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Wheat leaf rust, caused by Puccinia triticina Eriks., is recognized as one of the most destructive 
diseases affecting wheat worldwide, including Iran, resulting in substantial losses in grain yield and 
quality. This research focused on evaluating the pathogenic factors of nine leaf rust isolates collected 
from four different climates in Iran, using various differential genotypes. The assessment of leaf 
rust infection types was conducted on 49 durum and bread wheat genotypes, including susceptible 
control genotypes and 55 differential genotypes at the seedling stages. The results revealed a 
significant difference among wheat genotypes in their response to all isolates (p ≤ 0.01). Notably, 
certain genotypes, such as the Italian landrace (P.S. No4), Shabrang, Chamran2, Mehregan, Shosh, 
and Gonbad, exhibited resistance to all isolates at the seedling stage, indicating the presence of 
seedling resistance genes. Additionally, we determined the virulence/avirulence patterns for various 
resistance genes in the differential genotypes by assessing their responses to different isolates and 
recording the infection types. The findings indicated that all isolates were virulent on the lines carrying 
the Lr34 and Lr37 genes, whereas none of the isolates displayed a virulence on the lines carrying the 
Lr19 gene. This research provides valuable insights into the resistance patterns of wheat genotypes 
against leaf rust isolates in different climates in Iran, contributing to our understanding of the genetic 
basis of resistance and aiding in the development of effective strategies for disease management in 
wheat cultivation. The XGBoost (extreme gradient boosting) algorithm generated the most accurate 
predictions for the variables thousand grain weight and grain yield, while the MARS (multivariate 
adaptive regression spline) algorithm generated the most accurate predictions for the variables 
spike weight, number of grains per spike, and grain weight per spike. For each of these variables, GP 
(Gaussian process), MARS, and XGBoost achieved the lowest RMSE (root mean square error) values, 
indicating minimal prediction errors, and the highest R² values, signifying a strong correlation between 
the predicted and observed data. These prediction performances highlighted the robustness and 
accuracy of the GP, MARS and XGBoost algorithms in modeling wheat disease severity and its effects 
on yield outcomes.
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Wheat brown rust disease, commonly referred to as leaf rust and caused by Puccinia recondita f. sp. tritici, poses a 
significant threat to wheat grain yield, resulting in substantial losses1. While earlier studies primarily focused on 
the effectiveness of resistance genes in controlling leaf rust more recent research has specifically quantified yield 
losses caused by this disease, which can range from 5 to 15% depending on crop growing season conditions, 
the severity of the disease epidemic, and the growth stage of the plant2. Notably, leaf rust caused a 14% loss in 
Kansas winter wheat in 2007, impacting U.S. wheat production significantly, with susceptibility leading to a loss 
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rate exceeding 50% in certain cultivars3. Additionally, the economic impact of a brown rust epidemic in Pakistan 
in 1987 was estimated at $86 million4. In recent times in Iran, the significance of this disease has surpassed strip 
rust but remains lower than yellow rust5. Grain yield losses of 10–30% have been reported in Iranian wheat 
fields. Dadrezaei, et al.3 estimated a brown rust-induced yield loss of 25.2% for all studied wheat genotypes in 
Ahvaz. The reduction in wheat yield caused by leaf rust infection is attributed to decreased grain per spike and 
1000-grain weight3. Importantly, a crop cultivar may exhibit susceptibility during the seedling stage or early 
growth stages but show resistance in the adult plant stage6. Breeding for resistance, as emphasized by Qi, et al. 7, 
plays a crucial role in preventing yield losses.

Planting resistant cultivars emerges as the most effective method for disease control. To develop such 
cultivars, identifying virulent races and phenotypes within a region and those introduced from other countries 
is crucial. The understanding of resistance to leaf rust has been advanced through the identification of specific 
genes (Lr genes) with their sequence numbers initiated by Harrington, et al. 8. Johnston and Heyne9 pioneered 
the development of wheat near-isogenic lines differing by single genes for leaf rust resistance. Subsequently, 
additional near-isogenic lines were derived from the wheat cultivar ‘Thatcher,’ proving invaluable for scrutinizing 
virulence variations in the P. triticina population and unraveling the genetics of leaf rust resistance. The study 
of P. triticina populations among plant pathogens has a rich history, with rust race investigations starting in the 
United States in 1926, Canada in 193110, and Australia in 192011. Global P. triticina populations exhibit high 
diversity in virulence phenotypes or races12.

The effectiveness of race-specific resistance genes varies worldwide due to the widespread use of such genes 
in the United States, resulting in a rapid increase in virulent leaf rust races. In Australia, the effectiveness of 
race-specific resistance genes persists for a more extended period, likely due to the presence of less susceptible 
cultivars. New virulence phenotypes have emerged globally in recent years, indicating the continual evolution of 
P. triticina. For instance, in 1984, a virulence phenotype on Lr27, Lr16, and Lr31 initially appeared in Australia 
but originated from outside the country13. In 2001, phenotypes of P. triticina emerged as virulent on Mexican 
durum wheat cultivars that had been resistant for 16 years14. Isolates collected from durum wheat in Europe and 
South America closely resembled Mexican isolates, suggesting the possibility of continental-scale migration of 
leaf rust isolates15.

To control the continual evolution of P. triticina, diligent monitoring and surveillance of virulence variations 
are essential. Utilizing commercial cultivars with leaf rust-resistant genes is considered the most effective, 
economically viable, and environmentally safer approach. Genetic studies and understanding the function and 
heritability of genes controlling resistance play a crucial role in breeding techniques. The inheritance of leaf rust 
resistance has been elucidated in various wheat cultivars16. Two primary breeding strategies for producing leaf 
rust-resistant cultivars involve pyramiding of major resistance genes (Lr genes) conferring complete resistance 
and accumulation of minor resistance genes conferring partial resistance17. According to Mapuranga, et al.18 
over 100 LR resistance (Lr) genes and 80 YR resistance (Yr) genes have been identified. Effective management 
of wheat leaf rust relies heavily on breeding resistant cultivars, which requires comprehensive knowledge of the 
genetic mechanisms underlying resistance at a genome-wide level19. A total of 102 Chinese winter wheat cultivars 
and advanced lines were evaluated for seedling resistance to 24 Puccinia triticina pathotypes and for field-based 
slow rusting across two cropping seasons. Fourteen resistance genes Lr1, Lr2a, Lr3bg, Lr3ka, Lr14a, Lr16, Lr17a, 
Lr18, Lr20, Lr23, Lr24, Lr26, Lr34, and LrZH84 were postulated, with Lr26 being the most prevalent, while 
37 genotypes lacked known resistance genes. Fourteen lines consistently exhibited slow rusting, highlighting 
valuable germplasm for breeding leaf rust–resistant wheat20. A total of 250 common winter wheat breeding lines 
were evaluated for resistance to Puccinia triticina under field and greenhouse conditions in Bulgaria. Twenty 
lines exhibited varying levels of resistance, including race-specific, race non-specific, and slow-rusting types. 
Lines demonstrating stable resistance represent valuable germplasm for breeding wheat cultivars with durable 
leaf rust resistance21.

