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Abstract: Identifying the origin of replication
(oriC) is fundamental to understanding bacterial
genome organization and replication mechanisms.
Traditional methods, such as GC-skew and
cumulative GC-skew (CGC) analyses, are
computationally simple but often imprecise.
Advanced approaches, including DnaA-box
detection and comparative genomics, can improve
accuracy but are frequently resource-intensive and
dependent on external biological information. This
paper presents ForiC, a novel method that bridges
this gap by combining the simplicity of GC- and
CGC-based analyses with improved oriC-region
localization performance. Beyond using CGC
inflection points, ForiC integrates three
complementary signals within a deterministic
selection rule: the CGC global maximum, the CGC
inflection point associated with that maximum, and
its alignment with the GC global minimum. The
resulting framework operates directly on the input
genome sequence, without DnaA-box motifs,
homology searches, or external databases. ForiC
was calibrated and evaluated on a curated set of 36
annotated bacterial genomes using five phylum-
stratified training/test splits. On one pre-defined
stratified test subset selected as a representative
balanced test subset, ForiC reached a hit accuracy
of 90.91% using a 1% window and a symmetrically
expanded two-window reporting interval, with
complementary localization metrics (center-
distance error, intersection-over-union) and one-
window results reported in the main text. ForiC was
benchmarked against classical skew-based
methods (GC, CGC) and against a biologically
informed reference tool (OriFinder). OriFinder
achieves higher positional precision through
homology-based refinement but may report
multiple candidate oriC regions and depends on
external databases such as BLAST. In contrast,
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ForiC consistently produces a single, directly
interpretable prediction per genome and runs
substantially faster without external resources,
making it complementary to reference-assisted
tools and particularly suitable for large-scale,
database-independent analyses. ForiC is available
at http://www.markostojicevic.com/foric.
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1. INTRODUCTION

DNA replication is one of the most important
biological processes. This ensures the
inheritance of attributes that define the phenotype
of cells and the organism. In this complicated
process, genetic information must be accurately
copied to avoid mutations and ensure the survival
of living organisms. Complicated as it is, the DNA
replication process tends to differ in all three
domains of life (the Bacteria, the Eukarya and the
Archaea) and between organisms in the same
domain [1], [2], [3], [4], [5].

Bacteria usually contain circular DNA
chromosomes with a specific locus designated as
the origin of replication (oriC). oriC contains three
functional elements: a DNA repeat, an AT-rich
region and regulatory protein recognition sites [6].
Moreover, the analysis of bacterial oriC regions
revealed high-scale diversity, increasing the
complexity of oriC sequence recognition [7], [8].
To better understand the mechanism of DNA
replication initiation, it is important to identify the
position of the replication origin.

DNA asymmetry is the most universal method
of  putative oriC identification in  bacterial
chromosomes [9]. The analysis revealed that the
leading strand contains more Guanine (G) and
Thymine (T), whereas the lagging strand contains
more Cytosine (C) and Adenine (A) [10], [11]. The



asymmetry of the base pairs that have been
found in the strands is strong enough to identify
the location of the oriC position via mathematical
methods [12]. There are three main methods that
measure nucleotide asymmetry: GC skew,
cumulative GC (CGC) skew and the Z curve.

Although these approaches are widely used,
each exhibits specific limitations. Basic GC skew
is sensitive to window size and can produce
multiple ambiguous asymmetry transitions, which
reduces positional accuracy [13], [14]. Cumulative
GC skew smooths the signal but often yields
broad candidate regions rather than precise oriC
locations, and its accuracy decreases in
genomes where the GC skew signal itself is weak
or where local compositional biases distort the
cumulative curve [15]. The Z-curve provides
richer compositional information but requires
careful interpretation of multiple curve
components, and in practice its accuracy typically
depends on integration with additional biological
signals such as DnaA-box motifs [16], [17]. These
limitations motivate the development of methods
that preserve the computational simplicity of
skew-based  analyses  while  increasing
localization  accuracy through  additional,
intrinsically derived features.

The GC skew method is based on GC
asymmetry and is calculated as (G-C)/(G+C) [10],
[13], [14]. This method is based on the frequency
of base pairs C and G in a given sequence of the
genome. The genome is divided into equal-sized
windows, and for each window, the imbalance
between guanine (G) and cytosine (C)
nucleotides is quantified as the GC skew value.
These values are often represented in the form of
a graph, where the x-axis shows the position (of
the window) within the genome and the y-axis
shows the GC skew value. The selected window
size strongly influences the GC skew signal,
affecting how clearly genomic patterns can be
visualized and interpreted. This highlights the
necessity of carefully selecting an appropriate
window size to facilitate accurate analysis of the
GC skew.

The second method, CGC skew, resolves
most of the flaws of the GC skew method and is
calculated as a sum of (G-C)/(G+C) in adjacent
windows from an arbitrary start to a given point in
a sequence [18]. CGC skew also uses sliding
windows, but each value reflects the running sum
of GC differences from all preceding windows. As
a result, CGC skew plots are typically smoother
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and easier to interpret than standard GC skew
plots, since the cumulative transformation
reduces abrupt changes in curve curvature.

The third method is the Z-curve method, which
represents a DNA sequence as a three-
dimensional mathematical curve obtained by
cumulating nucleotide counts along the genome
[16], [19], [20], [21]. Its three coordinates capture
complementary aspects of base composition:
purine/pyrimidine (R/Y) asymmetry, amino/keto
(M/K) asymmetry, and strong/weak hydrogen-
bond (S/W) asymmetry, corresponding to the
A+G vs. C+T, A+C vs. G+T, and G+C vs. A+T
distinctions, respectively. Unlike the previous
methods, the Z-curve does not require a sliding-
window strategy; characteristic turning points of
these curves have been used to infer candidate
oriC positions.

Deeper analysis in various studies indicates
that the switch in asymmetry does not always
correspond to the position of oriC [22]. Various
software tools implement methods such as GC,
CGC, Z-curve, and other skew techniques [23].
Among the bacterial oriC predictors, one of the
most widely used tools is OriFinder [17]. This
algorithm comprises several steps, with the
primary components being the determination of
the Z-curve and analysis of DnaA-box
distributions in the given bacterial genome. The
predicted genomes are deposited in DoriC [24], a
database of predicted oriC positions. In recent
years, more species-specific indicator genes and
functional elements of oriCs have been integrated
into updated frameworks, leading to newer
versions of OriFinder [25].

