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Abstract

Alternative methods are needed to assess the severity of charcoal rot disease [Macrophomina
phaseolina (Tassi) Goid] in soybean [Glycine max (L.)] plant tissue. The objective of this study was
to define the relationship between light reflectance properties and microsclerotia content of soy-
bean stem and root tissue. Understanding that relationship could lead to using spectral reflec-
tance data as a tool to assess the severity of charcoal rot disease in soybean plants, thus reducing
human bias associated with qualitative analysis of soybean plant tissue and cost and time issues
connected with quantitative analysis. Hyperspectral reflectance measurements (400 - 2490 nm)
were obtained with a non-imaging spectroradiometer of non-diseased and charcoal rot diseased
ground stem and root tissue samples of six soybean genotypes (“Clark”, “LD00-3309”, “LGO3-
4561-14”, “LG03-4561-19”, “Saline”, and “Y227-1"). Relationships between the reflectance mea-
surements and tissue microsclerotia content were evaluated with Spearman correlation (r;) anal-
ysis (p < 0.05). Moderate (rs = £0.40 to +0.59), strong (rs = £0.60 to +0.79), and very strong (r; = +0.80
to +1.00) negative and positive statistically significant (p < 0.05) monotonic relationships were
observed between tissue spectral reflectance values and tissue microsclerotia content. Near-
infrared and shortwave-infrared wavelengths had the best relationships with microsclerotia con-
tent in the ground tissue samples, with consistent results obtained with near-infrared wave-
lengths in that decreases in near-infrared spectral reflectance values were associated with in-
creases in microsclerotia content in the stem and root tissue of the soybean plants. The findings of
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this study provided evidence that relationships exist between tissue spectral reflectance and tis-
sue microsclerotia content of soybean plants, supporting spectral reflectance data as a means for
assessing variation of microsclerotia content in soybean plants. Future research should focus on
the modelling capabilities of the selected wavelengths and on the feasibility of using these wave-
lengths in machine learning algorithms to differentiate non-diseased from charcoal rot diseased
tissue.
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1. Introduction

Soybeans [Glycine max (L.)] are an important crop throughout the United States and the world. Charcoal rot
disease, caused by the fungus Macrophomina phaseolina (Tassi) Goid, ranked second to sixth among diseases
suppressing soybean yield in the United States from 1996 to 2007 [1]. Infected soybean plants develop black
specks within the lower plant stem and reddish-brown to black streaks in the vascular tissue of the stems [2] [3].
Leaves turn yellow, wilt, and die [2] [3], and dead leaves remain attached to the soybean plant.

Qualitative and quantitative methods are used to detect charcoal rot disease and the severity of the infection in
soybeans plants. Qualitative analysis involves an observer splitting the lower stem and root in half with a knife
and then grading is made visually on a rating of 1 to 5 scale where 1 is resistant (no black specks) and 5 is very
susceptible (high number of black specks) [4] [5]. Infected tissue has a grayish black color resembling a sprin-
kling of finely powdered charcoal, hence the name charcoal rot. The grayish black color is caused by the micro-
sclerotia (hardened fungal survival bodies) content in the plant tissue. Even though visual ratings are used for
many diseases including charcoal rot, they do not provide quantitative severity data. The use of a quantitative
method to enumerate the colony forming unit (CFU) of M. phaseolina [4] [6]-[9] is expensive and time con-
suming. Alternative methods are needed to assess the severity of charcoal rot disease in soybean plant tissue.

Hyperspectral sensors are becoming invaluable tools for assessing plant stresses, even those caused by fungal
and bacteria diseases [10]-[15]. These sensors obtain continuous narrowband light reflectance data encompass-
ing several regions of the light spectrum, affording researchers the opportunity to discriminate diseased tissue from
non-diseased tissue and to identify regions of the light spectrum best suited for detecting plant diseases [10] [16].