A comprehensive review of documented history indicates that resistance controlled by a single gene has 
rapidly broken down with the emergence of novel virulent races. Consequently, breeders have shifted their 
focus towards partial resistance, deeming it more sustainable than hypersensitive resistance22. Various wheat 
cultivars have been identified to possess partial resistance to leaf rust22–24. Studies have reported the inheritance 
of partial resistance to leaf rust, ranging from polygenic to oligogenic, with moderate narrow-sense heritability25. 
The partial resistance of wheat to leaf rust is characterized by an extended latent period, reduced frequency 
of infections, and smaller pustule size. The incubation period is considered a critical component of partial 
resistance in cereal rusts26,27.

The development of diseases in plants may be a gradual process; nevertheless, it is of utmost importance to 
promptly diagnose and manage them. Symptoms usually appear as changes in the structure or function of plant 
tissues, such as variations in color, texture, and general appearance. Early detection and swift action are essential 
to reduce damage and control the spread of the disease28. Precise detection and quantification of visual symptoms 
are essential for both research and therapeutic purposes, as accurate assessment helps in formulating effective 
treatment strategies and understanding disease progression29. Severity, often measured as the percentage of 
symptomatic area, is a key factor for assessing treatment outcomes and forecasting crop damage29. A multitude 
of studies in the existing body of research have focused on using machine learning methods to forecast the 
severity of diseases30–32. Machine learning (ML), defined as the capacity of computers to acquire knowledge 
from data and generate predictions, offers a significant advantage in addressing complex issues, such as the 
identification and control of plant diseases33,34. ML techniques can analyze large datasets to identify patterns 
and correlations that may not be apparent through traditional methods, making it a powerful tool in agricultural 
research and practice35. Despite the advancements in using ML for disease severity prediction, there is a notable 
gap in the literature regarding the assessment of product losses following the identification of disease severity. 
Furthermore, there is a lack of comprehensive studies that examine the effects of host-pathogen interactions 
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on the physiological processes and yield of the plant. Additionally, no studies have explored machine learning 
approaches from a broad perspective, incorporating multiple variables and complex interactions. This highlights 
the need for further research to develop integrated models that can not only predict disease severity but also 
provide insights into the broader impacts on crop yield and plant health.

Limited data are available on the inheritance of leaf rust resistance in Iran, with previous studies primarily 
focusing on cultivar resistance under greenhouse conditions. Therefore, the objective of this study was twofold: 
first, to assess the resistance of selected bread and durum wheat genotypes to P. triticina isolates at the seedling 
stage; and second, to integrate these resistance responses with agro-morphological and yield traits obtained 
under field conditions to develop and evaluate machine learning models capable of predicting the impact of leaf 
rust severity on wheat growth and productivity.

Results
Response of differential wheat genotypes and virulence comparison of P. triticina isolates
The response of 55 differential wheat genotypes to 9 studied isolates of Puccinia triticina was used. Notably, 
plants carrying the Lr19 gene exhibited resistance to all fungal isolates, while those with Lr22a, Lr34, and 
Lr37 genes were susceptible to all isolates. Genotypes carrying Lr28 and Lr46 genes demonstrated resistance 
to all isolates except for susceptibility to Ahvaz isolates (FSTPR) and Mashhad Toroq (MFHPJ), respectively. 
Among the studied genes, Lr2a, Lr35, Lr28, and Lr10 + displayed virulence, with Lr2a and Lr28 genes having 
an 11% virulence frequency, Lr35 gene with a 19% virulence frequency, and Lr10 + gene with a 22% virulence 
frequency. Despite their virulence, these genes could serve as effective sources of resistance if complete plant 
resistance is confirmed. Plants carrying the Lr9 gene exhibited resistance to Mashhad Toroq, Ahvaz (FSTPR), 
East Azerbaijan, Ardebil, Dezful, Neyshabur, and tetraploid isolates. However, they were susceptible to Ahvaz 
(FSRRS) and Karaj gene bank isolates. For the Lr10 + gene, East Azerbaijan, Ardebil, Dezful, Neyshabur, and 
Tetraploid isolates were avirulent, along with isolates from Ahvaz. Pavon 76 demonstrated avirulence against 
Ahvaz, East Azerbaijan, Ardebil, Dezful, Neyshabur, Karaj Gene Bank, and tetraploid isolates. Additionally, 
Ahvaz regional isolates (FSRRS), Karaj gene bank, East Azerbaijan, Dezful, Neyshabur, and Tetraploid isolates 
were avirulent for Gatcher, Anahuac 75, and Babax 1 genotypes. Noroeste was found to be resistant to Mashhad 
Toroq, Ahvaz, Karaj Gene Bank, East Azerbaijan, Neyshabur, and Tetraploid isolates. The Lr25 gene displayed 
resistance to Mashhad Toroq, Ahvaz, Karaj, Ardebil, Dezful, and tetraploid isolates. Similarly, the Parula 
genotype showed resistance to Mashhad Toroq, Ahvaz, Karaj Gene Bank, Neyshabur, and tetraploid isolates. 
These findings provide valuable insights into the interaction between different wheat genotypes and P. triticina 
isolates, contributing to our understanding of resistance patterns.

Plants carrying the Lr25, Lr32, and Lr23 + genes demonstrated resistance to 5 isolates, while those carrying 
Lr2c, Lr10, Lr14a, Lr17, and Lr36 genes exhibited resistance to 4 isolates. Additionally, plants with Lr1, Lr3bg, 
and Lr29 genes displayed resistance to 3 isolates from different regions. However, the frequency of virulence 
for other genes is relatively high, and their utilization should consider their virulence or avirulence in various 
regions of the country. For instance, Lr12, Lr14b, Lr15, Lr18, Lr20, Lr26, and Lr35 genes exhibited resistance to 
only two isolates, with virulence observed in other isolates. The Karaj Gene Bank (BRTHS) isolate has the lowest 
number of virulence factors, while the Ardebil isolate (PKTSS) possesses the highest number of virulence factors 
or the most virulence genes. Isolates exhibited differences in virulence or avirulence for one or more genes. 
Consequently, the Ardebil isolate, with a 78% frequency of virulence genes on the studied differential genotypes, 
displayed the highest virulence. In contrast, the Karaj Gene Bank isolate, with 50.9%, exhibited the lowest 
virulence. Various isolates demonstrated virulence against several studied genes, with the degree of virulence 
closely aligned among these isolates, emphasizing differences in one or more genes. The Ardebil isolate (PKTSS), 
with 43 virulence factors, had the highest virulence, while the Karaj Gene Bank (BRTHS) isolate, with 28 factors, 
had the lowest virulence factors or the lowest virulence.

Reaction of wheat genotypes and virulence comparison of P. triticina isolates
The outcomes of the data analysis of variance revealed significant differences among the isolates and genotypes, 
with a significance level of p ≤ 0.01% (Table 1). This analysis further indicated a significant interaction between 
genotypes and isolates (p ≤ 0.01%), suggesting a specific interaction influenced by genetic variations in the host 
genotypes. The observed distinctions emphasize the importance of understanding the specific interactions 
between wheat genotypes and P. triticina isolates, shedding light on the potential genetic factors contributing to 
these differences.

