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ABSTRACT 15 

A rapid, robust, and economical method to detect hailstorm-damaged olive fruit (Olea 16 

europaea L.) would benefit both consumers and producers of olives and olive oil. Here, the 17 

feasibility of using Near-Infrared (NIR) spectroscopy for olive fruit sorting (cv. Canino) into 18 

hailstorm-damaged and undamaged classes is demonstrated. Features selected from the entire 19 

spectra by the genetic algorithm (two to six features per model) were input to Linear Discriminant 20 

Analysis, Quadratic Discriminant Analysis and k-Nearest Neighbor routines to develop models to 21 

classify olive fruit. Spectral pretreatment and feature selection were optimized through an iterative 22 

routine developed in R statistical software. Each model was evaluated based on false positive (α-23 

error), false negative (β-error) and total error rates. The most accurate models yielded total error 24 

rates of less than five percent. The optimal features corresponded to R[1320 nm], R[~1460 nm], 25 

R[~1650 nm], R[~1920 nm], R[~2080 nm], R[~2200 nm] and R[~2220 nm], where R[x] represents 26 
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the reflectance of light from the sample at a wavelength of x nm. The results indicate that single-27 

point NIR spectroscopy is a feasible basis for hailstorm damage detection in olive fruit with the 28 

potential to allow on-line implementation on milling production lines. 29 

 30 

Keywords: Olea europaea L., impact damage, bruise, Acousto-Optic Tunable Filter-Near Infrared 31 

spectroscopy, Discriminant Analysis, wavelengths selection 32 

 33 

INTRODUCTION 34 

Olea europaea (L.) is widely cultivated in the Mediterranean basin and its oil is a key 35 

component of the Mediterranean diet. The processed olive is either sold as table olives or further 36 

processed into oil. Worldwide production of olive oil increased from 1.5 million metric tons in 1990 37 

to roughly three million metric tons in 2015, with 90% coming from Spain, Italy, or Greece (IOC, 38 

2016). The unique chemical composition of virgin olive oil positively impacts sensory, nutritional 39 

and health properties as compared to the oil of other vegetable crops. These beneficial properties 40 

have been attributed to a fatty acid composition rich in monounsaturated acids such as oleic acid 41 

(Visioli and Galli, 2002), and to certain minor constituents such as phenolic antioxidants, including 42 

some derivative secoiridoids. Consumption of extra-virgin olive oil has been identified as a 43 

contributing factor to reduced rates of atherosclerosis, oxidative-stress associated diseases, 44 

autoimmune diseases, as well as some forms of cancer and diabetes (Katan et al., 1995; Tripoli et 45 

al., 2005; Bendini et al., 2007). Since olive fruit quality is directly correlated with the chemical 46 

composition and overall quality of produced oil, methods for removing defective fruit would benefit 47 

producers and consumers alike. 48 

The quality of olive oil depends mainly on the quality of the fruit from which it is derived. 49 

Thus, reducing the incidence of external damage is a priority for the agri-food industry (Jiménez et 50 

al., 2016). Susceptibility to external damage such as bruising, scarring and impact damage depends 51 

on both internal and external factors of the fruit, such as cultivar, texture and firmness, maturity, dry 52 
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matter, temperature, size and shape, as well as cell wall status, cell shape, etc. (Van linden et al., 53 

2006; Jimenez-Jimenez et al., 2012). When cellular tissue is ruptured, the release of intracellular 54 

fluid causes enzymatic reactions resulting in oxidative and hydrolytic degradation of oil and 55 

phenolic fractions (Segovia-Bravo et al., 2009; Jiménez-Jiménez et al., 2013; Moscetti e al., 2015; 56 

Ramirez et al., 2015; Rojnić et al., 2015).
 
