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“Forecasting is difficult, especially about the future”  
Niels Bohr 
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Abstract 
 

This degree project aims to explore the subject of forecasting, which is an ongoing and much 

alive debate within economics and finance. Within the forecasting field the available research 

is vast and even if restricted to real estate, which is the main focus of this paper, the available 

material is comprehensive. A large fraction of published research concerning the subject of 

real estate forecasting consists of post mortem studies, with econometric models trying to 

replicate historical trends with the help of available micro and macro data. This branch within 

the field of forecasting seems to advance and progress with help of refined econometric 

models. This paper, on the other hand, rather examines the fundamentals behind forecasting 

and why forecasting can be a difficult task in general. This is shown with an examination of 

the accuracy of 160 unique forecasts within the field of real estate.  

To evaluate the accuracy and predictability from different perspectives we state three main 

null hypotheses: 

1. Correct forecasts and the direction of the predictions are independent variables. 

 

2. Correct forecasts and the examined consultants are independent variables. 

 

3. Correct forecasts and the examined cities are independent variables. 
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The observed frequencies for Hypothesis 1 indicate that upward predictions seem to be easier 

to predict than downward predictions. This is however not supported by the statistical tests.  

The observed frequencies for Hypothesis 2 clearly indicate that one consultant is a superior 

forecaster than compared to the other consultants. The statistical tests confirm this.   

The observed frequencies for Hypothesis 3 indicate no signs of dependence for the variables. 

The statistical tests confirm this.  
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Sammanfattning 
 

Detta examensarbete ämnar att utforska ämnesområdet kring prognoser och prognosmakande, 

vilket är en högst levande debatt inom ekonomi och finans. Inom detta område är tillgänglig 

forskning mycket omfattande och även om materialet begränsas till fastighetsmarknaden, som 

är huvudspåret i denna uppsats, är mängden information ansenlig. En stor andel av publicerad 

forskning som berör prognoser av fastighetsmarkanden består ofta av studier av typen ”post 

mortem”, där man med ekonometriska modeller försöker efterlikna tidigare historiska trender 

med hjälp av tillgänglig mikro- eller makrodata. Denna gren av forskningen tycks vinna mark 

och fortsätter att utvecklas med hjälp av allt mer avancerade ekonometriska modeller. Denna 

studie fokuserar däremot snarare på de fundamentala elementen av prognosmakande och 

varför detta ibland kan vara en problematisk uppgift. Detta visas med hjälp av en 

undersökning gällande utfallet och träffsäkerheten av 160 unika prognoser på 

fastighetsmarknaden. 
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För att utvärdera träffsäkerheten hos prognoserna sätts tre olika nollhypoteser upp: 

1. Korrekt prognos och riktning av prognos är oberoende variabler. 

 

2. Korrekt prognos och konsult är oberoende variabler. 

 

3. Korrekt prognos och undersökta städer är oberoende variabler. 

De observerade frekvenserna för Hypotes 1 indikerar att uppåtgående prognoser är enklare att 

förutspå än övriga prognoser. Detta kan dock inte stödjas av de statistiska testerna.  

De observerade frekvenserna för Hypotes 2 indikerar tydligt att en konsult är en överlägsen 

prognosmakare än övriga konsulter. Detta stöds av de statistiska testerna.  

De observerade frekvenserna för Hypotes 3 indikerar inget samband av beroende mellan 

variablerna. Detta kan dock inte stödjas av de statistiska testerna.  
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1 Introduction 

1.1 Background 

The field of forecasting is vast. Even in our daily life we face different kinds of forecasts and 

predictions, and might not even reflect upon it. House owners listen to forecasts about the 

mortgage rate and must decide between an adjustable or fixed rate. First-time buyers in the 

residential property market must figure out if they should enter the market now or wait. There 

are numerous examples and all are associated with some kind of predictability or accuracy. 