Source of variation df Mean squares Infection type

Isolate 8 41.25**

Replication/Isolate 18 6.1

Genotype 48 68.29**

Genotype×race 348 66.73**

Error 864 1.44

Coefficient of variation (%) 10.57

Table 1.  Results of combined variance analysis of infection type of wheat genotypes to leaf rust disease. ** 0.01 
significant at the probability level.
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The study investigated the response of 49 wheat genotypes to 9 isolates of Puccinia triticina. Notably, certain 
genotypes exhibited significant resistance to multiple isolates. The genotypes from Italy (P.S. No4), Shabrang, 
Chamran2, Mehregan, Shosh, and Gonbad demonstrated remarkable resistance to all 9 isolates. Additionally, 
the Karkhe genotype and the landrace from Kermanshah (Kc-3642) displayed race-specific resistance against 5 
isolates, while Yavaros and Behrang genotypes exhibited race-specific resistance against seven isolates. However, 
it is noteworthy that some genotypes, including the susceptible control cultivar (Boolani), and landraces from 
Austeria (Wc-46224), Morvarid, Sirvan, Baharan, Alvand, Chamran, and Sorkhtokhm, were found to be 
susceptible to all leaf rust isolates. Specifically, 16.3% of genotypes (8 genotypes) were susceptible to all fungal 
isolates, 12.2% (6 genotypes) demonstrated complete resistance, and 71.4% (35 genotypes) exhibited race-specific 
resistance. The assessment of the virulence pattern of P. triticina isolates on wheat genotypes revealed significant 
differences among isolates, with none of them being virulent or avirulent on all genotypes. The Mashhad Toroq 
isolates (MFHPJ) displayed the highest virulence at 83.3%, while the Dezful isolate (PGRQS) exhibited the 
lowest virulence at 59.1%. These findings underscore the diverse interactions between wheat genotypes and P. 
triticina isolates, providing valuable insights into resistance and susceptibility patterns.

Heatmap clustering analysis
The response of differential genotypes to isolates is illustrated in Fig. 1, where two distinct clusters are observed 
(Group A and group B). The heat map clearly illustrates the distinct difference between the 19 genotypes in 
group A and the genotypes in group B, owing to their robust resistance against the 9 isolates used. Group A 
is partitioned into two subgroups, namely Group C and Group D. The genotypes in group C showed better 
resistance against 9 isolates compared to the genotypes in group D. These genotypes are TRANSFER/6*TC, 
TC*6/WEBSTER, TC*7/TR, CS2D-2  M, and TC*7/TRANSEC, respectively (Fig.  1). The genotypes possess 
disease resistance genes Lr9, Lr2a, Lr19, Lr28, and Lr25, accordingly. Furthermore, it was found that the CS2D-
2 M genotype, which has the resistance gene known as Lr28, was able to effectively demonstrate resistance in six 
(Isolate 4, 7, 1, 8, 6, 2, and 3) out of nine isolates.

Furthermore, to shed light on the percentage of variation, a correlation-based biplot analysis was used. This 
study revealed the nature of the relationship between differential genotypes and isolates, as well as the level of the 
variation that exists between them. For instance, the C and D groups that we observed in the heatmap graphic 
(Fig. 1) are significantly divided from the isolates. Additionally, there were two components that were found 
to have eigenvalues that were larger than 1. As can be seen in Fig. 2, the overall variance is 54.13%, which is 
accounted for by the combined contribution of two components, namely F1 (38.82%) and F2 (15.31%).

Fig. 1.  Heatmap clustering of differential wheat genotypes using WARD method.
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To visually represent, analyze the relationship, and provide a clear understanding of the morphological 
observations considered for the different genotypes, we conducted heatmap clustering (Fig. 3) and biplot (Fig. 4). 
Cluster analysis separated a total of 49 genotypes into two groups, designated as Group A and Group B. Group 
A genotypes exhibited a higher level of resistance to nine isolates compared to those in Group B. Subgroup C 
consisted of the most susceptible genotypes (Morvarid, Alavnd, Sirvan, Baharan, Chamran, Sorkhtokhm, and 
Wc-4624) in group B, including the control genotype (Boolani). These genotypes exhibit a low infection type 
and a high incubation period. Group D and Group E are the two subgroups that are part of Group A. Genotypes 
belonging to subgroup D exhibited a higher level of resistance against all isolates compared to genotypes 
belonging to subgroup E. The genotypes (Yavaros, Behrang, Gonbad, P.S. No4, Chamran2, Shabrang, Mehregan, 
and Shosh) grouped together in subgroup D exhibited a higher level of resistance, particularly against Isolate 
2, Isolate 5, Isolate 7, and Isolate 9. These genotypes display a high infection type and a low incubation period.

To elucidate the percentage of variation, a correlation-based biplot analysis was used to unveil the nature of the 
link and extent of variation between genotypes and isolates. For instance, the D and E groups that we discovered 
in the heatmap picture (Fig. 3) are distinctly segregated from the isolates. The G49 (Boolani) genotype, which 
serves as a control, is closely associated with the isolates and hence is the genotype that is most impacted by 
the disease in comparison to other genotypes. Furthermore, two components with eigenvalues greater than 1 
were detected. The combined contribution of two components, F1 (54.02%) and F2 (9.92%), accounts for a total 
variance of 63.94% as shown in Fig. 2.

The other objective of this study was to determine whether there is a connection between two separate 
variable groups of disease resistance, namely genotypes and differential genotypes. Both Figs. 3 and 4 provide 
the results of differential genotypes’ resistance tests against nine distinct isolates. Moreover, it was found that the 
genotypes Yavaros, Behrang, Gonbad, P.S. No4, Chamran2, Shabrang, Mehregan, and Shosh, which are shown 
in Figs. 3 and 4, were much more efficient against these nine isolates. It is possible that the genes that belong 
to differential genotypes are shared by genotypes Yavaros, Behrang, Gonbad, P.S.No4, Chamran2, Shabrang, 
Mehregan, and Shosh, which are shown in Figs. 3 and 4. As a result of the fact that the resistance genes (Lr9, Lr2a, 
Lr19, Lr28, and Lr25) of five distinct genotypes (TRANSFER/6*TC, TC*6/WEBSTER, TC*7/TR, CS2D-2 M, and 
TC*7/TRANSEC) that we analyzed among the differential genotypes (Figs. 1 and 2) by employing nine different 
isolates could also be associated to the Yavaros, Behrang, Gonbad, P.S.No4, Chamran2, Shabrang, Mehregan, 
and Shosh genotypes.

Fig. 2.  The superior genotypes against leaf rust caused by P. triticina isolates.
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Fig. 4.  Biplot analysis of morphological observations of wheat genotypes.

 

Fig. 3.  Heatmap clustering of wheat genotypes and isolates using WARD method.
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Agro-morphological results and machine learning (ML) analysis
Table 2 presents descriptive data related to the explanatory and outcome factors in the research that aimed to 
predict morphological and yield findings from the leaf rust responses of wheat genotypes for each Puccinia 
triticina strain.

