, f = 1,2, 3. There are now 3 x 4**1 parameters to
estimate for this inhomogeneous Markov chain model, and each is estimated by
Eq. (@) with oligomer counts from the appropriate codon position. When simul-
taneously modeling a coding sequence shadow, parameters are also estimated
for the three codon positions in the reverse complement [16].

Certain rare oligomers may not appear in the training data, resulting in
null transition probabilities using Eq. (). Any test sequence containing an
unobserved oligomer is then impossible (has zero likelihood) under the esti-
mated model. To avoid this problem, we use parameter smoothing, where for all



398 M.E. Sparks, V. Brendel, and K.S. Dorman

hy and i, Cnt(hyg, ) is incremented by a fixed integer (in practice, five), ensuring
at least a basal representation of all possible oligomers in the training data.

2.3 Interpolated Markov Models (IMMs)

The general paradigm of IMMs is that each transition probability is determined
by taking linear, weighted sums of relevant fixed-order transition probabilities.
For the transition probability with context hy, fixed order transition probabili-
ties for the pretext of length k and all shorter pretexts are used to produce the
smoothed transition probability

k
P (i | i) = > pra(hie) P(i | ).

r=—1

Here, ﬁ(z | h_1) is taken to be one over the cardinality of the nucleotide alphabet,
i.e., 0.25. Pom(i | hg) is a probability when the weights p,(hy) satisfy 0 <
o (hy) < 1 for all z and 25271 i (hy) = 1. To account for data sparsity, these
models assign weights in terms of oligomer frequencies, preferentially giving more
weight to oligomers with longer histories, unless they occur rarely enough in
training data that more weight should be given to one of their 5’-truncated
variants. Final, smoothed transition probabilities of oligomers whose histories
do not occur in the training data are defined as Pum(i | hr) = Pam(i | hz),
where z = max z’ € [1,k) : Cnt(h,) > 0 and k is the maximum Markov chain
order. We consider three distinct methods for estimating the smoothed transition
probabilities as described in [4U5lJ6I7].

x2-Interpolated Markov Models (x2). The x?-IMM defines transition prob-
abilities iteratively as

~

Peyi(i | b)) = AMhi) P | hie) + [1 = Mhi )| Peni (7 | hi—1), (2)

with boundary condition Pepi(i | h—1) = ﬁ(z | h—_1). The history weights for
x=0,...,k are

1 if Cnt(hy) > T
Ahy) =10 if Cnt(h,) < T and g < 0.5;
qXCI%t(h‘”) otherwise.

T is some minimally-reliant count threshold for pretexts, e.g., 400; and ¢ is the
confidence (one minus the p-value) that the distribution of i | h, differs from
that of i | hy—1, i € {A,C, G, T}, obtained by a x? statistical test [5l6].

One possible scenario that is not addressed in any literature we encountered
describing x2-IMMs [BI6JI7HM] is the condition where some pretext h, occurs more
than T times in the training data, but i | h, does not occur for some nucleotide
i. Then recursion (2l for computing Pepni(é | hy) can generate problematic null
transition probabilities, precisely the complication interpolated models were de-
veloped to avoid. For such cases, we used an approach similar to that described
in [I§] for correcting weight array matrices in splice site modeling:
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_ 1
~ Cnt(hy)
Pnew: 01d(1_4XPﬁx)+Pﬁxu

Pﬁx

where any null transition probability is re-assigned the value Pgy, and all remain-
ing non-null probabilities in the distribution are adjusted to Ppew as a function
of Psx and their previous values, Ppq. Alternative solutions are described in [7].

Top-down Deleted IMMs (TDDI). The basic idea of deleted IMMs is to
divide the training data into a large development set (D) and a small heldout
set (H)—the development set generates initial, unrefined transition probability
estimates according to Eq. (), which are generalized to the heldout set by cross-
set maximization [7]. To prevent over-fitting to the heldout set, pretexts in the
development set are partitioned into groups based on their frequencies, and all
pretexts in a group are tied to the same weight. The pretext partitions are called
buckets By = { hy : boundy ,,—1 < Cntp(hy,) < bound, ., }, where x indexes
pretext length, m indexes the bucket, and Cntp indicates counts in D only.
Bucket width is specified using a real-valued constant (e.g., 1.2, which is used in
our implementation) dictating ratios of adjacent bucket boundaries.

