MuLCowm 2.00

Econometric Toolkit for Multiple Comparisons

PETER REINHARD HANSEN
Department of Economics, Stanford University,
Landau Economics Building, 579 Serra Mall,
Stanford, CA 94305-6072, USA

& CREATES

ASGERLUNDE
School of Economics and Management,
University of Aarhus
Bartholins Al 10, Aarhus, Denmark
& CREATES

Email: alunde@econ.au.dk




Contents

Preface Vi
Chapter 1  Introduction and Installation 1
1.1 Disclaimer. . . . . . . e 1
1.2  Availability and Citation . . . . . . . . . . . . . . .. 1
1.3 Installation . . . . . . .. 2
131 The filesnulcom.zip . . . . . . . ... 2
1.4 USINgMULCOM . . . o it e e e e e e e e e e 3
141 Console Application. . . . . . . . . ... 3
1.4.2 OxEdit Application. . . . . . . . . . . .. . .. e 3
1.4.3 OxPack Application though OxMetrics . . . . .. .. ... ... ..... 3
1.5 Sample session usifguLCom inOxPack . . . ... ... ... ... ........ 3
Chapter2  Tests for Superior Predictive Ability 8
2.1 Whatisthe Testfor SPA? . . . . . . . . . 8
2.1.1 SPAp-values. . . . . . . .. e 9
2.1.2 Critical values for 10%, 5%, and 1%. . . . . . . . ... ... ... .... 9
2.13 Relation to the Reality Check . . . . . ... ... ... ... ....... 9
2.2 Interpreting SPAResuUlts. . . . . . . . 10
2.3 OxEditApplication . . . . . . . . . . e 11
2.3.1 User specified loss function . . . . . . ... .. ... ... ........ 12

2.4 OxPack Application. . . . . . . . . . . . . e 13



Contents

i
Chapter 3  Model Confidence Set 15
3.1 WhatisaMCS? . . . . . . e 15
3.2 Theory for General Confidence Set . . . . . . ... ... ... ... ........ 16
3.2.1 MCSp-Values . . . . . . . . e 16
3.2.2 Equivalence Tests and EliminationRules. . . . . . ... ... ... ... 17
3.3 Interpreting MCSResults . . . . . . . . . . . ... e 18
3.4 OxEditApplication . . . . . . . . . .. e 19
3.5 OxPack Application. . . . . . . . . . . . . e 21
Chapter4  MulCom Reference 24
4.1 MULCOM SUMMAIY. . . . v i e i e e e e e e e e e e e e e e e e e e e e e 24
4.2 MuLCom memberfunctions. . . . . . . . . ... 24
Bibliography 28
Index 29
HANSEN& L UNDE 2010 Contents



List of Figures

1.1
1.2
1.3
1.4
15

OxPack: Selection of multiple comparison module. . . .
OxPack: Data Selectionwindow . . . . . ... ......
OxPack: Data Selectionwindow . . . . . . ... .....

OxPack: Selection of SPA and/or MCS; Loss function astidgtistics.. . . . . . . . .

OxPack: Selection of Sample, Bootstrap, and outpuhgstt



List of Programs

2.1
2.2
3.1
3.2

Testing for SPAusing OxEdit. . . . . . . . . . . .. . . . .. .. . . 11
Testing for SPA with an user specified loss function . . . . . . .. ... ... .... 12
Estimatinga MCSusing OxEdit . . . . . . . . .. .. ... .. .. .. .. .. .... 20

Estimating a MCS with an user specified loss function. . . . . . ... ... ..... 21



List of Outputs

2.1 SPAtestres
3.1 MCSresults

UILS. . . e e e e



Preface

This program grew from a series of papers written by autharing the period 2000-2003. Financial
support from the Danish Research Agency, grant no. 24-@3-08 gratefully acknowledged.

Peter R. Hansen and Asger Lunde
September 2007

Version 2.00 follows the publication of Hansen, Lunde andda(2010). To this version there has
been a few updates to the MCS part of the code. Most impoyfaht Tpax Statistic is now the default
option in the MCS procedure. Moreover, some new methods ées bdd for accessing the estimated
MCS and for controlling the amount of output that is printecg¢reen.

Peter R. Hansen and Asger Lunde
September 2010



Chapter 1

INTRODUCTION AND INSTALLATION

This documentation describes thvLCom (Multiple Comparison) package version 2.00 for Ox 5 or
later, see Doornik (2006).

MuLCowm is a package that provides tools for simultaneous compaxg@ny number of models.
MuLCowm is designed for forecasting evaluation to analyze whethgaanong a set of competing models
are significantly better than the others, in terms of pragicccuracy. It is however, applicable to a much
wider range of problems. It can be applied in any setting @lo@e what to compare the means of two or
more populations.

The current implementation dfluLCom can do two things. Test for Superior Predictive Ability
(SPA) and estimate a Model Confidence Set (MCS). The testRériSthat of Hansen (2005) which is
similar to thereality checkby White (2000). The key difference is that the SPA-test isarmowerful in
many situations. Both the test for SPA and the reality cheekimplemented irMuLCom . The MCS
methodology is due to Hansen et al. (2010).

MuLCowm is a class written in Ox (see Doornik, 2006), and it is used hyirvg small Ox programs
which create and use an object of thie@LCom class. Some knowledge of Ox will be required when
usingMuLCowm in this way.

MuLCoMm can also be used interactively in conjunction with OxPackJdaMetrics (see Doornik and
Hendry, 2006). This is probably the easiest way to use thgramo, but it requires access to this software.
Below we will give examples of applications, both using tbagole- and the interactive version.

1.1. Disclaimer

This package is functional, but no warranty is given whateneThe most appropriate forum to discuss
problems and issues related to theLCom package is the ox-users discussion grodmy bugs, typos in
the manual, or suggestions for improvements should betegbts Asger Lunde (email: alunde@asb.dk)
and will be greatly appreciated.

1.2. Availability and Citation

TheMuLCowm package is available atit.econ.au.dk/vip _htm/alunde/mulcom/mulcom.htm
The use oMuLCowm is free provided that it is cited in any application.

1seewww.mailbase.ac.uk/lists/ox-users
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The package must be cited whenever it is used. When testi8§Accite also Hansen (2005),
and/or when estimating a MCS please cite Hansen et al. (2010)

To use the package you must have one of the following confiigmsaon your computer:
e Ox version 4.00 or later. For academic use, a free versiorxag @vailable from the web site.

http://www.doornik.com/ox/

e Ox Professional and OxMetrics. Which can be purchased fhanfidilowing web site.

http://www.timberlake.co.uk/

1.3. Installation

1. Make sure you have properly installed Ox version 4.00 @r.larheMuLCom package does not
work fully with earlier versions of Ox. Type oxl at the comnaaprompt to check.