Disease detection studies with hyperspectral sensors have primarily focused on symptoms occurring in leaf
tissues. Charcoal rot injures plants’ lower stem and root tissues. Leaf symptoms appear after damage to the stem
and roots has occurred. The best diagnostic of charcoal rot disease symptoms is analysis of stem and root tissues
of soybeans. No information is available on the relationship between spectral reflectance of soybean stem and
root tissues and the microsclerotia content therein. Understanding that relationship could lead to using spectral
reflectance data as a tool to assess the severity of charcoal rot disease in soybean plants, thus reducing human
bias associated with qualitative analysis of soybean plant tissue and cost and time issues connected with quantit-
ative analysis. Currently, no soybean varieties are immune to charcoal rot disease, although some moderately re-
sistant lines have been released [7]. Spectral reflectance measurements could play a role in helping researchers
to make further progress in screening soybean varieties for resistance to charcoal rot and to improve selection in
breeding programs. Identifying the relationship between stem and root tissue spectral reflectance data and mi-
crosclerotia content is the first step to achieve this goal. The objective of this study was to define the relationship
between light reflectance properties and microsclerotia content of soybean stem and root tissue.

2. Materials and Methods
2.1. Plant Sampling

The ground stem and root tissue analyzed in this study were provided by the coauthors from their ongoing stu-
dies. A brief description of the experimental design and tissue sample collection and preparation are described

below.
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Six soybean genotypes were grown on a Sharkey clay soil (very-fine, smectic, thermic Chromic Epiaquert) in
a field near Stoneville, MS. Planting dates were 13 April 2012 and 29 April 2013. Plants were grown in
four-row plots with a row spacing of 96.52 cm and a row length of 5.8 m. The experimental design was a ran-
domized complete block design with ten replications. The six genotypes consisted of cultivar Clark [17], cultivar
Saline [18], cultivar LD00-3309 [19], and three unreleased breeding lines (LG03-4561-14, LG03-4561-19, and
Y227-1). All genotypes were maturity group Il or 1V and had an indeterminate growth habit. Saline was pre-
viously shown to be susceptible to charcoal rot [4]. Y227-1 was derived from moderately resistant DT97-4290
[7] and had a similar reaction to charcoal rot as did DT97-4290 (unpublished data of the authors).

As described in detail elsewhere [4] [20] the M. phaseolina isolate used for inoculation was designated “TN4”
and was originally recovered from a soybean field in Jackson, Tennessee. TN4 is an aggressive isolate and is
maintained as a pure culture. Each year inoculum of M. phaseolina was produced according to the procedure
described by [4] [20]. The bags of Japanese millet seed (Echinochloa frumentaceae L.) with M. phaseolina cul-
tures were incubated at 30°C for 3 wks., with periodic shaking to spread the inoculum within the bags. After 3
wks., of incubation at 30°C, the millet was allowed to air dry and then stored in sealed plastic containers at 4°C
until use. At planting, infested millet was applied in furrow with the seed at 1 g per 30.5 cm of row.

Even though infection of M. phaseolina may occur as early as V3 stage [4], the R7.2 and R7.8 are the critical
stages when high level of disease severity occurs. The woody portion of the root and base of the stem may show
black streaks when split, and this is the best diagnostic symptom where numerous small, black bodies of micro-
sclerotia are visible. For two consecutive years, five plant samples were taken at random from each of the two
outside rows of each plot. Sampling involved selecting plants at the phenological growth stage between R7.2
and R7.8 and cutting the stems off 10 cm above the soil. The soil was then loosened around the plants with a
shovel, following that the plants and the mostly intact root systems were pulled from the soil. The 5-plant sam-
ples (each with the bottom 10 cm of stem and mostly intact root system) were placed in a nylon mesh bag (one
5-plant sample from the outside row of each plot). The plant samples were washed to remove any soil, air dried
for 3 days, and then stored in a dehumidified cold room (9°C, 18% moisture) until processing. Samples were
obtained between 27 July and 13 August in 2012 and between 20 and 27 August in 2013.

