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Chapter 1
INTRODUCTION AND INSTALLATION

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

MULCOM is a package that provides tools for simultaneous comparison of any number of models.
MULCOM is designed for forecasting evaluation to analyze whether any among a set of competing models
are significantly better than the others, in terms of predictive accuracy. It is however, applicable to a much
wider range of problems. It can be applied in any setting where one what to compare the means of two or
more populations.

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

MULCOM is a class written in Ox (see Doornik, 2006), and it is used by writing small Ox programs
which create and use an object of theMULCOM class. Some knowledge of Ox will be required when
usingMULCOM in this way.

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

1.1. Disclaimer

This package is functional, but no warranty is given whatsoever. The most appropriate forum to discuss
problems and issues related to theMULCOM package is the ox-users discussion group.1 Any bugs, typos in
the manual, or suggestions for improvements should be reported to Asger Lunde (email: alunde@asb.dk)
and will be greatly appreciated.

1.2. Availability and Citation

TheMULCOM package is available atmit.econ.au.dk/vip htm/alunde/mulcom/mulcom.htm .
The use ofMULCOM 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 testing for SPA cite 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 configurations on your computer:

• Ox version 4.00 or later. For academic use, a free version of Ox is available from the web site.

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

• Ox Professional and OxMetrics. Which can be purchased from the following web site.

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

1.3. Installation

1. Make sure you have properly installed Ox version 4.00 or later. TheMULCOM package does not
work fully with earlier versions of Ox. Type oxl at the command prompt 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 using the MULCOM 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 filesmulcom.zip

Program files

• Mulcom.oxo - the complied source code.

Example programs

• Inflation-SW-tab2-SPA-v01.ox - useMULCOM to test for SPA in the model space in
Table 2 in Stock and Watson (1999).

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

• Inflation-SW-tab2-MCS-v01.ox - useMULCOM to estimate a MCS in the model space in
Table 2 in Stock and Watson (1999).

Included sample data sets

• tab2-data-1.xls , tab2-data-2.xls , tab2-data-3.xls , 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. UsingMULCOM

MULCOM can be used in one of three ways.

1. Applying Ox to your program file (the.ox ) in a MS-DOS console.

2. Runing the program from OxEdit.

3. Applying OxPack, together with Ox Professional and OxMetrics

In the following sections we give the basics of these methods.

1.4.1. Console Application

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

oxl Inflation-SW-tab2-SPA-v01.ox

1.4.2. OxEdit Application

OpenInflation-SW-tab2-SPA-v01.ox (see Program2.1on page11) in OxEdit and press[Ctrl]+r .
For how to use Ox in conjunction with OxEdit consult Doornik and Ooms (2005).

1.4.3. OxPack Application though OxMetrics

Installation of the interactive version ofMULCOM :

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

2. OxPack requires a properly installed OxMetrics version 4.00 or later. Check the version number in
the OxMetrics Help menu.

3. Start OxMetrics, and then OxPack from the OxMetrics Modules menu. From the OxPack Package
menu chooseAdd/Remove Package. LocateMulCom.oxo (in the MULCOM folder) using the
Browse button, and pressAdd.

1.5. Sample session usingMULCOM in OxPack

If a data set is open in OxMetrics, then you are now ready to useMULCOM . From the OxPack Pack-
age menu chooseMULCOM . The title bar of the OxPack window showsMULCOM is loaded and the
messageMulCom package version 1.00, object created on ... is displayed in the Ox-
Metrics Results window

When you start OxPack it looks as shown in Figure1.1. To start comparing models you simply select
Formulate in theModel drop down window. If you do so then theFormulate dialog will appear, and if you
opened the data file,tab2-data-1.xls , then this window will look as shown in Figure1.2.

HANSEN & L UNDE 2010 1.4. Using MULCOM
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Figure 1.1: OxPack: Selection of multiple comparison module

Figure 1.2: OxPack: Data Selection window

In theDatabase area you see all the variables that are available in your dataset. For use withMULCOM

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

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

• Benchmark: The variable marked with aB is the variable containing the forecasts of the benchmark
model.

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

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

Figure 1.3: OxPack: Data Selection window

If you click OK then theModel Settings menu will appear as in Figure1.4. 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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Figure 1.4: OxPack: Selection of SPA and/or MCS; Loss function and test statistics.