Top-down deleted IMM-smoothed probabilities are computed by recursively
solving, for x = 0,1,...,k,

PTD(i | hm) = AM(hm)ﬁ(i ‘ hm) + [1 - AM(hm)]PTD(i ‘ hx—l)a (3)

with A, (hs) values computed as

argmax{ > cntH(hx,i)log[Aﬁ(i|hm)+(1—A)PTD(i|hm_1)} L (4)

0<A<t ic{A,C,G,T}

he€Bg m

and Prp(i | h—1) = }3(2 | h_1) again initializes the recursion.

Bottom-up Deleted IMMs (BUDI). In the bottom-up deleted IMM ap-
proach, development pretexts of length k are partitioned into buckets By ,
in similar fashion to the top-down variant. Each BUDI transition probability
Pgu(i | hy) is produced through a series of iterations initialized with

PO | hy) = EPi | hoy) + (1= ) P(i | hy), (5)
for ¢ = 10~°. The recursion formula for the smoothing procedure is
PV | i) = A (hie) PO (6 | hie) + [1 = Ao (h)] P | hav), (6)

starting at | = k and producing Pguy (i | hg) := P (i | hy) upon termination
when [ = 0. Weighting factors A; , (hx) for the recursion are computed as

argmax Z Cnt g (he,i)log | APO (i | hy) + (1 — \)P(i | hl,l)} . (7N

0<A<1 i€{A,C,G,T}

hi€Bi,m
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2.4 Accounting for G4+C Content

We compared two approaches for fitting and using Markov chains with our data
sets. The default method—the standard approach—involved producing a single
set of transition probability estimates by training with all available data from
each cross validation replicate; the same estimates were used to assay all test
fragments. We also considered a quartiled approach, in which all sequences avail-
able for a given species were classified into quartiles on the basis of overall G4-C
composition (See Fig.[I]). Coding and intron training sequences were quartiled
separately, and quartile-specific Markov chains were estimated. Each test se-
quence was assigned a quartile based on its G+C content and likelihoods were
computed using the appropriate Markov chains.

2.5 Test Design

The estimation methods were assessed on their abilities to correctly identify
the—a priori known—functional class of a test sequence using the familiar Gen-
mark framework [I6]. Only binary classification of sequences as either coding or
intron was tested. Likelihoods of test data were computed under N = 7 Markov
models: six coding Markov models for each frame of the forward fi, f2, f3 or
shadow w1, ws, w3 strand; and a homogeneous Markov chain itr for the intron
hypothesis. Prior probabilities are specified as follows. Let z be the (hypothe-
sized) sequence type; then the prior is

P(z)={1/21 if z = itr; (8)

(N—1)x2 otherwise.

Bayes rule provides the classifier:

P(S| z) x P(z)

Pz )= T, ©)

where S is a test sequence. P(intron | S) = P(itr | S) is obtained directly
from Bayes rule, and P(coding | §) = >>_c(; .y Z?:l P(z; | S). A sequence was
classified as coding if P(coding | S) exceeded 0.5—otherwise it was labeled as
an intron.

We used a five-fold cross validation approach where, for each cyclic permu-
tation, transition probabilities for each of the coding and intron classes were
estimated using four of the data partitions, and methods were assayed against
the remaining test partition. (Note that for the deleted IMM variants, three of
the five data partitions were used for the development set, and one for the held-
out.) Results from all five cross-validation replicates were pooled and averaged
for final reporting.

To establish uniformity in training and testing sample sizes, we reduced the
sizes of the five initial data partitions by randomly sampling a subset from each
partition. For each species and sequence type, 3,000 random sequences were
retained for the standard approach, and 750 from each bin in the quartiled
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data. For test samples used under the standard approach, 2,500 fragments were
randomly sampled from each test partition, for each of the coding and intron
data sets, independently for both species; similarly, we randomly sampled 750
fragments from each bin in the quartiled method.

Normalizing for test sequence length is crucial for comparing performances of
the methods at classifying sequences—longer test sequences would increase the
odds of detecting a signal characteristic of the underlying generative model, and
would tend to increase classification accuracy relative to shorter fragments. A
fixed length of 96 nucleotides was used for assaying the methods under both the
standard and quartiled approaches. A single test fragment was randomly parsed
from each sequence among the test data partitions.

