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Abstract

As eukaryotic organisms, fungi play a pivotal role within ecosystems and exert pro-
found influences on agriculture, the pharmaceutical industry, and human health.
The classification of fungi in databases has emerged as a crucial and complex issue
in the field of biology. In this study, by leveraging the local distribution of k-mer

in nucleotide sequences, we introduce a novel alignment-free method, denoted

as k-mer SNV, to address this challenge. On a large fungi dataset including 120,140
sequences, our innovative approach has achieved remarkable success in predicting
the taxonomic labels of fungi across six hierarchical taxonomic levels: phylum (99.52%),
class (98.17%), order (97.20%), family (96.11%), genus (94.14%), and species (93.32%).
The approach is also evaluated on the common Taxxi benchmark dataset. Based

on these results, it has been convincingly demonstrated that the k-mer SNV method
exhibits outstanding performance in processing large-scale fungal sequence data.

Keywords: K-mer SNV, Fungi, Alignment-free, Classification

Introduction

Approximately 144,000 species of organisms have been documented, with fungi repre-
senting one of the most widely distributed groups on Earth and exhibiting substantial
environmental and medical significance [1, 2]. Since the 1990 s, the issue of fungal clas-
sification has emerged as a critical area of focus [3, 4]. The classification of fungi can
be categorized into three main types: classical, culture-based, and modern. The classical
approach achieves the purpose of classifying fungi by identifying specific morphologi-
cal areas [5], but requires specialized knowledge. The culture-based method identifies
fungal classes by examining colonies grown in culture, but it is not suitable for fungi that
cannot grow or produce reproductive structures in culture, or for those that are difficult
to reproduce naturally. These methods are time-consuming and labor-intensive, leading
to their declining use.

Modern methods have shifted towards DNA-based technology due to the rapid devel-
opment of biotechnology. The accurate classification at each taxonomic level is crucial
for future ecological and physiological studies [6]. With the advancement of molecular
biology, more studies are being conducted on the classification and analysis of fungi
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based on genome sequences. DNA barcoding is widely used in species classification, and
the internal transcribed spacer (ITS) region is often used for fungal identification due to
its simplicity and effectiveness [7, 8].

Some researches utilize targeted sequencing analysis followed by the BLAST method
[32] to identify fungi. Although these methods often provide a new means of sequenc-
ing [10-12], they require a high level of expertise, making it difficult for teams without
relevant experimental foundations. There are also many approaches based on phyloge-
netic trees to determine fungal types [13, 15, 16]. However, phylogenetic-based methods
struggle with processing big data and may yield inconsistent results due to variations in
the evolutionary models employed [17]. Phenotype-based approaches [18—20]are rela-
tively time-consuming and costly.

Machine learning-based methods have become popular in recent years [21]. Combin-
ing correlations between nucleotides with machine learning methods, Yau proposed an
18-dimensional Natural Vector approach for fungal classification [22]. However, this
approach only utilizes the distribution of single nucleotide ignoring that of k-mers. Two
other prominent techniques in the field of fungal classification are the Hitac method,
which is based on DNA barcodes, and the Kraken2 method, which is purely based on
k-mer. Hitac is a hierarchical taxonomic classifier for fungal ITS sequences [27]. On the
other hand, the Kraken2 use k-mers for mapping sequences to a database for classifi-
cation [26, 28]. Given the vast number of fungal taxa across multiple hierarchical lev-
els, ranging from kingdom to species, and the uneven distribution of taxa within each
class, many methods are only capable of identifying fungi at specific taxonomic levels
[30, 31].Even when these methods can be applied to other levels, their accuracy is often
compromised.

To overcome these challenges, we propose a new alignment-free method: K-mer Sub-
sequence Natural Vector (K-mer SNV). The K-mer SNV method divides fungal ITS
region sequences into segments, then utilizes the frequency, average positions, and
variance of positions of K-mers to represent each segment. By using the distribution of
K-mers, the method better adapts to the diversity of fungal sequences. In particular, this
technique can classify fungi from phylum to species with high accuracy.

