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1. Introduction 
 

1.1 Background 
 

The last decade has seen a dramatic shift in financial regulations around the world. As 
far as international banks are concerned, a major turning point has been the implemen-
tation of the Basel II Capital Accord in 2006. As part of the treaty, financial institutions 
are forced to conduct more in-depth risk analyses on the exposure of their investments 
than ever before. The aim of the Basel II directives is to maintain and improve the 
soundness and stability of the overall banking system. 
 

As the Basel II Accord requires risk analyses to be conducted for all asset classes, it 
implies that risk assessment also has to be performed on bank’s real estate exposure. 
In many cases, risk models set up for this purpose use historical data and time series as 
inputs. Such information is not always available in all markets where institutional inves-
tors have exposure. With regards to property exposure, a number of financial institu-
tions have decided to use historical time series of various IPD property indices as one of 
the inputs for their risk modelling exercise. This is especially the case in a number of 
European countries where IPD indices have over 10 years worth of history. Property 
investors and financial institution with direct or indirect property exposure believe the 
IPD series to be a good proxy for the performance of individual real estate markets over 
time. For other, less developed property markets such information might not (yet) be 
available, or at least not with a sufficiently history.  
 
One of these markets is Japan. Prior to this work, the available data series on the Japa-
nese (property) market have been reviewed. In conclusion of that exercise the view was 
taken that there is indeed no information or time series available which can be used as 
relevant proxy for property market performance (at least not for an extended and for 
statistical modelling appropriate time period) which is suitable for risk modelling as de-



6 
 

fined under Basel II.1 The inception of the IPD Japan index took place only at the end of 
2002, which at present gives the index a history of eight years, significantly less than 
the 20 to 25 year historical time horizon which some of these risk models require. 
Against this background, our aim is to create a historical proxy for Japanese property 
market performance.  

 
1.2  Purpose 
 

The aim of this work is to extrapolate the IPD Japan Capital Growth index series histori-
cally back to the early 1980’s. Using existing, long-running, macro-economic and prop-
erty-related time series as inputs, we will try to set up a statistical model which can ex-
trapolate the existing eight-year track record back for as many years as statistically sig-
nificant. Our aim is to set up a model which allows us to produce a historical real estate 
capital growth series going back for 15 to 20 year.  
 
As mentioned in the background to this work, such capital growth series could poten-
tially provide sensible input in real estate risk analysis models in a similar way to which 
existing long running IPD series are being used in risk analysis across European mar-
kets. The relevance of such risk models will be explained in more detail in the literature 
review below.  
 

1.3 Outline 
 

We have chosen to divide the thesis into four main chapters: 
 
Chapter 2 includes a literature overview of relevant academic work. General literature 
on the topics of real estate risk management and forecasting of economic time series 
has been reviewed. The review aims to identify an appropriate statistical approach. In 

                                                           
1 Toshiro Nishioka, Managing Director IPD Japan, IPD internal research. 
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addition, it will place the statistical purpose of this work in the bigger picture of real es-
tate risk and finance and discuss some related existing real estate papers.  
 
Chapter 3 describes the methodology and approach which has been considered most 
appropriate for the specific extrapolation exercise as described earlier. In addition, it 
explains in more detail about the dependent variable (IPD) series and the various inde-
pendent time series which have initially been selected as input series for the statistical 
exercise. The discussion on data selection is followed by an overview of the empirical 
approach and the issues which we have encountered. 
 
Chapter 4 presents the empirical results. It discusses the results of regression models 
for all three property sectors as well as the All Property level.  
 
Chapter 5 includes a summary of this work. 
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2.  Literature review 
 

In this part of the dissertation, a number of publications related to the research topic are 
being reviewed and analysed. As we have learnt during the process, extensive reviews 
exist already on many different and specific domains of risk management, real estate 
statistics as well as econometrics. The aim of this chapter is to give a fairly broad and 
general overview of different literature related to the above-mentioned topics. The re-
view aims to summarize the major thoughts, models and approaches which are deemed 
appropriate by the academic world. 
 

2.1   A Risk Management Perspective 
 

Relevance in the big picture: Basel II  
  

As summarized by the US Federal Reserve, the Basel Capital Accord (Basel II) is an 
accord which aims to improve the consistency of capital regulations internationally, 
make regulatory capital more risk sensitive and promote enhanced risk-management 
practices among large, internationally active banking organizations2.  
 
As discussed in more detail in an article by Catarineu-Rabell et al (2005), the require-
ments in the Basel I accord3, the initial framework for financial regulations which serves 
as a basis for Basel II, were relatively risk-invariant. With Basel II, new risk-based re-
quirements for the internationally active banks have been introduced. Basically, it sets a 
new standard for risk-management in banks, and for the allocation of capital to cover 

                                                           
2 http://www.federalreserve.gov/generalinfo/basel2/ 
3 In 1988, the Group of Ten (G-10), an international consortium of senior officials from central banks and regulatory agencies, 
agreed to a voluntary framework for sound banking practices. Called the Basel Capital Accord, the regulations were a stabilizing 
force in the international banking system for more than a decade because they fostered financial cooperation between participating 
countries 
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those risks4.  The completed Basel II rests on three pillars: minimum capital require-
ments, a supervisory review process and market discipline. 
The first pillar mentioned above is by far the most complex, taking up about three quar-
ters of the pages in Basel II (Peterson Institute). The minimum Regulatory Capital which 
banks are required to hold according to the Accord is in essence a function of the 
bank’s capital and the risk attached to it. Risk, in this case, consists of credit risk, mar-
ket risk and operational risk:  
 
Hedwards (2004) summarizes credit risk as the risk that a borrower or counterparty 
might not honour its contractual obligations. Market risk is the risk of adverse price 
movements such as exchange and interest rates, values of securities or properties. Op-
erational risk is the risk of loss resulting from inadequate internal processes, people or 
systems, or from external events.  
 
Several academic sources explain how these three types of risks are being measured in 
different ways.  For each type of risk, various approaches for measurement are possi-
ble, and all come with caveats and criticisms and are subject to ongoing debate. Al-
though an in-depth discussion on risk calculations might lead us too far astray, the im-
portant thing to note is that under Basel II (different from the earlier accord), banks are 
allowed to build their own models in order to assess their risk exposure. The concept is 
frequently called “internal rating-based (IRB) capital requirements”. The aim of the Basel 
Committee is to improve bank safety and soundness by moving towards capital regula-
tions based on such internal risk models. A study by Peterson Institute for International 
Economics states this approach could indeed align capital requirements for credit expo-
sures much more closely with the actual risks entailed by those exposures.  
 
There is however some fundamental criticism against the IRB approach. A research 
paper on the credit risk of Mexican banks in the mid-1990’s shows that measured risk 
would increase after a crisis and would fell as a recovery took hold (Segoviano & Lowe, 

                                                           
4 As published by the Basel Committee of G10 Central Banks 
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2002). This led to the author to conclude that an internal ratings-based approach would 
generate large swings in regulatory capital requirements, depending on the point of the 
economic cycle. A study on the 1973 and early 1990’s banking crises (Panagopoulos & 
Vlamis, 2008) as well as a study from the Peterson Institute of International Economics 
are a few of many other studies which conclude that there might indeed be an issue 
with such “amplification of procyclicality”, as the effect is typically called.  
 
Panagopolous & Vlamis identified a number of issues in the accord specifically related 
to real estate. The main issue (besides any modelling issues) would be the absence of 
reference to what methods can be used in order to value real estate. The lack of ac-
knowledgement of international valuation standards and the absence of regular dia-
logue with the valuation profession, poses a major challenge in terms of quality risk as-
sessments.  
 
The debate on risk modelling (in view of, but not restricted to, Basel II) is clearly ongoing, 
and several issues have been identified and will need to be looked at in greater detail. 
The overall consensus in the literature review on Basel II however is that, although 
Basel II directives do not have any legal force, its regulations will make banks more risk 
sensitive and cope better with any future banking crisis. Despite the criticisms, and as 
learnt from interviews with representatives of several international banks, we can say 
that these banks are indeed getting themselves organized to meet Basel II requirements. 
Against that background, we could argue there is a requirement for good and relevant 
data series as these will prove valuable input for risk analysis as defined under Basel II. 
The requirement and use of specifically capital growth information in real estate risk 
modelling will be discussed in more detail below.  
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2.2   A Real Estate Perspective 
 

Any crisis in the real estate sector, produced by the sharp and unexpected fall of real 
estate collateral prices, is immediately transmitted to the bank’s effective exposure. This 
is next transferred to the bank’s equity capital which might in turn cause a banking cri-
sis. Specifically for international banks with real estate exposure, it will therefore be im-
portant to identify (for each market in which they are invested) the real risk involved in 
participating in property finance .This will not only affect their lending decisions, but also 
impact on their capital requirement altogether. (Panagopolous & Vlamis, 2008).  
 