You must also specify a loss function.MULCOM currently offers the choice of two predefined loss
functions, and a third option,None (compare means), that can be used to implement any other loss
function. This option simply invoke the test for SPA or a MCS on the mean of the selected variables. So
by appropriately transforming the variables in advance thedesided loss function will be used. Finally, a
test statistics must be specified in order to test for SPA or tocompute a MCS. We return to the available
statistics in Chapters2 and3.

Note that you can haveMULCOM do all combinations of the available Loss functions and teststatistics.

HANSEN & L UNDE 2010 1.5. Sample session using MULCOM in OxPack
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Figure 1.5: OxPack: Selection of Sample, Bootstrap, and output settings.

Upon clickingOK you can in theEstimate Model menu (see Figure1.5) select the desired sample, and
through theOptions menu (see Figure1.1) the settings for the bootstrap, and output to screen and filemay
be altered.

We will return to the output of both a SPA and a MCS sample session, when 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 be used for comparing the performances of two or
more forecasting models. The forecasts are evaluated usinga prespecified loss function, and the “best”
forecast model is the model that produces the smallest expected loss. Two loss functions are predefine in
the SPA code the two are: the Mean Squared Error (mse) and Mean Absolute Deviation (mad).

Let L(Yt , Ŷt) denote the loss if one had made the prediction,Ŷt , when the realized value turned out to
beYt . The performance of modelk, relative to the benchmark model (at timet), can be defined as:

dk,t = L(Yt, Ŷ0,t) − L(Yt , Ŷk,t ), k = 1, . . . , m, t = 1, . . . , n.

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

H0 : µk = E
[
dk,t

]
≤ 0, for all k = 1, . . . , m. (2.1.1)

For notational convenience, we define anm-dimensional vectorµ by

µ =




µ1
...

µm


 = E




d1,t
...

dm,t


 .

Since a positive value ofµk corresponds to modelk being better than the benchmark, we want to test the
null hypothesis stated in (2.1.1). The equivalent vector formulation is

H0 : µ ≤ 0.

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

T S P A
n = max

k

n1/2d̄k

ω̂k
,

where

d̄k =
1

n

n∑

t=1

dk,t ,
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and
ω̂

2
k = v̂ar(n1/2d̄k),

is a consistent estimator of the asymptotic variance,ω2
k = limn→∞ var(n1/2d̄k).

Under the regularity condition it holds that

n−1/2T S P A
n = max

k

d̄k

ω̂k

p
→ max

k

µk

ωk
,

which is greater than zero if and only ifµk > 0 for somek. So we can testH0 using the test statistic
T S P A

n . The only remaining problem is to derive the distribution ofT S P A
n , under the assumption of a true

null hypothesis. Testing multiple inequalities is more complicated than testing equalities (or a single
inequality) because the distribution is not unique under the null hypothesis. Nevertheless, a consistent
estimate of thep-value can be obtained, as well as an upper and a lower bound, and those are thep-values
produced by the SPA program. The test for SPA have been applied by among other Hansen and Lunde
(2005) and Koopman, Jungbacker and Hol (2005).

2.1.1. SPA p-values

The upper bound is thep-value of a conservative test which tacitly assumes that allthe competing models
(k = 1, . . . , m) are as precisely as good as the benchmark in terms of expected loss(µ1 = · · · = µm).

The lower bound is thep-value of a liberal test whose null hypothesis assumes that the models with
worse performance than the benchmark are poor models in the limit. Therefore, these can be viewed
as asymptotic upper and lower bounds for the actualp-value, respectively. The consistentp-value is
produced by the test for SPA of Hansen (2005). This test will asymptotically determine which models are
worse than the benchmark and asymptotically prevent them from influencing the estimated distribution
of the test statistic, as should be the case. While the conservative test is sensitive to including poor
and irrelevant models in the comparison, the consistent andliberal 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, they are not informative of the power of a test,
which is the probability of rejectingH0 whenH1 is true. When you fail to reject the null hypothesis, the
critical value can be informative about the power of a test. By definition, the critical values show how well
a model would need to perform (in standardized performanced̄k/ω̂k) in order to reject the null hypothesis
and conclude that a competing model is better than the benchmark.