3 Results

Table 2 presents the average classification success of the Markov model training
variants under the standard approach, for both species. Although the y2-IMM
achieved the maximum accuracy in all but one category, this advantage was not
statistically significant. The only statistically significant differences (p-values
< 0.01) were the poorer performance of FO compared to all three IMM variants
in A.thaliana and the poorer performance of BUDI relative to the other IMM
variants in rice. Notably, all methods were significantly less successful at the
classification task in rice relative to A.thaliana.

Table 2. Mean success rates, averaged over five cross-validation replicates, for
A.thaliana and O.sativa coding and intron sequences, under the standard approach.
Values are given as percentages and standard deviations are shown in parentheses.

A.thaliana O.sativa
Coding Intron Averaged Coding Intron Averaged
FO 96.78 (0.16) 94.96 (0.29) 95.87 (0.22) 87.15 (1.12) 86.89 (0.90) 87.02 (1.01) 91.44 (0.62)
TDDI 97.16 (0.24) 95.28 (0.45) 96.22 (0.34) 87.20 (0.61) 87.30 (0.65) 87.25 (0.63) 91.73 (0.49)
BUDI 96.95 (0.34) 94.99 (0.63) 95.97 (0.48) 86.28 (0.93) 86.45 (1.09) 86.37 (1.01) 91.17 (0.75)
X*  97.20 (0.22) (0.41) 96.25 (0.32) 87.42 (0.59) 87.29 (0.74) 87.36 (0.67) 91.81 (0.49)

Overall

95.31

We noticed that the success of classification varied considerably depending
on the G4+C content of the test sequence (data not shown). To address this
problem, we partitioned the data into quartiles based on G+C content and
trained quartile-specific Markov chains (the quartiled approach). Under this ap-
proach, classification performance still depended on G+C content as shown in
Table[] (only x2-based results are shown, though all methods exhibit similar pat-
terns). For coding sequences, method performance generally increased slightly
with G4+C composition, except in the fourth quartile, where a slight tapering in
prediction accuracy was seen. In contrast, performance generally decreased as
G+C composition increased for intron sequences, with a marked drop in perfor-
mance in the fourth quartile.
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Table 3. Quartile-specific mean coding and intron fragment identification success rates
for the y?-interpolated method, averaged over all five cross-validation replicates. Values
are given as percentages and standard deviations are shown in parentheses.

Species  Class 1st 2nd 3rd 4th
A thaliana coding 98.11 (0.71) 99.47 (0.25) 99.41 (0.18) 99.12 (0.28)
intron 99.89 (0.11) 99.55 (0.20) 98.61 (0.20) 92.85 (0.66)
coding 94.93 (0.88) 97.84 (0.53) 99.44 (0.15) 98.46 (0.58)
(0.15) (0.14) (0.16) )

Owsativa o on 99.71 (0.15) 99.47 (0.14) 99.33 (0.16) 88.69 (1.65

PRy

Despite the continued G+C content-dependent performance differences, the
quartiled approach achieved a clear performance gain over the standard approach
for all training methods (Table [E]). The performance boost was moderate—
though significant—for A.thaliana (roughly 2 — 3%) and even more dramatic
for rice (roughly 10%). Importantly, all measures of classification performance
improved under the quartiled approach.

Table 4. Comparison of classifiers under standard (std) and quartiled (qrt) approaches.
Predictions across cross-validation replicates were pooled for a total of 30,000 distinct

test cases. Classiﬁcation measures, per [Eﬂ are Accuracy = ., +$£LT,]; 4+ Sn (Sen-
sitivity) = TP+FN, Sp (Specificity) = TP+FP, Corr. Co. (Correlation Coefficient) =

TPXTN—FPxFN
\/(TP+FN)(TP+FP)(TN+FP)(TN+FN)’
acteristic curve, calculated using [20]); where T'P are true positives; F'P, false positives;
TN, true negatives; F'N, false negatives.