A number of papers have been reviewed which explain and investigate in greater detail 
the link between real estate markets, related risk and ultimately the credit markets. Na-
barro and Key (2003) establish in their paper which indicators can be used to track the 
course of real estate markets, their linkages with fundamental economic drivers and 
with real estate credit. As the paper concluded, simple monitoring key indicators for real 
estate markets and the banking system could go a long way towards increasing sensi-
tivity to the risks of real estate credit cycles. Research on the UK real estate credit cycle 
of the late 1980s/early 1990s, showed that the key elements of such cycles can be quite 
easily tracked. Ramps and spikes in indicators of fundamental real estate demand, ren-
tal and capital pricing, and volumes of lending look like valuable warning indicators of 
rising real estate credit risk. Such general real estate market information can subse-
quently be adapted to estimate market and specific risk for real estate lenders. 
 
From a more statistical point of view, Ciochetti et al (2003) suggest that the use of a 
structured model which estimates not only expected returns, but also volatility of returns 
and growth rates may be of benefit to those interested in understanding the risk and 
return of institutional grade commercial real estate. Such results, in turn, could be fed 
into risk any Basel II risk model. 
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Wheaton et al (2001) argue in their paper that real estate is a predictable asset class 
unlike stocks and bonds, and discuss a useful methodology for forecasting and evaluat-
ing real estate market risk. According to the authors, the uncertainty associated with the 
forecasting of market outcomes is the key measure of risk, and not the inherent histori-
cal volatility of the market itself. They conclude that by using modern time series analy-
sis (Vector Autoregressive Models or VAR), it is possible to quantify this kind of risk, as 
the standard error of the forecast for each variable in a real estate model. This conclu-
sion seems to complement some of the findings in our review of Basel II, where VAR 
has indeed been identified as a preferred approach to estimate market risk.  
 
Not all research however puts capital value information forward as an appropriate or 
necessary input for any real estate risk modeling. DiBartolomea et al (2005) describes 
an alternative approach estimating the risk of real estate that does not rely on typical 
appraisal based benchmark indices. The proposed model breaks down real estate risk 
into four components: operating cash flow valuation risk, financing structure, credit, and 
rent/occupancy volatility. Each of these risks is then expressed as functions of factors 
that are observable in financial markets or in the general economy.  
 
In conclusion, a review of real estate (credit) risk papers learns that there are various 
(statistical) ways in which risk in property markets could be looked at and measured. 
Depending on the approach, risk analysis are based on either property related informa-
tion or more general financial information. Or indeed a combination of both. Sufficient 
literature seems to exist in which asset values and capital growth information is being 
used as (at least partial) input for risk analysis. This supports the requirement for a rele-
vant property capital growth series for Japanese real estate as this could provide rele-
vant input to determine specifically market risk. There does not however seem to be a 
general consensus in regards to which statistical approach would be most suitable for 
property risk measurement and forecasting in general. We have established a more 
theoretical review below, in an effort to identify at suitable approach which we could use 
in our own statistical work later.  
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2.3   A Statistics Perspective 
 

Most literature related to the proposed topic considers forecasting or forward extrapola-
tion of economic time series. Very little literature, in fact none, has been found where 
the existing time series of an economics-related measure, or any other type of time se-
ries for that matter, are being extrapolated back historically.  
 
This does however not mean a literature review is any less relevant. In many ways, 
backcasting5 or extrapolating time series historically can be considered very similar to 
forecasting and future extrapolation. The main difference would be that any modelling of 
existing series back in time will be based on existing and definite independent variables. 
In theory, this should lead to overall better quality models because definite time series 
can be used. The section below considers one approach found in literature to differenti-
ate theoretical types of forecasting. This should allow us to identify which statistical ap-
proach would be most suitable for our work6.  
 
2.3.1   Types of forecasting: Theory 
 
Armstrong and Grohman (1972) break down forecasting models in terms of their objec-
tive-subjective dimension and causal-naive dimension respectively. Four extremes are 
identified in below chart. We will elaborate on both dimensions in more detail in the fol-
lowing section. 
 

                                                           
5 In this work, we are using the term ‘backcasting’ as a synonym for extrapolation or regression analysis back in time. One should 
note however its common meaning is different. In most literature the term ‘backcasting’ relates to a statistical approach introduced in 
the 1980’s. Typically, backcasting studies take an expert’s articulation of a desirable future and analyse how feasible such goals are. 
It is widely used in the areas of energy and sustainable development and has a benefit over forecasting that it would not project 
current and historical problems into the future (Wilson et al, 2006). 
 
6 It should be pointed out that the ideas of Professor J. Scott Armstrong make a strong footprint on this review. Perhaps more so 
than one would deem appropriate. However, as our review progressed we have learnt that Armstrong has worked on, reviewed and 
criticized numerous papers on this topic throughout the last four decades. He is probably also the most frequently quoted source in 
the field of forecasting. We therefore deem it appropriate to include several of his thoughts in our review. 
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Source: Armstrong & Grohman (1972) 

 

Causal – Naive Forecasting: Extrapolation or Econometrics? 
 

Naive forecasting is defined as a method which uses data on only the (one) dependent 
variable. Typically, an analysis is carried out to see whether the dependent variable 
shows any regularity over time. The time pattern is then projected into the future.  
Causal methods go beyond the dependent variable to consider also variables which 
may cause changes in the dependent variable. An attempt is made to determine what 
causal variables are important, then to forecast the causal variables, and, finally, to infer 
values for the dependent variable on the basis of the changes in the causal variables. 
The key assumptions are that the causal variables can be measured and projected ra-
ther accurately in comparison to a projection of the dependent variable and that the re-
lationships will remain constant over time (Armstrong & Grohman, 1972). The question 
then becomes which approach is deemed to be better in terms of forecasting perfor-
mance? 
 
Some literature argues that the forecasting performance of non-linear (econometric) 
models is relatively poor and that substantive further research in this area is required. 
Research of 49 different forecasting models used on 215 different macroeconomic se-
ries concluded that non-linear models are not reflecting reality any better than simpler 
linear approximations (Stock and Watson, 1996). This is a similar conclusion to an older 
paper “Forecasting by Extrapolation: Conclusions from Twenty-Five Years of Research” 
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from Armstrong (1984) : “ […] relatively simple extrapolation methods are adequate. […] 
These methods provide accuracy equivalent to more complex methods at a lower cost, 
and they are easier to understand”. 
 
The important caveat to note here is that the research is focused on (and valid for) 
short-range forecasting. Various authors have implied that casual factors might improve 
accuracy for longer-range forecasts, although it is noted (once again) that more re-
search should be conducted on this topic. In an earlier work (Armstrong and Grohman, 
1972), it had indeed been concluded that existing econometric methods would seem to 
offer more accurate long-range forecasts than may be obtained from other commonly 
used methods, namely expert judgment and extrapolation methods. The accuracy of the 
econometric method relative to these other methods increases as the time horizon of 
the forecast increases. In conclusion, it is suggested that more accurate long-range 
forecasts are likely to be obtained by using econometric methods.  
 

Subjective forecasting: Is it relevant? 
 
A different way of slicing forecasting models is by ranking them in terms of objective-
ness. The difference between objective and subjective models boils down to the type of 
information which is being used. Armstrong and Grohman define subjective (or judg-
mental or intuitive or implicit) methods as those in which the process used to obtain 
forecasts has not been well specified. For subjective models, forecasting is not based 
on factual series but rather things such as business experience, belief and feeling. Ob-
jective models on the contrary are based on unbiased and quantative information. The 
process is typically well specified. Both extrapolation and econometrics are considered 
objective approaches.  
 
Going by the above definitions, we are confident an objective approach would be the 
preferred choice in our work. Although subjective models have little quantitative or ob-
jective basis, that doesn’t mean however they should be dismissed completely. Some 
authors argue that judgmental forecasting can be used for longer-term forecasting, 
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since little (objective) data is available for modeling. Hence, the opinion of experts could 
be called upon to assess changes in e.g. economic factors and trends.  
 
In conclusion of above section, literature indicates that - in general - objective methods 
will lead to more accurate long-range market forecasts than subjective methods. Causal 
methods in turn will lead to more accurate long-term forecasts than naïve methods. The 
accuracy of objective and causal methods increases as the forecast horizon increases. 
Since we will be aiming to perform long-term historical modeling based on objective 
economic and property information series, the conclusion that we should perform re-
gression analysis seems to make most sense.  
 
That does however not mean we will completely abandon the idea of including judg-
ments in our work. A significant amount of literature can be found which make a case 
for including judgments and domain knowledge throughout statistical analysis. Judg-
ment and domain knowledge could help to select effective forecasting procedures. Giv-
en that our aim is to backcast a long-term history based on a model with statistically few 
records, we believe adding in domain knowledge throughout all stages of the exercise 
could be an important factor to allow us to retrieve a sensible outcome. As such, we 
have elaborated on this topic in more detail below.  
 
2.3.2   Integrating judgement and domain knowledge 
 

Various economic regression papers consider if and how judgment and domain know-
ledge could be integrated in statistical modeling of series. They describe the impact of 
adding judgmental forecasts after seeing statistical extrapolations, combining judgmen-
tal and extrapolation forecasts, using judgment to revise extrapolations, rule-based fo-
recasting and econometric methods.  
 