Recent studies have also introduced
alternative oriC prediction frameworks, including
open-source and machine-learning-based
approaches [26], [27], [28]. However, these
methods differ substantially in scope, target
datasets, or  implementation strategies.
Therefore, OriFinder was retained in the present
study as the principal comparative benchmark
due to its broad recognition and established use
in bacterial oriC prediction.

More specifically, existing models present
several practical drawbacks. Basic GC and CGC
skew methods often lack precision in predicting
the exact location of oriC, frequently identifying
broad candidate regions rather than the precise
position of the oriC site. OriFinder, while regarded



as a highly accurate tool, depends heavily on
BLAST for functional annotation of genes in
unannotated genomes. This reliance introduces
two key limitations: (1) the computational
overhead of performing sequence alignments,
which increases processing time and resource
demands, especially for large-scale analyses,
and (2) the dependence on the completeness and
accuracy of external databases, which may vary
over time and across research environments.

This study aims to propose a new, more
effective method for oriC prediction that
overcomes these limitations by utilizing an
enhanced GC asymmetry-based approach. The
ForiC (Fast oriC) platform eliminates the need for
BLAST or extensive biological information such
as DnaA box motifs. Instead, the method
leverages a combination of GC and CGC skew
analyses as the foundation. These methods are
further refined by incorporating a mathematical
framework that analyzes higher-order structural
properties of CGC skew curves, rather than
relying solely on local maxima, minima, or direct
asymmetry transitions. In particular, the approach
uses inflection points as informative features and
combines them with additional genomic signals to
improve oriC localization. Key parameters of the
method, specifically the window size and
prediction interval length, were calibrated
empirically by evaluating candidate values on
stratified training partitions and selecting the
configuration with the most consistent
performance. This approach differs from other
methods by providing a faster, database-
independent, and more versatile tool for bacterial
origin prediction.

2. METHODS AND MATERIALS

2.1. ForiC method description

The ForiC method incorporates an initial input-
validation phase to ensure that only biologically
plausible genome sequences are subjected to
detailed analysis. This preliminary screening
includes basic sequence-length and GC-content
sanity checks, together with simple compositional
descriptors such as entropy, GC asymmetry, and
nucleotide-count variance. These measures are
intended to exclude trivial, highly atypical, or low-
information inputs before the main prediction
stage. Full definitions and implementation details
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of the preliminary validation criteria are provided
in Additional file 1.

After this screening step, the validated
genome sequence is processed using the core
ForiC framework based on sliding-window GC
and CGC skew analysis. Similar to GC and CGC
skew methods, ForiC requires only the genome
sequence as input and does not depend on
external annotations or prior biological features.
The computational complexity of the ForiC
algorithm can be described as O(n), where n
denotes the number of base pairs in the genome
sequence.

A defining feature of the ForiC algorithm is the
use of specific inflection points (IPs) within the
CGC graph (positions where the numerically
approximated curvature changes sign) as an
auxiliary positional cue alongside the CGC global
maximum and the GC global minimum. The
inflection point is not intended to replace the CGC
extremum traditionally used to bracket oriC, but
to refine the predicted interval when the global
maximum alone may not unambiguously localize
the oriC-containing region. Among these, the first
inflection point following the CGC global
maximum, denoted IPCGCmax, is particularly
significant. This point was empirically observed to
occur near annotated oriC regions in many
genomes. To increase localization accuracy, the
algorithm cross-references IPCGCmax with the x-
axis position of the GC global minimum. By
combining these features, the ForiC algorithm is
designed to improve oriC localization by
integrating complementary signals from GC and
CGC analyses. Figure 1 shows the CGC and GC
graphs, highlighting the global extrema and
inflection points used in the algorithm.
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Figure 1: Escherichia coli GC and CGC graph with CGC
inflection points. The graph shows (for the genome
CP006027 Escherichia coli O145:H28 str. RM13514) plots
for AT, CAT, GC and CGC measures, with noted global
extreme values (minimum and maximum). The CGC plot
also includes inflection points (shown as dots), where those
of interest are those after the CGC global maximum value.
The dashed black line denotes that the x-axis values overlap
between the CGC inflection point and the GC global
minimum value, whereas the dashed orange line denotes
the oriC position.

It is appropriate to define an inflection point:

An inflection point on a differentiable curve
y = f(x) is a point (xy,y,) where the second
derivative f"'(x) changes sign. At an inflection
point, the concavity of the curve changes from
concave up to concave down, or vice versa [29].

Importantly, the CGC skew does not define a
curve y = f(x) but rather generates a finite set
of values (x4, x5, ..., X, ). These values can visually
resemble the function’s graph, but the method
itself does not generate the (continuous)
function’s equation f(x). Considering that there
is no analytical definition that describes the set of
x; values, calculating the second derivative is not
possible. The second derivative can be
calculated only as a numerical approximation to
obtain the inflection points.

The precondition of any of the calculations is
to have a smooth function. The smoothness of
the function depends on the number of windows
used in the CGC method; as the window tends to
be smaller, the number of windows (the set of x;
values) increases, leading to a smoother function.
A point x; is an inflection point whenever there is
a polarity change in the numerical approximation
of the second derivative. This approximation can
be performed in multiple steps - first, to
approximate the first derivative based on a set of
x; values and then, to calculate the approximated
second derivative on the basis of the first
derivative.
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The first step is to approximate the first
derivative using the sequence of values x;. For
each pair of consecutive windows, a new
temporary variable q; is defined as:

X; 1 — X; .
q; = %, L= 1,
where m represents the size of the sliding
window. The sequence q4, q5, ---, qn—1 represents
an approximation of the first derivation of the
function f: f'(x).

The second derivative is then approximated
by applying the same finite-difference procedure
to consecutive values of g;:

o div1 — 4qi

L m )

where m denotes the size of the sliding
window.

Equivalently, this expression can be written
directly in terms of the original values:

X2 — 2Xi T X

i m2

The sequence py,py, ...,Pn_p therefore
represents an approximation of the second
derivative, f''(x).

On the basis of the previous equations, a point
x; is the inflection point whenever the condition
pi * Piz1 < 0 is met. The number of inflection
points differs for different CGC calculations, but
the number tends to decrease as the window size
increases and vice versa.

