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1 Looking up and computing snooping-adjusted critical values

The function SnoopingCV looks up appropriate critical values adjusted for bandwidth snooping, as described
in Armstrong and Kolesér (2018) from a table of pre-computed critical values. If, for a given kernel and order
of a local polynomial no critical value is found, the function computes an appropriate critical value using
Monte Carlo simulation as explained in the next section.
library ("BWSnooping")
SnoopingCV(bwratio = 6.2, kernel = "triangular", boundary = TRUE, order = 1,

alpha = 0.01)
#> [1] 2.96321

This gives appropriate 99% critical value for a regression discontinuity design using a triangular kernel and
local linear regression, with ratio of maximum to minimum bandwidths equal to 6.2. The following call gives
the critical value for Nadarya-Watson (local constant) regression. Since values of bwratio greater than 100
are not pre-computed, it will be computed by simulation:

SnoopingCV(bwratio = 102, kernel = "triangular", boundary = FALSE, order = O,
alpha = 0.05)

#> Computing critical value by Monte Carlo simulation

#> [1] 2.59216

2 Calculation of critical values

This section describes the method used to tabulate the critical values based on Theorem 3.1 in Armstrong
and Kolesar (2018).

Let k be a kernel (i.e. a non-negative function symmetric around zero that integrates to one) with bounded
support normalized to [—1,1]. We want to compute the quantiles of

sup H(h) =4 sup H(s), and sup [H(R)| =4 sup [H(s)| (1)
1<h<t 1/t<s<1 1<h<t 1/t<s<1

where =4 means “equals in distribution”, and H(h) is a mean-zero Gaussian process with covariance function
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Let {Y;}1<i<r be independent samples from a standard normal distribution, where 7" is the number of points
sampled in each simulation draw. Let

H:]I(s) = 1/\/723:1 Yik (i/ST).
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Observe that (H(S))se(o,l] is a centered Gaussian process with covariance function
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As T' — oo, this process converges to (H(s)),¢ o1}, since E[H(s)H(s")] — cov(H(s), H(s)).

We then approximate the quantiles of the two distributions in Equation (1) by empirical quantiles based on
S simulation draws {H,,(h)}?5 _;. The process H,,(h) is evaluated on the log-grid

exp(log(t) : stepsize : log(1)).

2.1 Example: uniform kernel

If the kernel is uniform, then H(h) simplifies to

Z \.hTJ Y,

H(h) = LhTJ

KT ALK/ T

N

so that FI(h) is mean-zero Gaussian process with covariance function E[H(h)H(R')] =

2.2 Note: Alternative approaches

An alternative used in an earlier version of the paper is to replace H(h) with

fi(h) = 1/ﬁ2£1m<z’/hT>
’/hfo u)? du

This method, however, has the disadvantage what for any finite T', the variance of the process H:]I(h) is not
equal to one exactly.

A third possible approach is to replace ]ﬁl(h) with

T Sim Vik(Xa/h) — J= 550, Yik(Xi/h)
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where {(X;,Y;)}1<i<r be ii.d. with X; independent of ¥; and X; ~ U[—1,1] and Y; ~ N(0,1). Note that
H(h) = 0 and

H(h) =




. A EY2k(X;/h)k(X;/N)
v(H(h),H(R")) =
covEm. B V3 /)2 dunJS [ (u/h)2 du
_ Ek(X;/h)k(X,/h) 5 ey ka/h)k(/R) da
%\/f k(u/h)? du\/f k(u/h')? du §\/f k(u/h)? du\/f k(u/h')? du
2 k(z/h)k(z/W) dx

X

- \/f k(u/h)? du\/f k(u/h)2 du

for h < 1 (the last step follows since, for h < 1, the integral is over —h < x < h for both the last and
second to last line). Thus, H(k) and H(h) have the same covariance function and, for large enough T', have
approximately the same distribution.

3 Regression near a boundary point

Since the critical values at a boundary and interior points differ, this may create a non-uniformity issue for
estimation problems in which the point of interest lies near a boundary point. To deal with this case, it is
possible to extend the method in Armstrong and Kolesar (2018) by modeling the point of interest as being
local to boundary, as in Chapter 3.2.5 of Fan and Gijbels (1996) (see Section S2.1 in the supplement to
Armstrong and Kolesar (2018)).