; ROC AUC (Area under receiver operator char-

FO TDDI BUDI X2

std qrt std qrt std qrt std qrt

Accuracy (%) 95.83 98.01 96.29 98.41 96.11 98.42 96.27 98.38

Sn (%) 96.84 98.53 97.29 99.04 97.21 98.99 97.33 99.03

A.thaliana Sp (%) 94.93 97.52 95.39 97.81 95.12 97.88 95.31 97.76
Corr. Co. 0.92 0.96 0.93 097 0.92 0.97 0.93 0.97

ROC AUC (%) 99.02 99.67 99.11 99.73 99.08 99.74 99.11 99.73

Accuracy (%) 86.84 96.89 87.11 97.22 86.37 97.26 87.25 97.24
Sn (%) 86.80 97.35 86.96 97.61 86.01 97.77 87.17 97.67

O.sativa Sp (%) 86.87 96.45 87.23 96.86 86.63 96.77 87.31 96.83
Corr. Co. 0.74 0.94 0.74 094 0.73 0.95 0.75 0.94
ROC AUC (%) 93.91 99.03 94.06 99.12 93.52 99.08 94.11 99.14

4 Discussion

While the gene structure prediction community has increasingly turned to gene
annotation approaches dependent on homology information [21I2223], the con-
tinued development of single-genome ab initio gene prediction tools remains
worthwhile. Multi-genome gene prediction requires the presence of syntenic re-
gions from two or more moderately divergent genomes. Genomic sequences from
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related taxa do not always exist, and the optimal level of evolutionary diver-
gence between such genomes remains unknown [22]. Indeed, even if requisite
genomic data were abundant for all such gene annotation tasks, and the models
worked perfectly, these methods would restrict attention to shared, homologous
gene structures. Arguably, the complement of unique, species-specific genes, e.g.,
novel antifreeze glycoproteins in Arctic fish [24] and sex pheromones in moths
[25], would be considerably more interesting for further experimental charac-
terization by biologists. Thus, demand for highly sensitive single-genome gene
prediction methods persists.

We have assayed the relative performances of a number of transition probabil-
ity estimation methods for Markov chain models on coding and intron sequences
of varying G+C composition in the model plant species Arabidopsis thaliana and
Oryza sativa. Computational gene finders produced most gene annotations used
to form our dataset [9UI0], which could have biased the data to favor one model
over another. Because prediction methods are not recorded [I3], we were unable
to test or correct for such bias. However, Fisher’s exact tests on the accuracies
we have computed show that most methods perform equivalently in the standard
approach. Only FO is significantly worse in A.thaliana, and BUDI is significantly
worse than the other IMM variants in rice. The fixed order model becomes statis-
tically less accurate in both plant species under the quartiled approach, but the
order k = 5 may not be appropriate for the reduced size of quartiled data sets.

It is well known that classification success depends on G4C content
(e.g., [1A]). We observed that misclassified coding fragments are generally
G+C-poorer than usual, while misclassified intron fragments are generally
G+C-richer. In fact, the G+C profile of misclassified fragments loosely mim-
ics that of correctly classified fragments in the competing functional category
(data not shown). Markov models perform well when there is little overlap in
oligomer usage between competing functional classes, but fail if overlap is con-
siderable. Apparently, similar G+C content, a very simple indicator of monomer
usage, also indicates substantial overlap in higher order oligomer usage. The
G+C dependent performance motivated our quartiled approach, where training
data are partitioned by G+C content and a Markov chain is trained for all par-
titions. Test sequences were first assigned a partition and then classified using
partition-specific Markov chains. The deployment of all the models studied un-
der a quartiled framework yielded considerable performance gains in both taxa,
but most dramatically in rice (see Table H).

The quartiled approach involves the estimation of more Markov chains, and
presumably far more parameters; the fixed order Markov chain requires four
times as many parameters under the quartile methodology, but the interpolated
variants automatically adjust the parameter space according to data complex-
ity. However, all methods, including the fixed order Markov chain, classified
substantially better under quartile training. The results suggest that enhancing
model complexity through chain order may not be the most efficient way to dis-
tinguish sequence class. Instead, the assumption that there is a single Markov
chain generating each class is suspect. We are currently investigating mixture
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models where multiple Markov chains generate each class. IMM variants can be
seen as mixture models across chain orders, but the resulting parameterization
may be overly restrictive.

Our results suggest that use of essentially any of the interpolated estima-
tion methods, coupled with a G+C composition-specific (quartiled) framework,
should improve gene annotation in plant genomic sequences, particularly in
monocot species, including those with mature (rice) and emerging (maize and
sorghum) genomic resources. The availability of our software to efficiently train
Markov chains from species-specific and stratified data sets can facilitate in-
corporation of tailored parameter sets into general ab initio gene prediction
programs.
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