Table  3 presents the detailed results of the ML analysis. In the results of ML analysis for train data, the 
XGBoost algorithm consistently showed superior performance in all studied variables, including DHE, DMA, 
PH, PED, PEDE, LL, LW, SL, NOS, SW, NOGS, GW, TKW, and GY, compared to other ML models (SVM, RF, 
GP, and MARS).

For the algorithms trained with train data, their prediction performances were evaluated using test data. 
The GP algorithm exhibited strong predictive performance for the variables DHE, DMA, PH, PED, PEDE, 
LL, LW, SL, and NOS, as evidenced by the low RMSE, MAPE, and MAD values ​​as well as the high R2 values. 
For the DHE variable, the GP model achieved an RMSE of 2.191, indicating a low level of error between the 
predicted and actual values. The MAPE of 0.459 reflects a high accuracy in percentage terms, while the MAD 
of 0.897 underscores the consistency of the predictions. The R2 value of 0.949 suggests that the model explains a 
substantial portion of the variance in DHE. For DMA, the GP model also performed well, with an RMSE of 2.299 
and a MAPE of 0.423. The MAD value was 0.957, further indicating the model’s precision. The R2 value of 0.901 
demonstrates that the GP model accounts for a large proportion of the variance in DMA. For the PH variable, 
the GP model produced an RMSE of 2.594, with a MAPE of 0.755. The MAD stood at 0.910, highlighting 
the model’s reliable predictions. The R2 value of 0.958 confirms the model’s strong explanatory power for this 
variable. Regarding the PED variable, the GP model’s performance was notable, with an RMSE of 3.027 and a 
MAPE of 2.872. The MAD was 1.368, which is relatively low, suggesting the model’s predictions were consistent. 
The R2 value of 0.839 indicates a good fit of the model to the data. For the PEDE variable, the GP model yielded 
an RMSE of 2.707, a MAPE of 6.555, and a MAD of 1.453. These metrics reflect a moderate level of accuracy and 
error, with an R2 value of 0.821, indicating that the model captured a substantial portion of the variance in this 
trait. For the LL variable, the GP model demonstrated strong predictive performance, with an RMSE of 14.695 
and a MAPE of 2.861. The MAD was 8.198, reflecting consistent predictions, and the R2 value of 0.917 suggests 
a very good fit to the observed data. For the LW variable, the GP model exhibited excellent performance, as 
shown by an RMSE of 0.879, a MAPE of 1.794, and a MAD of 0.381. The R2 value of 0.916 confirms that the 
model accurately captures the variance in LW. For the SL variable, the GP model produced an RMSE of 0.560 
and a MAPE of 2.282, with a MAD of 0.254, indicating precise and consistent predictions. The R2 value of 0.966 
further underscores the model’s strong predictive capability for this variable. Lastly, for the NOS variable, the GP 
model achieved an RMSE of 0.941, a MAPE of 2.077, and a MAD of 0.486, demonstrating high accuracy. The 
R2 value of 0.943 indicates that the model effectively explains the variance in NOS, making it a reliable predictor 
for this trait.

The performance of the MARS algorithm on the SW, NOGS, and GW variables revealed notable outcomes. 
For the SW variable, the MARS model showed a RMSE of 0.492, indicating a relatively low level of prediction 
error. The MAPE stood at 7.858, which was a reasonable error rate, suggesting that the model’s predictions were 
fairly accurate. Additionally, the MAD for SW was 0.258, further reinforcing the model’s precision. The R² was 
0.849, demonstrated that the model explained approximately 85% of the variability in the SW data. For the 
NOGS variable, the MARS algorithm yielded an RMSE of 4.161, while higher than that for SW, still indicated 
a decent predictive capability. The MAPE was 6.403, signifying a moderate prediction error, and the MAD was 
3.096, reflecting the model’s absolute prediction accuracy. The R² value for NOGS was 0.910, revealing that the 
model captured 91% of the variance in the NOGS data, indicating a strong predictive performance. Finally, 
the GW variable results showed an RMSE of 0.265, highlighting a very low prediction error, which was ideal 
for precise modeling. The MAPE was 8.383, slightly higher than those for SW and NOGS, but still within an 
acceptable range. The MAD for GW was 0.154, demonstrated the model’s strong ability to predict with minimal 

Variables Abbreviations Minimum Maximum Mean Std. deviation

Days to Heading DHE 160.000 211.000 195.706 9.963

Days to Maturity DMA 211.000 243.000 223.347 7.397

Plant Height PH 85.000 136.000 116.790 12.168

Peduncle Length Ped 35.200 67.700 51.576 7.492

Peduncle Extrusion Length PEDe 10.300 39.300 26.213 6.402

Flage Leaf Length LL 213.670 389.330 293.192 51.359

Flage Leaf Width LW 3.000 25.000 19.891 3.173

Spike Length SL 6.000 16.000 10.675 3.074

Spikelet Number per Spike NoS 15.000 29.800 22.618 4.011

Spike Weight SW 0.980 5.980 3.588 1.290

Number of Grain Per Spike NoGS 23.000 76.200 53.324 13.583

Grain Weight Per Spike GW 0.740 3.900 2.186 0.965

Thousand Grain Weight TKW 24.780 68.330 48.054 12.009

Grain Yield GY 26.000 153.000 85.826 38.116

Table 2.  Descriptive statistics of the leaf rust responses and explanatory variables of wheat genotypes.
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SVM SVM RF RF XGBoost XGBoost GP GP MARS MARS