Judgement can be included in different ways. Firstly, researchers will need to determine 
what data are relevant for specific forecasting. Judgement is also needed to determine 
what statistical procedures to use in a given situation. Lastly, domain knowledge can be 
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used to make revisions in time series observations which are believed relevant, or to 
adjust for any unusual events. The fact that judgments should be unbiased is the main 
and most straightforward consideration. Further to this fairly obvious condition there are 
a number of ways to integrate judgment in any statistical model; 
 
Revised judgmental forecasts: experts make a judgemental forecast which they subse-
quently revise based on statistical extrapolations.  
 
Combined forecasts: When both statistical and judgmental forecasts are available, and 
one would produce the more accurate forecast, then that method should probably be 
used or at least weighed more heavily. In practice however, alternative forecasts nearly 
always contain some added information. Combining them aids accuracy to the extent 
that the added information is valid and reliable but different. 
 
Revised extrapolation forecasts: Literature is suggesting that revisions of extrapolation 
forecasts are more relevant where forecasters have good domain knowledge. Also, re-
visions should be based on structured judgment. Lacking such conditions, judgmental 
revisions might harm accuracy. If a researcher is able to identify any patterns which 
have been missed by the statistical procedure, this might improve accuracy. However, 
research indicates that fairly often such adjustments are made by biased experts. 
 
Rule-based forecasts: Again, this type of forecasting makes use of structured judgmen-
tal inputs to statistical procedures. Rule-based forecasts depend upon an assessment 
of the conditions faced in the forecasting task. The basic idea is that the forecasting me-
thods must be tailored to the situation and that a key aspect of this is domain knowledge. 
Rule-based forecasting uses expert judgments about the characteristics of series and 
about causal forces as inputs to extrapolation methods. 
 
Econometric forecasts: Integration in an econometric model occurs when judgmental 
inputs are used to identify a model and regression is used to obtain estimates for the 
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coefficients of this model. Econometric models provide the most highly structured ap-
proach to integrating judgment. In addition to functional form, judgment is used to select 
causal variables and to specify the directions of effects (Dawes & Corrigan, 1974). Prior 
research (summarized by Armstrong, 1984) indicates that, when judgment is based on 
good domain knowledge, econometric models are typically more accurate than alterna-
tive procedures when large changes are involved. 
 
Literature suggests that judgment can add accuracy to any economic extrapolation or 
forecasting, but that this is not always the case and that a number of reservations 
should be made. To be useful, judgments should incorporate information that is not cap-
tured by the statistical forecast and vice versa. When there is uncertainty about or mul-
tiple options for both data selection and forecasting trends, the more conservative op-
tion should be considered. To a large extent, time series capture the effects of all of the 
changes in the past, so it is primarily when domain knowledge provides information 
about recent or pending changes that it may be useful (Armstrong & Collopy, 1998). In 
their own review of the literature, Bunn and Wright (1991) also concluded that judgmen-
tal knowledge and quantitative methods should be integrated. This view is seconded by 
Edmundson (1990).  
 
Combining forecasts 
 
Another approach to increase accuracy of extrapolation models which is frequently dis-
cussed in literature is the combination of various forecasts. Makridakis & Winkler (1983) 
conclude in their research that combing forecasts ‘produces dramatic gains’ when sev-
eral forecasts are available and one does not know which one is more accurate. Other 
research too points in this direction. The question obviously becomes how many fore-
casts to combine, which is a cost/benefit issue. In this review, we would barely like to 
point out the existence of this discussing to the reader rather than giving a definite an-
swer to the question. As far as our own statistical work is concerned, the number of 
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forecasts we will be able to produce will depend on available data as well as statistical 
approach. This will become clearer in the following chapters.  
 
In conclusion of the statistical review, we believe that regression analysis would be the 
most appropriate approach for our statistical work. This is based on the fact that we are 
looking for long-term historical back casting rather than any short-term analysis. In addi-
tion, we will search for sufficient long-term objective time series available for regression 
analysis, so that we will not have to use subjective modelling.  
 
 

3. Empirical Approach 
 

3.1   Data selection  
 

We have now established that regression analysis will be the preferred approach for our 
statistical analysis. This chapter will discuss in more detail which dependent and inde-
pendent variables have been selected. In terms of dependent variables, the IPD index 
series for Japan form the very basis. We will also discuss the types of independent va-
riables which have been selected for the econometric regression. Lastly, we will explain 
the process of initial data preparation and subsequently the regression analysis. We will 
elaborate on some of the statistical issues we have encountered throughout the 
process. 
 
An alternative approach has first been considered, in which we have aimed to construct 
a similar model, i.e. based on the same dependent variable (IPD) time series. The mod-
el would also use very similar independent variables as the ones selected for Japan, but 
for a different country where sufficient observations exist to verify the relevance of a 
model based on a seven-year history. A lack of IPD information and/or general absence 
of longer term economic time series in most other Asian countries have forced us to 
look at economic information in Australia. It is believed that the IPD Australia index se-
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ries would be the closest match available in terms of similar market conditions and re-
gional proximity which at the same time has sufficient history in its IPD series to allow 
for verification of any testing model. Matching independent variables for the Australian 
market have been identified, but initial research indicated that correlations between var-
ious independent variables with either IPD All-property or sector capital growth series 
are not statistically plausible to build any testing model. On that basis, this approach has 
been abandoned. 
 
3.1.1   Dependent variables: the IPD Index 
 
Where available, real estate investors and their managers use IPD indices to compare 
property returns with those of other major asset classes, assess property performance 
in different countries and identify trends in different market sectors. These property in-
dices have therefore been specifically developed to be as consistent as possible with 
those used in mainstream investment analysis. In most markets where IPD is active, its 
indices are considered the best definite and objective indication of property performance. 
In a number of countries, IPD indices have histories of a significant length. They can be 
(and are being) used as a basis for risk analysis and forecasting. About 95% of all prop-
erty derivatives which to date have been traded worldwide have been underwritten on 
IPD indices. This reinforces the point that its time series are considered both reliable 
and meaningful by the property industry.  
 
For Japan, as is the case in most markets, IPD breaks down an All Property index into 
the major sectors: office, retail, residential industrial and ‘other’ (comprising mainly 
mixed-use developments, hotels, etc.). Each Total Return index is subsequently broken 
down into a Capital Growth and Income Return component. See Appendix A for the re-
levant Japan Capital Growth return series. All IPD indices are value weighted, meaning 
that each property included in any index contributes to the index value in proportion to 
its capital value. Monthly time weighted calculation is used in all IPD reporting of multi-
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period returns. This methodology is in line with IFRS and GIPS7 guidelines. The fact 
that IPD information is compiled in line with such international accountancy standards is 
yet another reason why investors often give preference to IPD time series over other 
property performance indicators.    
 
The above paragraphs provide a few arguments why IPD indices are regarded solid and 
useful indicators of property markets. It seems therefore sensible for international banks 
to use such industry-wide accepted information in their risk analysis. As previously men-
tioned, some of these banks are indeed already using IPD indices to that end, especial-
ly in European markets. The IPD Japan Annual index however only has a track record 
of nine years. Such short history is a major concern for any statistical analysis as it im-
plies that any out-of-sample extrapolation model can only be based on a maximum of 
eight observations. In statistical terms, this is a very low number of observations to 
firstly built, and secondly assess the stability of any risk model. In order to create a suf-
ficiently long time series, the aim of this work is to backcast the IPD Japan Capital 
Growth annual index at the All Property level.  
 
At the same time, we will aim to build similar models for each of the three main sectors 
(Office, Retail and Residential) separately. By doing so, we would like to establish if it is 
possible to to build more accurate models on a sector level compared to the all property 
level. If this is the case, we might be able to construct an all-property index by applying 
appropriate weightings for each sector.  
 
3.1.2   Independent variables 

 
For our regression analysis we have sourced economic data from Bloomberg and CEIC 
databases. A detailed overview of all variables, including the original data series can be 
                                                           
7 IFRS: International Financial Reporting Standard. Financial reporting rules that have been developed by the Lon-
don-based International Accounting Standards Board (IASB), and which recently have become widely mandated, 
adopted or emulated in by about 100 countries. 
 GIPS: Global Investment Performance Standard. The GIPS standards are a set of standardized, industry-wide ethi-
cal principles that provide investment firms with guidance on how to calculate and report their investment results to 
prospective clients. 
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found in Appendix B. Variables can roughly be divided into two different types: Macro-
economic data and property-related information.  
 
Macro-economic data 
 
A number of macro-economic measures could be thought of having a relevance rela-
tionship to explaining the overall performance of real estate performance in Japan. More 
specifically, we are keen to find out if there would be a significant relationship and corre-
lation between the growth measures of such economic variables and the IPD capital 
growth series for Japanese real estate. If any relevant correlation is present for certain 
measures, these variables could be used in modelling the capital growth series.  

