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Figure 10: Image of one on-ground control points used in georectification of imagery. 
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Figure 11: Results of a single classification execution from each modeling algorithm. The colors for each classification 
are uniform. Therefore, what is red in one panel should be red in all three if the models were equal. The bottom right 
corner is the segmented image, present for comparison. 
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APPENDICES 

Appendix 1: Python Code 

1. import arcpy   

2. from arcpy import sa   

3. from arcpy import env   

4. from arcpy.sa import *   

5. arcpy.env.overwriteOutput = True   
6.    

7. #Execute Maximum Likelihood   

8. roi = "I:/Runs/Shape.gdb/Final"   

9. trainwksp = "I:/Runs/Training.gdb/"   
10. testwksp = "I:/Runs/Testing.gdb/"   

11. ecdwksp = "I:/Runs/ECD/"   

12. mtrxwksp = "I:/Runs/Matrix.gdb/"    

13. clsfdwksp = "I:/Runs/Classified.gdb/"   
14. accasswksp = "I:/Runs/Accass.gdb/"   

15. lookup = "I:/Runs/Lookup.gdb/"   

16. updaccasswksp = "I:/Runs/Updaccass.gdb/"   

17. csvwksp = "I:/Runs/CSV/MLC"    
18. image = "I:/Runs/final.tif"   

19. segimage = "I:/Runs/Segment.gdb/Segmented"    

20. attributes = "COLOR;MEAN;STD;COUNT;COMPACTNESS;RECTANGULARITY"   

21.    
22. count = 1   

23. while count <= 100 :   

24.     arcpy.SubsetFeatures_ga(roi, trainwksp + "MLCroitrain" + str(count), testwksp + "MLCroitest" + str(count

), 80, "PERCENTAGE_OF_INPUT")   
25.     train = trainwksp + "MLCroitrain" + str(count)   

26.     test = testwksp + "MLCroitest" + str(count)   

27.     ecd = TrainMaximumLikelihoodClassifier(segimage, train, ecdwksp + "MLCclassifier" + str(count) +".ecd

", image, attributes)   
28.     classied = ClassifyRaster(image, ecd, segimage)   

29.     classied.save(clsfdwksp + "MLclassified" + str(count))   

30.     arcpy.FeatureToPoint_management(test, accasswksp + "accasspt" + str(count), "CENTROID")   

31.     accass = accasswksp + "accasspt" + str(count)   
32.     Look = Lookup(classied, "Classvalue")   

33.     Look.save(lookup + "MLClookup" + str(count))   

34.     lookuprast = lookup + "MLClookup" + str(count)   

35.     ExtractValuesToPoints(accass, lookuprast, updaccasswksp + "updaccasspt" + str(count), "NONE", "ALL")
   

36.     uaa = updaccasswksp + "updaccasspt" + str(count)   

37.     arcpy.ExportXYv_stats(uaa, "OBJECTID;Classvalue;RASTERVALU", "COMMA", csvwksp + str(count)

 + ".csv", "ADD_FIELD_NAMES")   
38.     count = count + 1   

39.    

40. #Execute Random Forests   

41. roi = "I:/Runs/Shape.gdb/Final"   
42. trainwksp = "I:/Runs/Training.gdb/"   

43. testwksp = "I:/Runs/Testing.gdb/"   

44. ecdwksp = "I:/Runs/ECD/"   

45. mtrxwksp = "I:/Runs/Matrix.gdb/"    
46. clsfdwksp = "I:/Runs/Classified.gdb/"   

47. accasswksp = "I:/Runs/Accass.gdb/"   

48. lookup = "I:/Runs/Lookup.gdb/"   
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49. updaccasswksp = "I:/Runs/Updaccass.gdb/"   

50. csvwksp = "I:/Runs/CSV/RF"    
51. image = "I:/Runs/final.tif"   

52. segimage = "I:/Runs/Segment.gdb/Segmented"    

53. attributes = "COLOR;MEAN;STD;COUNT;COMPACTNESS;RECTANGULARITY"   

54.    
55. count = 1   

56. while count <= 100 :   

57.     arcpy.SubsetFeatures_ga(roi, trainwksp + "RFroitrain" + str(count), testwksp + "RFroitest" + str(count), 80

, "PERCENTAGE_OF_INPUT")   
58.     train = trainwksp + "RFroitrain" + str(count)   