2. Unzipmulcom.zip to theox\packages folder.
3. Read the read.me file for info on the last updates.

4. If Ox has been installed properly, this will allow usingtMuLCom package from any directory.
To use the package in your code, add the command

#import  <packages/MulCom/MulCom >

at the top of all files which require it.

1.3.1. The filesmul com zi p

Program files
e Mulcom.oxo -the complied source code
Example programs

e Inflation-SW-tab2-SPA-v01.0x - useMuLCom to test for SPA in the model space in
Table 2 in Stock and Watson (1999).

¢ Inflation-SW-tab2-SPA-v02.0x - produce the same output as the former program, but
shows how the user can specify an alternative loss function.

e Inflation-SW-tab2-MCS-v01.0x - useMuLCowm to estimate a MCS in the model space in
Table 2 in Stock and Watson (1999).

Included sample data sets

e tab2-data-1.xls ,tab2-data-2.xls ,tab2-data-3.xlIs ,tab2-data-4.xls -The
forecasts used to produce Table 2 in Stock and Watson (1999).

HANSEN& L UNDE 2010 1.3. Installation
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1.4. UsingMuLCowm

MuLCom can be used in one of three ways.

1. Applying Ox to your program file (th@x ) in a MS-DOS console.
2. Runing the program from OxEdit.

3. Applying OxPack, together with Ox Professional and Oxidst

In the following sections we give the basics of these methods

1.4.1. Console Application

To run a program at hand (e.pflation-SW-tab2-SPA-v01.0x in chapter2), from the command
prompt in a console window.simply type

oxl Inflation-SW-tab2-SPA-v01.0x

1.4.2. OxEdit Application

Openlnflation-SW-tab2-SPA-v01.0x (see Prograr@.1on pagell) in OxEdit and presgCtrl]+r
For how to use Ox in conjunction with OxEdit consult DoornitdeOoms (2005).

1.4.3. OxPack Application though OxMetrics

Installation of the interactive version dfuLCowm :

1. InstallMuLCowm into ox/packages/mulcom  as described above.

2. OxPack requires a properly installed OxMetrics versid®4r later. Check the version number in
the OxMetrics Help menu.

3. Start OxMetrics, and then OxPack from the OxMetrics Meduhenu. From the OxPack Package
menu choosédd/Remove Package. LocateMulCom.oxo (in the MuLCom folder) using the
Browse button, and pregsid.

1.5. Sample session usinguLCom in OxPack

If a data set is open in OxMetrics, then you are now ready toMuseCom . From the OxPack Pack-
age menu choos®luLCom . The title bar of the OxPack window showsuLCowm is loaded and the
messagéMulCom package version 1.00, object created on ... is displayed in the Ox-
Metrics Results window

When you start OxPack it looks as shown in Figliré To start comparing models you simply select
Formulate in the Model drop down window. If you do so then tlf@rmulate dialog will appear, and if you
opened the data filéab2-data-1.xls , then this window will look as shown in Figute2

HANSEN& L UNDE 2010 1.4. Using MuLCOM
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Docurerts 2w | —m—————— OxPack at 15:51:37 on 04-Sep-2007 ———————————
il Data
;:g;?: tahz-dats-1,xls Ox wversion 4.1 (Windows/U) (C) J.A. Doornik, 1994-2006&
q_j Graphics MulCom package wversion 1.00, okbject created on 4-02-2007
[[j Code By Asger Lunde and Peter R. Hansen
;[j Text
[Z] Results & DxzPack (=] 7]
&l Modules File Package Model Test Help
= h;?dl::@RCH ‘@ . i v Compare Models
# PoGive Compars Modsls Farmulate. .. A+
% STAMP Model Settings... Al
# E stimate. .. A+l
##
H Frogress..
HE OwPack ]
# OxRun Options. . alt+0
4 O - inkeractive

Figure 1.1: OxPack: Selection of multiple comparison medul

Formulate - Compare Models - tab2-data-1.xls

Seleckion Lags Database

Nong ‘VI Cbs

MoChange
uniar
dtip
dtgmpyq
dtrsmkg
dtpnag
< ipxmca
hsbp
e Ihrnuzs
ip
gy
msmkg
Ipnag
dipxrica
dhsbp
dikmuzs
dlhur
base

Clear==

Set

I Ok l [ Cancel ]

Figure 1.2: OxPack: Data Selection window

In theDatabase area you see all the variables that are available in yoursgatd-or use witthMuLCom

HANSEN& L UNDE 2010 1.5. Sample session using MULCOM in OxPack
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these variables will typically be forecasts, forecasterstror some kind of performance score. You move
the variables that you want to compare into S&dection area using the controls between the areas. From
the dropdown menu just below tiselection area you can label your selection of variables as follows.

e Ex Post Obs: The variable marked with a@ is the variable containing the ex post observations of
the entity to be forecasted.

e Benchmark: The variable marked with R is the variable containing the forecasts of the benchmark
model.

e Predictor: The variables marked with B contain the forecasts of the models which are to be
compared with the benchmark or each other.

To illustrate the use of theata selection window we have made some selections that are shown in Figure
1.3

Formulate - Compare Models - tab2-data-1.xls
Seleckion Lags Database
Nong ‘VI Cbs
MoChange
T uniar
T deip dip
P dtompyy gtgmpvq
P dtmsmtg d:i:-nsmtq
P dtlpnag ipx?_:ca;
P ipxmca hsbp
F hsbp lhmuzs
P lhmuazh ip
Fip ampyq
P ooupyy msmkg
P msmto Ipnag
P lpnag dipxrica
I dipxmeoa dhsbp
P dhshp dlhmuzs
P dlhmuzs dibur
P dlhur base
I 84 l [ Cancel ]

Figure 1.3: OxPack: Data Selection window

If you click OK then theModel Settings menu will appear as in Figurk4. Here you must choose if you
want to test for SPA or estimate a MCS.

HANSEN& L UNDE 2010 1.5. Sample session using MULCOM in OxPack
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(s st Compoeesss SO =)
Select procedure(s):
SPA [
MCS
Alpha for MCS: 1
Spedfic test/loss function (select below) @
Al combinations of test statististic and default loss functions ()

Loss function (SPA or MCS):
MSE
MAE

MNone {compare means)

Test statistic (SPA):
Studentized maximum (SPA)
Maximum (RC)

Test statistic (MCS):
Quadratic

F

Deviation

Range

Semi-guadratic

Max t

Figure 1.4: OxPack: Selection of SPA and/or MCS; Loss fuamcéind test statistics.