In particular, for local polynomial estimation of E[Y; | X; = xg] where xy = ch,, and the lower support
point of the density of X, is zero, the appropriate critical value can be computed using the function
TableSnoopingCVNearBd. For convenience, the function reports a table of critical values. For example, to
calculate critical values for local linear regression and bandwidth ratios h/h equal to t € {1,2,3} and the
local parameter equal to ¢ € {1,2,10}, one calls

nb <- TableSnoopingCVNearBd(bwratios = c(1, 2, 3), kernel = "triangular", db = c(1,
2, 10), order = 1)
knitr::kable(nb$table.twosided, row.names = FALSE, digits = 2, caption = "Local linear regression near

Table 1: Local linear regression near a boundary

t 1 2 10
1 197 196 1.96
2 209 215 2.14
3 213 221 224
knitr::kable(nb$table.onesided, row.names = FALSE, digits = 2, caption = "Local linear regression near

Table 2: Local linear regression near a boundary

1 2 10

1.66 1.67 1.61
1.78 1.84 1.83
1.83 191 1.92
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4 Tables and graphs of critical values

The tables and graphs in the paper can be reproduced using the functions DFSnoopingCV and
SnoopingTablesGraphs. DFSnoopingCV computes a data frame of critical values, and SnoopingTablesGraphs
reproduces tables and graphs reported in the paper:

## The function DFSnoopingCV may long time to compute, the package has

## results stored for DFSnoopingCV(S=60000, T=10000, ngr=1000) under the data

## frame snoopingcvs

r <- SnoopingTablesGraphs(snoopingcvs)

4.1 Tables for two-sided critical values

e For Nadarya-Watson regression, boundary and interior critical values coincide

e In the tables, “u” stands for uniform, “e” for Epanechnikov, and “t” for triangular kernel, so that “0.9u”
corresponds to 90%-level critical value for the uniform kernel, “0.99t” corresponds to 99%-level critical
value for the triangular kernel, and so on.

tl <- subset(r$table.twosided, boundary == TRUE & order == 0)[, -c(1, 2)]
knitr::kable(tl, row.names = FALSE, digits = 2, caption = "Boundary Nadaraya-Watson regression")

Table 3: Boundary Nadaraya-Watson regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.65 1.96 257 164 196 258 1.64 196 2.58
1.20 1.92 2.24 28 1.70 201 263 171 203 265
1.40 2.02 2.33 293 174 205 267 177 208 269
1.60 2.09 2.40 298 178 209 270 181 212 272
1.80 2.14 2.45 3.03 1.81 211 272 185 215 275
2.01 218 2.48 3.07 1.83 214 275 187 217 278
3.01 2.30 2.60 3.18 191 222 283 196 227 286
4.01 237  2.66 324 196 226 2.86 202 231 292
5.02 241 2.70 3.28 2.00 230 290 205 235 295
6.01 2.44 2.73 331 2.02 232 292 208 237 297
7.03 247 275 334 204 234 294 210 239 299
8.03 249 2.77 335 2.06 235 295 212 241 3.01
9.01 251 2.79 337 2.07 237 296 214 242 3.02
10.02  2.52 2.80 3.38 2.08 238 297 215 244 3.04
20.01 2.61 2.89 345 216 245 3.03 223 251 3.10
50.08 2.70 2.97 3.51 224 253 310 231 259 3.15
100.00  2.75 3.02 3.56 229 257 314 236 264 3.20

t2 <- subset(r$table.twosided, boundary == FALSE & order == 0)[, -c(1, 2)]
knitr::kable(t2, row.names = FALSE, digits = 2, caption = "Interior Nadaraya-Watson regression")

