Available online at www.sciencedirect.com

C@k ScienceDirect Proced i(]

Economics and Finance

A

ELSEVIER Procedia Economics and Finance 29 (2015) 122 — 134

www.elsevier.com/locate/procedia

The Fifth Joint BIS/World Bank Public Investors Conference

Views, Factor Models and Optimal Asset Allocation

Martin van der Schans®*, Hens Steehouwer®"

“Ortec Finance Research Center, Boompjes 40, 3011 XB Rotterdam, The Netherlands.
bAffiliated with Econometric Institute, Erasmus University Rotterdam, The Netherlands.

Abstract

Making investment decisions in general is a decision-making problem under uncertainty. How well an actual investment portfolio
performs depends on the future evolution of economic and financial variables such as interest rates, asset returns and inflation
rates. The future evolution of these risk drivers is traditionally modelled using time series models, and it is assumed that
historical data are relevant for assessing future risk and return. However, opinions vary about the extent to which all forward-
looking information can be derived from historical data. Consequently, a framework for combining views and model-based
(density) forecasts is indispensable. We present a concrete example of how views can consistently be combined with model-
based (density) forecasts and how this affects investment decisions.
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1. Combining views and models

Making investment decisions is a decision-making problem under uncertainty and is, especially for institutional
investors, part of the risk management process. In general, the risk management process is characterised by three
phases. In the first phase, there is an assessment of the risk and return trade-off, taking account of the stakeholders'
objectives, constraints and the assumptions on various asset classes and risk drivers; this phase then leads to a
strategic asset allocation. In the second phase, called portfolio construction, the strategic asset allocation is translated

* Corresponding author. Tel.: +310107005432; fax: +31 (0)10 700 50 01.
E-mail address: martin.vanderschans@ortec-finance.com

2212-5671 © 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Peer-review under responsibility of Organizing and Steering Committee of Fifth Joint BIS/World Bank Public Investors Conference
doi:10.1016/S2212-5671(15)01117-X


http://crossmark.crossref.org/dialog/?doi=10.1016/S2212-5671(15)01117-X&domain=pdf

Martin van der Schans and Hens Steehouwer / Procedia Economics and Finance 29 (2015) 122 — 134 123

into an actual investment portfolio. In the third phase, monitoring takes place to ensure that the assumptions
contributing to the strategic asset allocation remain valid and that the implementation indeed conforms to the
strategic asset allocation.

How well an actual investment portfolio will perform in terms of the objectives and constraints of the
stakeholders will depend on the future evolution of economic and financial risk drivers such as interest rates, asset
returns and inflation rates. The uncertainty about the future evolution of these risk drivers is traditionally modelled
using time series models; see Campbell and Viceira (2002) for an example. A fundamental assumption underlying
these time series modelling approaches is that there is relevance in historical data for assessing future risk and return.
Although there are many arguments to support this claim, it is debatable whether all relevant forward-looking
information can actually be derived from historical data. An obvious topical example in today's world is the impact
of unprecedented central bank interventions on interest rate levels, and the expected speed of normalisation.
Consequently, in practical applications, a framework for combining views and model-based (density) forecasts is
indispensable.

Consistently combining expert views with model-based (density) forecasts is not at all straightforward. The
difficulty is threefold: first, views are typically not formulated for financial variables, but rather in terms of
macroeconomic variables such as economic growth and inflation; second, views are usually not formulated for the
full investment horizon; and third, even when views are formulated in terms of certain financial variables — say,
equity returns — on the full investment horizon, it is unclear how these views should impact other financial variables,
e.g., bond returns. Especially when the number of views and number of assets in the investment portfolio is large, it
is all the more important to apply a modelling approach to resolve these difficulties.

In this paper, we show how to consistently combine expert views with model-based (density) forecasts and
outline how this can impact investment decisions. First, we present a model that is both realistic and simple enough
to serve as an example and work out the methodology for this model. Then, we estimate the model on data and give
a concrete example of how the views influence the forecast. Finally, we discuss the impact of the views on
investment decisions using portfolio optimization.

2. Dynamic factor models

A realistic modelling application supporting the investment decision process typically involves forecasting the
joint behaviour of a large number of financial and economic variables. Not all models are suited for this task, as
estimating high dimensional models is usually difficult. The widely used Dynamic Factor Model (DFM) does not
have this drawback and is very efficient in forecasting the joint behaviour of a large number of time series. The
underlying assumption that validates the use of a DFM is that the simultaneous behaviour can be described by only a
small number of (usually unobservable) factors. See Sargent and Sims (1977), Geweke (1977) and Stock and
Watson (2002) for more details on DFMs.

A well-known example is the factor model presented in Stock and Watson (2002, 2011). In this type of DFM, the
historical time series of the factors are estimated from a dataset containing 108 economic and financial time series
for the United States by a principal component analysis (PCA). A common choice is to use the first four to 10
principal components. These principal components, and consequently the factors, explain a large part of the variance
and correlation structure of the whole dataset.

The specific DFM used in this paper is based on the factor model presented in Stock and Watson (2012b) and has
the following form:

F,=Cp+ AF,_; + ¢f, (1a)
Rt = CR4'BP}:4'<(‘:£2 5 (1b)
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