Materials and methods

Dataset

The dataset used in this study was downloaded on January 22, 2024 from the Bold Sys-
tems (https://portal.boldsystems.org/result?query=Fungi[tax]). Regarding data pro-
cessing, for each taxonomic level, samples with fewer than 20 occurrences and species
without clear classification were removed. This decision was made because, for taxo-
nomic categories with too few samples, the model may struggle to learn meaningful pat-
terns. Concurrently, the dataset containing fungal ITS region data was retained. Finally,
a total of 120,140 barcode entries were included for this research. This dataset contains
six categories: phylum, class, order, family, genus, and species, with their numbers being
118,918, 115,241, 113,683, 105,513, 92,141, and 38,646, respectively. As the taxonomic
rank decreases from phylum to species, the entry counts for each level decreasing. (see
Fig. 1)
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Fig. 2 Distribution map of fungal ITS regional data types
78 In addition, the distribution across taxonomic levels is as follows: there are 4 phyla, 24
79 classes, 85 orders, 230 families, 563 genera, and 665 species. (see Fig. 2)
80 Subsequence
81 We take as a example one ITS DNA sequence S as our input data. Let
82 S = 81,582,853, ...5N,S; € {A, C, G, T}, we first divide the sequence into L segments. The
83 method proposed in [23] is used to make the number of nucleotides for all segments basi-
84 cally equal. This method divides the sequence into L non-overlapping subsequences by
85 using the formula (1):
86 N
M=[z],]=N—L*M.(0§]<L) (1)
87
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where M is the quotient and J is the remainder when dividing N by L. Therefore, for the
first / segments (51, S2, - - - , S), each segment consists of M + 1 nucleotides. At the same
time, for the remaining L — J segments (Sj+1, Sy+2,- - - , S), each segment consists of M
nucleotides. L is a preset integer (L < N) which can be adjusted based on the dataset.

K-mer subsequence natural vector (K-mer SNV)

Before introducing our proposed method, it is worth reviewing the 18-dimensional Natural
Vector (18-NV) for classifying fungi based on their ITS region DNA barcodes in [23]. The
18-NV method captures sequence information through the following features: the count of
each nucleotide (4 features), the mean position of each nucleotide (4 features), the normal-
ized variance of the position for each nucleotide (4 features), and the covariance between
each pair of nucleotides (6 features). This method has demonstrated the potential of uti-
lizing sequence distribution and nucleotide correlations for effective classification. Build-
ing on this concept, we introduce the K-mer Subsequence Natural Vector (K-mer SNV)
method, which further enhances feature extraction efficiency and adaptability to sequence
diversity.

After cutting the sequence into L segments, we calculate the K-mer values for each sub-
sequence. We begin by introducing the concept of a K-mer in the DNA sequence. A K-mer
refers to a sequence of K nucleotides. For instance: there are 4 possibilities for 1-mer: A,
C, G, T (K = 1), 16 possibilities for 2-mer: AA, AC, AT, AG, CA, CC, CT, CG, GA, GC,
GG,GT, TA, TC, TG, TT (K = 2).Continuing in this manner, when K = k, there will be
4% possibilities of combining.Next, we calculate the K-mer Subsequence Natural Vector
(K-mer SNV), which is ultimately used as the feature vector for the sequence. Before calcu-
lating the feature, we define an indicative function:

1, si=oa.
%GHZ{Q T R ()

Where, o« € {x|x: all combinations of k-mer}, for example, when K=2,
a € {AA,AC,AT,AG,CA,CC,CT,CG,GA,GC,GG,GT, TA, TC, TG, TT}.

Subsequently, for each « in each subsequence, three statistics are used for feature
extraction:

1. Letn, = Z?:l Wy (8;) describe the number of a.
2. Letpg =Y 1y %{;)*’ be the mean position of a.

_ o =)0y (si) : i
3. Let Dy = ), %" be the normalized second central moment of position of
a.
Consequently, when the sequence is separated into L subsequences: Si, Sy, - - - , S, we ulti-

mately obtain an L * 3 4% dimensional numeric vector, (see (3)), and use it as a feature
vector. This vector called the K-mer Subsequence Natural Vector(K-mer SNV).
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In Supplementary File 1, we provide a detailed demonstration of the calculation process.