59.     test = testwksp + "RFroitest" + str(count)   

60.     ecd = TrainRandomTreesClassifier(segimage, train, ecdwksp + "RFclassifier" + str(count) +".ecd", image, 

"", "", "0",attributes)   
61.     classied = ClassifyRaster(image, ecd, segimage)   

62.     classied.save(clsfdwksp + "RFclassified" + str(count))   

63.     arcpy.FeatureToPoint_management(test, accasswksp + "accasspt" + str(count), "CENTROID")   

64.     accass = accasswksp + "accasspt" + str(count)   
65.     Look = Lookup(classied, "Classvalue")   

66.     Look.save(lookup + "RFlookup" + str(count))   

67.     lookuprast = lookup + "RFlookup" + str(count)   

68.     ExtractValuesToPoints(accass, lookuprast, updaccasswksp + "updaccasspt" + str(count), "NONE", "ALL")
   

69.     uaa = updaccasswksp + "updaccasspt" + str(count)   

70.     arcpy.ExportXYv_stats(uaa, "OBJECTID;Classvalue;RASTERVALU", "COMMA", csvwksp + str(count)

 + ".csv", "ADD_FIELD_NAMES")   
71.     count = count + 1   

72.    

73. #Execute Support Vector Machine   

74. roi = "I:/Runs/Shape.gdb/Final"   
75. trainwksp = "I:/Runs/Training.gdb/"   

76. testwksp = "I:/Runs/Testing.gdb/"   

77. ecdwksp = "I:/Runs/ECD/"   

78. mtrxwksp = "I:/Runs/Matrix.gdb/"    
79. clsfdwksp = "I:/Runs/Classified.gdb/"   

80. accasswksp = "I:/Runs/Accass.gdb/"   

81. lookup = "I:/Runs/Lookup.gdb/"   

82. updaccasswksp = "I:/Runs/Updaccass.gdb/"   
83. csvwksp = "I:/Runs/CSV/SVM"    

84. image = "I:/Runs/final.tif"   

85. segimage = "I:/Runs/Segment.gdb/Segmented"    

86. attributes = "COLOR;MEAN;STD;COUNT;COMPACTNESS;RECTANGULARITY"   
87.    

88. count = 1   

89. while count <= 100 :   

90.     arcpy.SubsetFeatures_ga(roi, trainwksp + "SVMroitrain" + str(count), testwksp + "SVMroitest" + str(count
), 80, "PERCENTAGE_OF_INPUT")   

91.     train = trainwksp + "SVMroitrain" + str(count)   

92.     test = testwksp + "SVMroitest" + str(count)   

93.     ecd = TrainSupportVectorMachineClassifier(segimage, train, ecdwksp + "SVMclassifier" + str(count) +".e
cd", image, "0", attributes)   

94.     classied = ClassifyRaster(image, ecd, segimage)   

95.     classied.save(clsfdwksp + "SVclassified" + str(count))   

96.     arcpy.FeatureToPoint_management(test, accasswksp + "accasspt" + str(count), "CENTROID")   
97.     accass = accasswksp + "accasspt" + str(count)   

98.     Look = Lookup(classied, "Classvalue")   

99.     Look.save(lookup + "SVMlookup" + str(count))   

100.     lookuprast = lookup + "SVMlookup" + str(count)   
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101.     ExtractValuesToPoints(accass, lookuprast, updaccasswksp + "updaccasspt" + str(count), "NONE", "ALL")

   
102.     uaa = updaccasswksp + "updaccasspt" + str(count)   

103.     arcpy.ExportXYv_stats(uaa, "OBJECTID;Classvalue;RASTERVALU", "COMMA", csvwksp + str(count)

 + ".csv", "ADD_FIELD_NAMES")   

104.     count = count + 1   

Appendix 2: R Code 

1. setwd("B:\\FHSU_Thesis\\CSV_Data\\MLC\\") #set the path name to the CSVs   

2. file.names <- dir(pattern ="*.csv")   
3. finaldata <- as.data.frame(matrix(0, ncol= 11, nrow=1))   

4. names <-

 c("TEST", "ACC", "CE", "BER", "KAPPA", "CRAMERV", "MACRO_SENS", "MACRO_SPEC", "MACR

O_PREC", "MACRO_F1", "MACRO_MCC")   
5. colnames(finaldata) <- names   

6. library(rminer)   