Train Test Train Test Train Test Train Test Train Test

DHE

RMSE 3.429 4.812 2.450 3.739 0.590 2.587 1.850 2.191 2.960 2.996

MAPE 0.955 1.391 0.877 1.478 0.183 0.522 0.332 0.459 0.890 1.043

MAD 1.912 2.793 1.706 2.885 0.358 1.028 0.653 0.897 1.755 2.044

R2 0.879 0.752 0.938 0.850 0.996 0.928 0.965 0.949 0.910 0.904

DMA

RMSE 2.522 2.860 1.866 3.027 0.660 2.330 1.537 2.299 2.416 2.570

MAPE 0.595 0.741 0.579 0.989 0.197 0.486 0.289 0.423 0.649 0.697

MAD 1.337 1.661 1.295 2.218 0.440 1.092 0.653 0.957 1.457 1.567

R2 0.884 0.847 0.937 0.829 0.992 0.899 0.957 0.901 0.894 0.877

PH

RMSE 3.748 5.630 2.762 4.571 0.374 2.706 1.225 2.594 3.377 3.683

MAPE 1.604 2.781 1.753 2.899 0.157 0.940 0.450 0.755 1.833 2.000

MAD 1.900 3.166 1.948 3.262 0.183 1.118 0.541 0.910 2.162 2.313

R2 0.902 0.801 0.947 0.869 0.999 0.954 0.990 0.958 0.920 0.915

PED

RMSE 2.777 3.683 1.792 3.393 1.366 3.108 1.430 3.027 2.309 3.397

MAPE 2.679 4.216 2.706 4.863 1.206 3.138 1.465 2.872 2.778 3.883

MAD 1.429 2.059 1.304 2.257 0.568 1.477 0.727 1.368 1.407 1.864

R2 0.861 0.762 0.942 0.798 0.966 0.831 0.963 0.839 0.904 0.798

PEDE

RMSE 2.379 3.455 1.567 2.849 1.519 2.303 1.637 2.707 2.507 2.922

MAPE 5.796 8.077 5.294 8.543 3.237 5.358 3.998 6.555 7.186 7.952

MAD 1.301 1.993 1.079 1.957 0.543 1.175 0.786 1.453 1.529 1.790

R2 0.861 0.708 0.940 0.801 0.943 0.870 0.934 0.821 0.846 0.791

LL

RMSE 16.694 26.005 12.549 21.135 5.574 14.332 8.810 14.695 14.838 16.694

MAPE 3.332 5.605 3.548 6.130 0.883 2.600 1.584 2.861 2.909 3.511

MAD 9.850 17.087 9.645 16.653 2.493 7.421 4.432 8.198 8.304 10.272

R2 0.895 0.740 0.940 0.828 0.988 0.921 0.971 0.917 0.917 0.893

LW

RMSE 0.980 1.441 0.716 1.303 0.116 0.998 0.485 0.879 0.908 0.998

MAPE 2.649 4.067 2.754 4.970 0.376 2.162 0.982 1.794 2.874 3.274

MAD 0.552 0.864 0.532 1.004 0.075 0.458 0.203 0.381 0.578 0.666

R2 0.899 0.775 0.946 0.816 0.999 0.892 0.975 0.916 0.913 0.892

SL

RMSE 1.010 1.290 0.584 0.944 0.259 0.506 0.350 0.560 0.733 0.830

MAPE 4.834 6.619 4.607 7.286 1.300 2.261 1.328 2.282 4.609 4.834

MAD 0.565 0.765 0.431 0.697 0.131 0.243 0.141 0.254 0.502 0.533

R2 0.893 0.821 0.964 0.904 0.993 0.972 0.987 0.966 0.943 0.926

NOS

RMSE 1.349 1.672 0.948 1.548 0.206 1.104 0.659 0.941 1.063 1.149

MAPE 3.224 4.020 3.239 4.983 0.619 2.143 1.295 2.077 3.034 3.067

MAD 0.771 0.961 0.701 1.127 0.138 0.511 0.303 0.486 0.688 0.706

R2 0.888 0.819 0.945 0.845 0.997 0.921 0.973 0.943 0.931 0.914

SW

RMSE 0.405 0.714 0.290 0.641 0.103 0.563 0.167 0.511 0.341 0.492

MAPE 6.348 13.838 8.027 15.897 1.492 8.329 2.384 9.981 7.623 7.858

MAD 0.216 0.444 0.210 0.466 0.039 0.272 0.083 0.299 0.220 0.258

R2 0.903 0.680 0.950 0.743 0.994 0.802 0.983 0.837 0.931 0.849

NOGS

RMSE 4.764 5.334 3.344 6.073 2.295 3.616 2.214 3.724 4.589 4.161

MAPE 5.458 7.575 5.525 11.025 2.637 3.785 2.361 4.535 6.466 6.403

MAD 2.689 3.604 2.436 4.461 1.161 1.880 0.951 2.225 3.052 3.096

R2 0.874 0.852 0.938 0.808 0.971 0.932 0.973 0.928 0.883 0.910

GW

RMSE 0.305 0.441 0.187 0.317 0.094 0.267 0.128 0.222 0.225 0.265

MAPE 7.853 13.709 7.919 14.815 2.753 6.263 3.449 4.970 7.668 8.383

MAD 0.176 0.293 0.136 0.237 0.035 0.110 0.055 0.087 0.132 0.154

R2 0.901 0.785 0.963 0.889 0.991 0.921 0.982 0.946 0.946 0.923

Continued
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deviation. The R² for GW was 0.923, indicating that the MARS algorithm accounts for 92.3% of the variability in 
the GW data, underscoring its effectiveness in modeling this variable.

The XGBoost algorithm’s performance for the TKW and GY variables demonstrated strong predictive 
capabilities with distinct outcomes for each variable. For the TKW variable, the XGBoost model had a RMSE of 
2.711, an MAPE of 3.357, and a MAD of 1.513. The R² was 0.949. For the GY variable, the XGBoost model had 
an RMSE of 10.899, a MAPE of 9.281, and a MAD of 5.602. The R² value was 0.919.

Figure 5 presents scatter plots comparing the predicted values ​​from the models that predicted each variable 
with the highest accuracy and the true values ​​of the variables. The R² values, which indicate the goodness of 
fit for each model, are displayed in each plot along with the corresponding regression equations. The findings 
showed that the models performed well on the variables, the R² values ​​were consistently high and the predicted 
values ​​closely matched the actual values. This showed that the GP, MARS and XGBoost models were highly 
effective in predicting the outcomes of the analyzed features.

Discussion
Leaf rust disease, caused by Puccinia triticina Eriksson, was first reported in Iran by Esfandiari in 19481. 
Utilizing genetic resistance in improved cultivars is a crucial method for effectively controlling leaf rust 
disease and minimizing its associated losses. The statistical analysis revealed that Morvarid, Sirvan, Baharan, 
Alvand, Chamran, Sorkhtokhm, and Wc-4624 genotypes were susceptible to all leaf rust isolates in this study, 
recommending against the cultivation of these genotypes. Dadrezaei, et al. 36 reported that Alvand and Chamran 
cultivars showed susceptibility to 4 and 3 isolates, respectively. Seedling infection plays a significant role in yield 
loss, with 1000-seed weight identified as the most crucial reduced component by Kolmer37. Leaf rust resistance 
genes can be categorized into two groups: seedling resistance genes and adult plant resistance genes19. Seedling 
resistance refers to resistance from the emergence of the first leaf of the seedling until the end stage of growth, and 
it can be hypersensitive, immune, or moderate resistance38. This type of resistance is usually monogenic with a 
large gene effect39. Yavaros, Behrang, P.S. No4, Shabrang, Chamran 2, Mehregan, Shosh, and Gonabad genotypes 
exhibited resistance, possibly attributed to seedling resistance genes against leaf rust in these genotypes40. In 
a study by Mohajervatan, et al.41, Sorkhtokhm and Gonabad genotypes also demonstrated susceptibility and 
resistance to all leaf rust isolates, respectively.