Table 4: Interior Nadaraya-Watson regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.65 1.96 257 164 196 258 1.64 196 2.58
1.20 1.92 224 28 170 201 263 171 203 265
1.40 2.02 2.33 293 174 205 267 177 208 2.69
1.60 2.09 240 298 178 209 270 181 212 2.72




t 09u 0950 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.80 2.14 2.45 3.03 1.81 211 272 185 215 275
2.01 2.18 2.48 3.0r 1.83 214 275 187 217 278
3.01 2.30 2.60 3.18 191 222 283 196 227 286
4.01 237  2.66 324 196 226 2.86 202 231 292
5.02 241 2.70 3.28 2.00 230 290 205 235 295
6.01 2.44 2.73 3.31 202 232 292 208 237 297
7.03 247 275 334 204 234 294 210 239 299
8.03 249 2.77 335 2.06 235 295 212 241 3.01
9.01 251 2.79 337 2.07 237 296 214 242 3.02
10.02  2.52 2.80 3.38 2.08 238 297 215 244 3.04
20.01 2.61 2.89 345 216 245 3.03 223 251 3.10
50.08 2.70 297 351 224 253 310 231 259 3.15
100.00  2.75 3.02 3.56 229 257 314 236 264 3.20

t3 <- subset(r$table.twosided, boundary == TRUE & order == 1)[, -c(1, 2)]
knitr::kable(t3, row.names = FALSE, digits = 2, caption = "Boundary local linear regression")

Table 5: Boundary local linear regression

t 09u 095u 099u 09t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.63 1.96 257 1.64 195 257 164 196 257
1.20 1.92 2.23 283 1.72 203 264 173 205 2.66
1.40 2.02 2.33 293 177 208 269 180 211 272
1.60 2.09 2.39 3.00 180 212 273 184 215 276
1.80 2.14 2.44 3.04 184 216 2.76 188 219 281
2.01 218 2.48 3.08 1.87 218 278 191 222 283
3.01 230 2.60 3.18 196 227 286 201 232 2091
4.01 2.36 2.66 3.24 201 232 290 206 237 295
5.02 241 2.71 3.27 205 235 294 211 241 299
6.01 2.44 2.73 3.31 208 237 296 213 243 3.01
7.03 247 @ 2.76 333 210 239 298 216 245 3.04
8.03 2.49 2.78 335 212 241 299 218 247  3.05
9.01 2.50 2.79 337 214 243 3.00 220 248 3.06
10.02  2.52 2.81 339 215 244 3.01 221 250 3.07
20.01 2.61 2.89 3.45 223 252 308 229 258 3.14
50.08 2.70 2.98 3.2 232 260 316 238 266 3.21
100.00 2.76 3.02 3.56 237 265 320 244 271 3.25

t4 <- subset(r$table.twosided, boundary == FALSE & order == 1)[, -c(1, 2)]
knitr::kable(t4, row.names = FALSE, digits = 2, caption = "Interior local linear regression")

Table 6: Interior local linear regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.65 1.96 257 164 196 258 1.64 196 2.58
1.20 1.92 2.24 28 1.70 201 263 171 203 265
1.40 2.02 2.33 293 174 205 267 177 208 269
1.60 2.09 2.40 298 178 209 270 1.81 212 272
1.80 2.14 2.45 3.03 1.81 211 272 185 215 275
2.01 218 2.48 3.07 1.83 214 275 187 217 278




t 09u 0950 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

3.01 2.30 2.60 3.18 191 222 283 196 227 2.86
4.01 237  2.66 324 196 226 2.86 202 231 292
5.02 241 2.70 3.28 2.00 230 290 205 235 295
6.01 2.44 2.73 331 2,02 232 292 208 237 297
7.03 247 275 334 204 234 294 210 239 299
8.03 2.49 277 335 206 235 295 212 241 3.01
9.01 251 2.79 337 2.07 237 296 214 242 3.02
10.02  2.52 2.80 3.38 2.08 238 297 215 244 3.04
20.01 2.61 2.89 345 216 245 3.03 223 251 3.10
50.08  2.70 297 351 224 253 310 231 259 3.15
100.00  2.75 3.02 3.56 229 257 314 236 264 3.20

t5 <- subset(r$table.twosided, boundary == TRUE & order == 2)[, -c(1, 2)]
knitr::kable(t5, row.names = FALSE, digits = 2, caption = "Boundary local quadratic regression")