We are unsure at this point however if such time series have in fact any significant cor-
relation or relationship at all. Ball and Grilli (1997) have examined time series characte-
ristics of data on the modeling of UK commercial property. The paper highlights the im-
portance of changes in a.o. national income and construction costs in determining 
changes in commercial output (in this case commercial output refers to amount of de-
velopment rather than property return). However, several technical and theoretical rea-
sons suggest that they are likely to have poor forecasting ability. One reason is the data 
on commercial output have a low volatility, while the other economic data are of poor 
accuracy and are therefore a bad substitute. Doubt is expressed over whether future 
econometric models can improve on this situation.  

Kling and McCue (1987) come to a different conclusion. The paper considers the effect 
of macroeconomic factors on office construction. The findings suggest that overbuilding 
in the US office market in the mid-1980’s can be explained by the decline in nominal 
interest rates in the preceding years. In a more recent paper, Cue and Kling (1994) ex-
plored the relationship between the macro economy and real estate returns. Using re-
gression analysis on US REIT data between 1971 and 1991, they conclude that nominal 
rates, output and investment all directly influence real estate returns. According to the 
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paper, nominal interest rates – once again - explains the majority of variation in real es-
tate returns.  

Chan et al (1990) explores the impact of macro-economic factors on property returns, 
also by analyzing data from equity REIT’s. The authors look a.o. variables at expected 
inflation and industrial production. In conclusion, both variables do not seem to have 
any systematic impact, although that of industrial production seems to have a positive 
impact.  

We have been unable to find any literature which explores specifically the impact of ma-
cro-economic factors on IPD returns (in any market). From above and other available 
literature however, we can conclude that macro-economic variables have indeed pre-
viously been used to (at least try to) explain the performance of real estate markets 
(mainly, but not restricted to, construction and property returns). There does however 
not seem to be a general trend as to which specific types of macro-economic variables 
are being used for this purpose, nor does there seem to be any consensus on its im-
pact. Some models can be explained by macro-economic factors whereas others don’t. 
It is not always clear why this is the case. For our work, we will identify plausible va-
riables to establish their potential explanatory value. We will however keep in mind its 
usefulness might turn out to be minimal.  

 
Property-related data 
 
In addition to purely economic variables as described above, other time series have 
been identified which potentially could have explanatory power in terms of property 
market performance. Different from the economic variables, we don’t necessarily be-
lieve there would be a causal relationship with the IPD capital growth series. However, 
each of these series might to a certain extent be seen as a proxy for property perform-
ance, either for the entire Japanese market or defined sub-markets. Further analysis is 
required to identify if this is indeed the case.  
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Selected time series include the annual amount of construction started in Japan, both 
for dwellings and non-dwellings and average land prices for all commercial and residen-
tial land. Both measures are also available for all property, meaning they indicate aver-
age amount of construction started and land prices not taking into account specific sec-
tors but rather the property market as a whole. We have also identified a time series 
tracking the performance of the Japanese office market over an extensive time period. 
Although this source applies a different methodology from the standard IPD methodol-
ogy, we believe such information will be very useful in our further analysis and have 
found it appropriate to elaborate in more detail about this index: 
 
The index is called ‘MTB – IKOMA Real Estate Investment Index ‘and is constructed by 
Mitsubishi UFJ Trust and Banking and IKOMA Data Service System. Its history goes 
back to 1970, and although it offers a good county representation (79 index zones 
around Japan), it only reports returns on the office sector. The developers of the index 
use multiple linear regression analysis of approximately 20,000 tenant lease contracts 
to create a rent regression that allows for a time series analysis of the rate of return on 
real estate investments since 1970.  
 

Literature suggests that the historical IKOMA Index series could be used as a proxy for 
overall Japanese real estate performance (Endo, 1995; Kawaguchi, 2001; Topinzi et al, 
2007). Some of the authors have indicated the IKOMA return series is indeed the best 
available proxy for the Japanese real estate performance:  
 
Based on the fact that the existing IPD property index for Japan is heavily weighted to-
wards the office sector (around 61.5 per cent in their portfolio) and appears to be track-
ing the MTB – IKOMA Index closely, it seems appropriate to use the latter as an indica-
tor of Japan’s past performance. (Topinzi et al, 2007) 
 
A correlation coefficient of 0.92 for years 2002 to 2009 also seconds the argument of a 
very high correlation between the IKOMA Office capital return series and the IPD Office 
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capital growth series. Although most literature (mentioned in above paragraph) seems 
to consider the IKOMA series as a proxy for the entire Japanese property market, we 
will – given that the series is in fact tracking the Japanese office sector- treat the IKOMA 
series as a relevant proxy for office performance only. We will aim to combine the series 
with other statistically relevant historical estimates for the residential and retail sector. 
 
Limitations 
 
Looking at the overview of variables in appendix, the selection of independent variables 
which we deem appropriate might look fairly restricted. As discussed in the section on 
macro-economic data, literature suggests the usefulness of macro-economic data might 
is not always straightforward. Regardless of scepticism in literature, it is also true to say 
that for some other developed (national) property markets more (and more relevant) 
data series are available. For Japan, we have identified a number of other series which 
– at least on the basis of common sense – felt more appropriate for this research. Other 
series might have a higher degree of explanatory value of past property performance 
compared to those listed above. However, given the scope of the thesis – creating a 
historical time series going back 15 to 20 years – these variables did not have suffi-
ciently long historical information. It is expected that eventually only a selected number 
of the variables will eventually be employed to generate the final model.  
 

3.2    Correlation analysis 
 
Now that we have identified the variables and invariable time series we will investigate 
which information (i.e. which time series) will be most useful in our regressions. Check-
ing the correlation between the dependent and each of the independent variables will 
give an insight as to which time series could have a high degree of explanatory value. 
At the same time we will investigate if higher correlations can be found when consider-
ing the concepts of time lagging and deflation time series. Both concepts are briefly de-
scribed below.  
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3.2.1   Time lagging 
 
As a starting point of our research, we assume that the current values of explanatory 
invariables affect the current value of the dependent variable. Although such assump-
tion is built in when using cross-section data, this is not always the case for time series 
data. In essence, we will have to explore the extent to which certain effects might be 
delayed. This is known as the lag structure of the relationship. For example, we could 
investigate if correlations between the total amount of construction started in Japan and 
the capital growth on property are higher when we lag the construction time series with 
one or more years. Common sense tells us this might well be the case, as more con-
struction tends to start when developers believe higher prices and returns can be made 
in the future. These higher returns will only be reflected in the IPD capital growth figures 
one or more years later, upon completion of construction or even after that.  
In our work, we have opted to consider a one, two and three year time lag respectively 
for all independent times series. Correlation analyses suggest two types of time series 
show higher correlations when time lagging is applied. The independent variables ‘Land 
prices’ and ‘Construction Started’ have the strongest correlation with the dependent va-
riables when a two or three year time lag is applied. We will consider a two-year time 
lag for these invariables in our regression analysis. For all other invariables, correlation 
with the respective dependent variables is strongest when no time lag is applied. These 
will be included in the regression analysis without any time lag. 
 
3.2.2   Deflation 
 
In addition to time lags, we would like to find out if independent variables would show 
stronger correlations with the dependent variables if they were adjusted for inflation (i.e. 
if the effect of inflation was excluded). Prominent economic series such as gross do-
mestic product are typically available in both nominal and real terms. For other, less 
commonly used time series this might not always be the case. However a simple meth-
odology can be used to deflate any nominal data series into real values. In our work, we 
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have transformed (deflated) all nominal growth figures for CPI. We do this to establish if 
deflated series show stronger correlations with the dependent variables. It turns out 
however that for none of the time series this is the case. Deflated (real) growth series do 
not seem to have stronger correlations with any of the dependent variables compared to 
the nominal series. A possible explanation can be found in the characteristics of the IPD 
figures: IPD capital growth figures (or any of IPD’s return figures for that matter) are 
typically quoted in nominal terms, i.e. not adjusted for inflation. It is therefore plausible 
that nominal independent variable series show a higher correlation with the respective 
dependent variables.  
  

3.3   Issues with Regression Analysis 
 
Based on the results of the correlation analysis, we have run a number of regression 
analyses. We have attempted to identify the best fitting model for each of the dependent 
(sector and all property) variables. Regardless of the outcome, which will be discussed 
in more detail in the next chapter, we have noticed some potential statistical issues with 
the various regression analyses we have performed. Before discussing the regression 
results, we have included a discussion on non-stationarity and auto-correlation below.  
 
3.3.1   Non-stationarity 
 
A common data-related issue when analyzing financial time series is the presence of 
non-stationarity. This means that data points often have means, variances or covari-
ances that change over time. Stationarity exists if the mean and the variance of the data 
remain constant. Iordanova (2007) states that non-stationary data, as a rule, are unpre-
dictable and cannot be modelled or forecasted. The issue with using non-stationary data 
is that they may indicate a relationship between two variables where one does not exist.  
 
Different types of non-stationary processes could be identified in literature. In summary, 
examples of such processes are random walk, where all data points are equal to last 
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period’s value plus a stochastic (random) component. Such series could be with or 
without drift (a slow steady change). Random walks cannot be predicted. Deterministic 
trends are another example. Such non-stationary data series have a mean that grows 
around a fixed trend. 
 