The stem and root samples from each plot (two separate 5-plant samples from each plot) were first ground in
a Thomas Model 4 Wiley Mill (Thomas Scientific, Swedeshoro, NJ) fitted with a 2-mm mesh screen. A sub-
sample was then passed through a Cyclotec 1093 Sample Mill (FOSS, Eden Prairie, MN) with a 1-mm mesh
screen. Both mills were thoroughly cleaned between samples. The finely ground samples were then stored in
sealed plastic vials at 4°C until analysis. An electronic blender (Waring Commercial, Torrington, CT) was em-
ployed to mix 0.005 g of ground tissue with 100 mL of 0.525% NaOCI for 3 min. The solution was passed
through a 45-um pore size sieve. The triturate was washed with sterile distilled water and then added to 100 mL
of autoclaved potato dextrose agar that had been cooled to 60°C and amended with rifampicin (100 mg-L™*) and
tergitol (0.1 mL) [4]. After 3 days of incubation at 30°C, the colony forming units (CFU) of M. phaseolinawere
counted and converted to CFU per gram stem and root tissue. The portion of the samples not used to identify the
presence of charcoal rot disease was stored in a dehumidified chamber at 4°C.

2.2. Tissue Spectral Reflectance Measurements

Spectral reflectance measurements of the ground tissue samples were obtained with a plant probe (PANalytical
Boulder, Boulder, CO) attached to the fiber optic cable of a full range hyperspectral spectroradiometer (Field
Spec 3, PANalytical Boulder, Boulder, CO). The plant probe was equipped with a light source, allowing data
collection at any time of day. The diameter of the spot size for the plant probe was 1 cm. The spectroradiometer
collects continuous spectral data in the range of 350 - 2500 nm, has a sampling interval and spectral resolution
of 1.4 nm and 3 nm, respectively, in the 350 nm to 1000 nm spectral range, and has a spectral sampling interval
and spectral resolution of 2 nm and 10 nm, respectively, within the 1000 nm to 2500 nm spectral range. The fi-
nal output of the wavelengths was resampled to 1 nm by the software used to operate the spectroradiometer.

A subsample of the finely ground stem and root tissue was transferred to 1.5 cm plastic petri dishes to ac-
commodate the spot size (i.e. 1 cm) of the plant probe. The 2012 and 2013 samples were removed from cold
storage 48 h prior to collecting the spectral reflectance measurements. A spatula was employed to mix and to
smooth the surface of the ground material in each petri dish. The plant probe was brought into direct contact
with the surface of the ground plant material in the petri dish, and then the spectral reading an average of 15
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readings was recorded. The spectroradiometer was calibrated at 10 min. intervals with a white spectralon panel
(Spectralon Labsphere Inc., North Sutton, NH). Prior to spectral data collection, the spectroradiometer and the
plant probe light source were warmed up for 2 h and for 30 min., respectively. Compressed air and laboratory
tissue were used to clean the spatula and the plant probe’s lens between samples to prevent cross-contamination.

The 1 nm wavelengths were aggregated to 10 nm wavelengths to reduce the dimensionality of the dataset, re-
ducing the number of spectral variables from 2151 to 214 for each sample. Wavelengths below 400 nm were al-
so deleted because most artificial light sources produce wavelengths in the 400 - 2500 nm spectral range. The
final number of spectral variables for each sample was 210.

2.3. Statistical Analyses

Statistical analyses involved dividing the data acquired in each year into seven datasets: 1) Combined [i.e., da-
taset containing samples for all of the genotypes (n = 120)], 2) “Clark” (n = 20), 3) “LD00-3309” (n = 20), 4)
“LG03-4561-14" (n = 20), 5) “LG03-4561-19” (n = 20), 6) “Saline” (n = 20), and 7) “Y227-1" (n = 20). He-
reafter, “LD00-3309”, “LG03-4561-14", and “LG03-4561-19” are referred to as “LD00”, “LG03-14", and
“LG03-19”, respectively.