You must also specify a loss functiomMurLCom currently offers the choice of two predefined loss
functions, and a third optiorjlone (compare means), that can be used to implement any other loss
function. This option simply invoke the test for SPA or a MQSthe mean of the selected variables. So
by appropriately transforming the variables in advancedsgided loss function will be used. Finally, a
test statistics must be specified in order to test for SPA aptopute a MCS. We return to the available
statistics in Chapter@ and3.

Note that you can hawduLCom do all combinations of the available Loss functions anddesistics.

HANSEN& L UNDE 2010 1.5. Sample session using MULCOM in OxPack
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,

Bootstap Settings

Block length for Block Bootstrap 2
Dependence of Stationary Bootstrap .5
MNumber of resamples 10000
Screen cutput Settings
Silent
_ Final results @
Estimate - Compare Models Al

Choose the estimation sanmple: =

Selection sample 1-163 Save MCS info file

Estimation skarts at 1 Path name: C:\MCSout)

Estimation ends st 168 File name: MCSinfo
Default
Reset default [l

Figure 1.5: OxPack: Selection of Sample, Bootstrap, anduisettings.

Upon clickingOK you can in theestimate Model menu (see Figurg.5) select the desired sample, and
through theOptions menu (see Figur#.1) the settings for the bootstrap, and output to screen anchéile
be altered.

We will return to the output of both a SPA and a MCS sample sassihen we have explained what
these concepts cover.

HANSEN& L UNDE 2010 1.5. Sample session using MULCOM in OxPack



Chapter 2

TESTS FOR SUPERIOR PREDICTIVE ABILITY

2.1. What is the Test for SPA?

The Superior Predictive Ability test is a test that can beduse comparing the performances of two or
more forecasting models. The forecasts are evaluated agmgspecified loss function, and the “best”
forecast model is the model that produces the smallest teghémss. Two loss functions are predefine in
the SPA code the two are: the Mean Squared Emmej and Mean Absolute Deviatiom@d).

Let L(Y,, Y;) denote the loss if one had made the predict}bnwhen the realized value turned out to
beY;. The performance of modé&l relative to the benchmark model (at tirje can be defined as:

det = LY, Yor) — L(Ye, Yieo), k=1,...,m, t=1,...,n.

The question of interest is whether any of the modiels 1, ..., m are better than the benchmark
model. To analyze this question we formulate the testalpetmesis that the benchmark model is the best
forecasting model. This hypothesis can be expressed paieaatlg as

Ho : w = E[dkt] <0, foralk=1,..., m. (2.1.1)
For notational convenience, we definerasdimensional vectop by

251 dl,t
Mm dm,t

Since a positive value gf, corresponds to modé&lbeing better than the benchmark, we want to test the
null hypothesis stated ir2(1.1). The equivalent vector formulation is

Ho: n <O.

One way to test this hypothesis is to consider the test titatis

1/23

N+ “dy

TSPA= max——,
k Wk

where
_ 10"
dy = - ;dk,t,
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and
& = var(n*?dy),
is a consistent estimator of the asymptotic variam,i% limn_ o Var(n2dy).
Under the regularity condition it holds that
d
n-Y2TSPA- max— 5 max .
Kk wg k  wg

which is greater than zero if and only,if, > 0 for somek. So we can tesHy using the test statistic
T.>PA The only remaining problem is to derive the distributionTgi™# under the assumption of a true
null hypothesis. Testing multiple inequalities is more @licated than testing equalities (or a single
inequality) because the distribution is not unique underrthll hypothesis. Nevertheless, a consistent
estimate of thg-value can be obtained, as well as an upper and a lower bonddhase are thp-values
produced by the SPA program. The test for SPA have been dppfiemong other Hansen and Lunde
(2005) and Koopman, Jungbacker and Hol (2005).

2.1.1. SPAp-values

The upper bound is thp-value of a conservative test which tacitly assumes thaihalcompeting models
(k =1,...,m) are as precisely as good as the benchmark in terms of exiplest®(11; = -+ = uy).
The lower bound is theg-value of a liberal test whose null hypothesis assumes twitrtodels with
worse performance than the benchmark are poor models inntiite Therefore, these can be viewed
as asymptotic upper and lower bounds for the acpsablue, respectively. The consistepivalue is
produced by the test for SPA of Hansen (2005). This test wjlhgptotically determine which models are
worse than the benchmark and asymptotically prevent them fnfluencing the estimated distribution
of the test statistic, as should be the case. While the cemser test is sensitive to including poor
and irrelevant models in the comparison, the consistentliaedal tests are not affected, at least not
asymptotically.

2.1.2. Critical values for 10%, 5%, and 1%

Sincep-values are designed to control for the size of a test, theyarinformative of the power of a test,
which is the probability of rejectingdo whenH; is true. When you fail to reject the null hypothesis, the
critical value can be informative about the power of a testdgfinition, the critical values show how well
a model would need to perform (in standardized performalgé) in order to reject the null hypothesis
and conclude that a competing model is better than the bestthm

If the critical values are large, it suggests that the daganat very informative about the hypothesis
of interest. Hypotheses testing using relatively uninfatie data results in tests with low power. Lack
of power in the present context makes it difficult to discoesuperior model, even if one existed. It is
therefore useful to pay attention to critical values when3iPA test yields insignificarg-values.

2.1.3. Relation to the Reality Check

The SPA test differs from White’s reality check in two wayfelSPA test employs a different test statistic
and is based on the consistent null distribution.

HANSEN& L UNDE 2010 2.1. What is the Test for SPA?
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The reality check is based on the statistic

TRC = mkaxnl/zdk.

As is the case foff,>PA the asymptotic distribution of R¢ depends on the number of inequalities in
(2.1.] that are binding. For this statitics one can also constowetr and upper bounds fa-values. The
reality check is based on the conservative upper bqumdlues.