At this point, we successfully convert a DNA sequence into a numeric feature vec-
tor, known as the K-mer Subsequence Natural Vector (K-mer SNV). This vector will
serve as our input for the machine learning model. In the next step, we will utilize
machine learning algorithms to classify fungi, as illustrated in the flowchart (see
Fig. 3)

I Input :ITS DNA Sequence: S |

Processing of Input

~

For each Subsequence S; count all its K-
mers :AA--A, AC A, TT T

K-mer SNV: (nfﬂq...,q, Mo e D )
k k k /1x3x4k
l _
Training:Random forest

4

Output:Classification

Fig. 3 Flowchart of the K-mer SNV method
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Supervised classification
Due to the complexity and data characteristics of the fungal datasets, we have chosen the
random forest algorithm as the classifier for our study. Random forest [24] is a widely-
used supervised learning method, which employs an ensemble learning-based approach
that performs the classification task by constructing multiple decision trees and synthe-
sizing their predictions.

To ensure the robustness of our model and to prevent data leakage, we have carefully
de-duplicated the dataset to ensure that identical sequences do not appear in both the
training and test sets. We allocate 80% of the data to the training set and 20% to the
testing set respectively, ensuring that there is no overlap between the training and test-
ing datasets. Next, we train the model, where only the training set participates in the
training phase, and the test set is an independent set that is used to test the results of
the model. We employ 5-fold cross-validation for both modeling and testing, which fur-
ther enhances the reliability of our evaluation. The parameters of the random forest are
optimized through a grid search, ensuring that our model benefits from the most effec-
tive hyperparameter configuration. The output of our method is a classification result
that categorizes the fungal sequences into various taxonomic levels, specifically: phylum,
class, order, family, genus, and species.

In this study, we employed several evaluation metrics to assess the performance of our
Random Forest model, beginning with accuracy. Accuracy [14] is defined as the ratio of
correctly predicted samples to the total number of samples. Specifically, it is calculated
by dividing the number of correctly classified samples by the total number of samples in
the dataset. The formula for accuracy is:

Number of Correctly Classified Samples
Accuracy = .

Total Number of Samples )
Correctly classified samples are those for which the model’s predictions match the actual
labels, while the total number of samples refers to all the samples used for evaluation. To
compute accuracy, we compare the model’s predicted outputs with the true labels, count
the number of samples that were classified correctly, and divide this count by the total
number of samples.

Accuracy is a commonly used and straightforward metric to evaluate classification
models, as it provides a general measure of the model’s performance. In our study, accu-
racy effectively reflects the overall performance of the model in classifying ITS DNA
sequences. However, we recognize that accuracy alone may not fully capture the model’s
performance, especially in cases where the dataset is imbalanced. For this reason, we
also employ additional evaluation metrics to provide a more comprehensive understand-
ing of the model’s effectiveness.

In addition to accuracy, we calculate the F1-score, which is the harmonic mean of pre-
cision and recall. The F1-score [14] is calculated using the following formula:

2 x Precision x Recall

F1- = . 5
score Precision + Recall (5)

The Fl-score provides a balanced measure between precision and recall, particularly
useful when there is an uneven class distribution. We also use the Area Under the Curve
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(AUC), which measures the model’s ability to distinguish between different classes. AUC
is derived from the Receiver Operating Characteristic (ROC) curve and provides a sum-
mary of the model’s classification performance across different thresholds.

Lastly, we assess recall (also known as sensitivity), which calculates the proportion of
actual positives correctly identified by the model. The recall [14] is calculated as:

True Positives

Recall (Sensitivity) = True Positives + False Negatives ©)
Recall is particularly important when we need to minimize false negatives in classifica-
tion tasks, ensuring that as many relevant samples as possible are correctly identified.

Together, these metrics-accuracy, F1-score, AUC, and recall-offer a thorough evalua-
tion of our model’s performance, addressing various aspects of classification accuracy,
precision, and reliability.

The source code has been made publicly available on GitHub. You can access it
through the following link https://github.com/xxxx.