Normality (p < 0.05) of the spectral variables and the microsclerotia content for each dataset was evaluated
with box plots, histograms, quantile-quantile (QQ) plots, skew.2SE [i.e., skew divided by two times the standard
error (absolute values greater than one are significant (p < 0.05)], kurtosis.2SE [i.e., kurtosis divided by two
times the standard error (absolute values greater than one are significant (p < 0.05)], and the Wilk-Shapiro test
[21]. The normality assumption requirements of Pearson correlation were not met for some variables. Therefore,
the Spearman rank order correlation coefficient (rs) was employed to evaluate the strength of the relationship [22]
between spectral reflectance properties and microsclerotia content of the plant tissue. It is a nonparametric test
(i.e., does not rely on data being part of a distribution) that ranks the data for each variable and then applies
Pearson’s correlation equation to determine the associations between the ranked data [23]. Other researchers
have used Spearman correlations to assess relationships between spectral reflectance data and plant components
[24] [25]. The R software (version 3.0.2 [26]) was used to complete the statistical analysis. Box plots, histo-
grams, and QQ plots; skew.2SE, kurtosis.2SE, and the Wilk-Shapiro test; and the correlation analysis were
completed with ggplot2 [27], pastecs [28], and psych [29] packages, respectively, of the R software.

3. Results

A Spearman correlation analysis was conducted to evaluate relationships between spectral reflectance values
and microsclerotia content of the stem and root tissue of six soybean genotypes. The analysis consisted of spec-
tral reflectance measurements of diseased and non-diseased stem and root tissue for each genotype. Statistically
significant (p < 0.05) correlations were observed between spectral reflectance values and microsclerotia content
in the visible (400 - 670 nm), red-edge (680 - 760 nm), near-infrared (770 - 1290 nm), and shortwave-infrared
(1300 - 2490 nm) regions of the light spectrum (Figure 1, Figure 2). These relationships were genotype depen-
dent. Overall, visible, red-edge, and near-infrared reflectance values had negative correlations with microsclero-
tia content in the soybean plant tissue (Figure 1, Figure 2). Typically, positive relationships were noted between
shortwave-infrared reflectance values and microsclerotia content (Figure 1, Figure 2). The only exclusions
were the negative correlation observed between shortwave-infrared reflectance values and microsclerotia con-
tent of the Clark and LD0O samples obtained in 2012 and 2013, respectively. Similar correlation patterns existed
across years for the combined dataset and the Clark, the LG03-19, and the Saline dataset. Even though the pat-
terns were similar, the best correlations were year dependent.

Statistically significant (p < 0.05) correlation coefficients with the greatest association between tissue spectral
reflectance values and microsclerotia content are presented in Table 1. Reflectance values of near-infrared wa-
velengths had the strongest relationships with microsclerotia content for the Combined, LD00, LG03-14, LGO03-
19, Saline, and Y227-1 2012 datasets and for the Combined, Clark, and Saline 2013 datasets. Wavelengths
within the shortwave-infrared region of the spectrum were ranked best for the LG03-14 and the LG03-19 2013
datasets. A tie occurred between top ranked near-infrared and shortwave-infrared wavelengths reflectance values
for the Clark 2012 dataset. None of the spectral data exhibited statistically significant relationships (p < 0.05)
with microsclerotia content for the LDOO and Y227-1 genotypes datasets in 2013.
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Figure 1. Plot showing Spearman correlation coefficients between reflectance values per wavelength and microsclerotia
content of soybean stem/root tissue for the combined genotype dataset (n = 120). Statistically significant correlation coeffi-
cients (p < 0.05) are located above the harizontal solid black line and below the horizontal black dashed line in the figure.
Spectral regions: visible (400 - 670 nm), red-edge (680 - 760 nm), near-infrared (770 - 1290 nm), and shortwave-infrared
(2300 - 2490 nm).
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Figure 2. Plots showing Spearman correlation coefficients between reflectance values per wavelength and microsclerotia
content of soybean stem/root tissue for each genotype (n = 20). Statistically significant correlation coefficients (p < 0.05) are
located above the horizontal solid black lines and below the horizontal dashed black lines in the figure. Spectral regions:
visible (400 - 670 nm), red-edge (680 - 760 nm), near-infrared (770 - 1290 nm), and shortwave-infrared (1300 - 2490 nm).
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Table 1. Top ranked Spearman correlation coefficients of reflectance values per wavelength versus microsclerotia content in
soybean plant tissue.