The need for predictions is nothing new and humans have relied on various methods 

throughout history. Like the old Greeks of the city of Delphi, that consulted the oracle for 

their big decisions in life. Economic forecasting involves all kinds of predictions, expected 

GDP growth, future repo rate, unemployment rate or the price for crude oil. However, maybe 

the majority of all forecasts and predictions are the ones concerning the stock market. It is not 

very difficult to find recommendations concerning stocks, we can read about it in our daily 

newspaper and we can get the information directly from a financial advisor. The research 

concerning the accuracy of macro-economic forecasting or accuracy of stock picking is a 

huge field of research. Others like Sinclair (2006) points out that private and public policy 

makers require accurate and valuable forecasts as inputs for their decisions. McIntosh et.al 

(1992) finds uses for forecasts in the agricultural industry where producers and marketers 

have access to sets of forecasts and time series concerning that specific industry.  

A question that naturally follows when discussing forecasts is: when are forecasts valuable? 

or helpful? Is there any definition for what makes a forecast valuable? In a recent study by 

Blaskowitz et.al (2011) it is stated that:  

“…it is commonly accepted that information is helpful if it can be exploited to improve a 

decision making process”.  

Further the author says information is useful if the produced forecasts help to make decisions 

that reduce losses and increase gains and utilities. This statement is shared by Clive et.al 

(2000) that says: 

“In the real, non-academic world, forecasts are made for a purpose and the relevant purpose 

in economics is to help decision makers improve their decisions”  
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How to evaluate this usefulness will be discussed later and concerns a much debatable subject 

itself, on how to evaluate forecast accuracy, Graham et.al (1991). But as summarized by 

Sinclair (2006), the “value” is a test of the hypothesis that the forecast is better than a naïve 

prediction, which can be of the type no-change or constant prediction of change.  

Why do we need real-estate forecasting and what kind of gains or utilities can be increased 

within the real estate field? Newell et.al (2002) mentions some common arguments, which 

often can be found in the literature, and include asset allocation and portfolio management, 

decisions for institutional investors, property fund strategy and stock selection in a mixed 

asset portfolio. It is also important for the long term investor to have forecasts over a certain 

timeframe to rely on. In addition to this, Brooks et.al (2010) mentions the importance for 

investors to be able to validate their business plan with the help of forecasts when borrowing 

money from banks and other lenders for investments. Another use of forecasting is within the 

housing market and the developers’ reliance on the demand for housing, the demographic 

prediction of a certain area or the change of constructions costs from the planning phase to the 

exit phase. Others, like Tsolacos et.al (2012), points out the increased attention for methods to 

predict turning points, like the sharp fall in rents and values in the European office markets 

during 2008-2010.           

Economic forecasts are often of the type directional forecasts. This means the forecasts only 

include movements up, down or neutral of the predicted variable and no consideration is taken 

to the magnitude that a certain variable might change. This is however nontrivial, and as 

pointed out by McIntosh et.al (1992), by knowing the direction of change a speculator can 

most certainly make a profit. This is also mentioned by Sinclair et.al (2006) who argues that 

while accuracy measures in quantitative errors are important, it may be even more crucial to 

accurately forecast the direction of change for a variable. As a parable to this, the derivatives 

market can be mentioned, where many derivatives are constructed in a way that a speculator 

make a bet on direction of change and not a specific value. There are several methods to 

evaluate the accuracy and usefulness of forecasts. Some of the conventional methods for 

evaluating forecasts include mean squares, geometric mean, relative absolute error or mean 

absolute error.  
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The problem with these methods, as mentioned by Blaskowitz et.al (2011) is that they suffer 

from lack of interpretability. The argument is that economic forecasts should be related to 

some kind of economic value. Merton (1981 July) examines performance of investment 

managers and makes the connection that superior performance among rational investors also 

means superior forecasting skills, in terms of market timing. This study concludes that it is not 

necessarily the probability of a correct forecast that matter when evaluating forecasting skills, 

but rather the probability of a correct forecast conditional upon some other variable, like 

returns or the direction of the forecast.   