The subsequent browning is visible within a few hours 57 

and increases over time (Ben-Shalom et al., 1978). The chief enzyme that leads to browning, 58 

Polyphenol oxidase (PPO), catalyzes the oxidation of both hydroxytyrosol and verbascoside to o-59 

quinones, which condense to form brown polymers. Chemical oxidation of hydroxytyrosol may 60 

occur simultaneously (Martinez and Whitaker, 1995; Segovia-Bravo et al., 2011). Unless the 61 

damaged fruit is detected and removed the result is reduced quality in the produced oil. Thus, 62 

human inspection and classification of olive fruit according to quality regulations as defined by the 63 

European Commission Regulation No. 299/2013 (European Commission, 2013) is a fundamental 64 

tool to ensure the quality and economic value of olive oil. However, human inspection is labor 65 

intensive and highly subjective, and thus subject to high classification error rates. Thus, 66 

classification based on machine vision has great potential to improve quality (Guzmán et al., 2013), 67 

reduce labor expense, and minimize the impact of extreme weather events such as hailstorm. Botzen 68 

et al. (2010) estimate hailstorm frequency could increase by 25 to 50% by 2050 under standard 69 

climate change scenarios, with economic implications due to increased fruit damage. Most 70 

European Countries already experience severe hailstorms, especially in northern Italy where they 71 

are most frequent, although central and southern Italian regions are also affected (Baldi et al., 72 

2014). Thus, as climate change progresses there will be a corresponding need for research to offset 73 

the damaging economic impacts on agriculture (Schiermeier, 2015). 74 

Technological advances in visible/near-infrared (vis/NIR) spectroscopy and hyperspectral 75 

imaging have provided the means for real-time on-line quality assessment of both olive fruit and oil. 76 

A substantial amount of research has been reported addressing the assessment of olive fruit defects, 77 

such as bruising, impact damage, insect infestation, etc. (Stella et al., 2015a, 2015b). Although 78 
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ongoing advances in computing speed and data transfer rates have enhanced the speed and accuracy 79 

of spectroscopic devices, data handling continues to be one of the more serious technological 80 

challenges to practical real-time applications (Wu and Sun, 2013). This is particularly true for 81 

hyperspectral imaging, where the “curse of dimensionality” results in a  high computational load 82 

(Burger and Gowen, 2011). Consequently, for the foreseeable future, on-line applications for 83 

traditional hyperspectral imaging are limited and conventional Vis/NIR spectroscopic systems, 84 

which are well-suited to rapid on-line applications, are generally used. Overviews of chemometric 85 

methods used for data handling of Vis/NIR spectroscopic datasets are available (Nicolaï et al., 86 

2007; Burger & Gowen, 2011). Finally, on-line systems customized for particular applications 87 

based on a limited number of wavelengths (multi-spectral imaging) in combination with data 88 

reduction schemes (ElMasry and Sun, 2010) have the potential to meet the speed requirements for 89 

an olive-oil production line. 90 

The objective of this research was to demonstrate the use of NIR spectroscopy for hailstorm 91 

damage detection on olive fruit. The expected impact is a new tool to help the olive industry 92 

maintain quality today and in the future with the expected increase in the frequency of hailstorm 93 

and other extreme weather events. 94 

 95 

MATERIALS AND METHODS 96 

Sample preparation 97 

Approximately 1.2 kg of olives (Olea europaea L., cv. Canino) was manually harvested on a 98 

local farm in Central Italy at the beginning of November 2014. The harvest was conducted 13 days 99 

after a severe storm with the following characteristics: Torro code H0-H3, size code 2 and hail 100 

diameter between 11 and 15 mm (Baldi et al., 2014). The storm caused significant damage to fruit 101 

and vegetation as well as production loss. In order to establish a homogeneous sample set, only 102 

mature fruits of the appropriate green color were collected. The use of fruit that were naturally 103 

damaged by hailstorm avoided the need for lab-based simulation of fruit damage, which would lead 104 
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to less robust and transferrable classification models. Immediately after harvesting, the samples 105 

were taken to the laboratory in appropriate thermal boxes. From the original 1.2 kg, 752 olives were 106 

selected that were free from decay. The fruit were kept at 25 ± 0.5°C for 24 h to allow for 107 

temperature and moisture equilibrium prior to NIR spectra acquisitions. 108 

NIR spectral acquisition 109 

Olive spectra were acquired using a Luminar 5030 Acousto-Optic Tunable Filter-Near 110 

Infrared (AOTF-NIR) Miniature ‘Hand-held’ Analyzer (Brimrose Corp., Baltimore, USA). The 111 

instrument was equipped with a reflectance post-dispersive optical configuration, a pre-aligned dual 112 

beam lamp assembly and an indium gallium arsenide (InGaAs) array (range 1100-2300 nm, 2-nm 113 

resolution) with an integrating time of 60 msec. Each sample was measured in triplicate along the 114 

fruit equatorial line, and the average spectrum was used for further analysis. The reference spectrum 115 

was automatically measured by the instrument as described by Cayuela and Weiland (2010). 116 