2.2. Interpreting SPA Results

When running the standard configuration of the test SPA ugimgCowm the result will appear as displayed
in Output2.1

Ox version 3.30 (Windows) (C) J.A. Doornik, 1994-2003
MulCom package version 0.1, object created on 13-10-2003
By Asger Lunde and Peter R. Hansen
—————— TEST FOR SUPERIOR PREDICTIVE ABILITY  ------
SPA version 1.12, March 2003. (C) 2001, 2002, 2003 Peter R. Ha nsen
Number of models: 1=18
Sample size: n=168
Loss function: mse_spa
Test Statistic: TestStatScaledMax()
Bootstrap parameters: B=1000 (resamples), q=0.5 (depende nce)
Model number Performance  t-stat "p-value"
Benchmark 0.00000 -0.00108 = =
Most Significant 11.00000 -0.00047 3.48586 0.00300
Best 11.00000 -0.00047 3.48586 0.00300
Model_75% 16.00000 -0.00054 3.07528 0.00300
Median 6.00000 -0.00056 2.89055 0.00699
Model_25% 5.00000 -0.00062 2.58918 0.00899
Worst 14.00000 -0.00073 2.13435 0.02597
Lower Consistent Upper
SPA p-values: 0.00300 0.00300 0.00300
Critical values: 10% 1.67521 1.67521 1.67521
5% 2.11804 2.11804 2.11804
1% 2.80970 2.80970 2.80970

Output 2.1: SPA test results. For code see Progtdm

This output can be divided into three parts. The first partaios descriptive statistics, such as the
number of competing models, sample size, bootstrap paeaspedtc. The second part informs about
model performance, and six pair-wise comparisons. The sidais being compared to the benchmark
model are: (1) The "Most Significant” model is the model thatllthe most “significant” performance
relative to the benchmark model in the sample being anajyasil(2-6) those models with a performance
that corresponded to the 75%, 50% (median), 25%, and 0% tjveprantile of model performances. This
provides some information about the population of moddigparances in the sample being analyzed. The
Performance is measured in terms of the loss function that has been sgebtifi the user, in this case
the mean absolute deviatiomé&d) has been used, another predefined loss-function is the sugened
error (mse). Thet-stat  indicates the significance of a model's performance redativthe benchmark

HANSEN & L UNDE 2010 2.2. Interpreting SPA Results
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model, although it is important to note that this statissioétt-distributed, and thep-value " reported
next to it cannot be interpreted agavalue, rather it is a number that is calculated likp-galue, but it
ignores the search over models that preceded the sele€¢tiom model being compared to the benchmark.

The third part contains the relevant information for tegtihe hypothesis that the benchmark model
is the best forecasting model. The SPA/alue takes the space of models into account and the SPA-
Consistentp-value instructs you if there is evidence against the hyggith A low p-value (less that
.05-.10 say) informs you that the benchmark model is infeédane or more of the competing models.
A high p-value tells you that there the sample being analyzed doegi@ld strong evidence that the
benchmark is outperformed. The number the left (right) efSfPA-Consisternp-value, is a lower (upper)
bound for the truep-value. Critical values at the 10%, 5%, and 1% significaneel¢eare given below
the SPAp-values.

2.3. OxEdit Application

In this section we show how to uséuLCom through in OxEdit. In Prograr2.1we present the sample
code that produced OutpRtl

Code (C) Lunde & Hansen, 2007

FILE: Inflation-SW-tab2-SPA.ox
Example: Use MulCom to Test for SPA

* ok ok k% ok Ok

....................... */

#include <oxstd.h>
#import <packages/MulCom/MulCom>

main()

/I Declare MulCom object
decl MCobj = new MulCom();

/I Get dataset
MCobj.Load("data/tab2-data-1.xIs");

/I Select realization, benchmark, and forecasts
MCobj.Select(O_VAR, {"Obs",0,0} );
MCobj.Select(B_VAR, {"NoChange",0,0} );
MCobj.SelectBylndex(P_VAR, <2:23>, 0, 0 );

/I Select sample period
MCobj.SetSelSample(-1, 1, -1, 1);

/I Select test specification
MCobj.Do_SPA(0.5,10000); /I Prob. for stationary bootstr ap, and
1 # bootstrap resamples.
MCobj.Set_Loss("'mse"); /I Loss func.: "mse", "mad", "iden t"
MCobj.Set_TestStatSPA("TestStatScaledMax"); // Test st at.: "TestStatScaledMax",
1 "TestStatMax"
MCobj.DoEstimation();

delete MCobj;

Program 2.1: Sample codeflation-SW-tab2-SPA-v01.0x to testing for SPA using OxEdit

The lines of codes does the follwing:

HANSEN & L UNDE 2010 2.3. OxEdit Application
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decl MCobj = new MulCom(); declare an object of thduLCowm class.
MCobj.Load("data/tab2-data-1.xIs"); reads in the relevant data set.

MCobj.Select(O VAR, "Obs",0,0 ); specify the target of the forecast.

MCobj.Select(B VAR, "NoChange",0,0 ); specify the benchmark.

MCobj.SelectByIndex(P VAR, <2:23 >, 0, 0 ); specify the forecasts to be included in the
comparison.

MCobj.SetSelSample(-1, 1, -1, 1); select the sample size.

MCobj.Do SPA(0.5,10000);  settings for boostrapping. The first number is the deperelpatam-
eter for the stationary bootstrap, and the second is the auoflibootstrap resamples.

MCobj.Set _Loss("mse");  select the loss function.

MCobj.Set _TestStat("TestStatScaledMax"); select the test statistics.
MCobj.DoEstimation(); run the test.

delete MCobj; delete theMuLCowm object.

To run the program in OxEdit simply pressntrol-r. For more details regarding Ox in conjunction
with OxEdit consult Doornik and Ooms (2005).

2.3.1. User specified loss function

Alternatively one may desire some other loss function. logPam2.2 we present some code that also
will produce Outpu2.1, but with the loss function designed before callviobj.Do _SPA

/I Get dataset
MCobj.Load("data/tab2-data-1.xIs");

decl alldata = MCobj.GetAll();
alldata = (alldata[][O]-alldata[][1:])."2;

/I replace the forecast with forecast errors
MCobj.Renew(alldata,MCobj.GetAlINames()[1:]);

MCobj.Set_Loss("ident");  // Loss func.: "mse", "mad", "id ent"

Program 2.2: Sample codeflation-SW-tab2-SPA-v02.0x to testing for SPA with an user
specified loss function.

The interesting lines of codes are:

decl alldata = MCobj.GetAll(); extract the data matrix from tHdCobj object.
alldata = (alldata[][O]-alldata[][1:])."2; for each a every date and model, compute
the squared forecast error.

HANSEN & L UNDE 2010 2.3. OxEdit Application
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MCobj.Renew(alldata,MCobj.GetAlINames()[1:]); replace all forecasts with the corre-
sponding squared forecast error.
MCobj.Set _Loss("ident");... the loss function must be changed'ident”  as the actual

losses have already been specified.

