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Introduction
Meiosis is the specialized cell division responsible for ensuring genetic diversity in sub-
sequent generations, achieved through the reshuffling of parental alleles during recom-
bination. In this process, crossovers (COs) form through the repair of programmed 
DNA double-strand breaks (DSBs), ensuring faithful homolog segregation and generat-
ing new allele combinations [11, 12, 17]. In plants, crossover frequency and patterning 
are highly regulated, with typically one to three events per chromosome pair. Cross-
over positioning is strongly influenced by sequence polymorphism and local chromatin 
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Abstract
Background  Crossovers are essential for genome stability and genetic diversity, 
yet in plants they occur infrequently, typically restricted to only one to three per 
chromosome pair. Genotyping approaches such as SNP arrays or genotyping-by-
sequencing (GBS) enable high-resolution detection of crossover frequency, a critical 
step for elucidating the mechanisms that regulate meiotic recombination and for 
exploiting it in plant breeding. Despite their widespread use and the availability of 
highly reproducible marker sets, user-friendly tools for reliable recombination analysis 
remain scarce.

Results  Here we present X-cross/over, a web-based platform that applies a graph-
theoretical algorithm to estimate crossover frequencies from SNP datasets in HapMap 
format. The platform was evaluated using publicly available barley backcross inbred 
populations and newly developed wheat doubled haploid lines. Across both datasets, 
X-cross/over detected crossover events with high accuracy and sensitivity, yielding 
results consistent with published genotyping and cytological analyses. Importantly, the 
tool produces outcomes comparable to expert analyses while remaining accessible to 
users without bioinformatics expertise.

Conclusions  X-cross/over provides a consistent and transparent framework for 
detecting crossover sites and quantifying their frequency. Implemented in a platform-
independent environment, the application is freely available at https://insilicolabdesk.
atk.kinin.hu, making it a versatile resource for exploring the genetic and epigenetic 
regulation of meiotic recombination across plant species.
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states, resulting in their enrichment in gene-rich subtelomeric regions and suppression 
near centromeres and pericentromeres [4, 19]. Analysis of CO distribution is essential to 
uncover regulatory mechanisms and intraspecific variation in crossover numbers both 
to be exploited in modern breeding efforts for climate resilience.

High-throughput genotyping technologies allow fine-scale analysis of CO events using 
segregating markers in mapping populations such as recombinant inbred lines (RILs), 
backcross inbred lines (BILs), and doubled haploid (DH) lines, as well as through sin-
gle-cell genotyping of F1 pollen [10, 14, 15] (Fig.  1). SNP arrays provide reproducible, 
standardized marker sets, while genotyping-by-sequencing (GBS) offers a flexible and 
cost-effective approach for generating genome-wide SNP datasets [8]. Studies in Arabi-
dopsis have demonstrated that COs preferentially accumulate near gene promoters, indi-
cating that SNP arrays utilizing markers predominantly located within coding regions 
are effective to detect COs in plants [3]. Together, these platforms have supported the 
development of dense SNP maps across crop species, enabling studies of genetic diver-
sity, population structure, and trait associations [1, 5, 7].

Despite the availability of large genomic datasets, accessible computational tools for 
detecting and quantifying COs remain limited. Available methods are often techni-
cally demanding, lack transparency, or are poorly adapted for plant datasets. Current 
CO detection commonly relies on multi-step pipelines that combine several genetic 
mapping tools and/or approaches in which crossovers are inferred from changes in the 
parental allelic state along with the physical length of the chromosome [2, 6, 10, 16, 18] 
rather than on a single-step, user-friendly solution. This creates a gap between data gen-
eration and its effective use for recombination studies and breeding applications.