Dataset Year Wavelengths (nm) Spectral region Correlation coefficient
Combined® 2012 960 - 1140 Near-infrared rs=-0.64,p <0.05n=120
2013 1060 - 1130 Near-infrared rs=-0.54,p <0.05n=120
2013 1110- 1180 Near-infrared rs=-0.60, p <0.05,n =20
LDO00 2012 1010, 1020 Near-infrared r,=-0.76,p <0.05,n =20
2013 NS
LG03-14 2012 1170 - 1250, 1270 Near-infrared rs=-0.73,p <0.05,n =20
2013 1920, 1930, 2070 - 2120 Shortwave-infrared rs=0.66, p <0.05,n=20
LG03-19 2012 960, 970 Near-infrared rs=-0.83,p <0.05,n=20
2013 2250 Shortwave-infrared rs=0.66, p <0.05,n=20
Saline 2012 970 Near-infrared rs=-0.59,p <0.05,n=20
2013 1030, 1100, 1110 Near-infrared rs=-0.80, p <0.05,n =20
Y227-1 2012 1000 Near-infrared rs=-0.58,p <0.05,n=20
2013 NS

“Data of all genotypes were evaluated together. NS = no significant correlations at p < 0.05.

4. Discussion

This study evaluated the relationships between spectral reflectance properties and microsclerotia content in soybean
stem-root tissue samples. Moderate (rs = £0.40 to +£0.59), strong (rs = £0.60 to +0.79), and very strong (rs = £0.80
to £1.00) negative and positive monotonic relationships [30] were observed between tissue spectral reflectance
values and tissue microsclerotia content (Figure 1, Figure 2). Reflectance values obtained in the near-infrared
and shortwave-infrared regions of the light spectrum had the best relationships with microsclerotia content
(Table 1), with the best relationship occurring most often with near-infrared wavelengths’ reflectance values.

Near-infrared and shortwave-infrared wavelengths have proven to be useful predictors of the chemical com-
position of ground and solid wood products, including lignin, cellulose, hemicellulose, glucose, xylose, acetyl,
and other components [31] [32]. References [31] and [32] obtained correlation values greater than 0.80 for mod-
els employing near-infrared and shortwave-infrared wavelengths to predict the wood chemical compounds. To
put our study into perspective, we used Spearman correlation and not models to assess the relationships, and we
evaluated a combination of root and stem tissues. Nevertheless, one could speculate that changes in the chemical
structure of the soybean stem such as lignin, cellulose, hemicellulose, glucose, xylose, acetyl, etc., were related
to changes in microsclerotia content. Reference [33] indicated that resistance to stem rot of soybeans [Scleroti-
nia sclerotiorum (Lib.) de Bary] was associated with low stem lignin concentration and that soybean stem lignin
concentration can be used as a biological marker to select for resistance to S. sclerotiorum. Future research on
microsclerotia content should address the relationship between lignin and charcoal rot severity.

The combined dataset statistically significant relationships (p < 0.05) were important because it consisted of a
diverse group of soybean genotypes, provided a wide range of microsclerotia content and spectral reflectance
values, and identified wavelengths to employ across genotypes. Between years an overlap occurred for the best
correlation coefficients for the combined dataset at 1060 to 1130 nm (Table 1), the near-infrared region of the
light spectrum. The reflectance values of the wavelengths within the 1060 to 1130 range were not ranked the
overall best for the individual genotype datasets (Table 1). Nevertheless, those wavelengths reflectance values
were statistically significantly correlated with the microsclerotia content for nine out of twelve of the genotype
datasets (Figure 2). Spectral wavelengths in the near-infrared region of the light spectrum have potential as a
tool to assess variation in microsclerotia content and density in soybean stem and root tissue. Decreases in near-
infrared reflectance values were associated with increases in microsclerotia content in the stem and root tissue of
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soybean plants, and this correlation may have implications in the level of resistance in the genotypes tested.

5. Conclusion

The results of this study provided evidence that relationships exist between soybean stem and root tissue spectral
reflectance and the microsclerotia content of that tissue, supporting spectral reflectance data as a means for as-
sessing charcoal rot disease in soybean plants. The near-infrared region of the light spectrum provided the best
avenue to assess microsclerotia density. Future research should focus on the modelling capabilities of the se-
lected wavelengths and on the feasibility of using the selected wavelengths in machine learning algorithms to
differentiate non-diseased from diseased susceptible soybean plant tissue.
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