2.4. OxPack Application

Below we show the sequence of screen shots that will produtpu®2.1. tab2-data-1.xls must
be open in OxMetrics:

e % o | @R G = [ a4

Docurients : 4 Ohs | NoChange | uniar deip dt g'mpyql dt.msmt.q|:'\:
1] Data 1 -.01z0&7) ] .0011752 _001146€ -, 0003096 7.16e-5|
123 tah2-data-1.uls B -.01lE955 o 001764 _O0Z0462 3.17e-E 0005521 |
] Graphics 3 -. 0193976 o 0012111 _0016184 - 0003672 0004665
[ Code 4 - 0z1782 o 0051114 _O055362 .0039151 0043846
] Text 5 .0llg708 o .0325163 0330899 . 031Z44% 0320276
(2] Resuls & -. 0191339 ] .001774E 0023471 . 0004077 .0013119
i#l Modules
- % Model 7 .0l188Es ] .0230707 .0zez7s81 .0Z7274E .0Z8E27E
# G@RCH a _OL18E77 o _0z37408 _0Z38E98 .0z19043 .0zz8073
# PoGive a -. 0213759 0 -.0071045 -_0071925 -_ 0091827 -_ 0081878
# STAMP 10 - 0237046 o -.00640% - 0068843 -. 0069818 -_ 0080828
-] 11 -. 0260167 0 -.0091331 -.0l00463 -.0Ll21853 -.01l2092
w 1z -. 0283123 ] -. 008185 -.0092248 -.0Ll14325 -_009960%
w N 13 001949 ] .0219468 _DZ0342E .0l83E53 .0187046
B 14 .D3E5046 ] .0482311 .D4EGE1E . 043538 .047074
HF OxRun
) ) 15 00436329 o .0lg2813 0146447 _012579% _01E5170%
HF O - inkeractive
# WiZarima 1e 0043545 o _0l&63728 _OL17628 _ons6z4l _0l23562
17 -. 0279529 0 -.0l46l37 -.0l92457 -.02Z20241 -.0191298
1s -. 0302069 0 -.0l8E701 -.0220381 -.0DZ23054 —-_0Z0E539
13 -. 0004648 ] .008E073 .00Z398E E.3Ee-5 0045338
< | 0 EY z0 -. D004E26 ] 0079388 .001288 -.000E7EL - 0046596 1
Help i ¢ I >
Obs 1] - 2067

Then start OxPack and invoké&uLCowm . SelectFormulate in the Model drop down window. Now make
selections such that ttgelection area appears as below.

HANSEN & L UNDE 2010 2.4. OxPack Application
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Okb=
NoChanoge
uniar
dtip

dt g
dtmsmt o
dt lpnae
ipxmoa
h=bp
lhmu s
ip
L=t
WEmE o
lpnag
dipxmea
dh=shp
dlhmuz 5
dlhur
hase

When clickingOK the Model Settings menu will appear. The setting should be as follows:

Select procedure(s):
SPA
MCS
Alpha for MCS:
Spedfic test/loss function {select below)

Loss function (SPA or MCS):
MSE

MAE

MNaone {compare means)
Test statistic (SPA):
Studentized maximum (SPA)
Maximum {F.C)

Test statistic (MCS):
Quadratic

F

Deviation

Range

Semi-guadratic

Max t

All combinations of test statististic and default loss functions

o=

@ @ ~

30 0 Q 0@ 3

|:§:| GG o3

-
Maodel Settings - Compare Models E

The selection in th@est statistics (MCS) part has no effect when testing for SPA.

HANSEN& L UNDE 2010
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Chapter 3

MODEL CONFIDENCE SET

3.1. Whatis a MCS?

The objective of the model confidence set (MCS) procedure dketermine the sett*, that consists of
the ‘best’ model(s) from a collection of model$s4o, where ‘best’ is defined in terms of a criterion that is
user-specified. The MCS procedure yields a model confidestcd &, that is a set of models constructed
to contain the best models with a given level of confidencee Todels inAM* are evaluated using
sample information about the relative performances of tedeats in M. Thus, the MCS is aandom
data-dependent set of models that includes the best foiregasodel(s), as a standard confidence interval
covers the population parameter.

An attractive feature of the MCS approach is that it ackndgés the limitations of the data. Informa-
tive data will result in a MCS that contains only the best modess informative data makes it difficult
to distinguish between models and may result in a MCS thabtamnseveral (or possibly all the) models.
Thus, the MCS differs from extant model selection critehiattchoose a single model without regard to
the information content of the data. Another advantageasttie MCS procedure makes it possible to
make statements about significance that are valid in thé@itnaal sense. A property that is not satisfied
by the commonly used approach of reportipgzalues from multiple pairwise comparisons. Another at-
tractive feature of the MCS procedure is that it allows fa flossibility that more than one model can be
the ‘best’, i.e.,M* may contain more than a single model.

A MCS is constructed from a collection of competing objectd,, and a criterion for evaluating
these objects empirically. The MCS procedure is based agaivalence test »¢; and anelimination
rule, exs. The equivalence test is applied to the set of objeets= M,. If S, is rejected, there is
evidence that the models i are not equally ‘good’ ané,, is used to eliminate an object with poor
sample performance frooé. This procedure is repeated uniil is ‘accepted’, and the MCS is now
defined by the set of ‘surviving’ models. The same signifiealevel,«, is employed in all tests, which
asymptotically guarantees thB(M* C '/T/l\*]ifa) > 1 — «, and in the case whet&1* consists of one
object we have the stronger results that,lim, P(M* = Ajfa) = 1. The MCS procedure also yields
p-values for each of the models. For a given madel M, the MCS p-value, f, is the threshold at
whichi € /T/l\*l‘_a, if and only if B > «. Thus, a model with a small MC§-value makes it unlikely that
modeli is one of the ‘best’ models (is a member.of*).
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3.2. Theory for General Confidence Set

In this section, we briefly review the theory of model confickesets for general objects, using the com-
parison of forecasting model as our leading example. Foerdetails the reader should consult Hansen
et al. (2010).

Consider a setM,, that contains a finite number of models, indexed by 1, ..., mg. The objects
are evaluated over the sample= 1,...,n, in terms of a loss function and we denote the loss that is
associated with objectin periodt asL ;.

Define the relative performance variabtgs = Li—L, foralli, j € My. Then the set of superior
objects is defined by

M= {i e Mp: E(dij’t) <0 forall j € Mp}.

In the following, we denote by the complement to\1*, and use* andi' to represent typical
elements ofM* and MT, respectively.

The objective of the MCS procedure is to determii€. This is done through a sequence of sig-
nificance tests, where objects that are found to be signtficamferior to other elements oM are
eliminated. The hypotheses that are being tested take time fo

Hop i E(dj) =0  foralli,j e M, (3.2.1)

whereM C M. We denote the alternative hypothests(@ij ;) # O for somei, j € M) by Ha 1.

The MCS procedure is based on equivalence test »,, and anelimination rule ex,. The equiva-
lence test§ o4, is used to test the hypothest 1, for any M c M,,? andey, identifies the object oM
that is to be removed from\1, in the event thaHp ¢ is rejected. Hence, the MCS Algorithm is based on
the following three steps:

Step 0: Initially setM = M.
Step 1: TesHg ¢ Usings o at levela.