7. library(plyr)   

8.    
9. for(i in 1:length(file.names)){   

10.   mat <- read.csv(file.names[[i]])   

11.   conf <- mmetric(factor(mat$CLASSVALUE), factor(mat$RASTERVALU), metric="ALL")   

12.   confmat <- as.data.frame(conf)   
13.   title <- 1    

14.   ACC <- confmat[1,]   

15.   CE <- confmat[2,]   

16.   BER <- confmat[3,]   
17.   KAPPA <- confmat[4,]   

18.   CRAMERV <- confmat[5,]   

19.   MACRO_SENS <- mean(subset(confmat, grepl("TPR", rownames(confmat)), drop=TRUE))   

20.   MACRO_SPEC <- mean(subset(confmat, grepl("TNR", rownames(confmat)), drop=TRUE))   
21.   MACRO_PREC <- mean(subset(confmat, grepl("PREC", rownames(confmat)), drop=TRUE))   

22.   MACRO_F1 <- mean(subset(confmat, grepl("F1", rownames(confmat)), drop=TRUE))   

23.   MACRO_MCC <- mean(subset(confmat, grepl("MCC", rownames(confmat)), drop=TRUE))   

24.   run <-
 c(title, ACC, CE, BER, KAPPA, CRAMERV, MACRO_SENS, MACRO_SPEC, MACRO_PREC, MACR

O_F1, MACRO_MCC)   

25.   finaldata <- rbind(finaldata, run)   

26. }   
27.    

28. setwd("B:\\FHSU_Thesis\\CSV_Data\\SVM\\") #set the path name to the CSVs   

29. file.names <- dir(pattern ="*.csv")   

30. for(i in 1:length(file.names)){   
31.   mat <- read.csv(file.names[[i]])   

32.   conf <- mmetric(factor(mat$CLASSVALUE), factor(mat$RASTERVALU), metric="ALL")   

33.   confmat <- as.data.frame(conf)   

34.   title <- 3    
35.   ACC <- confmat[1,]   

36.   CE <- confmat[2,]   

37.   BER <- confmat[3,]   

38.   KAPPA <- confmat[4,]   
39.   CRAMERV <- confmat[5,]   

40.   MACRO_SENS <- mean(subset(confmat, grepl("TPR", rownames(confmat)), drop=TRUE))   

41.   MACRO_SPEC <- mean(subset(confmat, grepl("TNR", rownames(confmat)), drop=TRUE))   

42.   MACRO_PREC <- mean(subset(confmat, grepl("PREC", rownames(confmat)), drop=TRUE))   
43.   MACRO_F1 <- mean(subset(confmat, grepl("F1", rownames(confmat)), drop=TRUE))   
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44.   MACRO_MCC <- mean(subset(confmat, grepl("MCC", rownames(confmat)), drop=TRUE))   

45.   run <-
 c(title, ACC, CE, BER, KAPPA, CRAMERV, MACRO_SENS, MACRO_SPEC, MACRO_PREC, MACR

O_F1, MACRO_MCC)   

46.   finaldata <- rbind(finaldata, run)   

47. }   
48.    

49. setwd("B:\\FHSU_Thesis\\CSV_Data\\RF\\") #set the path name to the CSVs   

50. file.names <- dir(pattern ="*.csv")   

51. for(i in 1:length(file.names)){   
52.   mat <- read.csv(file.names[[i]])   

53.   conf <- mmetric(factor(mat$CLASSVALUE), factor(mat$RASTERVALU), metric="ALL")   

54.   confmat <- as.data.frame(conf)   

55.   title <- 2    
56.   ACC <- confmat[1,]   

57.   CE <- confmat[2,]   

58.   BER <- confmat[3,]   

59.   KAPPA <- confmat[4,]   
60.   CRAMERV <- confmat[5,]   

61.   MACRO_SENS <- mean(subset(confmat, grepl("TPR", rownames(confmat)), drop=TRUE))   

62.   MACRO_SPEC <- mean(subset(confmat, grepl("TNR", rownames(confmat)), drop=TRUE))   

63.   MACRO_PREC <- mean(subset(confmat, grepl("PREC", rownames(confmat)), drop=TRUE))   
64.   MACRO_F1 <- mean(subset(confmat, grepl("F1", rownames(confmat)), drop=TRUE))   

65.   MACRO_MCC <- mean(subset(confmat, grepl("MCC", rownames(confmat)), drop=TRUE))   

66.   run <-

 c(title, ACC, CE, BER, KAPPA, CRAMERV, MACRO_SENS, MACRO_SPEC, MACRO_PREC, MACR
O_F1, MACRO_MCC)   

67.   finaldata <- rbind(finaldata, run)   

68. }   

69.    
70. finaldata <- finaldata[-c(1),]   

71.    