CGC skew analysis is commonly used in
conjunction with other genomic features to predict
oriC in bacterial genomes. While various
computational methods exist for oriC prediction,
the transition points in CGC skew analysis, such
as global maximum and global minimum values,
are often considered indicative of genomic
regions corresponding to oriC and the terminus,
respectively. Based on the above, only inflection
points around the CGC’s global maximal value
were important.



2.2. ForiC Algorithm

The algorithm applies a sliding-window
strategy combining GC skew, CGC skew, and
derived CGC inflection-point features.
Specifically, it calculates graph inflection points,
analyzes the derived data (GC, CGC, inflection
points), and evaluates the correlation between
these values. These steps are systematically
implemented to improve the prediction precision.
The ForiC algorithm is currently applied to circular
bacterial genomes, and its structure is presented
in the pseudocode shown in Figure 2.

Following the definition of these features, the
initial stage of the algorithm involves calculating
the GC skew and the CGC skew and identifying
inflection points within the CGC data, which serve
as critical features for subsequent analyses. As
the algorithm progresses, the positioning of the
oriC exhibits two distinct scenarios: either oriC is
located near the origin of the circular genome’s
coordinate system or elsewhere within the
genomic sequence.

The algorithm uses different measures for
predicting the oriC position: (1) the position of the
CGC inflection point associated with the CGC
global maximum, (2) the overlap of the x-axis
values between the CGC inflection points and the
GC global minimum position, and (3) the position
of the CGC global maximum.

The ForiC algorithm supports variable window
sizes, allowing for adjustable granularity in the
analysis of bacterial genomes. Window sizes
were defined as proportions of the genome
length. This flexibility facilitates interval-based
predictions for oriC regions, with the output
defined as a predicted genomic interval. In the
standard one-window setting (1W), the predicted
interval spans a single window length. In the
extended two-window setting (2W), the reported
oriC interval is not defined as two separately
selected neighboring windows. Instead, the
interval is symmetrically expanded around the
initially predicted 1W interval center to a total
span of two window lengths, allowing improved
capture of oriC regions that extend beyond a
single window. All parameters, including window
size and interval length, were systematically
evaluated to ensure robust performance. These
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features enhance the algorithm’s adaptability

across diverse genomic contexts while
maintaining computational efficiency.
The algorithm applies specific rules to

determine the oriC position based on the
distribution of inflection points and CGC global
maximum values.

Because ForiC currently supports only circular
bacterial genomes, predictions near the
coordinate-system boundary (the junction
between the final and initial genomic positions)
require special handling. A boundary-centered
oriC interval is assigned when either (i) the x-axis
alignment between IPCGCmax and the GC
global minimum occurs within the last two CGC
windows, or (ii) the CGC global maximum lies
within the first window. In such cases, the
predicted oriC interval is centered on coordinate
0 and reported as a wrap-around interval across
the genome boundary. In the standard one-
window prediction setting, this corresponds to an
interval extending by half a window length on
each side of coordinate O.

If neither condition is met, the algorithm
applies the standard prediction rule by identifying
the informative CGC inflection point located after
the CGC global maximum and aligned with the
GC minimum. The predicted oriC interval is then
assigned to the immediately following window,
while the aligned inflection point serves as a
positional marker rather than the predicted
interval itself.



Input: genome (string), window size (integer), interval mode (1W or 2W)
Output: Predicted oriC interval
FUNCTION CalculateOrigininterval(genome: String, windowSize: Integer, intervalMode: String) :
Integer
var
inflectionPoints, ipAfterCGCMax, ipAlignedWithGCMin, oricPosition: array of Integer;
gcSkew, cgeSkew: array of Real;
begin
// Step 1: Calculate initial skew values
geSkew := CalculateGCSkew(genome, windowsSize);
cgcSkew := CalculateCGCSkew(genome, windowsSize);
i oints := C ionPoir kew);

// Step 2: Identify Inflection points of interests
ipAfterCGCMax := GetpFirstl ointAfterCGC
ipAlig ithGCMin := ionAlignedWithGCMin(gcSkew, inflecti

oints);

oints);

// Step 3: Define prediction center

if (ipAfterCGCMax = nil or (ipAlignedWithGCMin["leftPosition”] > (genomeLength — 2*windowsSize)) or

(ipAlignedWithGCMin["leftPosition”] < windowSize))

begin
oricPosition["leftPosition”] := genomeLength — windowsSize/2;
oricPosition["rightPosition”] := windowSize/2;

end

else

begin
oricPosition["leftPosition”] := ipAlignedWithGCMin["leftPosition”] + windowSize;
oricPosition["rightPosition”] := oricPosition["leftPosition”] + windowsSize;

end

// Step 4: Expand interval if intervalMode is 2W
if (intervalMode = “2W”)
begin
oriCPosition := ExpandSymmetrically(oriCPosition, windowSize, genomeLength);
end

return oriCPosition;

array of

Figure 2: Pseudocode of the ForiC algorithm for interval-
based oriC prediction in circular bacterial genomes.

2.2.1. Metrics for Assessing Algorithmic

Prediction Performance

The performance of the ForiC algorithm was
evaluated primarily using hit accuracy, reflecting
its ability to detect the oriC region. Unlike
standard classification models that assign
discrete labels, ForiC predicts a genomic interval
expected to contain the oriC region.
Consequently, classification-based metrics such
as precision, recall, sensitivity, and specificity are
not directly applicable, as they require clearly
defined positive and negative instances at the
same resolution. Localization-oriented metrics
described below were therefore adopted instead.

Accuracy (A) was defined as the proportion of
correctly predicted oriC intervals relative to the
total number of genomes:

Ncorrect

A=
Ntotal
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where N_,roc: epresents the number of
genomes for which the annotated oriC position
falls within the predicted interval, and N, is the
total number of genomes.

However, this metric alone may favor larger
prediction windows, as broader intervals have a
higher probability of overlapping the annotated
oriC region. It is well established that accuracy
alone may provide a misleading assessment in
tasks where prediction granularity varies [30].
Therefore, additional localization-oriented
metrics were introduced to complement detection
performance and assess spatial precision.