In this study, we assessed wheat genotypes with prevalent leaf rust races in the country under greenhouse 
conditions to explore the resistance genetics and virulence of leaf rust in interaction with wheat. After doing our 
research, we concluded that the differential genotypes TRANSFER/6*TC, TC*6/WEBSTER, TC*7/TR, CS2D-2 
M, and TC*7/TRANSEC, which had resistance genes Lr9, Lr2a, Lr19, Lr28, and Lr25, demonstrated a greater 
level of resistance against the nine isolates that were used. In their study, Tomar and Menon42 reported that 
some Lr genes, including Lr9, Lr19, Lr24, Lr28, and Lr32, provide full protection against leaf rust pathotypes 
in wheat-growing areas of Asia. Kokhmetova, et al.43 reported that the Lr25 and Lr24 genes had the highest 
efficacy in Kazakhstan. They observed that isogenic lines carrying these genes were immune to both pathotypes. 
The virulence of the Lr19 gene is scarcely reported worldwide44. Despite its effectiveness in most regions of the 
world45, the international use of this gene has been limited due to its association with the gene responsible for 
producing a yellow color in wheat46,47. Torabi, et al.48 conducted a study on isolates from various parts of Iran, 
reporting the absence of virulence in lines carrying the Lr19 gene. Our findings align with their results, as well 
as those of Wang, et al. 48 and Draz, et al.49. Afshari, et al.50 also noted a virulence in plants harboring Lr9, Lr19, 
Lr25, and Lr28 genes, consistent with Afshari5 observations on the a virulence of the Lr19 gene and Rafiei, et 
al.51 identification of virulence factors for the Lr22a gene. Comparing our study with previous reports, it can 
be inferred that variations in the genetic structure of the pathogen have been highly limited in the last eight 
years. Worldwide, virulence for the Lr9 gene is uncommon, primarily reported in the United States, Brazil, 
Argentina, Italy, Africa, Pakistan, and Mexico. The presence of a virulence factor for this gene in Iran has not 
been confirmed, at least from 1993 (the initiation of research in this field at the Karaj Research Institute) to the 
present. In our study, the genotype CS2D-2 M, which has the Lr28 gene, exhibited the greatest resistance to all 
isolates, except for the Milan isolate (MSNPB) and the Neyshabur isolate (TSTPD). Nemati, et al.52 reported 
similar findings of virulence for the Lr9 gene. It’s crucial to note that the Lr9 gene is considered a race-specific 
resistance gene. Huerta-Espino, et al. 2 observed that Pakistani pathotypes were able to overcome this gene, 

SVM SVM RF RF XGBoost XGBoost GP GP MARS MARS

Train Test Train Test Train Test Train Test Train Test

TKW

RMSE 4.004 5.894 2.846 4.464 1.744 2.711 1.951 3.046 3.711 3.934

MAPE 4.621 6.824 5.116 7.986 1.905 3.357 2.369 4.248 5.239 5.634

MAD 2.251 3.357 2.023 3.270 0.733 1.513 1.031 1.931 2.315 2.594

R2 0.889 0.759 0.944 0.862 0.979 0.949 0.974 0.936 0.904 0.892

GY

RMSE 13.674 16.285 7.977 12.490 3.628 10.899 5.618 9.808 10.554 12.564

MAPE 8.458 11.855 9.436 16.264 2.999 9.281 4.736 7.621 10.672 12.351

MAD 7.243 9.367 5.453 8.884 1.449 5.602 2.895 5.132 7.018 7.984

R2 0.871 0.818 0.956 0.893 0.991 0.919 0.978 0.934 0.923 0.892

Table 3.  Performance comparison of different machine learning algorithms on train and test data across 
various variables.
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indicating the need to combine it with other genes that confer resistance to leaf rust. Therefore, widespread, and 
solitary cultivation of genotypes with this gene may lead to the development of virulent races and potentially 
render the resistance ineffective in the short term. It is important to note that the genes studied in this research 
are seedling resistance genes44. In our study, the Lr10 gene exhibited resistance to four isolates, aligning with the 
findings reported by Wang, et al.48. Torabi, et al.53 reported resistance to the Lr13 gene in the Gachsaran region 
and for the Lr34 gene in the Ahvaz region, consistent with our results. Additionally, Draz, et al.49 observed 
resistance to the Lr34 gene in another study. Regarding the Lr34, Lr16, Lr13, and Lr1 genes, our results are in line 
with Afshari5 study, which identified virulence on lines containing these genes. Torabi, et al.53 and Rahmatov, 
et al.54 also reported virulence on lines containing the Lr16 gene in their respective studies. This consistency 
in findings across studies contributes to a more comprehensive understanding of the resistance and virulence 
patterns associated with these specific genes in different regions.

Identifying the influence that plant diseases have on agricultural output and yield loss has been a topic 
of study for a considerable amount of time55. There are several published models that attempt to establish a 
connection between the incidence or severity of disease and crop yield56. Especially in the context of pathogen-
plant health investigations, machine learning approaches have not been investigated when viewed from a holistic 
viewpoint, taking into consideration a multiplicity of factors and complicated interactions. The application 
of a variety of machine learning (ML) algorithm models in the field of plant biology is a relatively new and 
expanding area of investigation that is designed to predict and optimize variables within complex biological 
systems29,57. ML is a paradigm of data science that addresses complex challenges across a variety of scientific 

Fig. 5.  Scatter plot for variables predicted with high accuracy by GP, MARS and XGBoost models.
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disciplines58,59. This method transcends traditional unidirectional analyses, enabling a precise interpretation 
and nuanced comprehension of the results33,34. In the literature, many studies have focused on predicting 
disease severity using machine learning techniques. Chung, et al. 60 used the support vector machine (SVM) 
algorithm to categorize rice seedlings as either healthy or infected with Bakanae disease. This method proved 
to be more time-efficient compared to visually inspecting the seedlings. Moshou, et al.61 explored the creation 
of a system that automatically distinguished between water-stressed Septoria tritici infected and healthy winter 
wheat canopies. They used optical multisensor fusion in conjunction with a least squares (LS)-support vector 
machine (SVM) classifier. Ahmad, et al.62 concentrated on developing an automated system using machine 
learning methodologies to identify the presence of cotton leaf curl virus (CLCuV) in cotton plants. Their findings 
indicate that the random forest classifier had the most efficacy in identifying Cotton Leaf Curl Virus (CLCuV), 
with an accuracy rate of 87.542%. Feng, et al.63 used remote sensing data to assess the magnitude of powdery 
mildew disease in wheat. To do this, the researchers used four distinct spectrum transformation techniques 
(mean centralization, multivariate scattering correction, standard normal variate transform, and original 
reflectivity) and developed a prediction model by using machine learning algorithms (PLSR: partial least square 
regression, SVR: support vector regression, and RF: random forest regression) to interpret the resulting data. The 
researchers reported that they achieved the optimal prediction model by combining the RF algorithm with the 
mean centralization preprocessing approach. In addition, they reported the R² value of the RF model was found 
to be in the range of 0.849–0.852.

Our research focused on the yield loss in wheat that was caused by the severity of the disease produced by 
various strains. This was done in connection with the ML method, which pushed the link between the severity 
of the disease and the morphology of the plant one step further. Through the process of comparing several 
models, we were able to determine that the XGBoost, GP, and MARS models were able to accurately predict 
morphological data with a remarkable accuracy of over 90%. It has also been underlined in several studies that 
have used these models that provide a high level of prediction accuracy when compared to other models57,64–67. 
Once identifying the severity of the disease, a model can be developed by concentrating on plant yield losses, as 
shown in our research. With accurate predictions, a corrective intervention can be made to yield losses in the 
early phases of the plant.