Results

Selection of parameters Kand L

In our study, K and L are parameters that need to be determined based on the dataset of
the experiment. To determine the optimal values for parameters K and L, we compute
e a series of accuracies for different K and L. For the Phylum dataset, using the random
forest method with 20 trees, we adjusted the values of K and L, calculating the prediction
accuracy for the test set and selecting the parameter values corresponding to the high-
est accuracy, as shown in Fig. 4. We observed that accuracy initially increased and then
decreased, with the model achieving its peak accuracy of 99.35%. when K = 4 and L =
3. Consequently, we settled on K'=4 and L = 3 for our model. These parameters, once
optimized in the training set, were then applied to the test set to evaluate the model’s
performance.This approach was consistently applied to other datasets, which also dem-
onstrated peak performance withK and L set to 3 and 4, respectively.

K,L Categorical performance
99.25  99.35

99.5 98.93 98.97 |

99 98.26 ™
1 . 99.26
98.5 98.9 \ \
- 98.73 98.95 99.21
98
~-98.36 )
975 9895 o847
97.24
96.5
96
\’,,’\, \:,’\/ \j/’b \,,/b‘ \:f’) L \:,’\, \/,/’\/ \:,”; M P oy V//,L \/,/“) P
A AT AT AT A AY Y oY oY oY oY Y Y AT 8
L AN G U A U A A e G A S A R <
Fig. 4 On our dataset, the prediction accuracy of Phylum dataset with changes in Kand L
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Furthermore, Fig. 5 illustrates the changes in the AUC values on the species dataset
with variations in K and L. It can be seen from the graph that the AUC value gener-
ally shows an upward trend with the increase of K and L, which further supports the
rationale behind our selection of the K and L parameters. In particular, the AUC value
reached its highest point when K=4,L=3, which is consistent with our previous find-
ings on the phylum dataset and further substantiates our parameter choices. These
results indicate that by adjusting the K and L parameters, we can effectively enhance
the model’s classification performance.

Regarding the choice of L and K, due to computational resource limitations, the
parameter range we selected is within what can be handled by the current hardware.
Larger values of L or K would significantly increase the computational burden, espe-
cially when processing large amounts of data on a standard laptop, leading to higher
time and memory costs. Through experimentation, we found that the performance
reached a plateau near K=4 and L=3. Increasing the parameters further did not result
in significant improvements. With more powerful computational resources, increas-
ing the parameters might be beneficial, but under the current conditions, we believe
the chosen settings already provide satisfactory results.

Computations were performed on a personal computer with an Intel Core i5-7200U
CPU @ 2.50 GHz and 8 GB RAM.

Classification performance

In order to demonstrate the advantages of our method in the classification of fungi,
we initially assessed its predictive performance across each taxonomic level using
aggregated data from each level and compared it with the 18-NV method [23]. As
illustrated in Table 1, the 18-NV method analyzes fungi species by leveraging cor-
relations between nucleotides, relying on the convex hull method. In contrast, our
method has yielded promising results across various datasets. Although the number

AUC Values for Different k and | Combinations

1.00 1

0.99 4

0.98

0.97 4

AUC Value

0.96 -

0.95 4§

0.94 4

~ o ~ A x ~
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A I T A A A
k and | Combinations
Fig. 5 On our dataset, the AUC at the Species dataset with changes in Kand L
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Table 1 Classification prediction results of fungal at each category