The circular distance error between the
centers of the predicted and reference oriC
intervals was computed as:

d= min(|cp - Crl:L - |Cp - Crl)

where ¢, and c,are the centers of the
predicted and reference (experimentally
confirmed) intervals, respectively, and L is the
genome length. This formulation follows the
standard definition of distance on circular range
[31] and quantifies how close the prediction is to
the true oriC location, independently of the
window size.

The intersection-over-union (IoU) score,
commonly used in localization tasks to jointly
assess detection and spatial precision [32], [33],
was used to assess the degree of overlap
between predicted and reference intervals:

_ | Pred N Ref|

IoUl = ———F———
0 | Pred U Ref |

This metric penalizes overly large predictions
and rewards precise localization.

Each metric was computed separately for
each genome based on the predicted and
annotated oriC intervals. Hit accuracy was then
obtained as the proportion of genomes with
overlapping predicted and reference intervals,
while circular distance error and IoU values were
summarized across genomes using mean and
median values, with particular emphasis on the
median as a robust measure against outliers.

Due to the circular nature of bacterial
genomes, intervals may span the coordinate



origin. Such cases were handled by representing
intervals in a circular coordinate system, and for
overlap-based calculations, intervals crossing the
genome boundary were split into segments to
ensure correct computation of intersection and
union lengths.

Together, these metrics enable a balanced
evaluation by distinguishing between detection
performance (whether the oriC region is
captured) and localization precision (how
accurately it is localized).

2.3. ForiC Implementation

The ForiC's source code is publicly accessible
and can be downloaded via a publicly available
http://bioinfo.matf.bg.ac.rs’/home/downloads.wafl
?cat=Software&project=ForiC.

Comprehensive instructions for  the
installation process, detailed usage options, and
test cases are included in the provided link.
Furthermore, ForiC is available online for testing
purposes at
http://www.markostojicevic.com/foric.

2.4. Materials
The dataset used in this study was retrieved
from the NCBI database

(https://www.ncbi.nlm.nih.gov/nuccore/) in April
2026. Genome records were selected using a
stringent query designed to include only bacterial
chromosomes with experimentally validated
origins of replication, annotated with the feature
key “rep_origin” in GenBank format. Although the
query targeted a broad range of bacterial
genomes annotated with “rep_origin”, only 85
records were retrieved, reflecting the limited
availability of such annotations.

From this set, only circular chromosomes
were retained, as cumulative GC skew patterns
are most consistently defined and interpreted in
circular genomes with bidirectional replication
[34], [35]. Additional filtering was applied to
ensure a consistent and unambiguous
benchmark: duplicate entries cross-listed in NCBI
under multiple accession codes (i.e., the same
sequence indexed under more than one
accession), as well as genomes with multiple or
ambiguous “rep_origin” annotations that could
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not be mapped to a single continuous oriC region,
were excluded. Furthermore, entries with
computationally inferred oriC annotations (e.g.,
based on GC-skew analysis or automated
annotation tools), sequence similarity-based
annotations, or annotations lacking sufficient
descriptive information were also excluded. The
orientation of the oriC annotation (direct or
complement) was not used as an exclusion
criterion, as strand asymmetry in nucleotide
composition remains consistent regardless of
annotation direction [35].

Following this filtering procedure, 52 genomes
were retained and classified into two groups. The
primary dataset consisted of 36 genomes with
experimentally validated oriC annotations and
was used for parameter calibration and testing.
The extended dataset comprised 16 additional
genomes with curated but non-experimental oriC
annotations, which were used exclusively to
evaluate the robustness and generalizability of
the method.

The dataset shows an uneven taxonomic
distribution, with a predominance  of
Pseudomonadota genomes, reflecting the
current availability of experimentally validated
oriC annotations.

The primary dataset, used for parameter
calibration and testing, is summarized in Table 1.
The extended dataset is reported separately to
avoid mixing annotations of different confidence
levels. The complete list of genomes, including
excluded entries and the specific reasons for their
omission, is provided in Additional file 2. The
relatively small size of the primary dataset reflects
the limited availability of experimentally validated
oriC annotations rather than an arbitrary selection
bias, highlighting a broader limitation in current
oriC benchmarking studies.

Table 1. Summary of the primary dataset (36 genomes),
categorized by phylum

Phylum N  Average Min.
length length
(bp) (bp)
Actinomycetota 1 9,239,851 9,239,851
Bacillota 3 3,128,281 1,991,969
Cyanobacteriota 1 8,680,294 8,680,294
Pseudomonadota 30 5,110,205 2,991,126
Spirochaetota 1 1,139,590 1,139,590
Total 36 5,048,631 1,139,590

Max.

length (bp)
9,239,851
5,346,304
8,680,294
7,257,956
1,139,590
9,239,851



2.4.1. Preparation of training and test

datasets

The accuracy of ForiC was assessed by
comparing predicted oriC positions to annotated
reference positions obtained from GenBank
records.

The primary dataset was divided into five
stratified subsets based on phylum-level
taxonomic distribution to improve representation
of diverse bacterial groups across both training
and test partitions. Five stratified splits were
constructed to balance robustness  of
performance estimation against overreliance on
any single data partition. In each split, 25
genomes (69.4%) were allocated to the training
subset and 11 genomes (30.6%) to the testing
subset. A 70:30 partitioning scheme was selected
instead of the commonly used 80:20 ratio to

retain a more informative test subset given the
relatively limited dataset size, while preserving
adequate data for parameter calibration.

Stratification at the phylum level was applied
to preserve taxonomic diversity across subsets
and reduce potential bias toward
overrepresented groups. Within each phylum,
genomes were allocated to the training and test
partitions using a manual balancing procedure
designed to preserve representation while
approximating the target 70:30 proportion. For
phyla represented by only a small number of
genomes, exact proportional allocation was not
always feasible, and assignments were adjusted
to ensure that each phylum was represented in
both training and test partitions whenever
possible. Because the allocation was

Table 2. Distribution of phyla per dataset, training/testing set

Phylum DATASET 1 DATASET 2 DATASET 3 DATASET 4 DATASET 5
Training @ Testing Training Testing Training Testing Training @ Testing Training Testing
set set set set set set set set set set
Actinomycetota 0 1 1 0 1 0 0 1 1 0
Bacillota 2 1 2 1 2 1 2 1 2 1
Cyanobacteriota 1 0 0 1 1 0 1 0 0 1
Pseudomonadota 21 9 21 9 21 9 21 9 21 9
Spirochaetota 1 0 1 0 0 1 1 0 1 0
Total 25 11 25 11 25 11 25 11 25 11

deterministic and manually balanced rather than
stochastic; no random seed was used, and the
resulting splits were used consistently throughout
all calibration and evaluation analyses, and their
full composition is provided in Additional file 2.