Conclusions
The study on the pathotypes and physiological races of leaf rust disease in wheat, along with its distribution in 
Iran, highlights the substantial diversity within the population of leaf rust pathogens across the country. The 
findings emphasize that only a limited number of resistance genes exhibit effective resistance to all pathotypes, 
attributing this to the high diversity of races in Iran. The overreliance on single-gene resistances, such as Lr22a, 
Lr34, and Lr37, can lead to the selection of rust pathotypes capable of overcoming these specific resistances. These 
studies indicated that the cultivation of genotypes carrying a single resistance gene can result in the increased 
selection and prevalence of virulence for that gene. Recognizing the limitations of relying solely on single-gene 
resistance, the study suggests that the sustainability of resistance in a genotype can be enhanced by combining 
or “pyramiding” two or more resistance genes. This approach aims to reduce the risk of breakdown due to 
pathogen mutations or the emergence of new races in the region. As well as collaboration with international 
research centers such as CIMMYT and ICARDA, it is recommended to leverage practical achievements and 
advance cereal breeding programs. We advise the wheat breeders to be encouraged to incorporate gradual rust 
resistance genes alongside race-specific resistance genes in breeding programs. In dealing with genes for which 
virulence has been observed, the study underscores the importance of better managing their use in breeding 
programs. Previous research has indicated a lack of variety in resistant genes and low diversity in Iranian wheat 
germplasm used in cereal research. To address this, the study advocates for continuous and extensive research 
to identify rust-resistance genes in the rich collection of wheat germplasm and its relatives in Iran. Previous 
studies have focused on investigating disease severity using ML algorithms and have generally not investigated 
the direct impact of the disease on crop health and yield loss. However, this study represents a new approach by 
not only examining the severity of the disease but also predicting its morphological and yield-related effects on 
wheat genotypes. Based on extensive analysis using various machine learning algorithms, the GP, MARS and 
XGBoost models were shown in this study to exhibit superior predictive capabilities across a range of variables. 
The models demonstrated excellent accuracy for prediction with high R² values, reflecting their robustness 
in modeling complex biological data. These findings underscore the potential of machine learning models to 
accurately predict key agronomic traits and thus provide valuable tools for advancing crop breeding programs. 
The results of this study highlight the effectiveness of these models in capturing complex relationships between 
variables that can significantly improve decision-making in agricultural research and development.

Materials and methods
Herbal materials
In this study, the seeds utilized encompassed three distinct types of genetic materials. These included 13 
cultivars of bread wheat (Triticum aestivum L., 2n = 6x = 42), 25 genotypes of durum wheat (Triticum durum L., 
2n = 4x = 28), comprising both Iranian varieties and landraces from various countries. Among these, 8 accessions 
originate from 8 countries: Austria, Afghanistan, Portugal, France, Türkiye, Argentina, Bulgaria, and Italy. 
Additionally, 10 cultivars of durum wheat, one susceptible control (Boolani), and 55 wheat differential genotypes 
are included (Tables 4 and 5). The foreign durum wheat accessions and seeds for the 49 wheat genotypes were 
obtained from the gene bank of the Cereal Research Department of the Seed and Plant Research Improvement 
Institute in Karaj, Iran. All experimental procedures and field studies involving plants, including the collection 
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of plant materials, were conducted in accordance with applicable institutional, national, and international 
guidelines and regulations.

Seedling assessment
Leaf rust-infected samples were gathered from multiple wheat fields displaying symptoms across diverse 
regions of Iran during the spring of 2016. These samples were then dispatched to the Seed and Plant Research 
Improvement Institute, specifically the Cereal Pathology Unit in Karaj, for further analysis. Following 
purification, nine isolates were chosen for greenhouse experiments, originating from Ahvaz (two isolates), 
Ardebil, Neyshabur, Mashhad Toroq, Dezful, Tetraploid, East Azerbaijan, and Karaj Gene Bank (Table 6). Each 
collected sample was individually inoculated onto the first leaf of seedlings belonging to the susceptible cultivar 
Boolani. This process is aimed at spore reproduction and purification. The initial purification involved the use 
of the single-pustule technique. Subsequently, the leaves, cut to an appropriate size, were placed on moistened 
filter paper in petri dishes for 48 h at 4 °C in a refrigerator. After inducing sporulation, the generated spores were 
inoculated onto Boolani cultivar leaves using an ear cleaner. The inoculated seedlings were kept in a darkroom 
for 24 h at 18 ± 2 °C with saturated humidity and were then transferred to a greenhouse with conditions set at 
24 ± 2 °C and a relative humidity greater than 50%. Approximately 12–14 days later, the single-pustule spores 
were individually removed using the single-pustule technique and inoculated on susceptible wheat leaves. For 
further reproduction, the purified spores were inoculated and cultured again on the susceptible cultivar. In this 
process, the collected spores were mixed with talc powder or Saltrol mineral oil at a spore to oil volume ratio 
of 1:20 and inoculated on many Boolani pots. After collecting, the spores were placed into a petri dish and 
stored in a desiccator containing silica gel dehumidifier for 48 h. Once the spores attained a moisture content of 
approximately 20–30%, they were transferred to plastic vials and stored in the freezer at -20 °C. When needed, 
the plastic vials were immersed in distilled water for 5 min to reactivate the spores stored in the freezer. Spores 
from each isolate were individually cultured on the first leaf of seedlings, with the seeds of each cultivar sown in 
pots containing a mixture of sterilized soil, sand, and rotten animal manure (1:1:1). The inoculation with rust 
spores occurred 8 days after snowing.

In the experiments, a total of 55 differential genotypes and 49 wheat cultivars were inoculated, and each 
experiment was conducted in three replications. To ensure adequate infection, a susceptible cultivar was placed 
next to the pots in each replication. Infection types were recorded 12–14 days after inoculation following the 
criteria outlined by McIntosh et al.44 on a scale ranging from 0 to 4. In this scale, infection types 0–2 were 
categorized as a virulence or resistant (R), while infection types 3–4 were categorized as virulence or susceptible 
(S). To assess the virulence frequency in leaf rust isolates, the percentage of virulence factors in each isolate 
relative to the total number of resistance genes was calculated. Additionally, the percentage of isolates with 
the virulence gene was determined to calculate the frequency of virulence for each resistance gene. This 
comprehensive analysis aimed to provide insights into the prevalence and distribution of virulence factors and 
resistance genes in the studied leaf rust isolates.

Agro-morphological evaluations
In this study, 48 genotypes from the Grain Department of the Seedling and Seed Breeding Research Institute, 
originating from various regions of the country and sourced from other countries, were selected under irrigated 
conditions at the Karaj station. Three spikes from each genotype were selected and evaluated through an 
observational study with four control cultivars (Vee/Nac, Soisson, Dena, Zardak) planted in 144 rows, excluding 
the controls. These genotypes were chosen from a preliminary screening of local Iranian genotypes, as well as 
advanced durum wheat lines from the National Plant Gene Bank of Iran and the Cereals Research Department 
of the Plant and Seed Breeding Research Institute. Each pure line was sown in a 0.5-meter row. Three spikes 
collected from each genotype in the previous year were shown separately but adjacent to one another. The sowing 
was conducted systematically, with four durum wheat control lines placed before and after every six durum lines. 
The germplasm under study was cultivated at the research farm of the Seedling and Seed Breeding Institute 
located in Karaj (51°10’ E longitude, 35°48’ N latitude, and 1321 m above sea level). Throughout the growing 
season, these lines were assessed for various traits, including days to heading (DHE), days to maturity (DMA), 
plant height (PH), peduncle length (PL), peduncle extrusion length (PEDe), flag leaf length (LL), flag leaf width 
(LW), spike length (SL), spikelet number per spike (NoS), spike weight (SW), number of grain per spike (NoGS), 
grain weight per spike (GW), thousand grain weight (TKW) and grain yield (GY). In this context, the study not 
only examined seedling-stage resistance under greenhouse conditions but also evaluated agro-morphological 
and yield-related traits from field-grown adult plants, ensuring that both early resistance responses and adult-
plant performance were considered when training and testing the machine learning models.