One option to transform non-stationarity data series in a stationary process which if fre-
quently described in literature is called ‘differencing’ (Fuh, 2003). Rather than using the 
original data, this process includes the difference between data points (i.e. the differ-
ence between Yt and Yt-1, instead of using Yt ). This will make the process difference-
stationary. The downside of this approach is that the process loses one observation 
each time the difference is taken. It is a different approach from the process for making 
a deterministic trend stationary; in this case the transformation could be done by ‘de-
trending’. This process consists of subtracting the (longer term) trend from each data 
value. No observation is lost in this case.  
 
Looking at the dependent variables in our work, it is difficult to establish whether the 
data suffer from non-stationarity. With only nine data points, the number of observations 
to identify any form of random walk or deterministic trend is very low. As its statistical 
relevance will be low, we will not attempt to run any tests on stationarity or transform 
any data series into stationary series. For reference of the reader however, we do want 
to create awareness of the potential issues with this process.  
 
3.3.2   Auto-correlation 

Steiner (2011) describes autocorrelation (also called "serial correlation") as the correla-
tion between observations of a time series with lagged observations of the same series. 
In a performance context, positive autocorrelation of period returns can result in a posi-
tive (negative) relative return in one period followed by another positive (negative) rela-
tive return the next period. Negative autocorrelation can result in positive (negative) rel-
ative returns followed by negative (positive) relative returns.  
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According to literature, positive autocorrelation has also been observed in real estate, 
respectively subprime and Asset Backed Securities and Collateralized Debt Obligations 
containing subprime mortgage exposures and hedge fund return time series. One rea-
son for the existence of autocorrelation is illiquidity, which results in observed prices not 
being market prices reflecting all relevant information (Steiner, 2011). Although this 
might be true, a more straightforward explanation can be thought of. As the capital 
growth returns typically reflect a real estate cycle, it is often the case that during the up-
turn of a cycle a positive return in one year is followed by a positive return the following 
year. In a downturn, a negative return might be followed by another negative return until 
the market bottoms.  

The issue with positive autocorrelation is that it will have a lower volatility than the un-
correlated series. Although less volatility is usually preferred to more, the attractiveness 
of returns is therefore distorted (overestimated) when positive autocorrelation occurs. 
Whilst finding the best fitting regression models, we have noticed that most models 
would show high R2 (correlation) values indeed.  We only have nine years of history 
however for the dependent variables to work with. In real estate terms, this barely cov-
ers one cycle. This makes it difficult to come up with a statistically sound analysis for the 
(non-) presence of auto-correlation. 

We have looked at the correlation between each of the dependent variable series with a 
one year lag of those respective same series. It turns out that for all four series, correla-
tion with their one year lag series ranges from 0.55 to 0.70. Such figures suggest there 
might indeed be auto-correlation, although a short history should once again be noted.  

We have subsequently re-run regressions, this time including one year lag series of the 
respective dependent variables as an independent variable. By doing so, we want to 
establish the impact of auto-correlation on the results. These regression models should 
be considered an intermediate step. By including the dependent variable as an invaria-
ble, we are able to judge the impact of auto-correlation (by looking at the t-stat of this 
variable). At the same time, we can identify which other variables would be significant 
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explanatory variables in addition to the original lagged dependent variable. Once we 
have identified these, we have re-run regressions only using the significant variables 
(other than lagged dependent variable) as inputs. The outcome for the respective sec-
tors is being presented in the next chapter. 

A problem of non-stationarity and auto-correlation seems to exist for any of the at-
tempted regression outputs, regardless of the selection of independent variables. As per 
our discussion, it is not straightforward to firstly identify and secondly adjust for these 
problems. Especially in view of the short history of the respective dependent variables it 
is difficult to identify (let alone fix) the current data series for non-stationarity and auto-
correlation. In the final chapter we will discuss the regression models which show the 
best fit for each of the four dependent variables (All Property, Office, Retail and Resi-
dential). We are aware of the above-mentioned caveats in the regression outputs. 
These caveats should be kept in mind especially in view of high (multiple) correlation 
(R2) values. Although we have tried to reduce its impact, auto-correlation will prove to 
be a major limitation to our work. Only as longer history for the dependent data series 
becomes available, one will be able to adjust the outcome for such issues.  
 
 

4. Empirical Results 
 

We have applied the approach describer earlier to model all four IPD Capital Growth (All 
Property, Office, Retail and Residential). The results for all models are described below. 
In all cases we have aimed to find the best fitting models, taking into account some of 
the statistical limitations and caveats.  
 

4.1   All Property Capital Growth Model 
 
The model which we believe models best the IPD All Property Growth series uses the 
Urban Land Price Index (Nationwide Average) with a two-year lag and the IKOMA office 
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series as independent variables. The equation has the following form: 
 
All Property Capital Growth =   
 
- 0.056 – 1.081(Urban Land Price Growth / 2 Year time lag) + 0.613 (IKOMA Office 
Capital Growth) 

Details on the regression inputs and results can be found in Appendix C. The coefficient 
for each independent variable in the equation above shows the size of the effect that 
each variable is having on the dependent variable. The sign on the coefficient (positive 
or negative) shows the direction of the effect. In a regression with multiple independent 
variables like this, the coefficient tells how much the dependent variable is expected to 
increase when that independent variable increases by one percent (holding all the other 
independent variables constant).  

In addition to the prediction components of the equation, the detailed results in appendix 
show in more detail how strongly each of these independent variables is associated with 
the dependent variable. More specifically we have looked at the P value of each vari-
able. As explained in literature (Princeton University), a P value of 5% (0.05) indicates a 
5% chance that the achieved results would have come up in a random distribution. In 
essence, this means that the variable is having some effect with a 95% probability of 
being correct (assuming the model is specified correctly)8. The results of our model 
suggest P values of 0.016 and 0.003 respectively for the Urban Land Price and IKOMA 
Office series. This indicates that both variables have more than a 98% probability of 
explaining the dependent variable. Such a highly significant result (i.e. very small P 
value) does not necessarily mean a large effect of the variables on the dependent vari-
able. It is possible that significant results might only have a miniscule effect. As men-
tioned earlier, the coefficients in the equation would give a better indication of the mag-
nitude of effect of the respective variables. With coefficients of -1.08 and 0.61 respec-
tively, we can roughly say that both variables have a significant impact and none of 

                                                           
8Data & Statistical Services, Princeton University. Available at -  dss.princeton.edu/online_help/analysis/interpreting_regression.htm 
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them only has a marginal impact.  
 
The overall ‘goodness of fit’ of the model can be judged by the R2 value. This measure 
indicates to what extend the dependent variable can be explained by the independent 
variables. The R2 in this case is quite high (95.2%), but this is generally of secondary 
importance; the P value tells you how confident you can be that each individual variable 
has some correlation with the dependent variable, which is the important thing. For both 
measures, the above model shows high significance.  
 
In less statistical terms, we have modeled the IPD All-Property Capital Growth returns 
as a function of the Urban Land Price growth figures (where we have applied a two-year 
time lag) and the IKOMA Office series (with no time lag). The model indicates a positive 
relation between office capital growth returns and overall property capital appreciation 
returns in Japan. This sounds plausible, not least because the investment property mar-
ket in Japan is driven mainly by office investments. From various discussions with aca-
demics and industry experts, it can be argued that up until the late 1990s the Japanese 
property investment market was relatively small with a few life insurance companies and 
property companies active in real estate investment and even fewer pension funds with 
still fewer property allocations. Furthermore, their investment allocation was almost en-
tirely in the office sector. Investments in the retail and residential markets have only 
gradually become part of the institutional investment market since the early 1990’s. 
As for the impact of land prices on the overall property returns, it is important remember 
the two-year time lag we have introduced. Equally important is to note the model in-
cludes a negative coefficient. This means that returns will typically be affected nega-
tively two years after land price has increased. This could be plausible as commercial 
construction projects typically take two to three years to complete. As the initial pur-
chase price of the land had increased already (i.e. higher investment cost), this will (all 
other things being equal) result in a lower return on the investment going forward.  
 
One will also notice a number of relatively high positive returns in 1986 and 1987 as 
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well as significantly negative returns in the early 1990’s. These returns could potentially 
be explained against the economic background in Japan. An asset price bubble had 
been built up between 1986 and 1990 for stock and property prices. The bubble burst in 
the early 1990’s. This would explain the relatively high return figures, both positive and 
negative, during that time. Without going into greater detail on the Japanese banking 
crisis that followed, the downturn proved extraordinarily long-lived. As Japan endured a 
decade of economic stagnation after the property and stock market bubble burst in 
1990, this explains the very moderate property return throughout the 1990’s. 
 
Overall, the regression model shows a very high significance and could therefore been 
seen as a good fit. From the model equation we have derived (extrapolated) a series of 
annual capital growth return going back to 1983. This has been included in Appendix F.  
One should remember however the reservations regarding auto-correlation and poten-
tial non-stationarity made earlier. These issues translate into substantial reservations 
we should have in term of the actual goodness of fit of this model. 
 