If the critical values are large, it suggests that the data are not very informative about the hypothesis
of interest. Hypotheses testing using relatively uninformative data results in tests with low power. Lack
of power in the present context makes it difficult to discovera superior model, even if one existed. It is
therefore useful to pay attention to critical values when the SPA test yields insignificantp-values.

2.1.3. Relation to the Reality Check

The SPA test differs from White’s reality check in two ways. The SPA 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

T RC
n = max

k
n1/2d̄k.

As is the case forT S P A
n , the asymptotic distribution ofT RC

n depends on the number of inequalities in
(2.1.1) that are binding. For this statitics one can also constructlower and upper bounds forp-values. The
reality check is based on the conservative upper boundp-values.

2.2. Interpreting SPA Results

When running the standard configuration of the test SPA usingMULCOM 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: l=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 Program2.1

This output can be divided into three parts. The first part contains descriptive statistics, such as the
number of competing models, sample size, bootstrap parameters, etc. The second part informs about
model performance, and six pair-wise comparisons. The six models being compared to the benchmark
model are: (1) The ”Most Significant” model is the model that had the most “significant” performance
relative to the benchmark model in the sample being analyzed, and (2-6) those models with a performance
that corresponded to the 75%, 50% (median), 25%, and 0% (worst) quantile of model performances. This
provides some information about the population of model performances in the sample being analyzed. The
Performance is measured in terms of the loss function that has been specified by the user, in this case
the mean absolute deviation (mad) has been used, another predefined loss-function is the meansquared
error (mse). Thet-stat indicates the significance of a model’s performance relative to the benchmark

HANSEN & L UNDE 2010 2.2. Interpreting SPA Results
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model, although it is important to note that this statistic is nott-distributed, and the “p-value ” reported
next to it cannot be interpreted as ap-value, rather it is a number that is calculated like ap-value, but it
ignores the search over models that preceded the selection of the model being compared to the benchmark.

The third part contains the relevant information for testing the hypothesis that the benchmark model
is the best forecasting model. The SPAp-value takes the space of models into account and the SPA-
Consistentp-value instructs you if there is evidence against the hypothesis. A low p-value (less that
.05–.10 say) informs you that the benchmark model is inferior to one or more of the competing models.
A high p-value tells you that there the sample being analyzed does not yield strong evidence that the
benchmark is outperformed. The number the left (right) of the SPA-Consistentp-value, is a lower (upper)
bound for the truep-value. Critical values at the 10%, 5%, and 1% significance levels are given below
the SPAp-values.

2.3. OxEdit Application

In this section we show how to useMULCOM through in OxEdit. In Program2.1 we present the sample
code that produced Output2.1.

/ * --------------------------------------------------- -----------------------
* Code (C) Lunde & Hansen, 2007
*
* FILE: Inflation-SW-tab2-SPA.ox
* Example: Use MulCom to Test for SPA
*
* --------------------------------------------------- ----------------------- * /

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

main()
{

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

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

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

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

// Select test specification
MCobj.Do_SPA(0.5,10000); // Prob. for stationary bootstr ap, and

// # bootstrap resamples.
MCobj.Set_Loss("mse"); // Loss func.: "mse", "mad", "iden t"
MCobj.Set_TestStatSPA("TestStatScaledMax"); // Test st at.: "TestStatScaledMax",

// "TestStatMax"
MCobj.DoEstimation();

delete MCobj;
}

Program 2.1: Sample codeInflation-SW-tab2-SPA-v01.ox 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 theMULCOM class.

MCobj.Load("data/tab2-data-1.xls"); 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 dependence param-
eter for the stationary bootstrap, and the second is the number of bootstrap 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 theMULCOM object.

To run the program in OxEdit simply presscontrol-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. In Program2.2 we present some code that also
will produce Output2.1, but with the loss function designed before callingMCobj.Do SPA.

.

.

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

decl alldata = MCobj.GetAll();
alldata = (alldata[][0]-alldata[][1:]).ˆ2;

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

.

.

.

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

.

.

.

Program 2.2: Sample codeInflation-SW-tab2-SPA-v02.ox 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 theMCobj object.

alldata = (alldata[][0]-alldata[][1:]).ˆ2; 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.GetAllNames()[1:]); replace all forecasts with the corre-
sponding squared forecast error.