Step 2: IfHo \ Is ‘accepted’ we define thé/l\*l‘_a = M, otherwise we usey,, to eliminate
an object fromM and repeat the procedure beginning with Step 1.
The set,/\//ﬁ;a, which consists of the set of ‘surviving’ objects (thosettbarvived all tests without
being eliminated) is referred to as thredel confidence set

3.2.1. MCS p-Values

To define the MCSp-values, letmy denote the number of elements m,. Moreover, suppose for
simplicity that the elements oM, = {1,..., mo} are ordered such th&t = exq, where My, =
{k,k+1,....,mo}, k =1,...,mo. Henceeprq, = erq,, = 1is the first model to be eliminated in the
event thatHO,M(l), is rejectedeM(z) = 2 is the next model, etc.

Definition 3.1 (MCS p-values) Let p(k) be thep-value of the hypothesill A, with the convention:
p(me) = 1. The MCSp-value for model € My is defined by = max<; p(k).

Lin the situation where a point forecaﬁ’t,t, of Y is evaluated in terms of a loss functidn, we defineL = L(VYt, \A(i,t).
2We lets 4 = 0 ands o4 = 1 correspond to the cases whetg 1 are ‘accepted’ and ‘rejected’ respectively.

HANSEN & L UNDE 2010 3.2. Theory for General Confidence Set
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The following table describes how the MGBvalues are defined and how they relate to prealues
of the individual testsp(k), k =1, ..., mq.

e p-value ofHo r1,, MCS p-value
1 p(l) = 0.01 p; = 0.01
2 p(2) = 0.04 p. = 0.04
3 p(3) = 0.02 ps = 0.04
4 p(4) = 0.03 ps = 0.04
5 p(5) = 0.07 ps = 0.07
6 p(6) = 0.04 Ps = 0.07
7 p(7) =0.11 p; =0.11
8

p(8) = 0.25 Pg = 0.25

Mo p(mp) = 1.00 Prm, = 1.00

The MCSp-values are convenient because they make it easy to detemhiether a particular object
isin /\71_“. Thus, the MCSp-values are an effective way of conveying the informatiothi data.

The interpretation of a MC$-value is analogous to that of a classigabalue. So the MC$-value
cannot be interpreted as the probability that a particuledehis the best model, analogous to the fact that
a classicalp-value does not give the probability that a particular hippsts is true. The MCS israndom
subset of models, that containg™* with a certain probability, and the probability interpiteda of a MCS
p-value is tied to the random nature of the MCS. The analoghecctassical setting is that of(d — «)
confidence interval that contains the ‘true’ parameter w&igrobability no less than 4 «.

3.2.2. Equivalence Tests and Elimination Rules

Now we consider the specific equivalence tests and an eliimmeule of Hansen et al. (2010). Lét

be some subset o¥1y and letm be the number of models M = {i4, ..., im}. We define the vector
of loss-variablesl: = (Li, ¢, ..., Li,t)’, t =1,...,n, and its sample averagé, =n1 Z[‘zlLt, and

we lett = (1, ..., 1) be the column vector where ati entries equal one. The orthogonal complement
to ¢, is anm x (m — 1) matrix, ¢, , that has full column rank and satisfiégs = 0 (an vector of zeros).
Them — 1 dimensional vectoX; = ¢, L can be viewed am — 1 contrasts. Definp = E(X;), then

the null hypothesisHg 1 is equivalent tow = 0 and it holds than?(X — u) 4 N(O, X), where
X=n1Y, X andX = limn_  var(n¥/2X). SoHg ¢ can be tested using traditional quadratic-form
tests, such as those that are based on the test statistics

- d 2 _ n—q
X_)X(q) and TF:m

d
To = Fan-a)
- . . - o :

whereX is some consistent estimator Bf q = rank(X), andX denotes the Moore-Penrose inverse of
3 .Hereq denotes the effective numberadntrasts(the number of linearly independent comparisons) un-
derHp u, andy (Zq) denotes the 2-distribution withg degrees of freedom arfélq n—q) is the F-distribution
with (g, n — q) degrees of freedom

An empirical problem arises when the number of elememtshecome large relative to the sample
size,n. In this case, it is useful to consider alternative tests tlvahot require an estimate of then

HANSEN & L UNDE 2010 3.2. Theory for General Confidence Set
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1) x (m— 1) covariance matrixx. Such tests can be constructed from thatatistics

=N and = —% . forijeM,

,/\ﬁl’(dij ) V \ﬁr(d,) ’

where we have defined; = n™'Y{_ d;j anddi. = m™*)";_,,d;j. The variabled; measures the
sample loss differential between modelnd j, whereag;. is a contrast of modefs sample loss to that
of the average across all models.

The null hypothesisHo v, is equivalent toE(d.) = 0 for alli € M, (and equivalent t& (d;;) = 0
for all i, j € M by definition). Test statistics, such &sax = MaXcamti, To = Yoy t? Tr =
max_ jesm [tij |, and Tsg = ZHEM tﬁ, can be used to test the hypothebig »(. The subscripts refer to
maximuum deviatigrdeviation(from common averagejange andsemi-quadraticrespectively.

The asymptotic distributions of the test statisti€sax, Tp, Tr, and Tsg, are non-standard because
they depend on nuisance parameters (under both the nulharaltérnative). However, this poses no ob-
stacle as their distributions are easily estimated usimgdti@p methods that implicitly solve the nuisance
parameter problem. For details about the implementatidheobootstrap we refer to Hansen et al. (2010)

For the test statisti€ax the natural elimination rule ignax A = arg maxe v ti. because a rejection of
the null hypothesis identifies the hypothegis = 0 as false, fofj = emax1. In this case the elimination
rule removes the model that contributes most to the tesstitatThis model has the largest standardized
excess loss relative to the average across all modgéls.ifhe current implementation uses arg maxas
the elimination rule together with thi,, Tr, Tp, Tr, TsoOr Tmax €quivalence test in the MCS algorithm.

3.3. Interpreting MCS Results

When running the standard configuration of the a MCS estanatsingMuLCowm the result will appear
as displayed in Outp8.1 The first part contains some information about estimatmmfiguration, that

is the number of competing models, sample size, loss fumcequivalence test statistic and bootstrap
parameters. Next follows the list of all models in the mogelce together with their loss and their MCS
p-value. Finally,ﬂ/l\*l‘fa is presented for the requestedevel.