 

4.2   Office Capital Growth Model 
 

Literature and interviews suggest that using the historical IKOMA Index series could be 
used as a proxy for overall Japanese real estate performance. Although other research-
ers consider the IKOMA series as a proxy for the entire Japanese property market, we 
have used it as one of the invariables in the All Property model. Specifically for model-
ling the office market, we have attempted to set up a similar model. All attempts how-
ever were prawn to a number of statistical caveats. The issues encountered are similar 
to the difficulties which were faced in finding suitable models for both the retail and resi-
dential sector. We will explain in more detail about these issues in the sections below. 
 
Bottom line, given our regression results, we feel we should in this case not reinvent the 
wheel. Although the IKOMA Office capital growth series uses a different methodology 
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compared to the IPD indices, its history is sufficiently long based on a significant sample. 
In addition, the use of multiple linear regression analysis is widely accepted as a valid 
statistical approach. The fact that highly-regarded researchers in the Asian property in-
dustry are indeed using the IKOMA index series as a proxy for the property market in 
general makes it that it will be even more relevant a proxy for the office sector. A corre-
lation coefficient of 0.92 for years 2002 to 2008 also seconds the argument of a very 
high correlation between the IKOMA Office capital return series and the IPD Office capi-
tal growth series. We will hence not attempt further to establish any better office capital 
growth model. 
 
 

4.3   Retail Capital Growth Model 
 

The model which we at first believed models best the IPD Retail Growth series uses the 
Wholesale and Retail Trade Index with a two-year lag and the Urban Land Price Index 
(Nationwide Average) with a two-year lag as independent variables. The equation has 
the following form: 
 
Retail Capital Growth =   
 
- 12.693 – 0.026 (Wholesale & Retail Trade Growth) – 2.185 (Urban Land Price Growth 
/ 2 Year time lag) 
 

After checking various correlations and regressions, it seemed the statistically most re-
levant option is to model the IPD Retail series on Wholesale and Retail Trade index se-
ries and Urban Land Price growth figures (Nationwide Average).  

Details on the regression inputs and results can be found in Appendix D (Version A). 
Different from the All Property model, the coefficients in this case do not both look sig-
nificant. The high P-value for the Wholesale and Trade independent variable (P-value of 
0.50) indicates a rather low probability of the impact of the invariable being correct. In 
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addition, the model shows a low coefficient (-0.026) for the invariable. This means the 
impact of Wholesale and Retail Trade growth on the overall retail property return is very 
minor. More concerning however is the negative sign of the coefficient: this implies that 
an increase in wholesale and retail trade has a negative impact on retail property re-
turns. From a subjective point of view this does not feel justified. Increasing retail busi-
ness can be expected to translate in higher demand for retail space and hence drive up 
rents and subsequently property values and returns. A time lag might however exist be-
tween increase in retail trade and subsequently retail property returns. This has not 
been reflected in the inputs for the model, mainly because a one or two-year time lag of 
retail trade growth showed significantly lower correlations with retail property capital 
growth returns in our initial analysis.  

We have attempted however to re-run the above regression taking into account a one 
year time lag for Wholesale and Retail Trade growth figures. This has resulted in follow-
ing model (see Appendix D – Version B): 

Retail Capital Growth =   
 
- 12.295 + 0.680 (Wholesale & Retail Trade Growth / 1 Year time lag) – 1.576 (Urban 
Land Price Growth / 2 Year time lag) 

The overall outcome and regression parameters seem to indicate a better fit from the 
previous model. The overall goodness of fit (R2) is now up to 0.820 from 0.662 earlier. 
At the same time P-values have gotten more significant: Near 0.013 for Land Price 
Growth invariable and 0.196 for the Retail Trade growth invariable (from over 0.50 earli-
er). Although this is definitely more significant compared to the initial model, one has to 
recognize that the P-value for Retail Growth is still statistically high. 

On the other hand, judging by the respective coefficient of the invariables, the effect of 
each invariable now seems to be more balanced. This means that growth in Wholesale 
and Retail trade now plays a more significant impact on retail property capital growth 
returns. The sign on the Retail Trade growth coefficient has also turned positive, indicat-
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ing an increase in Retail trade will (everything else equal and albeit with a one year time 
lag) translate in increasing retail property returns. This is more in line with expectations.   

Despite the better statistical parameters, we are very skeptical about the outcome of 
this model. Looking at the long term retail series derived from the model (see Appendix 
F) one will notice two years of positive capital growth over a 30-year horizon. This is 
most definitely incorrect and goes against any anecdotal evidence. Further to our dis-
cussion earlier regarding investments in the retail sector, we can discard the highly 
negative returns which occurred pre-1993 since retail investments did not form a part of 
the typical institutional investment portfolios. Although the model returns more moderate 
capital growth figures from early 1990’s onwards, most of the years still show negative 
returns. Reservations regarding auto-correlation and potential non-stationarity made 
earlier are still relevant. But regardless of these statistical issues, and based on anec-
dotal evidence we judge the model does not provide any appropriate ballpark returns 
figures for retail property capital growth. At least not over the longer term.  

 
4.4   Residential Capital Growth Model 
 

The modeling of the IPD Residential Capital Growth series has proved particularly diffi-
cult. After checking various correlations and regressions, it seems the statistically most 
relevant option is to model the IPD Residential series on the Urban Land Price Index for 
dwellings. After considering auto-correlation, this relationship has better diagnostics 
than all other (combinations of) invariables examined. Series related to construction 
started were not generating a statistically significant model as we might have expected. 
In fact, all other (combinations of) invariables have returned regression results with rela-
tively high P-values, indicating low significance for the respective independent variables.  
 
A regression with the Urban Land Price growth figure (for dwellings) as the only invaria-
ble, using a two-year time lag, has resulted in following equation (See Appendix E for 
details): 
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Residential Capital Growth =   
 
- 8.66154 – 1.94673 (Urban Land Price Growth for Dwellings / 2 Year time lag)  
 
The result is somewhat comparable to the Retail Capital Growth model, which also in-
cluded Land Price growth with a two year time lag as an independent variable in its 
model (although the series used in this model is restricted to dwellings only). Similar to 
the retail model, the coefficient of the invariable is negative. This indicates capital 
growth on residential investments lower as residential land prices increase, be it with a 
two year time lag. In statistical terms, the model shows a very low P-value for the inde-
pendent variable (0.0026), and a correlation of 0.80.  

Despite these relatively good statistical parameters, and again similar to the retail model, 
the actual time series results derived from the model are more concerning. The series is 
included in Appendix F. As is the case for the retail model, the residential model seems 
to return few positive annual capital growth returns over a 30-year horizon. Once again, 
this goes against anecdotal evidence. Even if we (once again) discard the highly nega-
tive returns which occurred pre-1993 (remember residential investments did not form a 
part of the typical institutional investment portfolios back then), the more recent results 
remain concerning. Although the model returns more moderate capital growth figures 
from early 1990’s onwards, most of the years still show negative returns. We have been 
unable to find any plausible explanation for an extended period of such negative returns 
(even despite a stagnating economy). Even with all (statistical) reservations made earli-
er, we can only conclude that based on the available history of the various inputs we 
have been unable to set up a statistically significant model to model the IPD Residential 
Capital Growth series. 

Overall, it has proved difficult to set up a statistically significant model for any of the 
three sector series. Based on the available information, and bound by a short history of 
the dependent variables, the respective regression outcomes suffer from low signific-
ance for several of the independent variables. The short history of the IPD series pre-
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vents us from identifying (and potentially fixing) the presence of non-stationarity and 
auto-correlation. On the All Property level, the model is driven mainly by the IKOMA Of-
fice Capital Growth series. The model explains the capital growth of Japanese real es-
tate as a function of the IKOMA Office Capital Growth series and the Urban Land Price 
growth. Academic backup for the IKOMA series as a proxy for the performance of Jap-
anese real estate makes that we are more comfortable with the results of the All Proper-
ty regression model. Unfortunately, as with the other regression results, this model is 
prawn to a number of statistical issues.  

The chart below plots the regression outputs for all sector results as well as the All 
Property capital returns. The high volatility and magnitude of the respective sectors re-
turns are indeed difficult to match with other (anecdotal and academic) evidence. The 
All Property capital growth series on the other hand is (comparatively) less volatile. As 
explained earlier, this result is more in line with existing evidence. 
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5. Summary 
 

The last decade has seen a dramatic shift in financial regulations around the world. As 
far as international banks are concerned, a major turning point has been the implemen-
tation of the Basel II Capital Accord in 2006. As part of the treaty, financial institutions 
are forced to conduct more in-depth risk analyses on the exposure of their investments.  
 

With regards to property exposure, a number of financial institutions have decided to 
use historical time series of various IPD property indices as one of the inputs for their 
risk modelling exercise. Property investors and financial institution with direct or indirect 
property exposure believe the IPD series to be a good proxy for the performance of in-
dividual real estate markets. In the absence of such a sufficiently long history, the aim of 
this work has been to extrapolate the IPD Japan Capital Growth index series historically 
back to the early 1980’s.  
 