To overcome this limitation, we developed X-cross/over, a platform-independent 
online tool that applies a graph-theoretical framework to detect and quantify mei-
otic COs from SNP array– and GBS-derived datasets. Designed to combine accuracy 
with usability, X-cross/over enables transparent crossover analysis without requiring 

Fig. 1  Development of mapping populations required for the detection of meiotic crossovers (COs) using the 
X-cross/over tool. Single-cell genotyping of F₁ pollen provides a direct approach for detecting CO events. Alterna-
tively, F₁ plants can be utilised to develop segregating populations. Doubled haploid (DH) lines can be obtained 
from F₁ pollen, while selfing F₂ progeny for 4–5 generations by single seed descent (SSD) yields recombinant 
inbred lines (RILs). Backcrossing the F₁ to a parent, followed by several generations of selfing, produces backcross 
inbred lines (BILs). All populations types can be genotyped with SNP arrays or genotyping-by-sequencing (GBS) 
platforms to infer crossover patterns
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bioinformatics expertise, thereby extending the utility of genomic data for both funda-
mental research and applied breeding.

Implementation

X-cross/over is implemented as a client-side web application for analysing genome-wide 
crossover (CO) patterns from plant SNP datasets. All computations are executed locally 
within modern web browsers (e.g., Firefox, Edge, Chrome), avoiding server-side process-
ing and thereby eliminating delays associated with file transfers.

The graphical user interface (GUI) provides two input fields for uploading SNP data-
sets: one for the parental lines and another for the derived progeny lines. Users can 
process datasets, reset inputs, and download results directly through the interface. An 
optional function can be activated to determine crossover positions by reporting the 
nearest flanking SNPs, and a dedicated message area provides progress updates and 
notifications.

Inputs and input validation

The software is designed for datasets in which crossovers can be traced unambiguously, 
including single-cell genotyping of F₁ pollen as well as segregating homozygous popula-
tions such as DHs, RILs, and BILs (Fig. 1).

SNP datasets generated by SNP arrays or genotyping-by-sequencing are supported in 
HapMap format [9]. Two input files are required: one containing parental genotypes and 
the other containing progeny genotypes. A template file is provided for convenience on 
the webpage.

Filtering polymorphic markers

The algorithm identifies polymorphic markers between parents and retains those meet-
ing quality thresholds (polymorphic in ≥ 1 line and < 10% missing data). Each marker is 
assigned an ancestry value of −1 or 1 depending on parental match, with ambiguous 
cases receiving 0.

Scoring polymorphic markers

Polymorphic markers are scored based on their ancestry and that of neighbouring 
markers, using a dynamic window of 21 markers (10 upstream and 10 downstream) to 
increase the accuracy and avoid genotyping errors. Scores approach − 21 or 21 within 
parental haplotype blocks, while ambiguous markers contribute zero. For each marker 
mi, ancestry values are summed over a window of 21 markers (10 upstream and 10 
downstream).

scorei =
min (n,i+k)∑

x=max (1,i−k)

ancsestry (mx)

where n is the total number of polymorphic markers on the chromosome, k = 10 = win-
dow half-size, the functions max and min ensure that the summation window does not 
extend beyond the first (1) or last (n) marker.
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Each marker is also assigned a “range” value reflecting the genomic distance (in base 
pairs) spanned by its window of neighbouring markers. Specifically, for marker mi with 
genomic coordinate pi​, the range is

rangei = position
(
mmin (n, i+k)

)
− position

(
mmax (1, i−k)

)

Estimating crossovers

Scores are integrated into a chromosome-specific adjacency matrix, which encodes rela-
tionships among polymorphic markers as a graph. Breakpoints in marker ancestry pro-
files define crossover sites, localized to intervals flanked by the nearest SNPs.

For each sample s and chromosome chr, let

V = {m1, . . . , mn}

be the set of polymorphic markers ordered by genomic position. An n × n binary adja-
cency matrix A is constructed to define the graph

Gs,chr = (V, E) .

An edge {mi, mj} ∈ E (Aij = 1) is added when the following conditions hold:

1.	 Strong ancestry signal.

	 |score (mi)| > 8 | and| score (mj) | > 8|

	 Each marker’s window reflects a ≥ 70/30 ancestry imbalance. For example, if a marker 
has 4 non-similar neighbours, it must have at least 4 + 8 = 12 similar ones. With no 
ambiguous neighbours, the threshold is 14/20 = 0.7.