Diffuse reflectance spectra were acquired by the SNAP! 2.04 software (Brimrose Corp.). Before the 117 

spectral acquisition, olives were visually evaluated for presence or absence of hailstorm damage, 118 

thus assigning each spectrum into damaged (Unsound) or not-damaged (Sound) classes. 119 

Each olive was modeled as a ‘data vector’, where the spectral reflectance values (otherwise 120 

called features) were vector components. Features for use in classification were extracted from the 121 

whole spectra. Features were extracted following spectral pretreatments including Standard Normal 122 

Variate (SNV), Multiplicative Scatter Correction (MSC), and Savitzky-Golay first and second 123 

derivatives (D1f and D2f, respectively) with a second or third order polynomial fitted over a 124 

window of five (S5), nine (S9) or thirteen (S13) variables (Savitzky and Golay, 1964; Boysworth 125 

and Booksh, 2008). For each dataset, Mean Centering (MC) was also tested (Figure 1). Every 126 

possible combination of preprocessing was also tested and only the best results, in terms of model 127 

performance, were retained. 128 

 129 

Chemometrics 130 
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Because of high correlation among spectral data, a Genetic Algorithm (GA) was used to 131 

select features for input to classification algorithms, with the goal of selecting a series of wavebands 132 

which could describe the correlation between the predictor variables and the response variables 133 

(Xing et al., 2008). The GA selects a small subset of spectral bands with biological or biochemical 134 

importance, which are representative of the entire spectral dataset. In this study, GA was used to 135 

seek n-feature subsets (where n ranged from 2 to 6) which are optimal surrogates for the whole 136 

dataset (Cerdeira et al., 2013). A maximum of 6 features was chosen to minimize overfitting. 137 

Sets of features selected by the GA were input into three different classification algorithms: 138 

Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis (QDA) and k-Nearest 139 

Neighbors (kNN). LDA is a classification procedure based on Bayes’ formula. This method renders 140 

a number of orthogonal linear discriminant functions equal to the number of categories minus 1. 141 

Thus for the case of two classes a single discriminant function is generated, allowing easier 142 

interpretation of the results. QDA is closely related to LDA and is often used when class-covariance 143 

matrices are not assumed to be identical. In case of large sample size and large differences between 144 

class-covariance matrices, QDA might outperforms LDA. kNN is an alternative method much 145 

simpler that LDA and QDA in which classification is performed by computing the sample distance 146 

from each of the samples in the training set, finding the k nearest ones and classifying the unknown 147 

to the class that has most members among these neighbors (Naes et al., 2004). A cross validation 148 

procedure was performed for the selection of the optimal k nearest neighbors (where k ranged from 149 

3 to 15). The smallest k among those having the lowest average error was selected (Massart et al., 150 

1988). 151 

Fifty percent of the samples were randomly assigned to the calibration set (372 fruits) and 152 

50% were split into three prediction sets (124 fruits each). Moreover, every model was optimized 153 

by computing a random sub-set cross validation with 6 data splits and 3 iterations. This Cross 154 

Validation method was preferred because it is very versatile and capable of providing a better 155 
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representation when the dataset contains many samples, as is the case here (Naes et al., 2004; Wise, 156 

2009). 157 

Classification results for each discriminant model were defined as the percent of false 158 

positives (α-error rate, Sound fruit classified as Unsound) (Eq. 1), false negatives (β-error rate, 159 

Unsound fruit classified as Sound) (Eq. 2), and total error (incorrectly classified samples) (Eq. 3). 160 

Receiver Operating Characteristics (ROC) analysis was applied to each model and the respective 161 

ROC curve was plotted. The ROC curve contains a plot of the α-error rate and the true positive rate 162 

(Eq. 4) (also called sensitivity) as a function of the threshold value (Moscetti et al., 2013). 163 

(1)              
               

                               
  164 

(2)               
               

                              
 165 

(3)                   
                               

                               
 166 

(4)              
              

                              
 167 

Data analyses were performed using R 3.1.3 statistical software in combination with MASS 168 