In conclusion of our literature review, we believe that regression analysis would be the 
most appropriate approach for our statistical work. This is based on the fact that we are 
looking for long-term historical back casting rather than any short-term analysis. We 
have subsequently identified a number of existing, long-running, macro-economic and 
property-related time series as inputs, and have aimed to set up a statistical model 
which can extrapolate the existing IPD Capital Growth series back to the early 1980’s.  
We have attempted to set up a model for the All Property level and well as sector mod-
els for office, retail and residential capital growth series.  

Overall, it has proved difficult to set up a statistically significant model for any of the 
three sector series. Based on the available information, and bound by a short history of 
the dependent variables, the respective regression outcomes suffer from low signific-
ance for several of the independent variables. The short history of the IPD series pre-
vents us from identifying (and potentially fixing) the presence of non-stationarity and 



40 
 

auto-correlation. On the All Property level, the model is driven mainly by the IKOMA Of-
fice Capital Growth series. The model explains the capital growth of Japanese real es-
tate as a function of the IKOMA Office Capital Growth series and the Urban Land Price 
growth. Academic backup for the IKOMA series as a proxy for the performance of Jap-
anese real estate makes that we are more comfortable with the results of the All Proper-
ty regression model. Unfortunately, as with the other regression results, this model is 
prawn to a number of statistical issues. Only as longer history for the dependent data 
series becomes available, one will be able to adjust the outcome for such issues. 
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Appendix A 
 

IPD Japan Annual Index  

Capital Growth, Standing Investments  Capital Growth, Standing Investments  

                  

  All Property Retail Office Residential All Property Retail Office Residential 

Year % change per annum Index, 2002=100 

2001 100.0  100.0  100.0  100.0  

2002 -0.88 -1.75 -1.02 1.50 99.1  98.3  99.0  101.5  

2003 -2.51 0.32 -2.89 -0.65 96.6  98.6  96.1  100.8  

2004 0.09 0.19 0.10 0.59 96.7  98.8  96.2  101.4  

2005 5.65 5.72 6.28 2.02 102.2  104.4  102.3  103.5  

2006 7.62 6.40 9.62 1.74 110.0  111.1  112.1  105.3  

2007 6.61 3.13 9.59 1.64 117.2  114.6  122.8  107.0  

2008 -4.71 -8.97 -2.69 -7.42 111.7  104.3  119.5  99.1  

2009 -10.90 -8.90 -12.70 -6.70 99.5  95.0  104.4  92.4  

Source: IPD 
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Appendix B 
 

Macro-economic Variables 

  

CPI 
Japan Treasury Bills, 3 
month, End of Period 

Japan Treasury Bills, 10 
month, End of Period 

GDP Growth  - 
Nominal 

GDP Growth  - 
Real   

Year Index, 2005=100 Yield Yield % YoY % YoY 

    

1980 76.8 10.9 8.9 

1981 80.6 7.4 8.3 7.5 2.5 

1982 82.8 6.9 8.2 5.0 2.2 

1983 84.4 6.4 7.8 4.0 2.1 

1984 86.3 6.1 7.2 6.3 3.9 

1985 88.1 6.5 6.5 7.4 5.2 

1986 88.6 4.8 5.0 4.7 4.0 

1987 88.7 3.5 4.5 4.0 3.9 

1988 89.3 3.6 4.7 7.5 6.8 

1989 91.3 4.9 5.2 7.7 5.3 

1990 94.1 7.2 7.0 8.0 4.8 

1991 97.2 7.8 6.3 6.0 2.7 

1992 98.9 4.3 5.2 2.4 0.7 

1993 100.1 2.9 4.3 0.6 -0.7 

1994 100.8 2.2 4.3 1.0 0.3 

1995 100.7 1.0 3.4 1.4 1.5 

1996 100.8 0.5 3.1 2.0 1.9 

1997 102.6 0.4 2.3 2.1 0.3 

1998 103.3 0.3 1.5 -2.1 -2.7 

1999 103.0 0.1 1.7 -1.4 -1.1 

2000 102.2 0.2 1.8 1.1 1.8 

2001 101.4 0.1 1.3 -1.0 -0.3 

2002 100.5 0.0 1.3 -1.3 -0.4 

2003 100.3 0.0 1.0 -0.2 0.0 

2004 100.3 0.0 1.5 1.6 1.6 

2005 100.0 0.0 1.4 0.7 1.0 

2006 100.2 0.3 1.7 1.1 0.9 

2007 100.3 0.6 1.7 1.6 1.5 

2008 101.7 0.5 1.4 -2.2 -3.5 

2009 100.3 0.1 1.3 -6.6 -5.4 

     Source: Bloomberg & CEIC 
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Macro-economic Variables 

  Japan, Unemployment 
Rate 

Japan, Employment 
Rate 

Industrial Production 
Index (SA) 

Wholesale & Retail 
Trade Index Share Price Index (IMF)  

Year % change YoY % change YoY Index, 2005=100 Index, 2005=100 Index, 2005=100 

1980 67.2 74.9  37.4 

1981 0.0 0.3 67.9 79.8  43.5 

1982 13.6 0.3 68.1 85.6  43.3 

1983 4.0 -0.8 70.1 85.5  51.0 

1984 0.0 -0.2 76.7 88.2  64.3 

1985 7.7 -1.3 79.6 91.3  78.5 

1986 3.6 0.0 79.4 88.3  104.3 

1987 -6.9 0.7 82.1 91.1  154.3 

1988 -11.1 0.2 90.0 99.2  168.0 

1989 -12.5 1.2 95.3 108.1  202.4 

1990 -4.8 0.7 99.1 118.2  171.0 

1991 5.0 1.0 100.9 123.4  145.2 

1992 9.5 0.0 94.7 119.3  107.5 

1993 21.7 -0.8 91.2 113.9  120.1 

1994 3.6 -1.0 92.0 112.4  126.0 

1995 17.2 -0.7 94.0 110.4  108.8 

1996 0.0 0.2 96.2 108.7  126.5 

1997 2.9 0.0 99.6 107.8  109.9 

1998 25.7 -1.5 93.0 110.2  92.9 

1999 6.8 -0.8 93.3 105.8  109.2 

2000 2.1 -0.3 98.4 102.6  121.9 

2001 12.5 -1.7 92.2 98.1  94.1 

2002 0.0 -1.2 91.2 93.5  77.2 

2003 -9.3 -0.2 94.1 93.9  72.3 

2004 -8.2 -0.2 98.6 97.4  88.1 

2005 -2.2 -0.2 100.0 100.0  100.0 

2006 -9.1 0.5 104.4 104.4  128.2 

2007 -5.0 0.5 107.3 107.8  131.1 

2008 15.8 -1.0 103.8 109.1  93.5 

2009 18.2 -1.7 81.7 86.8  68.4 

     Source: Bloomberg & CEIC 
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Property-related Variables 

  Urban Land Price Index: Japan 

  All Property  Commercial Residential Industrial 

Year Index, 2005=100 

1980 113.6 156.2 88.5 101.2 

1981 122.1 166.0 97.1 107.2 

1982 128.5 173.9 103.4 111.8 

1983 133.1 179.7 107.6 115.1 

1984 136.8 185.3 110.8 118.0 

1985 140.5 192.1 113.2 120.5 

1986 146.9 205.0 117.2 123.9 

1987 162.0 232.5 127.6 133.4 

1988 173.1 254.5 133.8 141.9 

1989 193.8 290.0 147.8 157.9 

1990 219.5 332.4 166.2 177.3 

1991 220.8 334.4 165.9 180.3 

1992 209.9 312.7 158.0 175.4 

1993 199.3 288.5 152.4 170.5 

1994 191.7 268.7 149.6 167.2 

1995 183.7 247.6 147.1 163.9 

1996 175.8 227.1 144.5 160.7 

1997 169.5 210.9 142.6 158.0 

1998 162.1 194.8 139.6 154.1 

1999 153.0 177.0 134.7 148.5 

2000 143.4 160.1 129.4 141.6 

2001 134.0 144.9 123.8 134.4 

2002 124.6 130.5 117.9 126.6 

2003 114.5 117.1 110.8 116.3 

2004 105.9 106.6 104.5 106.6 

2005 100.0 100.0 100.0 100.0 

2006 97.3 97.0 97.9 96.5 

2007 96.5 96.2 97.2 95.1 

2008 93.6 92.8 94.7 92.8 

2009 89.2 87.7 90.9 88.5 

                  Source: CEIC 
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Property-related Variables 