The  partitioning  enabled  systematic
evaluation of different parameter configurations,
including window size and GC/CGC-related
thresholds. Different window lengths, defined as
proportions of the genome size, were evaluated,
along with alternative strategies for interpreting
predicted regions, including one-window
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predictions and symmetrically expanded two-
window reporting intervals.

Candidate window sizes (0.1%, 0.5%, 1%,
1.5%, and 2%) were calibrated using the training
portions of each stratified subset. The final
window-size setting was selected based on the
most consistent overall performance across the
training subsets and subsequently evaluated
unchanged on the corresponding test subsets.

Evaluating parameter configurations across
multiple stratified subsets reduced dependence
on a single data partition and provided a more



reliable assessment of method performance
across diverse genomic contexts.

Given the relatively limited size of the curated
benchmark dataset (36 genomes) and the
interval-localization nature of the task,
performance was summarized using descriptive
multi-metric comparisons across the five stratified
subsets rather than formal null-hypothesis
significance  testing. This approach was
considered more appropriate for emphasizing
consistency of performance across multiple
predefined partitions than inference from small-
sample statistical tests.

3. RESuLTS

3.1. Quality of ForiC Predictions and

Performance Analysis

To validate the effectiveness of the ForiC
method, a systematic evaluation was conducted
on a dataset of bacterial genomes partitioned into
five stratified datasets. The algorithm was applied
using sliding window sizes ranging from 0.1% to
2% of the genome length. Performance was
assessed using hit accuracy, defined as the
proportion of cases in which the annotated oriC
position falls within the predicted interval. All
parameter tuning was performed exclusively on
training subsets, while testing subsets were used
for independent performance assessment,
ensuring that the reported results were not
influenced by parameter selection.

Performance was evaluated across all five
stratified datasets and window sizes. Detailed
accuracy values for both training and testing
subsets are provided in Tables 3a and 3b, while
additional evaluation metrics are summarized in
Additional file 3. Across datasets, identical hit-
accuracy values were frequently observed at 1%,
1.5%, and 2% window sizes, indicating that
performance had reached a plateau once the
reporting interval became sufficiently broad.
Therefore, a window size of 1% was selected as
the smallest configuration that consistently
achieved maximal or near-maximal hit accuracy
while preserving better spatial resolution than
larger windows.

Among the evaluated splits, Dataset 3
exhibited one of the most balanced training—
testing profiles at the selected 1% window size,
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with an absolute difference of 2.91 percentage
points between training (88.00%) and testing
(90.91%) hit accuracy under the expanded-
interval criterion (Table 3b). At this configuration,
Dataset 3 also maintained moderate center-
distance values, typically in the range of
approximately 6-30 kb (Additional file 3). Other
datasets showed either larger train—test
discrepancies at the same window size or less
stable behavior across alternative window-size
settings.

To illustrate these trends more clearly, Figure
3 presents the performance behavior for the test
subset of Dataset 3. As shown in Figure 3a, hit
accuracy for single-window predictions generally
increased with window size. In contrast, when
using the expanded prediction interval, hit
accuracy increased up to a window size of 1%
and then reached a plateau, with no further
improvement observed for larger windows.
Expanding the prediction interval to twice the
window size, constructed by symmetric extension
around the predicted center, increased hit
accuracy under a broader interval criterion. In this
configuration, hit accuracy reached up to 90.91%
(10/11 genomes) in the testing subset, compared
to substantially lower values for single-window
predictions (e.g., 54.55% at 1% window size).

Additional evaluation metrics were used to
assess localization performance. The center
distance, summarized using the median,
provided a robust measure of localization,
whereas Intersection over Union (loU), reported
as the mean, remained low across configurations,
generally on the order of 1073, reflecting the large
size difference between predicted reporting
intervals and experimentally annotated oriC
regions (Additional file 3). The center distance
remained unchanged between one-window and
expanded-interval configurations, as the larger
interval was generated by symmetric extension
around the original prediction center. In contrast,
loU values were lower for the expanded interval
configuration. Although a slightly lower center
distance was observed at larger window sizes
(e.g., 2%), this effect was not consistent across
datasets and did not translate into consistently
better overall performance. Accordingly, a
window size of 1% was selected because it



provides the best balance between detection
accuracy and spatial resolution.
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Figure 3: Effect of window size on oriC detection
performance using the ForiC method, evaluated on the test
subset of Dataset 3. (a) Hit accuracy for single-window (1W)
predictions and for prediction intervals expanded to twice the

window size (2W), constructed by symmetric extension
around the predicted center. (b) Localization performance
measured as median center distance between predicted and
annotated oriC positions across different window sizes.

Based on these results, the 1% window-size
configuration was selected for further analysis
and comparison with existing methods.
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Table 3a. Hit accuracy (%) for oriC prediction across five stratified datasets using single-window (1W) prediction intervals. Results are shown separately for training and testing
subsets, along with the difference between them.

Win-

dow  Train-
size ing
(%)

0.1 40.00%
0.5 60.00%
1 60.00%
15 64.00%
2 72.00%

Dataset 1

Test

63.64%
45.45%
36.36%
81.82%
72.73%

Absolute
gap (pp)

23.64%
14.55%
23.64%
17.82%

0.73%

Training

44.00%
52.00%
52.00%
76.00%
80.00%

Dataset 2

Test

54.55%
63.64%
54.55%
54.55%
54.55%

Absolute
gap (pp)

10.55%
11.64%

2.55%
21.45%
25.45%

Train-
ing
56.00%
60.00%
52.00%
68.00%
68.00%

Dataset 3

Test

27.27%
45.45%
54.55%
72.73%
81.82%

Absolute
gap (pp)

28.73%
14.55%
2.55%
4.73%
13.82%

Train-
ing
40.00%
52.00%
40.00%
72.00%
72.00%

Dataset 4

Test

63.64%
63.64%
81.82%
63.64%
72.73%

Absolute
gap (pp)