7.3-35, mda 0.4-7, prospectr 0.1.3 and class 7.3-11 R-packages (CRAN, 2015). 169 

 170 

RESULTS AND DISCUSSION 171 

Data overview 172 

Figure 2a depicts the mean reflectance spectra for sound and unsound fruit, while Figures 173 

2b, 2c and 2d highlight the 95% confidence interval of each calibration sample (n = 372), allowing 174 

the spectral variability of each class to be observed. Visual inspection of the spectra suggests that 175 

fruit quality is mainly correlated with spectral characteristics in the 1400-1550 nm and 1900-2300 176 

nm wavelength regions. Reflectance in those particular spectral ranges are commonly associated 177 

with lipids, carbohydrates, proteins and water (Workman and Weyer, 2008), which represent the 178 

main constituents of the olive fruit (USDA 2015). Nevertheless, since less obvious spectral 179 
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differences between classes in the other spectral regions might also be relevant the entire spectra 180 

were included in the computation. 181 

A high percentage of features selected using the Genetic Algorithm were in wavebands 182 

around 1320 nm, 1460 nm, 1650 nm, 1920 nm, and 2000-2220 nm. Features ranging from 1150-183 

1750 nm likely represent first overtones of O–H stretching vibrations, and overtones and 184 

combinations of –CH (CH3–, –CH2– and cis R1CH=CHR2CH3–) stretches and deformations (Yildiz 185 

et al., 2001; Christy et al., 2004; Dupuy et al., 2010). Moreover, hydroxyl groups exhibit higher 186 

stretching overtones within these bands. Changes in reflectance in the aforementioned spectral band 187 

are commonly associated with phenols (~1320 nm) and hydroperoxides (~1460 nm), which are 188 

likely related to physical damage in olive fruit. In fact, phenolic content has been reported to 189 

decrease as a consequence of bruising, impact damage, pest damage, etc. (Segovia-Bravo et al., 190 

2009, 2011), while peroxide value generally increases (Vossen, 2013). However, reflectance in that 191 

region is also correlated with aliphatic esters, alkyl groups and alkenes (~1100-1375 nm), 192 

triglycerides (~1650 nm) and water (~1460 nm) (Fernández-Espinosa, 2016). Finally, the 1920 nm 193 

and 2000-2220 nm bands can be associated with the O-H bond and the combination of C-C/C-H, C-194 

H/C=O, and N-H/C=O groups, which are associated with water, lipids and proteins (Workman and 195 

Weyer, 2008; Vitale et al., 2013). 196 

Differences between classes in reflectance in the water, phenols, protein/amino acid regions 197 

could be related to external damage as consequences of water loss, oxidative processes, microbial 198 

growth and/or fruit processes to repair damaged tissue. Impact damage disrupts the internal tissues, 199 

affecting moisture, fruit density and firmness (Jiménez-Jiménez et al., 2012, 2013; Jiménez et al., 200 

2016), and these effects can be observed in the NIR spectra because of changes in light scattering. 201 

Damaged olive fruit have higher free acidity due to hydrolytic and lipolytic enzymes activity and/or 202 

concurrent freeze injury (Pereira et al., 2004; Mraicha et al., 2010; Vossen, 2013; Bustan et al., 203 

2014). 204 

 205 
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Discriminant analysis 206 

kNN models yielded total classification error rates on average higher than 10% and are thus 207 

not considered good candidates for implementation in on-line systems (data not shown), while both 208 

LDA and QDA models achieved more accurate discrimination. Tables 1 and 2 summarize 209 

discriminant performances for LDA and QDA, respectively, based on n-features subsets of 210 

pretreated spectra. In both cases, the AUC and Wilk’s λ values were well correlated with the total 211 

classification error. Results of MANOVA indicate that Wilk’s λ test was significant at the Pr < 212 

0.001 level, suggesting that the classes differ on the basis of the extracted features for LDA and 213 

QDA classifications. Wilk’s λ compares group means, with a lower value indicating a higher 214 

difference between the mean reflectance values of the classes. Thus, the higher statistical distances 215 

were observed in the best two results of both LDA and QDA algorithms. 216 

Note that the best five results of both LDA and QDA algorithms were selected with the 217 

same combination of pretreatments and features. This suggests that: selected variables corresponded 218 

to optimal wavelengths for effectively discriminating between Sound and Unsound samples, and; 219 

classification results only differed in term of algorithms performance, which are strictly related to 220 

the characteristics of the spectral dataset. The accuracy of both LDA and QDA generally depends 221 

on the dimensionality of the training set, the multivariate normal distribution of the data and 222 

whether the class covariances are equal. Here, QDA outperformed LDA using the same 223 

pretreatments and number of features. This is likely due to large differences between class-224 

covariance matrices, but further investigation would be necessary to confirm this. 225 