Table 7: Boundary local quadratic regression

t 09u 0950 099u 09t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.64 1.96 258 164 196 257 164 196 2.58
1.20 1.93 2.25 285 1.73 205 266 175 206 267
1.40 2.03 2.34 295 1.79 210 270 182 213 273
1.60 2.09 2.41 3.00 1.83 214 275 187 218 277
1.80 2.14 2.45 3.04 1.87v 218 279 191 222 282
2.01 2.18 2.49 3.08 190 221 281 195 225 285
3.01 230 2.60 3.17 2.00 229 289 204 234 294
4.01 237  2.66 3.22 205 235 293 210 240 299
5.02 241 2.70 3.27 2.09 238 297 214 244 3.02
6.01 2.45 2.73 330 212 241 299 217 246 3.04
7.03 247  2.76 332 214 244 3.01 220 249 3.06
8.03 2.49 2.78 3.34 216 245 3.03 222 251 3.08
9.01 251 2.80 336 2.18 247 3.04 224 252 3.10
10.02  2.53 2.81 337 219 248 3.056 225 253 3.10
20.01 2.61 2.89 3.45 227 256 313 233 262 3.18
50.08  2.70 2.98 3.51 236 264 320 242 270 3.25
100.00 2.76 3.03 3.56 242 2,69 3.23 248 275 3.29

t6 <- subset(r$table.twosided, boundary == FALSE & order == 2)[, -c(1, 2)]
knitr::kable(t6, row.names = FALSE, digits = 2, caption = "Interior local quadratic regression")

Table 8: Interior local quadratic regression

t 09u 0950 099u 0.9t 095t 099t 09e 0.95¢ 0.99e

1.00 1.64 1.95 256 1.64 195 257 164 195 258
1.20 1.92 2.23 283 1.72 203 265 173 204 265
1.40 2.02 2.33 293 177 209 270 180 211 2.72
1.60 2.09 2.40 299 181 213 274 184 215 277
1.80 2.14 2.44 3.00 1.8 216 277 188 220 279
2.01 2.18 2.48 3.08 188 219 279 192 223 282
3.01 230 2.60 3.19 196 227 288 202 232 292
4.01 2.36 2.66 3.26 2.02 232 292 207 238 297




t 09u 0950 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

5.02 241 2.70 3.29 206 236 295 211 241  3.00
6.01 2.44 2.73 331 2.09 239 297 214 244 3.03
7.03 247  2.76 334 211 241 299 217 247  3.05
8.03 2.49 2.7 336 212 243 3.01 219 248  3.06
9.01 2.1 2.79 337 214 244 3.02 220 250 3.08
10.02  2.52 2.81 3.38 215 245 3.03 222 251 3.10
20.01 2.60 2.88 344 224 253 3.09 230 259 3.16
50.08 2.70 2.97 3.52 233 260 316 239 267 3.22
100.00 2.76 3.02 3.56 238 266 321 245 272  3.27

4.2 Tables for one-sided critical values

0ol <- subset(r$table.onesided, boundary == TRUE & order == 0)[, -c(1, 2)]
knitr::kable(ol, row.names = FALSE, digits = 2, caption = "Boundary Nadaraya-Watson regression")

Table 9: Boundary Nadaraya-Watson regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.29 1.66 233 129 166 234 129 166 234
1.20 1.57 1.94 264 135 1.v2 239 136 1.73 241
1.40 1.67 2.04 273 139 176 244 142 179 245
1.60 1.75 2.11 2.79 142 180 247 146 183 2.50
1.80 1.80 2.15 283 146 183 249 149 186 2.53
2.01 184 2.19 2.8 148 1.85 252 152 189 255
3.01 197 231 297 156 193 258 1.62 198 264
4.01 2.04 2.38 3.02 161 197 263 168 203 2.68
5.02  2.09 2.42 3.06 1.65 201 266 1.71 207 271
6.01 2.12 2.45 3.08 1.68 203 268 174 209 274
7.03 215 2.48 3.10 171 205 270 177 211 276
8.03 217  2.50 3.12 172 207 272 179 213 277
9.01 2.19 2.52 3.14 174 209 273 180 214 279
10.02  2.21 2.53 3.16 176 210 274 182 216 281
20.01  2.29 2.62 323 1.83 217 280 191 224 287
50.08 2.40 2.71 331 192 225 287 200 232 294
100.00 2.46 2.7 336 198 230 292 206 237 299