HANSEN & L UNDE 2010 3.3. Interpreting MCS Results
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——————————————— Ox at 22:34:48 on 13-Dec-2010 ----------- -—--
Ox Professional version 6.00 (Windows/U/MT) (C) J.A. Doorn ik, 1994-2009
MulCom package version 2.00, object created on 13-12-2010
By Asger Lunde and Peter R. Hansen

—————— MODEL CONFIDENCE SET ESTIMATION = ------
Number of models: 1=18
Sample size: n=168
Loss function: mse
Test Statistic: MaxT
Resample by: BlockBootResamp
Bootstrap parameters: B=10000 (resamples), d=2 (block len gth)
Model Name mse(*10°3) MCS p-val.
NoChange 1.08227 0.0000
uniar 0.71582 0.0003
dtip 0.63440 0.0012
dtgmpyq 0.69928 0.0002
dtmsmtqg 0.54816 0.0255
dtlpnag 0.61621 0.0016
ipxmca 0.56309 0.0070
hsbp 0.48615 0.6838  *
Ihmu25 0.59208 0.0023
ip 0.56827 0.0055
gmpyq 0.49850 0.4079  «
msmtq 0.47035 1.0000 =
Ipnag 0.53272 0.0462
dipxmca 0.55470 0.0097
dhsbp 0.72934 0.0006
dlhmu25 0.55303 0.0132
dihur 0.53882 0.0629
base 0.56957 0.0037
Level 0.1 Model Confidence Set
Model Name mse(*10°3) MCS p-val.
hsbp 0.48615 0.6838  *
gmpyq 0.49850 0.4079 =
msmtq 0.47035 1.0000 =

Output 3.1: MCS results. For code see Progfafin
3.4. OxEdit Application

In this section we show how to uséuLCom through in OxEdit. In Prograr.1 we present the sample
code that produced Outp8tl

HANSEN & L UNDE 2010 3.4. OxEdit Application
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& —r———eeeeey, e
* Code (C) Lunde & Hansen, 2010
*
* FILE: Inflation-SW-tab2-MCS-v01.0x
* Example: Use MulCom to Estimate Model Confidence Set (MCS)
¢} ocoooooooomommomommmomemomoem—mooommmoeme—mmmse==mes. 0 cocooemoeeo */
#include <oxstd.h>
#import <packages/MulCom/MulCom>
main()
decl MCobj = new MulCom(); /I Declare MulCom object
MCobj.Load("data/tab2-data-1.xIs"); // Get dataset
/I Select realization, benchmark, and forecasts
MCobj.Select(O_VAR, {'Obs",0,0} );
MCobj.SelectBylndex(P_VAR, <1:23>, 0, 0 );
/I Select sample period
MCobj.SetSelSample(-1, 1, -1, 1);
/I Select test specification
MCobj.Do_MCS(0.1,2,10000); /I alpha, block-length, #res amples
MCobj.Set_Loss("mse"); /I Loss func.: "mse", "mad", "iden t"
MCobj.Set_TestStatMCS("maxT"); /I Test stat.: "maxT", "C hi*, "F",
"ComAve","Range", "SemiQ"
MCobj.Set. MCS_Save_Name("output\\","tab-1");
MCobj.DoEstimation();
delete MCobj;
}
Program 3.1: Sample codeflation-SW-tab2-MCS-v01.0x to estimate a MCS using OxEdit

decl MCobj = new MulCom(); declare an object of th&luLCowm class.
MCobj.Load("data/tab2-data-1.xIs"); reads in the relevant data set.

MCobj.Select(O VAR, "Obs",0,0 ); specify the target of the forecast.
MCobj.SelectBylndex(P VAR, <1:23 >, 0, 0 ); specify the forecasts to be included in the
comparison.

MCobj.SetSelSample(-1, 1, -1, 1); select the sample size.

MCobj.Do _-MCS(0.1,2,10000); the first number is the-level to be used fo%__. The second
number is the block-length for the block bootstrap, anditisithe number of bootstrap resamples that are
used to assess the equivalence tests.

MCobj.Set _Loss("mse");  select the loss function.

MCobj.Set _TestStat("MaxT"); select the equivalence test .

MCobj.Set MCSSave Name("output \\","tab-1"); specify the path and filename where the
MCS automatic output should go.

MCobj.DoEstimation(); run the test.

delete MCobj; delete theMuLCowm object.

To run the program in OXEdit simply pressntrol-r. For more details regarding Ox in conjunction
with OxEdit consult Doornik and Ooms (2005).

HANSEN & L UNDE 2010 3.4. OxEdit Application
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Alternatively one may desire some other loss function. mgPam3.2we present some code that also
will produce OutpuB.1, but with the loss function designed before callvigobj.Do MCS

Code (C) Lunde & Hansen, 2010

FILE: Inflation-SW-tab2-MCS-v02.0x
Example: Use MulCom to Estimate Model Confidence Set (MCS)
using a user specified loss

* %k ok ok Ok Ok F

____________ * /[

#include <oxstd.h>
#import <packages/MulCom/MulCom>

main()
decl MCobj = new MulCom(); /I Declare MulCom object
MCobj.Load("data/tab2-data-1.xIs"); // Get dataset

decl alldata = MCobj.GetAll();
alldata = (alldata[][0]-alldata[][1:])."2;

/I replace the forecast with forecast errors
MCobj.Renew(alldata,MCobj.GetAllNames()[1:]);

/I Select forecasts errors to compare
MCobj.SelectBylndex(P_VAR, <1:23>, 0, 0 );

/I Select sample period
MCobj.SetSelSample(-1, 1, -1, 1);

/I Select test specification
MCobj.Do_MCS(0.1,2,10000); /I alpha, block-length, #res amples
MCobj.Set_Loss("mse"); /I Loss func.: "mse", "mad", "iden t"
MCobj.Set_TestStatMCS("maxT"); /I Test stat.: "maxT", "C hi", "F",

1 "ComAve","Range", "SemiQ"

MCobj.Set. MCS_Save_Name("output\\","tab-1");
MCobj.DoEstimation();

delete MCobj;

Program 3.2: Sample codaflation-SW-tab2-MCS-v02.0x to estimate a MCS with an user
specified loss function

The interesting lines of codes are:
decl alldata = MCobj.GetAll(); extract the data matrix from tHdCobj object.

alldata = -(alldata[][0]-alldata[][1:])."2; for each a every date and model, com-
pute the squared forecast error.

MCobj.Renew(alldata,MCobj.GetAlINames()[1:]); replace all forecasts with the corre-
sponding squared forecast error.