MCobj.Set Loss("ident");... the loss function must be changed to"ident" as the actual
losses have already been specified.

2.4. OxPack Application

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

Then start OxPack and invokeMULCOM . SelectFormulate in theModel drop down window. Now make
selections such that theSelection area appears as below.

HANSEN & L UNDE 2010 2.4. OxPack Application
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When clickingOK theModel Settings menu will appear. The setting should be as follows:

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

HANSEN & L UNDE 2010 2.4. OxPack Application



Chapter 3
MODEL CONFIDENCE SET

3.1. What is a MCS?

The objective of the model confidence set (MCS) procedure is to determine the set,M∗, that consists of
the ‘best’ model(s) from a collection of models,M0, where ‘best’ is defined in terms of a criterion that is
user-specified. The MCS procedure yields a model confidence set,M̂∗, that is a set of models constructed
to contain the best models with a given level of confidence. The models inM̂∗ are evaluated using
sample information about the relative performances of the models inM0. Thus, the MCS is arandom
data-dependent set of models that includes the best forecasting model(s), as a standard confidence interval
covers the population parameter.

An attractive feature of the MCS approach is that it acknowledges the limitations of the data. Informa-
tive data will result in a MCS that contains only the best model. Less informative data makes it difficult
to distinguish between models and may result in a MCS that contains several (or possibly all the) models.
Thus, the MCS differs from extant model selection criteria that choose a single model without regard to
the information content of the data. Another advantage is that the MCS procedure makes it possible to
make statements about significance that are valid in the traditional sense. A property that is not satisfied
by the commonly used approach of reportingp-values from multiple pairwise comparisons. Another at-
tractive feature of the MCS procedure is that it allows for the possibility 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 objects,M0, and a criterion for evaluating
these objects empirically. The MCS procedure is based on anequivalence test, δM; and anelimination
rule, eM. The equivalence test is applied to the set of objectsM = M0. If δM is rejected, there is
evidence that the models inM are not equally ‘good’ andeM is used to eliminate an object with poor
sample performance fromM. This procedure is repeated untilδM is ‘accepted’, and the MCS is now
defined by the set of ‘surviving’ models. The same significance level,α, is employed in all tests, which
asymptotically guarantees thatP(M∗ ⊂ M̂∗

1−α) ≥ 1 − α, and in the case whereM∗ consists of one
object we have the stronger results that limn→∞ P(M∗ = M̂∗

1−α) = 1. The MCS procedure also yields
p-values for each of the models. For a given modeli ∈ M0, the MCSp-value, p̂i , is the threshold at
which i ∈ M̂∗

1−α, if and only if p̂i ≥ α. Thus, a model with a small MCSp-value makes it unlikely that
modeli is one of the ‘best’ models (is a member ofM∗).
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3.2. Theory for General Confidence Set

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

Consider a set,M0, that contains a finite number of models, indexed byi = 1, . . . , m0. The objects
are evaluated over the samplet = 1, . . . , n, in terms of a loss function and we denote the loss that is
associated with objecti in periodt asL i,t .1

Define the relative performance variablesdi j ,t ≡ L i,t −L j ,t , for all i, j ∈ M0. Then the set of superior
objects is defined by

M
∗ ≡ {i ∈ M0 : E(di j ,t ) ≤ 0 for all j ∈ M0}.

In the following, we denote byM† the complement toM∗, and usei ∗ and i † to represent typical
elements ofM∗ andM†, respectively.

The objective of the MCS procedure is to determineM∗. This is done through a sequence of sig-
nificance tests, where objects that are found to be significantly inferior to other elements ofM0 are
eliminated. The hypotheses that are being tested take the form:

H0,M : E(di j ,t ) = 0 for all i, j ∈ M, (3.2.1)

whereM ⊂ M0. We denote the alternative hypothesis (E(di j ,t ) 6= 0 for somei, j ∈ M) by HA,M.

The MCS procedure is based on anequivalence test,δM, and anelimination rule, eM. The equiva-
lence test,δM, is used to test the hypothesisH0,M for anyM ⊂ M0,2 andeM identifies the object ofM
that is to be removed fromM, in the event thatH0,M is rejected. Hence, the MCS Algorithm is based on
the following three steps:

Step 0: Initially setM = M0.