72. random <- read.csv("B:/FHSU_Thesis/CSV_Data/random.csv")   

73. random <- random[,1:2]   
74.    

75. count = 3   

76.    

77. while(count < 103){   
78.   random[,count] <- sample(random$CLASSVALUE, replace=TRUE)   

79.   count = count + 1   

80. }   

81.    
82. true <- random$CLASSVALUE   

83. pred <- random[,3:length(random)]   

84.    

85. for(i in names(pred)){   
86.   y <- pred[i]   

87.   y <- unlist(y)   

88.   conf <- mmetric(factor(true), factor(y), metric="ALL")   

89.   confmat <- as.data.frame(conf)   
90.   title <- 4    

91.   ACC <- confmat[1,]   

92.   CE <- confmat[2,]   

93.   BER <- confmat[3,]   
94.   KAPPA <- confmat[4,]   

95.   CRAMERV <- confmat[5,]   

96.   MACRO_SENS <- mean(subset(confmat, grepl("TPR", rownames(confmat)), drop=TRUE))   

97.   MACRO_SPEC <- mean(subset(confmat, grepl("TNR", rownames(confmat)), drop=TRUE))   
98.   MACRO_PREC <- mean(subset(confmat, grepl("PREC", rownames(confmat)), drop=TRUE))   
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99.   MACRO_F1 <- mean(subset(confmat, grepl("F1", rownames(confmat)), drop=TRUE))   

100.   MACRO_MCC <- mean(subset(confmat, grepl("MCC", rownames(confmat)), drop=TRUE))   
101.   run <-

 c(title, ACC, CE, BER, KAPPA, CRAMERV, MACRO_SENS, MACRO_SPEC, MACRO_PREC, MACR

O_F1, MACRO_MCC)   

102.   finaldata <- rbind(finaldata, run)   
103. }   

104.    
105. ### Testing Assumptions ###   

106. final <- finaldata   
107.    
108. library(mvoutlier)   

109.    
110. alg_m <- final[final$TEST=="MLC",]   
111. alg_rf <- final[final$TEST=="RF",]   

112. alg_s <- final[final$TEST=="SVM",]   

113. alg_rnd <- final[final$TEST=="RAND",]   

114.    
115. outliers <-

 aq.plot(final[c("ACC", "BER", "CE", "CRAMERV", "KAPPA", "MACRO_SENS", "MACRO_SPEC", "M

ACRO_PREC")])   

116.    
117. x <- finaldata[,2:length(finaldata)]   

118. View(cor(x, method="spearman"))   

119.    
120. par(mfrow=c(2,4))   
121. qqnorm((finaldata$ACC)^0.66, xlab="ACC")   

122. qqline((finaldata$ACC)^0.66, col="red")   

123. qqnorm((finaldata$CE)^2.3, xlab="CE")   

124. qqline((finaldata$CE)^2.3, col="red")   
125. qqnorm((finaldata$BER)^5.8, xlab = "BER")   

126. qqline((finaldata$BER)^5.8, col="red")   

127. qqnorm(finaldata$KAPPA, xlab="KAPPA")   

128. qqline(finaldata$KAPPA, col="red")   
129. qqnorm(finaldata$CRAMERV, xlab="Cramer V")   

130. qqline(finaldata$CRAMERV, col="red")   

131. qqnorm(sqrt(finaldata$MACRO_SENS), xlab="SENS")   

132. qqline(sqrt(finaldata$MACRO_SENS), col = "red")   
133. qqnorm(finaldata$MACRO_SPEC, xlab="Spec")   

134. qqline(finaldata$MACRO_SPEC, col="red")   

135. qqnorm(finaldata$MACRO_PREC, xlab="Prec")   

136. qqline(finaldata$MACRO_PREC, col="red")   
137.    
138. library(vegan)   

139. library(pgirmess)   