3.5. OxPack Application

In this section we show the sequence of screen shots thaineduce Outpu8.1

HANSEN & L UNDE 2010 3.5. OxPack Application
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The data setab2-data-1.xls , should be open in OxMetrics:

agke & +B B 2 4l

Documents : Obs= | HNoChange | uniar dtip dt g'mpyql dt,msmt,q|_"\_
ka3 1 -. 012067 o _O011752 _0011466 - 0005096 7.168-5|
tab2-data-1.xls z - 0159395 o .00L1764 _00Z0462 2.172-5 .0009921 |

(] Graphics 3 -.0193378 ] .00lZ111 .00lEl24 -, 0003672 .D004EEE

[ Code 4 -_0zl78z ] .00B1114 _O0EE2E2 .00391E51 0043848

i Text 5 0115708 o 0325163 0330899 0312447 0320276

(=] Resuls I - 01891339 o _O01774E5 _O0Z3471 _on04077 _O01311:

& Modules

7 _01l8a58 o _0Za0707 _ 092791 _Oz7E74E _OZEzETE
=4k Model
% GBRCH g .O118577 ] .0za7408 .0Z2328598 .0Z19043 .0zze079
# Poaive a -. 0213759 0 -.007l045 -_007195 -.0091827 -.0021272
# STAMP 10 -. 0237046 ] -.006409% -_ 00628843 -_0083818  -_00208Z8
# 11 -_0ZE01E7 0 -.0091331 -_0100463  -_ 0121863 -_ 0112092
L 1z - 0283123 o -_00818E  -_005Z24% -_011432Z5 -_ 0099603
w 1z _O0194% o _OZ19468 _ 0203425 _0183599 S 0197046
4 OxPack
14 0269046 ] 0422311 _04E521E .0435328 .047074
# OxRun
) . 15 0043839 ] .018z213 _014E5442 _O1ZE795 .0151703
HF O - inkeractive
% ¥1Zarima 16 0043545 ] .0l&3728 .01l76z8 .0095241 .01lz3E&6Z
17 -. 0273523 0 -.0l46137 -_.01984E7 -.02Z0241 -.0191298
12 -_ 0302069 0 -_0l85701 -_02Z0381 -. 0229084 - 0Z06E99
13 - 0004648 o _ 0086073 _O0Z3985 5_3Ee-5 0045338
ra 0 > 20 - . 0004626 ] .oo07a9gs .00lzgg -.00057E51 -0046596 (1
HEll:' 'y { ||;| ______ . Tttt T T __.___>_- |
Obs] 1] - 012067

Then start OxPack and invoké@uLCowm . SelectFormulate in the Model drop down window. Now make
selections such that ttgelection area appears as below.

Selection

0 MoChangs
uniar
dtip

dt g
dtmsmt o
dt lpnag
ipxmoa
h=bp
lhmu s
ip
YIPEg
mEmt o
lpnag
dipxmoa
dhshp
dlhmuz L
dlhur
basze

oo o Wy b omd g WD D g W WD oD W WD D

When clickingOK the Model Settings menu will appear. The setting should be as follows:
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g b

Select procedure(s):
SPA
MCS
Alpha for MCS:
Spedfic test/loss function (select below)
All combinations of test statististic and default loss functions
Loss function (SPA or MCS):
MSE
MAE
MNaone {compare means)
Test statistic (SPA):
Studentized maximum (SPA)
Maximum (R.C)
Test statistic (MCS):
Quadratic
F

Deviation

MO

] |§| -

@3 |E‘E:|

30 G 0O ®

Range

|§| GG o G 3

Semi-guadratic
Max t

The selection in th@est statistics (SPA) part has no effect when estimating a MCS. EndExpansion
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Chapter 4

MULCOM REFERENCE

TheMuLCowm class derives fronMoDELBASE, which in turn derives fronDATABASE. In this chapter the
most commorMuLCom functions are summarized. Consult the heademnfildcom.h for definitions of
member variables, and undocumented functions, such as fbliosommunication with OxPack.

4.1. MuLCom summary

Constructor
MulCom Constructor

Test formulation

Do.MCS Do MCS and specify options
Do_SPA Do SPA and specify options

Set _Loss Specify the loss function

Set _MCSSave Name  Where to save MCS information
Set _PrintLevel How much output to print to screen
Set _TestStatMCS Specify the test statistic

Set _TestStatSPA Specify the test statistic
GetMCSpval Returns the MCS p-values

4.2. MuLCom member functions

This section documents the main member functionglof Com in alphabetical order.

MulCom::MulCom
MulCom();
No return value.
Description

Constructor function.

MulCom::Do _SPA
Do_SPA(const statboot ., const cresamples);
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statboot _q in: double, dependence parameter for the stationary lvaptst
cresamples in: int, number of bootstrap resamples

No return value.

Description

Specify to test for SPA. The first number is the dependencenpeter for the stationary
bootstrap, and the second is the number of bootstrap resampl

MulCom::Do _MCS

Do_MCS(const TheAlpha, const cblocklength, const cresamples );
TheAlpha in: double,x-level to be used foﬂ*l‘_a
cblocklength in: int, block-length for the block bootstrap
cresamples in: int, number of bootstrap resamples

No return value.
Description

Specify that a MCS should be estimated. SpecifydHevel to be used fov\’/\q_a. The sec-
ond number is the block-length for the block bootstrap, i tis the number of bootstrap
resamples that are used to assess the equivalence tests.

MulCom::Get _MCSpval
Get _MCSpval();
Return value A matrix with the loss and the MC§-values for each model.
Description
Get the MCSp-values.

MulCom::Set_Loss
Set _Loss(const NamelLoss);
NamelLoss in: string, name of loss function

No return value.
Description
Select the loss function, choices are:

mse . mean squared error
mad . mean absolute deviation
ident :  identity

MulCom::Set_MCS_SaveName

Set MCSSave _Name(const Path, const ForecFilename);
Path in:  string, the path to where you want to place the MCS infoomat
ForecFilename in:  string, name of file to hold output with MCS information

No return value.
Description

25
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Name of file to hold output with MCS information

MulCom::Set_PrintLevel
Set PrintLevel(const Prt);
Prt : int, O: Print nothing, 1. Print final MCS results, 2: Prinsalstep by step progress
No return value.
Description

Name of file to hold output with MCS information

HANSEN & L UNDE 2010 4.2. MULCOM member functions
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MulCom::Set_TestStatMCS
Set TestStat(const NameTest);
NameTest in: string, name of test statistic

No return value.

Description
Select the test statistic:

maxT . Tmax the max deviation to the average loss
chi . To, traditional quadratic-form test
F . Tg, aschi but which sample size correction
ComAve : Tp, deviation from common average
Range . Tg, range based statistic
SemiQ : Tsqg semi-quadratic

MulCom::Set_TestStatSPA
Set _TestStat(const NameTest);
NameTest in: string, name of test statistic

No return value.

Description
Select the test statistic:
TestStatScaledMax . studentized maximum (SPA)
TestStatMax : maximum (RC)

HANSEN& L UNDE 2010
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