Dataset Sequence Type 18-NV (%) Kraken2 Hitac (%) BTOP (%) TOP (%) K-merSNV
number number (%) (%)
Phylum 118,918 4 96.17 67.01 99.75 84.15 98.11 99.52
Class 115241 24 9141 4544 9745 8340 975 9817
Order 113,683 85 87.10 29.12 96.40 82.46 94.18 97.20
Family 105513 230 8299 1505 9227 8002 8790 9611
Genus 92,141 563 81.44 13.82 82.89 7575 81.90 94.14
Species 38,646 665 84.68 6.94 56.42 0.00 11.07 9332
228 of categories increases and becomes uneven from Phylum to Species, leading to a
229 decrease in prediction accuracy, our method still maintains an accuracy above 93%.
230 In our study, when using the method of only building fungi libraries, running
231 according to the program of kraken2 build always fails to complete, and it seems
232 that the required fungi sequence cannot be found on the NCBI server. We took the
233 approach of building the entire library, but it didn’t always work out due to network
234 issues. Finally, we download the database from the https://benlangmead.github.io/
235 aws-indexes/k2 website. We have selected Standard plus Refeq protozoa & fungi
236 which contains the latest kraken2 database with fungi released on 2024-12-28. The
237 database is k2_pluspf 20241228.tar.gz, 70GB in compressed package, 92GB after
238 decompression. At the same time, we compared it with the BTOP [32], which is a
239 BLAST-based method, and TOP, which is a usearch-based techique. [33] The out-
240 comes of our experiments are presented in Table 1.We compared our method with
241 these existing ones at various taxonomic levels. The performance of Hitac showed
242 a significant improvement over the previous 18-NV method. However, as shown in
243 Table 1, our proposed method demonstrated better advantages at all levels.
244 Additionally, the time required to complete this work at each level is less than 30
245 min. These calculations were conducted on a personal computer equipped with an
246 Intel Core i5-7200U CPU @ 2.50 GHz and 8 GB of RAM, showcasing the efficiency
247 and feasibility of our method even on standard hardware.
248 From the Fig. 6, The 18-NV method shows a high performance with AUC values
249 starting at 0.99 for the Phylum level and slightly decreasing to 0.96 at the Species
250 level. On the other hand, the K-mer SNV method demonstrates perfect or near-per-
251 fect performance across all taxonomic levels, with AUC values ranging from 0.99 to
252 1.00. This indicates that while both methods perform well, the K-mer SNV method
253 is more consistent and robust, especially as the classification becomes more refined.
254 The slight decrease in AUC for the 18-NV method from Phylum to Species sug-
255 gests that it may be slightly less effective at handling the increased complexity and
256 uneven distribution of categories at finer taxonomic levels. In contrast, the K-mer
257 SNV method maintains high accuracy, indicating its superior capability in classify-
258 ing fungi across different taxonomic levels. This analysis highlights the advantages
259 of the K-mer SNV method in fungal classification, particularly its ability to maintain
260 high performance even as the classification task becomes more challenging.
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Fig. 6 On our dataset, comparison of the AUC between the 18-NV method and our K-mer SNV method

Table 2 Classification prediction results of fungal phylum by K-mer SNV with Random Fforest (RF)
and Logistic Regression (Lg) methods withK =4 and L = 3.

Phylum Number Lengthrange  Precision Recall F1-score Accuracy

RF Lg RF Lg RF Lg RF Lg

Ascomycota 72,385 (1021, 1066) 1 099 1 1 1 099 099%  0.99%
Basidiomycota 40,204 (1011, 1055) 099 099 099 099 099 099 099 0991
Glomeromycota 3,499 (1031, 1067) 1 099 098 099 099 099 0999 0991
Zygomycota 2,830 (1015,1056) 1 098 09 097 098 098 099 0983

Classification of phylum

For the Phylum, there are 118,918 barcodes. This dataset is divided into four cat-
egories: Ascomycota, Basidiomycota, Glomeromycota, and Zygomycota. For more
information about the number and length range of datasets, see Table 2. As can be
seen from the Table 2, there is little difference in the length of each fungal phyla,
but there is a significant difference in the amount of Ascomycota and Basidiomy-
cota compared to Glomeromycota, and Zygomycota. Although the amount of data
varies widely, the results are good. For each class, the values of the four quanti-
ties Precision, Recall, F1 score, and Accuracy are close to 1. After calculating the
k-mer SNV, we used the Random Forest (RF) and Logistic Regression (Lg) classifiers
for verification, and from the results, it can be seen that the Random Forest and
Logistic Regression classifiers have little impact on the results, indicating that the
K-mer SNV encoding effect plays a major role in data prediction. Meanwhile, this
proves that our method works even when the amount of data is uneven, and that our
method is robust.
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Classification of class
Unlike Phylum, Class has 115,241 barcodes, and it contains 24 classes, and the number
of classes is even more uneven, the largest number of class includes 34,307 barcodes,
however, the class contains only 21 barcodes, the difference between the two is more
than 1,000 times. Still, the results of our algorithm at the level of Class have been shown
to be very effective, see Table 3. Except for Agaricostilbomycetes, which has a relatively
small number, it is only 0.8 on the Precision indicator, and everything else is close to 1.
The remaining prediction results are included in the Supplementary Files 2 (Order,
Family, Genus, and Species).