Step 1: TestH0,M usingδM at levelα.

Step 2: IfH0,M is ‘accepted’ we define thêM∗
1−α = M, otherwise we useeM to eliminate

an object fromM and repeat the procedure beginning with Step 1.

The set,M̂∗
1−α, which consists of the set of ‘surviving’ objects (those that survived all tests without

being eliminated) is referred to as themodel confidence set.

3.2.1. MCS p-Values

To define the MCSp-values, letm0 denote the number of elements inM0. Moreover, suppose for
simplicity that the elements ofM0 = {1, . . . , m0} are ordered such thatk = eM(k) whereM(k) =

{k, k + 1, . . . , m0}, k = 1, . . . , m0. HenceeM0 = eM(1)
= 1 is the first model to be eliminated in the

event thatH0,M(1)
, is rejected,eM(2)

= 2 is the next model, etc.

Definition 3.1 (MCS p-values) Let p(k) be thep-value of the hypothesisH0,M(k), with the convention:
p(m0) ≡ 1. The MCSp-value for modeli ∈ M0 is defined byp̂i ≡ maxk≤i p(k).

1In the situation where a point forecast,Ŷi,t , of Yt is evaluated in terms of a loss function,L , we defineL i,t = L(Yt , Ŷi,t ).
2We letδM = 0 andδM = 1 correspond to the cases whereH0,M 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 MCSp-values are defined and how they relate to thep-values
of the individual tests,p(k), k = 1, . . . , m0.

ei p-value ofH0,M(k) MCS p-value

1 p(1) = 0.01 p̂1 = 0.01
2 p(2) = 0.04 p̂2 = 0.04
3 p(3) = 0.02 p̂3 = 0.04
4 p(4) = 0.03 p̂4 = 0.04
5 p(5) = 0.07 p̂5 = 0.07
6 p(6) = 0.04 p̂6 = 0.07
7 p(7) = 0.11 p̂7 = 0.11
8 p(8) = 0.25 p̂8 = 0.25
...

...
...

m0 p(m0) ≡ 1.00 p̂m0 = 1.00

The MCSp-values are convenient because they make it easy to determine whether a particular object
is in M̂∗

1−α. Thus, the MCSp-values are an effective way of conveying the information inthe data.

The interpretation of a MCSp-value is analogous to that of a classicalp-value. So the MCSp-value
cannot be interpreted as the probability that a particular model is the best model, analogous to the fact that
a classicalp-value does not give the probability that a particular hypothesis is true. The MCS is arandom
subset of models, that containsM∗ with a certain probability, and the probability interpretation of a MCS
p-value is tied to the random nature of the MCS. The analogy to the classical setting is that of a(1 − α)

confidence interval that contains the ‘true’ parameter witha probability no less than 1− α.

3.2.2. Equivalence Tests and Elimination Rules

Now we consider the specific equivalence tests and an elimination rule of Hansen et al. (2010). LetM
be some subset ofM0 and letm be the number of models inM = {i1, . . . , im}. We define the vector
of loss-variables,L t ≡ (L i1,t , . . . , L im,t )

′, t = 1, . . . , n, and its sample average,L̄ ≡ n−1 ∑n
t=1 L t , and

we let ι ≡ (1, . . . , 1)′ be the column vector where allm entries equal one. The orthogonal complement
to ι, is anm × (m − 1) matrix, ι⊥, that has full column rank and satisfiesι′⊥ι = 0 (an vector of zeros).
Them − 1 dimensional vectorX t ≡ ι′⊥L t can be viewed asm − 1 contrasts. Defineµ ≡ E(X t), then

the null hypothesisH0,M is equivalent toµ = 0 and it holds thatn1/2(X̄ − µ)
d

→ N(0,6), where
X̄ ≡ n−1 ∑n

t=1 X t and6 ≡ limn→∞ var(n1/2X̄). So H0,M can be tested using traditional quadratic-form
tests, such as those that are based on the test statistics

TQ ≡ nX̄ ′6̂
#
X̄

d
→ χ2

(q) and TF ≡
n − q

q(n − 1)
TQ

d
→ F(q,n−q),

where6̂ is some consistent estimator of6, q ≡ rank(6̂), and6̂
#

denotes the Moore-Penrose inverse of
6̂.Hereq denotes the effective number ofcontrasts(the number of linearly independent comparisons) un-
derH0,M, andχ2