02 <- subset(r$table.onesided, boundary == FALSE & order == 0)[, -c(1, 2)]
knitr::kable(o2, row.names = FALSE, digits = 2, caption = "Interior Nadaraya-Watson regression")

Table 10: Interior Nadaraya-Watson regression

t 09u 0.95u 099u 0.9t 095t 099t 0.9e 0.95e 0.99¢

1.00 1.29 1.66 233 129 166 234 129 166 234
1.20 1.57 1.94 264 135 1.v2 239 136 1.73 241
1.40 1.67  2.04 2.73 139 176 244 142 179 245
1.60 1.75 2.11 2.79 142 180 247 146 183 2.50
1.80 1.80 2.15 283 146 183 249 149 186 2.53
2.01 184 2.19 2.8 148 1.85 252 152 1.89 255
3.01 197 231 297 156 193 258 1.62 198 264




t 09u 0950 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

4.01 2.04 2.38 3.02 161 197 263 168 203 2.68
5.02  2.09 2.42 3.06 1.65 201 266 1.71 207 271
6.01 2.12 2.45 3.08 1.68 203 268 174 209 274
7.03 215 2.48 3.10 171 205 270 177 211 276
8.03 217  2.50 3.12 172 207 272 179 213 2797
9.01 2.19 2.52 3.14 174 209 273 180 214 279
10.02  2.21 2.53 3.16 1.76 210 274 182 216 281
20.01  2.29 2.62 323 1.83 217 280 191 224 287
50.08 2.40 2.71 331 192 225 287 200 232 294
100.00 2.46 2.7 336 198 230 292 206 237 299

03 <- subset(r$table.onesided, boundary == TRUE & order == 1)[, -c(1, 2)]
knitr::kable(o3, row.names = FALSE, digits = 2, caption = "Boundary local linear regression")

Table 11: Boundary local linear regression

t 09u 0.95u 0.99u 0.9t 095t 0.99t 0.9e 0.95¢ 0.99¢

1.00 1.28 1.64 233 129 165 233 128 165 233
1.20 1.57 1.93 259 136 1.72 240 138 1.74 242
1.40 1.67  2.03 269 141 178 246 144 180 247
1.60 1.74 2.10 2.76 146 181 249 149 185 2.52
1.80 1.80 2.15 281 149 184 252 153 188 255
2.01 184 2.19 2.84 152 187 255 156 191 258
3.01 1.96 2.30 295 162 196 262 1.67 201 267
4.01 2.03 2.36 3.02 1.67 201 267 173 206 272
5.02  2.08 2.41 3.04 171 205 270 177 211 276
6.01 2.12 2.44 3.0 1.74 208 272 180 213 277
7.03 2.14 247 3.09 176 210 274 183 216 2.80
8.03 217 249 3.11 179 212 275 185 218 281
9.01 2.18 2.51 3.12 180 214 277 187 220 2.82
10.02  2.20 2.52 3.13 1.82 215 279 188 221 284
20.01  2.29 2.61 3.22 190 223 286 197 229 2091
50.08  2.39 2.70 330 199 231 292 206 238 299
100.00  2.45 2.76 335 2.05 237 296 212 244  3.03

04 <- subset(r$table.onesided, boundary == FALSE & order == 1)[, -c(1, 2)]
knitr::kable(o4, row.names = FALSE, digits = 2, caption = "Interior local linear regression")

Table 12: Interior local linear regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99¢

1.00 1.29 1.66 233 129 166 234 129 166 234
1.20 1.57 1.94 264 135 172 239 136 1.73 241
1.40 1.67 2.04 2.73 139 176 244 142 179 245
1.60 1.75 2.11 2.79 142 180 247 146 183 2.50
1.80 1.80 2.15 283 146 183 249 149 186 2.53
2.01 184 2.19 2.8 148 185 252 152 189 255
3.01 197 231 297 156 193 258 162 198 2.64
4.01 2.04 2.38 3.02 1.61 197 263 168 203 2.68
5.02  2.09 2.42 3.06 1.65 201 266 1.71 207 271




t 09u 0950 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

6.01 2.12 2.45 3.08 168 203 268 174 209 274
7.03 215 2.48 3.10 171 205 270 177 211 276
8.03 217  2.50 3.12 172 207 272 179 213 277
9.01 2.19 2.52 3.14 174 209 273 180 214 279
10.02  2.21 2.53 3.16 1.76 210 274 182 216 281
20.01  2.29 2.62 3.23 183 217 280 191 224 287
50.08 2.40 2.71 331 1.92 225 287 200 232 294
100.00 2.46 2.77 336 198 230 292 206 237 299