2.	 Comparable genomic scale.

	
|position (mi) − position (mj)| ≤ max

(
range (mi) , range (mj)

)
.

	 This limits edges to marker pairs separated by at most the larger of their effective 
window spans, analogous to a window-size filter.

3.	 Consistent ancestry sign.
	 score (mi) ⋅ score (mj) > 0, ensuring both markers indicate the same parental origin.

{mi, mj} =





1
0

if
else

|score (mi)| > 8 and
|score (mj)| > 8 and

|position (mi) − position (mj)| ≤ max
(

range (mi) , range (mj)
)

and

(score (mi) × score (mj)) > 0

The resulting adjacency matrix typically contains clusters (“islands”) of ones, which cor-
respond to subgraphs (Fig. 2). We retain only subgraphs with at least four vertices. Each 
retained subgraph Sg is summarized by its leftmost (gleftg​) and rightmost (gright​) markers. 
After ordering markers within Sg by genomic position (g1,…,gk):

 	• If score(gn) ⋅ score(gn+1) < 0, then (gn, gn+1) flank a putative crossover site.
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 	• If all adjacent products are positive, the region is treated as a single ancestry block 
and neighbouring subgraphs are merged (collapsed).

Gs,chr = (V, E) s denotes the sample and chr the chromosome

V : the polymorphic markers (m) of the chromosome

E ⊆ {{mi, mj}|mi, mj ∈ V and i ̸= j} , where

Outputs

The application produces summary and detailed reports. The basic report lists cross-
over counts by genotype and chromosome, while the detailed report provides all cross-
over site records, including flanking SNP IDs. The interface additionally displays marker 
statistics, progress updates, and error notifications. The analysis time depends on the 
size of the input HAPMAP files and the user’s computer configuration, but it generally 
requires approximately 1–3 min.

Results
The tool was validated through direct in vivo comparison of the estimates and by reana-
lysing publicly available crossover datasets. We used the 50 K iSelect SNP data from bar-
ley BIL populations published by Dreissig et al. [6], available from the e!DAL repository 
(https://doi.org/10.5447/ipk/2019/20), together with the corresponding crossover ​d​a​t​a​s​
e​t (Dataset S1, [6], Wiley Online Library Supplementary Material). Three populations 
-HEB1 (54 lines), HEB2 (45 lines), and HEB3 (55 lines)- were selected for validation. The 
SNP data sets were reformatted into HAPMAP files, and processed with X-cross/over to 

Fig. 2  Adjacency matrix of polymorphic markers on wheat chromosome 2A for a representative DH line (A173). 
Both axes correspond to the sequential order of polymorphic markers; Empty areas show zero values, while co-
loured areas indicate a value of one. Colours reflect the sign of the summed scores, illustrating parental dominance 
across chromosome segments. Four subgraphs are visible, flanking three crossovers (breakpoints), indicated by 
arrows. Subgraphs appear as distinct islands. They are merged when derived from the same parental background, 
revealing the overall crossover landscape
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estimate crossover numbers. Across all three population, a total of 32 250 SNP markers 
were submitted, of which 12 900 (HEB1), 15 374 (HEB2), and 15 727 (HEB3) were poly-
morphic, and used for downstream crossover analysis.

Bland–Altman analysis showed that X-cross/over estimates matched the previously 
published values at the chromosomal level in approximately 66% of cases across the 
three HEB populations (Fig. 3). The majority of points fell within the relatively narrow 
limits of agreement (−5.33 to + 3.76 COs), and no systematic trend was observed across 
the range of CO values, demonstrating that X-cross/over provides stable and consis-
tent estimates. On average, estimates were only slightly lower than the published values 
(mean bias = − 0.78 COs), with the mean difference line lying just below zero, and the 
minor tendency towards underestimation was mostly associated with outliers reported 
in the reference dataset (Supplementary Table 1).