(q) denotes theχ2-distribution withq degrees of freedom andF(q,n−q) is theF-distribution
with (q, n − q) degrees of freedom

An empirical problem arises when the number of elements,m, become large relative to the sample
size,n. In this case, it is useful to consider alternative tests thatdo not require an estimate of the (m −

HANSEN & L UNDE 2010 3.2. Theory for General Confidence Set
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1) × (m − 1) covariance matrix,6. Such tests can be constructed from thet-statistics

ti j =
d̄i j√

v̂ar(d̄i j )

and ti · =
d̄i ·√

v̂ar(d̄i ·)
, for i, j ∈ M,

where we have defined̄di j ≡ n−1 ∑n
t=1 di j ,t and d̄i · ≡ m−1 ∑

j ∈M d̄i j . The variabled̄i j measures the
sample loss differential between modeli and j , whereasd̄i · is a contrast of modeli ’s sample loss to that
of the average across all models.

The null hypothesis,H0,M, is equivalent toE(d̄i ·) = 0 for all i ∈ M, (and equivalent toE(d̄i j ) = 0
for all i, j ∈ M by definition). Test statistics, such asTmax = maxi∈M ti ·, TD ≡

∑
i∈M t2

i ·, TR ≡

maxi, j ∈M |ti j |, andTSQ ≡
∑

i, j ∈M t2
i j , can be used to test the hypothesisH0,M. The subscripts refer to

maximuum deviation, deviation(from common average),range, andsemi-quadratic, respectively.

The asymptotic distributions of the test statistics,Tmax, TD, TR, andTSQ, are non-standard because
they depend on nuisance parameters (under both the null and the alternative). However, this poses no ob-
stacle as their distributions are easily estimated using bootstrap methods that implicitly solve the nuisance
parameter problem. For details about the implementation ofthe bootstrap we refer to Hansen et al. (2010)

For the test statisticTmax the natural elimination rule isemax,M ≡ arg maxi∈M ti · because a rejection of
the null hypothesis identifies the hypothesisµ j · = 0 as false, forj = emax,M. In this case the elimination
rule removes the model that contributes most to the test statistic. This model has the largest standardized
excess loss relative to the average across all models inM. The current implementation uses arg maxi ti · as
the elimination rule together with theTQ, TF , TD, TR, TSQ or Tmax equivalence test in the MCS algorithm.

3.3. Interpreting MCS Results

When running the standard configuration of the a MCS estimation usingMULCOM the result will appear
as displayed in Output3.1. The first part contains some information about estimation configuration, that
is the number of competing models, sample size, loss function, equivalence test statistic and bootstrap
parameters. Next follows the list of all models in the model space together with their loss and their MCS
p-value. Finally,M̂∗

1−α is presented for the requestedα-level.

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: l=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( * 10ˆ3) MCS p-val.
NoChange 1.08227 0.0000
uniar 0.71582 0.0003
dtip 0.63440 0.0012
dtgmpyq 0.69928 0.0002
dtmsmtq 0.54816 0.0255
dtlpnag 0.61621 0.0016
ipxmca 0.56309 0.0070
hsbp 0.48615 0.6838 *
lhmu25 0.59208 0.0023
ip 0.56827 0.0055
gmpyq 0.49850 0.4079 *
msmtq 0.47035 1.0000 *
lpnag 0.53272 0.0462
dipxmca 0.55470 0.0097
dhsbp 0.72934 0.0006
dlhmu25 0.55303 0.0132
dlhur 0.53882 0.0629
base 0.56957 0.0037

Level 0.1 Model Confidence Set

Model Name mse( * 10ˆ3) 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 Program3.1

3.4. OxEdit Application

In this section we show how to useMULCOM through in OxEdit. In Program3.1 we present the sample
code that produced Output3.1.