23.64%
11.64%
41.82%
8.36%
0.73%

Train-
ing
52.00%
64.00%
68.00%
76.00%
84.00%

Dataset 5

Test

36.36%
36.36%
18.18%
54.55%
45.45%

Table 3b. Hit accuracy (%) for oriC prediction across five stratified datasets using prediction intervals expanded to twice the window size (2W). Results are shown separately for

Win-

dow  Train-
size ing
(%)

0.1 56.00%

0.5 76.00%
1 88.00%
1.5 88.00%

2 88.00%

Dataset 1

Test

90.91%
90.91%
90.91%
90.91%
90.91%

Absolute
gap (pp)

34.91%
14.91%
2.91%
2.91%

2.91%

Train-
ing
64.00%
80.00%
92.00%
92.00%
92.00%

Dataset 2

Test

72.73%
81.82%
81.82%
81.82%
81.82%

Absolute
gap (pp)

8.73%
1.82%
10.18%
10.18%
10.18%

Train-
ing
80.00%
88.00%
88.00%
88.00%
88.00%
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Dataset 3

Test

36.36%
63.64%
90.91%
90.91%
90.91%

Absolute
gap (pp)

43.64%
24.36%
2.91%
2.91%
2.91%

training and testing subsets, along with the difference between them.

Train-
ing
60.00%
76.00%
88.00%
88.00%
88.00%

Dataset 4

Test

81.82%
90.91%
90.91%
90.91%
90.91%

Absolute
gap (pp)

21.82%
14.91%
2.91%
2.91%
2.91%

Train-
ing
72.00%
84.00%
96.00%
96.00%
96.00%

Dataset 5

Test

54.55%
72.73%
72.73%
72.73%

72.73%

Absolute
gap (pp)

15.64%
27.64%
49.82%
21.45%
38.55%

Absolute
gap (pp)

17.45%
11.27%
23.27%
23.27%
23.27%



3.2. ForiC Comparison with Existing
Models
3.2.1. Comparison with GC Skew and

CGC Skew Baselines

To ensure fair comparison, all methods were
evaluated under a unified framework by
representing their outputs as prediction intervals
of matched length and assessing them using
identical scoring criteria. This avoids bias toward
methods producing broader predictions and
enables direct comparison of detection and
localization performance.

Further analysis revealed that ForiC generally
outperformed the baseline methods, namely the
GC and CGC skew analyses. Table 4 presents a
comparative analysis of ForiC against these
methods on the testing dataset. For fair
comparison, GC- and CGC-based predictions
were evaluated using the same window sizes as
the final ForiC configuration and comparable
interval-length settings. For each method, the
primary candidate window was identified from the
corresponding skew signal, and the final
prediction interval was defined either as a single
window (1W) or as an interval of twice the window
size (2W). In the extended evaluation (2W), ForiC
used symmetric expansion around its predicted
center, whereas GC and CGC used adjacent two-
window intervals derived from their respective
skew extrema. This avoids bias due to unequal
interval size while preserving the native prediction
logic of each method.

Under these conditions, the GC method
demonstrated a maximum accuracy of 72.73%,
whereas CGC showed substantially lower
performance (Table 4, Additional file 4). In
contrast, ForiC achieved a higher accuracy of
90.91%. In addition, ForiC demonstrated better
localization, as reflected by lower center-distance
values compared with GC and CGC methods.
Notably, CGC predictions showed very large
localization errors, with a median center distance
of 896.33 kb, indicating substantial displacement
from validated oriC regions. This likely reflects a
known limitation of CGC skew, in which the global
maximum may occur far from oriC in genomes
with  asymmetric compositional patterns or
irregular skew profiles.
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A representative example further illustrates
these differences. Although the final evaluation is
based on the expanded-interval configuration,
this example demonstrates localization capability
using a single-window prediction. Using a window
size of 1% and a single-window prediction
interval, the genome CP006262 (length:
5,402,276 bp) was analyzed. The experimentally
validated oriC region is located between positions
4,544,042 and 4,544,273. The GC method
predicted oriC between positions 4,483,826 and
4,537,848, whereas the CGC method generated
a prediction substantially displaced from the
annotated oriC region (3,241,320-3,295,342). In
contrast, ForiC localized the oriC region within the
interval 4,537,848-4,591,870, demonstrating
higher positional precision.

Under the evaluated framework, ForiC
showed higher hit accuracy and lower center-
distance values than GC and CGC methods.

3.2.2. Comparison with OriFinder

In addition to intrinsic skew-based baselines,
ForiC was compared with OriFinder 2022
(Additional file 4), a widely used oriC prediction
tool that integrates compositional asymmetry,
motif detection, and homology-based signals
within a ranking framework for putative oriC
regions.

For fair comparison, all OriFinder predictions
were converted into fixed-length evaluation
windows centered on each reported candidate,
matching the window size used for ForiC. This
removes biases arising from differences in
predicted interval lengths and enables direct
comparison of localization metrics.

When two OriFinder candidate regions were
reported, each candidate was evaluated
independently, and a prediction was considered
correct if at least one normalized window
overlapped the validated oriC region (Additional
file 4).

OriFinder achieved 100% accuracy under the
candidate-based criterion, meaning that at least
one reported candidate overlapped the validated
oriC region in all analyzed genomes. However,
multiple candidate regions were returned in
54.55% of cases, whereas only 45.45% of
genomes received a single prediction. In contrast,



Table 4. Comparison of ForiC, GC, and CGC methods for oriC prediction on the test subset of Dataset 3. Results are reported for
both single-window (1W) and symmetrically expanded two-window (2W) prediction intervals using a window size of 1% of the
genome length. For GC and CGC methods, the primary candidate window was identified based on the corresponding skew signal,
and prediction intervals were constructed using the same strategy as for ForiC. Metrics include hit accuracy (%), median center
distance (kb), and Intersection over Union (loU).