LDA and QDA models showed very-good (< 5%) and/or good (< 10%) total classification 226 

error rates and thus potential in recognition. The best results for both LDA and QDA models were 227 

obtained using the same combination of two spectral pretreatments and five features as listed under 228 

Trial #01 in Tables 1 and 2. The QDA algorithm (1.72% α-error, 5.97% β-error, 4% total error, 229 

0.9959 AUC) had the overall lowest error, outperforming LDA in each error class except β-error 230 

which was equal. The application of the best QDA model is shown in Figure 3a, in which only one 231 



10 

 

Sound (1.72%) and four Unsound (5.97%) olive fruits were incorrectly classified, yielding an 232 

overall accuracy of 96%. Figure 3b shows the relationship between α-error and sensitivity rates at 233 

different threshold values (i.e. posterior probability of Unsound olive fruits) and the corresponding 234 

AUC value. An AUC value close to 1.0 indicates strong discriminative ability, while an AUC value 235 

close to 0.5 indicates little discriminative power (Luo et al., 2012). 236 

QDA Trial #2 (Figure 4) also outperformed the best LDA model and matched QDA Trial #1 237 

in terms of total error but with a different distribution between α and β error rates (5.17% and 238 

2.99%, respectively), a slightly lower AUC value (0.9897), and six features as opposed to five for 239 

Trial #1. The best LDA model (Table 2, Trial #01 and Figure 5a) yielded 5.17% α-error, 5.97% β-240 

error, 5.6% total error, and a 0.9894 AUC value. Despite the higher error rates, most LDA trials 241 

yielded high AUC values indicating good ability to discriminate classes. Figure 5b shows the trend 242 

in α-error and sensitivity rates with change of the LD1-vector value (i.e. threshold value) for the 243 

best LDA model. 244 

Spectral data generally includes correlated variables, noise from physical and/or chemical 245 

processes, and irrelevant information. Removing irrelevant variability and features from the raw 246 

dataset improves accuracy and reproducibility of classification models (Naes et al., 2004; Ozaki et 247 

al., 2006; Boysworth and Booksh, 2008). The results in this study indicate that baseline correction 248 

and derivative transformation were not necessary to obtain the best classification. On the other 249 

hand, both spectral smoothing and mean centering improved the classification accuracy for all 250 

discriminant methods, presumably by enhancing signal-to-noise ratio and spectra resolution, 251 

respectively (Boysworth and Booksh, 2008). In order to ensure model robustness and 252 

transferability, and reproducibility of results, further validation on a larger data set including olives 253 

from different cultivars, regions/orchards, crop years and agro-pedo-climatic conditions is 254 

necessary. Furthermore, improvement of model robustness and transferability should be tested by 255 

selecting wavelengths which are invariant to spectral shift (i.e. isomeric features) (Naes et al., 2004) 256 
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and by extracting features as ratios or differences of absorbance/reflectance values of paired 257 

wavelengths (Moscetti et al., 2013). 258 

 259 

CONCLUSIONS 260 

The use of NIR spectroscopy (1100-2300 nm) to detect hailstorm-damaged olive fruits has 261 

been demonstrated. The methods developed here represent a promising step forward for sorting 262 

technologies employed by mill facilities and demonstrate that single-point NIR spectroscopy has the 263 

potential to address some of the negative impacts on food quality of the expected increased 264 

frequency of extreme weather events that are a consequence of global warming. 265 

Discriminant models obtained total error rates of less than 5% in separating olives into 266 

sound and unsound classes based on a limited number of features derived from the spectra. 267 

Specifically, the QDA algorithm yielded 96% classification accuracy and generally outperformed 268 

the LDA models when the same combination of spectral pretreatments and features was used. 269 

Nevertheless, the major advantages and disadvantages of the LDA should be taken into account 270 

prior to implementation of the classification model for on-line sorting systems. 271 

Optimal features selected for discriminant analysis comprised wavelengths around 1320 nm, 272 