HANSEN & L UNDE 2010 3.4. OxEdit Application
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/ * --------------------------------------------------- --------------
* Code (C) Lunde & Hansen, 2010
*
* FILE: Inflation-SW-tab2-MCS-v01.ox
* Example: Use MulCom to Estimate Model Confidence Set (MCS)
*
* --------------------------------------------------- ------------ * /

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

main()
{

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

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

// Select realization, benchmark, and forecasts
MCobj.Select(O_VAR, {"Obs",0,0} );
MCobj.SelectByIndex(P_VAR, <1:23>, 0, 0 );

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

// Select test specification
MCobj.Do_MCS(0.1,2,10000); // alpha, block-length, #res amples
MCobj.Set_Loss("mse"); // Loss func.: "mse", "mad", "iden t"
MCobj.Set_TestStatMCS("maxT"); // 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 codeInflation-SW-tab2-MCS-v01.ox to estimate a MCS using OxEdit

decl MCobj = new MulCom(); declare an object of theMULCOM class.

MCobj.Load("data/tab2-data-1.xls"); reads in the relevant data set.

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

MCobj.SelectByIndex(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 theα-level to be used for̂M∗
1−α. The second

number is the block-length for the block bootstrap, and third is the 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 theMULCOM object.

To run the program in OxEdit simply presscontrol-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. In Program3.2we present some code that also
will produce Output3.1, but with the loss function designed before callingMCobj.Do MCS.

/ * --------------------------------------------------- --------------
* Code (C) Lunde & Hansen, 2010
*
* FILE: Inflation-SW-tab2-MCS-v02.ox
* Example: Use MulCom to Estimate Model Confidence Set (MCS)
* using a user specified loss
* --------------------------------------------------- ------------ * /

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

main()
{

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

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

decl alldata = MCobj.GetAll();
alldata = (alldata[][0]-alldata[][1:]).ˆ2;

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

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

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

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

// "ComAve","Range", "SemiQ"

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

delete MCobj;
}

Program 3.2: Sample codeInflation-SW-tab2-MCS-v02.ox 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 theMCobj object.

alldata = -(alldata[][0]-alldata[][1:]).ˆ2; for each a every date and model, com-
pute the squared forecast error.

MCobj.Renew(alldata,MCobj.GetAllNames()[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 that willproduce Output3.1.

HANSEN & L UNDE 2010 3.5. OxPack Application
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The data set,tab2-data-1.xls , should be open in OxMetrics:

Then start OxPack and invokeMULCOM . SelectFormulate in theModel drop down window. Now make
selections such that theSelection area appears as below.

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

HANSEN & L UNDE 2010 3.5. OxPack Application
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The selection in theTest statistics (SPA) part has no effect when estimating a MCS. EndExpansion

HANSEN & L UNDE 2010 3.5. OxPack Application



Chapter 4
MULCOM REFERENCE

TheMULCOM class derives fromMODELBASE, which in turn derives fromDATABASE. In this chapter the
most commonMULCOM functions are summarized. Consult the header filemulcom.h for definitions of
member variables, and undocumented functions, such as those for communication 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 functions ofMULCOM in alphabetical order.

MulCom::MulCom
MulCom();

No return value.

Description

Constructor function.

MulCom::Do SPA
Do SPA(const statboot q, const cresamples);
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statboot q in: double, dependence parameter for the stationary bootstrap
cresamples in: int, number of bootstrap resamples

No return value.

Description

Specify to test for SPA. The first number is the dependence parameter for the stationary
bootstrap, and the second is the number of bootstrap resamples.

MulCom::Do MCS
Do MCS(const TheAlpha, const cblocklength, const cresamples );

TheAlpha in: double,α-level to be used for̂M∗
1−α

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. Specify theα-level to be used for̂M∗
1−α. The sec-

ond number is the block-length for the block bootstrap, and third is 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 MCSp-values for each model.

Description

Get the MCSp-values.

MulCom::Set Loss
Set Loss(const NameLoss);

NameLoss 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 infomation
ForecFilename in: string, name of file to hold output with MCS information

No return value.

Description

HANSEN & L UNDE 2010 4.2. MULCOM member functions
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Name of file to hold output with MCS information

MulCom::Set PrintLevel
Set PrintLevel(const Prt);

Prt : int, 0: Print nothing, 1: Print final MCS results, 2: Print also step 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 : TQ, traditional quadratic-form test
F : TF , aschi but which sample size correction
ComAve : TD, deviation from common average
Range : TR, range based statistic
SemiQ : TSQ, 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 4.2. MULCOM member functions
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