Prediction interval length of 1 window
(1W)
Method Accuracy Median Mean loU
(%) center
distance (kb)

ForiC 54.55% 20.70 0.0050
GC 27.27% 27.36 0.0010
CGC 9.09% 896.33 0.0020

Prediction interval length of 2 windows (2W)

Accuracy (%) Median center Mean loU
distance (kb)
90.91% 20.70 0.0035
72.73% 27.36 0.0034
18.18% 896.33 0.0018

Table 5. Comparison of ForiC and OriFinder performance on the test subset of Dataset 3. Results are reported for both single-
window (1W) and symmetrically expanded two-window (2W) prediction intervals, using a window size corresponding to 1% of the
genome length. Accuracy is defined as the overlap between predicted and experimentally validated oriC regions. For OriFinder,
accuracy is calculated using a candidate-based criterion (i.e., at least one predicted candidate overlaps the validated region). For
distance-based metrics, the minimum distance among candidate predictions was used. All interval-based metrics were computed
using normalized prediction windows of identical size to ensure comparability.

Prediction interval length of 1 window
(1w)
Method Accuracy Median Mean loU
(%) center
distance (kb)
ForiC 54.55% 20.70 0.0050
OriFinder 100% 0.04 0.0078

ForiC consistently generated one prediction per
genome and achieved 54.55% accuracy in the
single-window (1W) setting and 90.91% under
the expanded two-window (2W) criterion.
OriFinder also showed markedly lower median
center distance (0.04 kb versus 20.70 kb),
indicating substantially higher positional precision
(Table 5).

OriFinder also achieved higher loU values in
the single-window setting, although this
difference decreased after interval expansion.
Overall, the two methods reflect different practical
trade-offs: OriFinder provides strong candidate
recovery and high positional precision but
depends on external resources (e.g., BLAST
searches) and may return multiple predicted
regions, whereas ForiC provides a single
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Prediction interval length of 2 windows (2W)

Accuracy (%) Median center Mean loU
distance (kb)
90.91% 20.70 0.0035
100% 0.04 0.0039

intrinsically derived prediction without requiring
prior annotation or database searches.

To further compare the behavior of both
methods outside the benchmark dataset, an
additional genome (AE000511, Helicobacter
pylori 26695) was analyzed. This genome was
not part of the training or evaluation datasets and
does not have a precisely annotated oriC region
in NCBI records. Both methods produced broadly
similar predicted oriC locations, with interval
centers at 1,642,783 for ForiC and 1,609,074 for
OriFinder, indicating consistency in identifying

candidate  regions. However, substantial
differences were observed in end-to-end
execution time. The ForiC prediction was

completed locally in 0.75 seconds on a standard
workstation (Intel Core i7, 2.2 GHz, 8 GB RAM,
SSD), whereas OriFinder, executed through its



public web interface, required approximately
1,680 seconds (28 minutes).

This difference likely reflects the more
complex OriFinder workflow, which includes
external searches such as BLAST-based
homology detection and motif analysis, together
with web-server execution overhead. In contrast,
ForiC performs all computations directly on the
input sequence without external dependencies.

Although limited to a single external genome,
this example suggests that ForiC may be useful
for rapid screening and large-scale analyses
where lightweight execution is advantageous.

3.2.3. Robustness Under Local Sequence
Perturbation

To further assess the robustness of the
methods, selected genomes from the dataset
were modified by removing nucleotide regions
encompassing the experimentally validated oriC
locations. The selected genomes include
representatives from both the primary dataset
(experimentally validated oriC annotations) and
the extended dataset, allowing evaluation under
both  well-characterized and less certain
annotation conditions. The specified subset of
genomes was analyzed to illustrate different
prediction behaviors under this perturbation.

The results (Table 6) indicate that ForiC
maintains stable predictions even when the
original oriC signal is partially removed, typically
shifting the predicted region toward nearby
compositional features. In contrast, OriFinder
exhibits increased variability, often producing a
larger number of candidate regions or shifting
predictions to alternative high-scoring locations.
In some cases, the number of reported
candidates increased substantially, reflecting a
stronger dependence on specific sequence
features and external signals. While the table
focuses on prediction stability and candidate
variability, a complete overview of predictions for
both original and modified sequences is available
in Additional file 5.

For genomes CP026681 and AE015450,
ForiC predicted oriC-centered intervals at
coordinate 0 in both original and modified
sequences, consistent with the circular genome
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representation in which coordinate 0 corresponds
to the sequence boundary (wrap-around origin).

These findings suggest that ForiC
appeared more stable in these selected
perturbation examples to local disruptions in oriC-
associated signals, while OriFinder’s predictions
are more sensitive to the presence of specific
functional elements and homology-based cues.

3.3. Exploratory Consistency Analysis on
the Extended Dataset

To further examine method behavior on ge-
nomes lacking consistently validated oriC anno-
tations, an exploratory analysis was performed on
the extended dataset. Because reliable reference
coordinates were not uniformly available, formal
accuracy assessment was not possible. Instead,
positional agreement and prediction consistency
across methods were examined.

In this analysis, ForiC was compared with GC
skew, cumulative GC skew (CGC), and OriFinder
to examine their behavior under less certain an-
notation conditions. The results are summarized
in Table 7.

OriFinder demonstrated the highest level of
agreement with ForiC, achieving 100% agree-
ment and a very low mean distance of 3.26 kb,
indicating that its predicted oriC locations are
consistently close to those identified by ForiC.
However, it produced an average of 1.73 candi-
date regions per genome, reflecting ambiguity in
its predictions.

GC skew exhibited a relatively high agree-
ment rate (80%), but with a substantially larger
mean distance (202.65 kb), indicating the pres-
ence of significant outliers and reduced stability.
CGC skew showed lower agreement (26.67%)
and moderate distances, suggesting weaker con-
sistency with ForiC predictions.

These exploratory results indicate that Ori-
Finder and GC predictions were often positioned
near ForiC predictions, whereas CGC showed
lower positional consistency. Because experi-
mentally validated references were unavailable
for this dataset, these findings should be inter-
preted descriptively rather than as comparative
accuracy rankings.



Table 6. Robustness analysis of ForiC and OriFinder predictions on selected genomes from the primary and extended datasets.
Modified sequences were generated by removing genomic regions encompassing the experimentally validated oriC locations.
Reported values correspond to the centers of predicted oriC regions, allowing direct comparison of prediction stability. While ForiC
maintains relatively stable predictions with minor shifts in location, OriFinder exhibits increased variability, often producing a higher
number of candidate regions after modification, reflecting its sensitivity to local sequence features and external signals.