  Construction Started: Japan 

MTB - IKOMA Office Capital Growth Index  Dwelling Non-dwelling Total 

Year 2005=100 % growth YoY 

1980 113.6 156.2 88.5 3.4  

1981 122.1 166.0 97.1 1.8  

1982 128.5 173.9 103.4 0.6  

1983 133.1 179.7 107.6 6.4  

1984 136.8 185.3 110.8 10.1  

1985 140.5 192.1 113.2 19.9  

1986 146.9 205.0 117.2 38.7  

1987 162.0 232.5 127.6 22.7  

1988 173.1 254.5 133.8 6.1  

1989 193.8 290.0 147.8 10.2  

1990 219.5 332.4 166.2 5.0  

1991 220.8 334.4 165.9 -8.0  

1992 209.9 312.7 158.0 -19.7  

1993 199.3 288.5 152.4 -21.3  

1994 191.7 268.7 149.6 -18.9  

1995 183.7 247.6 147.1 -17.6  

1996 175.8 227.1 144.5 -11.5  

1997 169.5 210.9 142.6 -5.5  

1998 162.1 194.8 139.6 -7.5  

1999 153.0 177.0 134.7 -7.9  

2000 143.4 160.1 129.4 -7.7  

2001 134.0 144.9 123.8 -4.9  

2002 124.6 130.5 117.9 -3.7  

2003 114.5 117.1 110.8 -3.0  

2004 105.9 106.6 104.5 -0.9  

2005 100.0 100.0 100.0 -0.2  

2006 97.3 97.0 97.9 8.5  

2007 96.5 96.2 97.2 10.1  

2008 93.6 92.8 94.7 -3.5  

2009 89.2 87.7 90.9 -10.9  
 
     Source: CEIC, MTB-IKOMA 
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Appendix C – All Property Regression 
 

Dependent Variable  Independent Variables 

2 year time lag 

Year 
IPD ‐ All Property 
Capital Growth 

Urban Land Price Index: 
Whole Nation 

MTB ‐ IKOMA Office Series 

  

2002  ‐0.88%  ‐6.25%  ‐3.68% 

2003  ‐2.51%  ‐6.56%  ‐2.95% 

2004  0.09%  ‐7.02%  ‐0.89% 

2005  5.65%  ‐8.16%  ‐0.24% 

2006  7.62%  ‐7.50%  8.55% 

2007  6.61%  ‐5.55%  10.10% 

2008  ‐4.71%  ‐2.71%  ‐3.50% 

2009  ‐10.90%  ‐0.85%  ‐10.90% 
 

 
SUMMARY OUTPUT 

Regression Statistics 

Multiple R  0.976 

R Square  0.952 

Adjusted R Square  0.933 

Standard Error  0.016 

Observations  8 

ANOVA 

   df  SS  MS  F  Significance F 

Regression  2  0.03  0.01  49.39  0.00 

Residual  5  0.00  0.00 

Total  7  0.03          

   Coefficients 
Standard 
Error  t Stat  P‐value  Lower 95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept  ‐0.056  0.018  ‐3.094  0.027  ‐0.103  ‐0.010  ‐0.103  ‐0.010 

X Variable 1  ‐1.081  0.304  ‐3.551  0.016  ‐1.863  ‐0.298  ‐1.863  ‐0.298 

X Variable 2  0.613  0.112  5.468  0.003  0.325  0.901  0.325  0.901 
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Appendix D – Retail Regression 
 
Version A 
 

Dependent Variable  Independent Variables 

Year 

IPD ‐ Retail 
Wholesale & Retail Trade 

Growth 

Urban Land Price 
Growth: Whole 

Nation Capital Growth 

2002  ‐0.88%  ‐4.97%  ‐1.29% 

2003  ‐2.51%  0.45%  ‐0.21% 

2004  0.09%  3.67%  1.64% 

2005  5.65%  2.55%  0.68% 

2006  7.62%  4.43%  1.12% 

2007  6.61%  3.25%  1.61% 

2008  ‐4.71%  1.21%  ‐2.16% 

2009  ‐10.90%  ‐20.49%  ‐6.63% 
 
 
 

Regression Statistics 

Multiple R  0.814 

R Square  0.662 

Adjusted R Square  0.527 

Standard Error  4.065 

Observations  8 

ANOVA 

   df  SS  MS  F  Significance F 

Regression  2  161.909  80.954  4.900  0.066 

Residual  5  82.613  16.523 

Total  7  244.521 

   Coefficients 
Standard 
Error  t Stat  P‐value  Lower 95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept  ‐7.753  4.616  ‐1.680  0.154  ‐19.618  4.112  ‐19.618  4.112 

X Variable 1  0.179  0.247  0.723  0.502  ‐0.457  0.815  ‐0.457  0.815 

X Variable 2  ‐1.030  0.574  ‐1.794  0.133  ‐2.505  0.446  ‐2.505  0.446 
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Version B 
 

Dependent Variable  Independent Variables 

Year 

IPD ‐ Retail 
Wholesale & Retail Trade 

Growth 

Urban Land Price 
Growth: Whole 

Nation Capital Growth 

2002  ‐0.88%  ‐1.29% 

2003  ‐2.51%  ‐4.97%  ‐0.21% 

2004  0.09%  0.45%  1.64% 

2005  5.65%  3.67%  0.68% 

2006  7.62%  2.55%  1.12% 

2007  6.61%  4.43%  1.61% 

2008  ‐4.71%  3.25%  ‐2.16% 

2009  ‐10.90%  1.21%  ‐6.63% 

 
Regression Statistics 

Multiple R  0.905 

R Square  0.820 

Adjusted R Square  0.730 

Standard Error  3.306 

Observations  7 

ANOVA 

   df  SS  MS  F 
Significance 

F 

Regression  2  198.973  99.487  9.103  0.032 

Residual  4  43.716  10.929 

Total  6  242.689 

   Coefficients 
Standard 
Error  t Stat  P‐value  Lower 95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept  ‐12.295  3.092  ‐3.977  0.016  ‐20.880  ‐3.711  ‐20.880  ‐3.711 

X Variable 1  0.680  0.439  1.549  0.196  ‐0.539  1.898  ‐0.539  1.898 

X Variable 2  ‐1.576  0.372  ‐4.237  0.013  ‐2.609  ‐0.543  ‐2.609  ‐0.543 
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Appendix E – Residential Regression 
 
 

Dependent Variable  Independent Variable 

Year 

IPD ‐ Residential 
Urban Land Price Index: Whole 

Nation ‐ Dwellings Capital Growth 

2002  1.50   ‐3.9  

2003  ‐0.65   ‐4.3  

2004  0.59   ‐4.7  

2005  2.02   ‐6.1  

2006  1.74   ‐5.7  

2007  1.64   ‐4.3  

2008  ‐7.42   ‐2.1  

2009  ‐6.70   ‐0.7  

 
 
SUMMARY OUTPUT 

Regression Statistics 

Multiple R  0.895 

R Square  0.801 
Adjusted R 
Square  0.767 

Standard Error  1.878 

Observations  8 

ANOVA 

   df  SS  MS  F 
Significance 

F 

Regression  1  84.885  84.885  24.076  0.003 

Residual  6  21.154  3.526 

Total  7  106.039          

  
Coeffi‐
cients 

Standard 
Error  t Stat  P‐value  Lower 95% Upper 95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept  ‐8.662  1.713  ‐5.055  0.002  ‐12.854  ‐4.469  ‐12.854  ‐4.469 

X Variable 1  ‐1.947  0.397  ‐4.907  0.003  ‐2.918  ‐0.976  ‐2.918  ‐0.976 
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Appendix F – Derived Time Series 
 

IPD Japan Annual Index  Regression extrapolation 

Capital Growth, Standing Investments  Capital Growth 

          

All Property  
Office   

(IKOMA) Retail  Residential    All Property Office Retail Residential 

Year % change per annum % change per annum 

1980 3.4  -12.3  
1981 1.8  -16.4  
1982 0.6  -16.9  
1983 -4.2  6.4  -24.0  -27.5  
1984 0.4  10.1  -22.7  -21.4  
1985 8.3  19.9  -20.1  -16.4  
1986 20.6  38.7  -14.4  -14.5  
1987 10.9  22.7  -18.7  -12.8  
1988 -1.2  6.1  -25.0  -15.6  
1989 -4.9  10.2  -34.1  -25.8  
1990 -4.4  5.0  -28.9  -18.1  
1991 -17.9  -8.0  -34.0  -29.1  
1992 -26.4  -19.7  -30.8  -32.8  
1993 -13.7  -21.3  -10.0  -8.4  
1994 -6.3  -18.9  -3.6  0.7  
1995 -5.4  -17.6  -3.1  -1.8  
1996 -3.0  -11.5  -5.2  -5.1  
1997 1.1  -5.5  -5.2  -5.4  
1998 0.0  -7.5  -7.0  -5.2  
1999 -1.0  -7.9  -3.8  -6.1  
2000 -0.1  -7.7  -3.3  -4.5  
2001 3.0  -4.9  -0.3  -1.9  
2002 -0.9 -1.0 -1.7 1.5 4.4  -3.7  0.9  -1.0  
2003 -2.5 -2.9 0.3 -0.7 5.2  -3.0  -2.3  -0.2  
2004 0.1 0.1 0.2 0.6 7.0  -0.9  -3.7  0.6  
2005 5.6 6.3 5.7 2.0 8.6  -0.2  -1.2  3.1  
2006 7.6 9.6 6.4 1.7 13.3  8.5  -3.5  2.5  
2007 6.6 9.6 3.1 1.6 12.1  10.1  -5.8  -0.3  
2008 -4.7 -2.7 -9.0 -7.4 0.7  -3.5  -8.8  -4.5  
2009 -10.9 -12.7 -8.9 -6.7 -5.8  -10.9  3.0  -7.3  
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