1400-1550 nm, 1650 nm and 2000-2220 nm, which are generally associated with phenols, 273 

hydroperoxides, alkyl groups, alkenes, triglycerides, proteins and water. However, the number of 274 

wavelengths required in an on-line sorting device would be affected by the use of spectral 275 

pretreatments, since these operations generally involve greater numbers of wavelengths than are 276 

ultimately selected for the classification model. 277 

The proposed method lays the foundations for accurate, automated, non-destructive NIR-278 

based detection systems. However, future model development should: employ larger data sets; test 279 

wavelengths not measured by the spectrophotometer used for this study; improve the class model 280 

simplicity; increase the light-beam intensity, and; assimilate other chemometric methods. These 281 

steps should improve the accuracy, robustness and transferability of the classification models. Since 282 
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hailstorms have various intensity scales (i.e. Torro code and thus size code and hail diameter), 283 

models should be further validated, updated and upgraded on real external datasets. Finally, 284 

research is needed to allow accurate simulation of hailstorm damage in the laboratory. 285 

 286 
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FIGURE CAPTIONS 

Figure 1. Flowchart of the iterative algorithm used to optimize the classification model for 

hailstorm damage detection on olive fruit based on the AOTF-NIR spectroscopy system. 

Figure 2. Mean reflectance spectra (a) and 95% confidence intervals for different spectral bands: 

1100-1498-nm (b), 1500-1898-nm (c) and 1900-2300-nm (d). 

Figure 3. Class spatial distribution plot (a) and ROC curve plot and relative AUC value (b) 

referred to the 5-features QDA model corresponding to the trial #01 of Table 1. 

Figure 4. Class spatial distribution plot (a) and ROC curve plot and relative AUC value (b) 

referred to the 6-features QDA model corresponding to the trial #02 of Table 1. 

Figure 5. Class spatial distribution plot (a) and ROC curve plot and relative AUC value (b) 

referred to the 5-features LDA model corresponding to the trial #01 of Table 2. 
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TABLE CAPTIONS 

Table 1. Results based on pretreatments, GA and QDA performed on the spectra acquired from olive 

fruit. The selected features corresponded to the wavelengths yielding the lowest error rates of 

classification per each dataset. 

a 
Scatter correction 

b
 Mean Centering 

c
 Savitzky-Golay filter smoothing points 

d
 Derivative (first – D1f and second - D2f) 

Table 2. Results based on pretreatments, GA and LDA performed on the spectra acquired from olive 

fruit. The selected features corresponded to the wavelengths yielding the lowest error rates of 

classification per each dataset. 

a 
Scatter correction 

b
 Mean Centering 

c
 Savitzky-Golay filter smoothing points 

d
 Derivative (first – D1f and second - D2f) 

Table captions



Trial 
# 

  Dataset   Selected Features (nm)   Error rate (%)   
AUC   Wilks' λ   Pr (> F) 

 
Scatt. C.a 

 
MCb 

 
SGc 

 
Deriv.d 

 
1 

 
2 

 
3 

 
4 

 
5   6 

 
α 

 
β 

 
Total 

 
01 

 
- 

 
Yes 

 
9 

 
- 

 
1452  1922  2088  2198  2222  -  1.72  5.97  4.00  0.9959  0.3194 

 
< 0.001 

02 
 

- 
 

Yes 
 

9 
 

- 
 

1320  1478  1648  2082  2198  2220  5.17  2.99  4.00  0.9897  0.2928 
 

< 0.001 

03 
 

- 
 

Yes 
 

9 
 

- 
 

1450  1918  2086  2204  -  -  6.90  5.97  6.40  0.9781  0.3634 
 

< 0.001 

04 
 

- 
 

Yes 
 

9 
 

- 
 

1896  2090  2196  -  -  -  10.34  11.94  11.20  0.9689  0.4069 
 

< 0.001 

05   -   Yes   9   D1f   1398  1714  -  -  -  -  31.03  17.91  24.00  0.7910  0.7713   < 0.001 
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< 0.001 
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- 
 

Yes 
 

9 
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1450  1918  2086  2204  -  -  8.62  13.43  11.20  0.9704  0.3634 
 

< 0.001 

05   -   Yes   9   D1f   1398  1714  -  -  -  -  29.31  19.40  24.00  0.7849  0.7713   < 0.001 
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