Genome Dataset Removed re- ForiC center ForiC center OriFinder OriFinder
gion (bp) (original) (modified) candidates candidates
(original) (modified)
CP006027 Primary 4,600,000- 4,719,832 3,044,508 2 1
4,700,000
CP009273 Primary 3,870,000- 3,959,847 3,899,997 2 3
3,940,000
CP026681 Extended 0-3,000 0 0 1 21
AE015450 Extended 0-7,000 0 0 2 4

Table 7. Comparative analysis of ForiC, GC skew, CGC skew, and OriFinder on the extended dataset. As experimentally validated
oriC annotations are not consistently available, the evaluation is based on positional agreement relative to ForiC predictions. Mean
and median distances represent circular distances between the centers of predicted oriC regions and the corresponding ForiC
prediction centers. Agreement is defined as the percentage of predictions located within a window corresponding to 1% of the
genome length centered at the ForiC prediction. For OriFinder, the minimum distance among candidate predictions was used, and
the average number of candidates per genome is reported.

Metric GC CGC OriFinder

Mean distance to ForiC 202.65 100.08 3.26
(kb)

Median distance to ForiC 4.99 41.12 3.56
(kb)

Agreement with ForiC 80.00 26.67 100.00
(%)

Mean number of candi- 1 1 1.73
dates

Despite the high hit accuracy achieved, a key
challenge remains in balancing interval size and
positional precision. The improved performance
observed with two-window reporting intervals
indicates that the method can tolerate moderate
positional  uncertainty, which may be
advantageous in practical screening applications.
This improvement is also consistent with cases in
which the oriC region spans neighboring sliding-
window boundaries rather than being fully
contained within a single window. However, the
reported prediction intervals are intentionally
designed for regional localization rather than
exact base-pair delineation of oriC boundaries.
The observed median center distance (20.70 kb)
indicates that predicted oriC locations are
typically placed within the reported interval,

4. DiSCuUSSION

The performance metrics obtained during
method development and testing indicate that
ForiC achieves higher interval-based hit accuracy
than GC and CGC skew baselines on the
evaluated datasets. The method achieved a
testing accuracy of 90.91%, exceeding that of the
baseline approaches. Combined with
comparable computational efficiency, these
results suggest that the proposed method
showed encouraging performance on held-out
subsets and highlight the importance of
integrating multiple genomic characteristics in
oriC prediction.
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supporting the stability of the approach. This
reflects the design of the method, which
prioritizes reliable regional localization of oriC-
containing regions over nucleotide-level
boundary prediction. Accordingly, ForiC is best
viewed as a screening-oriented interval-
localization framework that complements, rather
than replaces, higher-resolution reference-
assisted approaches. This interpretation is further
supported by performance trends across different
window sizes (Figure 3), where hit accuracy
reaches a plateau beyond 1% of the genome
length, while no consistent improvement in
localization is observed. These results suggest
diminishing returns with increasing window size,
indicating that further interval expansion is
unlikely to provide substantial benefit and may
reduce spatial resolution.

While the previous analysis highlights the
trade-off between interval size and positional
precision, it is also important to consider how the
proposed method compares with reference-
based approaches such as OriFinder. While
OriFinder demonstrated high positional precision
and strong agreement with ForiC predictions, it
frequently reported multiple candidate regions,
requiring additional selection to identify the most
likely oriC location. In contrast, ForiC consistently
produced a single prediction per genome,
providing a clear and directly interpretable result.
This reflects a trade-off between positional
resolution and decisiveness, where ForiC offers a
streamlined and unambiguous prediction
framework.

Performance varied across the taxonomically
stratified benchmark subsets, which may reflect
differences in genomic composition across
bacterial lineages. Broader validation across
additional phyla and larger balanced datasets is
therefore required before stronger
generalizability claims can be made.

The proposed method offers several practical
advantages for computational genomics. In
addition to improving upon simple compositional
approaches such as GC and CGC skews, ForiC
provides a computationally efficient and self-
contained framework that does not rely on
external databases or prior annotation. While
reference-based tools such as OriFinder can
achieve higher positional precision in certain
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cases, this is partly attributable to their use of
external biological resources and functional
annotations. In contrast, ForiC focuses on
identifying oriC-containing regions using intrinsic
genomic  signals, including compositional
asymmetry and structural transitions reflected by
inflection points. These features are consistent
with known characteristics of bacterial replication
origin regions, which are often associated with
shifts in nucleotide composition and replication-
related genome organization. The ability of ForiC
to detect such signals across diverse genomes
suggests that the method may capture
biologically meaningful patterns related to DNA
replication, although the precise role of individual
features, particularly inflection points, requires
further investigation.

Additional analyses on the extended dataset
provide exploratory evidence of positional
consistency across methods. Despite the
absence of consistently validated oriC
annotations, ForiC predictions showed general
positional agreement with both compositional
methods and OriFinder, indicating that the
method captures biologically relevant signals
beyond the training dataset.

Furthermore, robustness experiments
involving the removal of oriC-associated regions
suggested that ForiC predictions were

comparatively stable in the selected perturbation
experiments. These findings indicate that ForiC is
less sensitive to local disruptions in sequence
features and may provide more consistent
predictions under uncertain or incomplete
annotation conditions.

Nevertheless, several limitations should be
acknowledged. The relatively modest number of
genomes used in this study may limit the
generalizability of the findings, highlighting the
need for larger and more diverse datasets in
future work. In addition, while ForiC effectively
identifies  oriC-containing  regions, further
improvements are needed to refine positional
precision without compromising computational
efficiency. The preliminary screening stage could
also be extended in future work by incorporating
sequence descriptors that account for nucleotide-
order information. The proposed method relies on
genomic features such as inflection points, whose
biological interpretation and consistency across



different bacterial groups warrant further
investigation. While these features contribute to
improved prediction performance, their role in
oriC localization is not yet fully understood, and
the isolated contribution of the inflection-point
feature was not separately evaluated in the
present study. Future work should explore the
relationship between inflection point patterns and
underlying replication mechanisms, assess their
independent predictive value, and evaluate their
stability across larger and more diverse genomic
datasets.

In conclusion, ForiC provides a lightweight
intrinsic framework for oriC-region prediction that
complements existing reference-assisted
methods and may be particularly useful for rapid
large-scale bacterial genome screening.
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