Line-level variance was consistently lower when using X-cross/over compared to the 
published method (HEB1: 18.21 vs. 82.25; HEB2: 22.87 vs. 63.48; HEB3: 15.02 vs. 64.08), 
resulting in tighter confidence intervals across all populations (Supplementary Table 1). 
The maximum CO numbers per line reported in the published dataset (56, 44, and 47 
for HEB1—HEB3) were substantially reduced with X-cross/over (26, 32, and 25, respec-
tively). These patterns were consistent across all three populations, supporting the con-
clusion that X-cross/over provides stable estimates of CO numbers at the chromosomal 
level.

To further validate the tool, we analysed our own wheat doubled haploid population 
genotyped with the 25  K iSelect SNP array, with raw SNP genotyping data deposited 
in the HUN-REN Data Repository Platform’ARP’ ​(​​​h​t​t​p​s​:​/​/​h​d​l​.​h​a​n​d​l​e​.​n​e​t​/​2​1​.​1​5​1​0​9​/​A​R​P​

Fig. 3  Bland–Altman plot comparing crossover (CO) estimates obtained with the X-cross/over tool and previously 
published data across three barley BIL populations (HEB1–HEB3). The x-axis shows the mean number of COs per 
chromosome estimated by both methods, while the y-axis represents their difference (X-cross/over − Reference). 
Each point corresponds to one chromosome within an individual line; HEB1 (blue), HEB2 (green), and HEB3 (or-
ange) are distinguished by color. The red line marks the mean difference, and grey dashed lines indicate the 95% 
limits of agreement (± 1.96 SD)
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/​8​K​Z​G​S​Z​​​​​)​. A total of 21 695 markers were submitted, of which 6 986 were polymor-
phic across the 21 wheat chromosomes, representing 111 DH lines. These polymorphic 
markers served as the basis for subsequent crossover identification using the X-cross/
over tool. Despite the lower marker density compared with the barley dataset, the tool 
generated reliable estimates with low variance (25.66), without adjustment of the default 
parameters (Supplementary Table 2). Importantly, crossover detection was not strictly 
dependent on local marker density: intervals with relatively high numbers of polymor-
phic markers did not always coincide with those showing a relatively high CO frequency 
(Fig. 4). This independence underscores the robustness of the X-cross/over for unbiased 
CO detection.

The average number of COs in the wheat DH population was 23.51 ± 5.09 per hap-
loid genome, corresponding to 47.02 ± 10.18 per meiosis after adjustment. This esti-
mate is consistent with sequence-based genotyping of 2 100 recombinant inbred lines 
(48.1 ± 0.18; [10]) and with cytological estimates based on of HEI10 foci counts in wheat 
meiocytes at pachytene (45.4 ± 7.1; [13]). Since HEI10 immunolocalization is a robust 
cytological marker for crossover designation, this strong concordance further validates 
the accuracy of the X-cross/over approach.

Conclusions
In summary, X-cross/over provides a consistent framework for estimating meiotic cross-
overs, as demonstrated by its reduced variance and the absence of extreme or popula-
tion-specific discrepancies when compared with previously published data in barley and 
with crossover counts from our own wheat doubled haploid population. Importantly, the 
estimates obtained for wheat were in close agreement with cytological measurements of 
HEI10 foci, supporting the biological validity of the approach. The graph-based strategy 
which integrates ancestry-derived scores and neighbourhood criteria, enables reliable 

Fig. 4  Marker density and crossover (CO) events in 111 wheat doubled haploid lines. Marker density shows that 
crossover estimates reflect true recombination events rather than marker-density bias, with two illustrative ex-
amples in the 20–30% and 60–80% chromosomal-length regions
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detection and merging of consecutive ancestry blocks to identify crossover intervals. 
Optimized for widely used SNP array and genotyping-by-sequencing (GBS) platforms, 
X-cross/over is readily applicable to other crop species. While its performance on 
extremely sparse or highly heterogenous datasets remains to be tested, our results indi-
cate that it can provide reproducible, high-resolution crossover landscapes to support 
both fundamental research and breeding applications.
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