Statistical analysis
Data entry and initial descriptive statistics were performed using Microsoft Excel (Microsoft Corp., USA). 
XLSTAT (Addinsoft, version 2023.1.3) was employed for conducting ANOVA and post-hoc comparisons due to 
its user-friendly interface and reliability for agricultural datasets. PAST (version 3.14) was used for multivariate 
analyses such as cluster analysis and biplot visualization, as it provides robust tools for morphological and yield 
trait data. Prior to performing ANOVA, assumption checking was carried out: normality of residuals was tested 
using the Shapiro–Wilk test, and homogeneity of variances was tested using Levene’s test. The results of these 
tests confirmed that the assumptions were met, and therefore, ANOVA was conducted.

Process of modeling via the use of machine learning
In this study, machine learning algorithms were employed specifically to predict and model the impact of leaf 
rust infection on wheat morphology and yield under disease pressure. As input variables, we used the seedling-
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stage resistance responses of wheat genotypes to nine Puccinia triticina isolates obtained from the greenhouse 
evaluations. As output variables, we included the agro-morphological and yield traits recorded from field-grown 
plants, which reflect the adult-plant performance under varying levels of disease severity. In this way, the ML 
models were designed not to classify infection types, but to integrate early resistance responses with field-based 
performance data in order to quantify the broader impact of leaf rust on wheat productivity. Under the scope of 
the research, six ML algorithms were employed: Support vector machine (SVM), random forest (RF), extreme 
gradient boosting (XGBoost), Gaussian process (GP), and multivariate adaptive regression spline (MARS). The 
evaluation of these methods was conducted by considering the maximum R² (Eq. 1) values and the minimum 
root mean square error (Eq. 2), mean absolute percentage error (Eq. 3), and mean absolute deviation (Eq. 4) 
criteria. Before doing the study, the dataset was divided into two parts: 70% for training data and 30% for testing 
data. This division enabled the algorithms to be trained using the training data and then assessed using the 
testing data to make accurate predictions. The optimum hyperparameters for each machine learning model 
were obtained using Eq. 5. The use of the Grid Search Cross-Validation (GCV) optimization method facilitated 
this achievement. The computer language R (version 4.3.2) was used to compute performance metrics and 
implement machine learning methods57,65.

	

R2 = 1 −




∑ n

i=1(yi − yip)2

∑ n

i=1

(
yi−

−
y
)2


� (1)

	
RMSE =

√
1
n

∑
n
i=1(yi − yip)2� (2)

	
MAPE = 1

n

∑
n
i=1

∣∣∣∣
yi − yip

yi

∣∣∣∣ × 100� (3)

	
MAD = 1

n

∑
n
i=1 |yi − yip|� (4)

	
GCV (λ ) =

∑ n

i=1(yi − yip)2

[
1 − M(λ )

n

]2 � (5)

The symbol n symbolizes the quantity of the training and testing sample in the dataset. The actual value to be 
measured is denoted as yi, while the predicted value is represented as yip. The mean of the measured values is 
denoted as 

−
y . The penalty function that is associated with the complexity of the model that includes λ terms is 

denoted by M(λ).

Support vector machine (SVM)
Support vector machines algorithm tries to find the most appropriate hyperplane to separate data points between 
two classes in classification problems68. For this purpose, the SVM algorithm provides the maximum margin. 
Equation 1 is the basic mathematical formulation of SVM. In the formula, y refers to the predicted value (class 
label). ai and a∗

i  are lagrange multipliers, these multipliers correspond to support vectors. k (x, xi)  is the 
kernel function, which represents the inner product of the data points x and xi in the feature space. xi is the 
i -th data point in the training data. b is a constant term (bias). This formula solves nonlinear classification 
problems without transforming data into a high-dimensional space using the kernel trick (Eq. 6)68.

	
y =

∑
n
t=1 (ai − a∗

i ) k (x, xi) + b � (6)

Random forest (RF)
One method of ensemble learning is known as the random forest, which forms a learning model by integrating 
several decision trees into a single structure. During the training process, each tree is trained on a randomly 
chosen section of the dataset and makes use of a randomly selected subset of different characteristics69. Because 
of this, the projections from each tree are combined to get more accuracy and consistency in the predictions. The 
RF approach, which may be used in our investigation because the desired output data is comprised of numerical 
data, may be formulated as follows:

	
ŷ = 1

T

∑
T
t=1ht (x)� (7)

Here, T  denotes the total quantity of trees. The forecasts generated by each decision tree, represented as ht (x), 
are the continuous values outputted by the t-th tree. To get the final forecast ŷ, the average of all the forecasts 
produced by the trees is used.

Extreme gradient boosting (XGBoost)
The XGBoost model is a variant of the gradient boosting decision tree algorithm that has been optimized for 
both speed and performance70. The optimization is achieved by using a gradient boosting framework. The ability 
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of XGBoost to learn from mistakes and decrease error rates via iterative processes is a notable attribute that 
distinguishes it from other optimization approaches71. The equation below is the mathematical formula that 
calculates the output of the XGBoost model:

	
ŷi =

∑ K

k=1
fk (xi)� (8)

The symbol ŷi is used to represent the value that the model predicts for the i-th observation. The total number 
of decision trees in existence is denoted by the letter K . The k-th decision tree is represented by the symbol fk . 
The feature vector xi corresponds to the i-th observation.

Gaussian process (GP)
The random variable distribution is described using the Gaussian probability density function72. The GP 
approach was considered in the investigation, as indicated by the following statistical formula:

	 f (x) ∼ GP (m (x) , k (x , x′ ))� (9)

The average function of the Gaussian process is represented by the symbol m (x), while the kernel function is 
represented by k (x , x′ ). The covariance function (kernel) is employed to determine the similarities between 
data points. The mean function is frequently assigned a constant value, such as zero or the average of the training 
dataset72.

Multivariate adaptive regression spline (MARS)
MARS is a non-parametric regression method that estimates the associations between input variables and output 
variable(s) by fitting piecewise linear regressions. It is especially advantageous when working with intricate 
datasets where conventional linear regression models may not provide satisfactory results (Okumuş et al., 2024).

	
ŷ = β 0 +

∑ M

m=1
β m

∏ Km

k=1
hkm

(
Xv(k,m)

)
� (10)

The basis function is represented by the mathematical expression hkm
(
Xv(k,m)

)
, where β 0 is a constant 

(intercept) and denotes the coefficient of basis functions. The index of the independent variable in the m-th 
component of the kth product is denoted by v(k, m). The order of interaction is restricted by the parameter 
Km.

Data availability
All data supporting the conclusions of this article are included in this article.
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