140. library(multcompView)   
141.    
142. finaldata2 <- finaldata[ -c(3,4,5, 9, 10, 11)] #remove collinear variables   

143.    
144. d <- vegdist(finaldata2[2:5], method="manhattan")   
145. x <- betadisper(d, finaldata2$TEST, type = c("median", "centroid"))   

146. anova(x)   

147. plot(x)   

148. boxplot(x, ylab= "Distance to centroid")   
149. TukeyHSD(x) #Variances are unequal   

150.    
151. ###Proceed with nonparametric tests###   

152.    
153. attach(finaldata)   
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154. adonis.final <-

 adonis(ACC + CRAMERV + MACRO_SENS + MACRO_SPEC + MACRO_PREC~TEST, data = finaldata
2, method = "manhattan")   

155. adonis.final   

156. #This shows a significant result; let this be OK because while variances are unequal,   

157. #there are "large" samples and sample sizes are equal   
158.    
159. ag <- aggregate(.~TEST, finaldata2, function(x) c(mean=mean(x), sd=sd(x)))   

160.    
161. #Following up on a significant adonis with multiple Kruskal-Wallis tests   
162. kruskal.test(ACC~TEST, data=finaldata2)   

163. kruskal.test(CRAMERV~TEST, data=finaldata2)   

164. kruskal.test(MACRO_SENS~TEST, data=finaldata2)   

165. kruskal.test(MACRO_SPEC~TEST, data=finaldata2)   
166.    
167. kruskalmc(ACC~TEST, data=finaldata2)   

168. kruskalmc(CRAMERV~TEST, data=finaldata2)   

169. kruskalmc(MACRO_SENS~TEST, data=finaldata2)   
170. kruskalmc(MACRO_SPEC~TEST, data=finaldata2)   

171.    
172. mlcacc <- finaldata$ACC[finaldata$TEST=="MLC"]   

173. mlcce <- finaldata$CE[finaldata$TEST=="MLC"]   
174. mlcber<- finaldata$BER[finaldata$TEST=="MLC"]   

175. mlckap<- finaldata$KAPPA[finaldata$TEST=="MLC"]   

176. mlccrv <- finaldata$CRAMERV[finaldata$TEST=="MLC"]   

177. mlcmacsen <- finaldata$MACRO_SENS[finaldata$TEST=="MLC"]   
178. mlcmacspec<- finaldata$MACRO_SPEC[finaldata$TEST=="MLC"]   

179. mlcmacprec<- finaldata$MACRO_PREC[finaldata$TEST=="MLC"]   

180. mlcmac51<- finaldata$MACRO_F1[finaldata$TEST=="MLC"]   

181. mlcmacmcc<- finaldata$MACRO_MCC[finaldata$TEST=="MLC"]   
182.    
183.    
184. svmacc <- finaldata$ACC[finaldata$TEST=="SVM"]   

185. svmce <- finaldata$CE[finaldata$TEST=="SVM"]   
186. svmber<- finaldata$BER[finaldata$TEST=="SVM"]   

187. svmkap<- finaldata$KAPPA[finaldata$TEST=="SVM"]   

188. svmcrv <- finaldata$CRAMERV[finaldata$TEST=="SVM"]   

189. svmmacsen <- finaldata$MACRO_SENS[finaldata$TEST=="SVM"]   
190. svmmacspec<- finaldata$MACRO_SPEC[finaldata$TEST=="SVM"]   

191. svmmacprec<- finaldata$MACRO_PREC[finaldata$TEST=="SVM"]   

192. svmmac51<- finaldata$MACRO_F1[finaldata$TEST=="SVM"]   

193. svmmacmcc<- finaldata$MACRO_MCC[finaldata$TEST=="SVM"]   
194.    
195. rfacc <- finaldata$ACC[finaldata$TEST=="RF"]   

196. rfce <- finaldata$CE[finaldata$TEST=="RF"]   

197. rfber<- finaldata$BER[finaldata$TEST=="RF"]   
198. rfkap<- finaldata$KAPPA[finaldata$TEST=="RF"]   

199. rfcrv <- finaldata$CRAMERV[finaldata$TEST=="RF"]   

200. rfmacsen <- finaldata$MACRO_SENS[finaldata$TEST=="RF"]   

201. rfmacspec<- finaldata$MACRO_SPEC[finaldata$TEST=="RF"]   
202. rfmacprec<- finaldata$MACRO_PREC[finaldata$TEST=="RF"]   