Discussion

Our method was evaluated on the Taxxi (sp_rdp_its.90) dataset and compared with
other existing methods. Note that this dataset is the most difficult to analyze among five
fungi ITS datasets in the TAXXI benchmark.

Using the hierarchical precision, recall and F1-score defined in [27], our method
achieved an F1-score of 89, demonstrating good performance, yet there is still room
for improvement. Figure 7 presents a comprehensive comparison between k-mer
SNV and other state-of-the-art methods. Our method’s F1-score of 89 indicates a
satisfactory balance between precision and recall. Although this score is slightly
lower than that of the best-performing methods, it still showcases the potential and

Table 3 Classification prediction results of fungal class by K-mer SNV method with K = 4and L = 3

Class Number Length range Precision Accuracy
Agaricomycetes 34,307 (632,664) 0.98 0.976
Agaricostilbomycetes 61 611,673) 0.8 1
Archaeorhizomycetes 69 (622,669) 1 1
Arthoniomycetes 561 (632,665) 1 1
Atractiellomycetes 30 611,674) 1 1
Dacrymycetes 28 (622,670) 1 1
Dothideomycetes 12,633 (632,666) 0.98 0.981
Eurotiomycetes 9,479 (611,675) 0.98 0.979
Exobasidiomycetes 286 (622,671) 1 1
Glomeromycetes 3,420 (632,667) 1 0.994
Lecanoromycetes 12,148 (611,676) 0.97 0.972
Leotiomycetes 4513 (622,672) 0.97 0.976
Microbotryomycetes 615 (632,668) 0.98 0.982
Pezizomycetes 3,197 (611,677) 0.99 0.992
Pneumocystidomycetes 59 (622,673) 1 1
Pucciniomycetes 2,155 (632,669) 1 1
Saccharomycetes 4125 611,678) 0.99 0.999
Sordariomycetes 22,618 (622,674) 0.99 0.990
Taphrinomycetes 29 (632,670) 1 1
Tremellomycetes 1,852 611,679) 0.98 0.980
Trichomycetes 21 (622,675) 1 1
Ustilaginomycetes 264 (632,671) 1 1
Wallemiomycetes 65 (611,680) 1 1
Zygomycetes 2,706 (622,676) 1 0.992
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Fig. 7 Comparison of methods on the Taxxi (sp_rdp_its.90) dataset

competitiveness of our approach. One of the strengths of our method is the flex-
ibility in parameter adjustment. By tuning the k and 1 parameters, we can fine-tune
the model’s performance. Despite the current Fl-score already indicating strong
performance, further optimization of these parameters could lead to even higher
performance.

While the results are promising, our method, like any other, has its limitations.
The selection of K and L parameters is crucial and may require manual adjustment
based on the specific characteristics of different datasets. Future work could focus
on developing automated parameter selection strategies, potentially leveraging
machine learning techniques to predict optimal parameter values based on dataset
attributes.

In addition to this, our methods can also be applied to the phytogenetic analysis
of fungi. After calculating the corresponding K-mer SNV, the following Fig. 8 of the
UPGMA [25] phylogenetic tree is obtained using MEGA software [29]. Through the
phylogenetic tree, it can be seen that our method can show the evolutionary rela-
tionship of fungi very well.

In summary, we propose a new computational method that can be effectively
applied to the identification of fungi. Traditional sequence alignment methods are
widely used, but they are time-consuming and require a high-performance com-
puter to process large data sets. However, our approach is effective in overcoming
these problems. Compared to 18-NV, although our method achieves good clas-
sification results on all layers, we still need to optimize our method for some lay-
ers, such as genus and species. Our approach also shows great advantages in some
sub-categories.
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the K-mer SNV method with K=4,L=3

Conclusions

Moreover, in the selection of parameters K and L, our method needs to do more com-
prehensive experiments to explore the problem of parameter selection. At the same
time, we need to see if our approach can be applied to other species classifications. These
problems should be investigated in further study.
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