05 <- subset(r$table.onesided, boundary == TRUE & order == 2)[, -c(1, 2)]
knitr::kable(o5, row.names = FALSE, digits = 2, caption = "Boundary local quadratic regression")

Table 13: Boundary local quadratic regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.28 1.65 233 128 164 232 128 164 232
1.20 1.57 1.93 261 137 173 240 139 175 241
1.40 1.67  2.03 269 143 178 245 146 182 247
1.60 1.74 2.09 274 148 1.83 250 1.51 1.86  2.53
1.80 1.79 2.14 2.79 152 187 253 156 191 257
2.01 184 2.19 283 1.55 190 256 159 195 2.60
3.01 1.96 2.30 295 165 199 265 170 2.04 2.69
4.01 2.03 2.36 3.00 1.71 205 271 176 209 275
5.02  2.08 241 3.03 175 209 274 181 214 279
6.01 2.11 2.45 3.06 1.78 212 277 184 217 282
7.03 2.14 2.47 3.08 1.81 214 279 187 220 284
8.03 217 249 3.11 1.83 216 2.81 189 222 286
9.01 2.19 2.51 3.13 1.84 218 282 191 224 287
10.02  2.20 2.53 3.14 186 219 283 192 225 288
20.01 2.30 2.61 3.21 195 227 290 201 233 295
50.08 2.40 2.71 329 204 236 297 211 242 3.03
100.00 2.46 2.76 334 210 241  3.02 217 247  3.08

06 <- subset(r$table.onesided, boundary == FALSE & order == 2)[, -c(1, 2)]
knitr::kable(o6, row.names = FALSE, digits = 2, caption = "Interior local quadratic regression")

Table 14: Interior local quadratic regression

t 09u 095u 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

1.00 1.29 1.65 232 129 1656 233 128 1.65 232
1.20 1.57 1.93 259 136 1.72 241 138 174 242
1.40 1.67  2.03 2,70 142 178 247 145 181 248
1.60 1.74 2.10 277 146 1.82 249 150 1.85 2.53
1.80 1.80 2.15 281 149 186 252 154 189 2.56
2.01 184 2.19 2.84 152 188 255 157 193 259
3.01 1.96 2.31 295 1.62 197 2.63 1.68 2.02 2.68
4.01 2.03 237 301 168 202 267 174 208 273
5.02  2.08 241 3.06 172 206 272 178 212 2.77
6.01 2.12 2.44 3.08 1.75 209 274 181 215 279
7.03 2.14 2.47 3.10 177 211 277 184 217 282




t 09u 0950 099u 0.9t 095t 099t 0.9e 0.95¢ 0.99e

8.03 217 249 312 179 213 278 186 219 283
9.01 219 251 3.13 1.81 214 279 188 221 284
10.02 2.21 2.52 3.14 1.83 216 2.80 189 223 285
20.01 230 261 323 191 224 287 198 231 293
50.08 240 270 331 200 233 295 207 240 3.01
100.00 2.46  2.76 3.35 206 238 298 213 245 3.05

4.3 Graphs

Critical values for local constant and local linear regression in the interior:

r$cv.interior
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Critical values for local constant and local linear regression at the boundary:
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5 Critical values based on extreme value approximation

The package also provides a function EVSnoopingCV that calculates critical values based on a further extreme
value approximation to the Gaussian process. Its use is not recommended, however. The following figure
compares these critical values with those based directly on the Gaussian process.

Order “0” corresponds to Nadaraya-Watson or local linear regression in the interior, and order “1” to local
linear regression at a boundary.

p <- PlotEVSnoopingCV()
p + ggplot2::ylab("Critical value") + ggplot2::xlab("$\\overline{h}/\\underline{h}$")
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