203. rfmac51<- finaldata$MACRO_F1[finaldata$TEST=="RF"]   

204. rfmacmcc<- finaldata$MACRO_MCC[finaldata$TEST=="RF"]   

205.    
206. randacc <- finaldata$ACC[finaldata$TEST=="RAND"]   

207. randce <- finaldata$CE[finaldata$TEST=="RAND"]   

208. randber<- finaldata$BER[finaldata$TEST=="RAND"]   

209. randkap<- finaldata$KAPPA[finaldata$TEST=="RAND"]   
210. randcrv <- finaldata$CRAMERV[finaldata$TEST=="RAND"]   
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211. randmacsen <- finaldata$MACRO_SENS[finaldata$TEST=="RAND"]   

212. randmacspec<- finaldata$MACRO_SPEC[finaldata$TEST=="RAND"]   
213. randmacprec<- finaldata$MACRO_PREC[finaldata$TEST=="RAND"]   

214. randmac51<- finaldata$MACRO_F1[finaldata$TEST=="RAND"]   

215. randmacmcc<- finaldata$MACRO_MCC[finaldata$TEST=="RAND"]   

216.    
217. ###boxplots with letters###   

218. par(mfrow=c(1,4))   

219. mct_acc <- kruskalmc(ACC~TEST, data=finaldata2)   

220. test_acc <- mct_acc$dif.com$difference   
221. names(test_acc) <- row.names(mct_acc$dif.com)   

222. let_acc <- multcompLetters(test_acc, compare = "<", threshold = 0.05)   

223. let_acc   

224. boxplot(mlcacc, svmacc, rfacc, randacc, main="Accuracy", ylab="Accuracy", ylim=c(0,60), names=c("MLC
", "SVM", "RF", "RAND"))   

225. mtext(c("a", "b", "b", "a"), at=1:4, line = -2)   

226.    
227. mct_crv <- kruskalmc(CRAMERV~TEST, data=finaldata2)   
228. test_crv <- mct_crv$dif.com$difference   

229. names(test_crv) <- row.names(mct_crv$dif.com)   

230. let_crv <- multcompLetters(test_crv, compare = "<", threshold = 0.05)   

231. let_crv   
232. boxplot(mlccrv, svmcrv, rfcrv, randcrv, main = "Cramer's V", ylab = "V", ylim=c(0.2,0.8), names=c("MLC", 

"SVM", "RF", "RAND"))   

233. mtext(c("a", "c", "ac", "b"), at=1:4, line = -2)   

234.    
235. mct_sens <- kruskalmc(MACRO_SENS~TEST, data=finaldata2)   

236. test_sens <- mct_sens$dif.com$difference   

237. names(test_sens) <- row.names(mct_sens$dif.com)   

238. let_sens <- multcompLetters(test_sens, compare = "<", threshold = 0.05)   
239. let_sens   

240. boxplot(mlcmacsen, svmmacsen, rfmacsen, randmacsen, main="Macro Sensitivity", ylab = "Sensitivity (aver

age)", ylim=c(0,60),names=c("MLC", "SVM", "RF", "RAND"))   

241. mtext(c("a", "c", "c", "b"), at=1:4, line =-2)   
242.    
243. mct_spec <- kruskalmc(MACRO_SPEC~TEST, data=finaldata2)   

244. test_spec <- mct_spec$dif.com$difference   

245. names(test_spec) <- row.names(mct_spec$dif.com)   
246. let_spec <- multcompLetters(test_spec, compare = "<", threshold = 0.05)   

247. let_spec   

248. boxplot(mlcmacspec, svmmacspec, rfmacspec, randmacspec, main="Macro Specificity", ylab = "Specificity (

average)", ylim = c(89,97), names=c("MLC", "SVM", "RF", "RAND"))   
249. mtext(c("a", "c", "c", "b"), at=1:4, line = -2)   

250.    
251. ###export csvs ###   

252. setwd("K:/Thesis/FHSU/Excel/MCT")   
253. write.csv(mct_acc, "MCT_ACC.csv")   

254. write.csv(mct_crv, "MCT_CRV.csv")   

255. write.csv(mct_sens, "MCT_SENS.csv")   

256. write.csv(mct_spec, "MCT_SPEC.csv")   
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