In order to separate and categorize different methods, there are basically two main tracks of 

forecasting, judgmental forecasting and econometric models with time series and trend 

analysis. Newell et.al (2002) aims to evaluate the accuracy in property forecasting in recent 

years and also to see if there have been any improvement in recent years due to refined 

methods. These refined methods seem to rely solely on econometric approaches. Despite 

these refined methods Newell et.al (2002) concludes from other studies, that naïve models 

have been found to outperform complex econometric models. We conclude that for the 

examined forecasts in this study, the majority seem to rely on judgmental forecasting.    

A well covered subject in the literature of real estate forecasting is the study of econometric 

methods applied to real estate and how to improve these methods, see for instance Booth 

(1997) or Ahn et.al (2012). Many models with the econometric approach basically try to link 

macroeconomic variables such as repo rates or industrial production indices to the movements 

of stock and bond markets, and then assume the same risk factors and correlation would be 

applicable to real estate, as mentioned by Ling et.al (1997). These quantitative methods, 

originally designed for forecasting in the non-real estate investment fields, can be suspected to 

come with some flaws when trying to adopt them to real estate forecasting. It’s suggested by 

Booth (1997) that problems like the non-stationary aspect of real estate, the lack of data and 

difficulties to obtain reliable indices and valuations are major issues. Other limitations of real 

estate forecasting are mentioned by Gallimore et.al (2011). For instance recurring data issues 

due to inconsistent definitions within the real estate sector, lack of commonly used spatial 

boundaries and also uncertainties about current levels of the predicted variables. The latter 

issue is interesting and the standpoint is shared in this paper. This is likely due to the 

segmentation of real estate and a far less liquid market than compared to other financial 

markets.  
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The issues concerning real estate indices, segmentation and liquidity are a different subject, 

but still important to the study of forecasting and particularly when comparing forecasts to 

outcomes and the effects of smoothing. Further reading about these subjects can be found in 

Geltner et.al (2007) and Geltner et.al (2003). 

For various reasons the field of real estate forecasting is rather different than other kinds of 

forecasting. Maybe the most important is the mentioned lack of liquidity which is due to 

fundamental real estate concepts such as the immobility of real estate and the segmentation. 

This means that each property is unique, quite the opposite compared to stocks where it does 

not matter which stocks you own in a certain company, because all the stocks share the same 

attributes and features. Another reason is the modest transparency. Stock pricings can be 

found easily on the web or in a newspaper and public companies share most of their relevant 

financial information in their interim reports. Real estate transaction information is on the 

other hand often confidential 

Like mentioned earlier, the field forecasting is huge and there are different methods in use. 

When predicting stock returns, there are for instance two main schools, the fundamental 

analysis and the technical analysis. The fundamental analysis is a rational method where 

variables that can be measured and analyzed. Such variables might be P/E-ratios, historical 

dividend yields, solidity or maybe even an evaluation about the board of the company. The 

latter is a method that claims to see future trends by looking at the old trends. The skeptics of 

the technical analysis says it is a contradiction to the theories of modern finance and that if 

future trends could be predicted by looking at past trends the assumption that financial 

markets follow a random walk would be flawed. Thanks to availability of data, both 

fundamental and technical analysis is rather easy to perform. Then, whether one method is 

more correct than the other, is another question, for another type of paper. The point is that 

this kind of data or tools is not available to the same extent for real estate as it is for stocks, 

bonds, options or other assets. One might argue that public real estate companies, REITS, 

funds etc. must share their financial information, this is true but this information doesn’t 

fulfill what we want to define as the macro-variables of real estate. These key-variables or 

macro-variables of real-estate include the yield (the very core of real-estate finance), rents, 

vacancy rate, current stock, and investment volume. All of these concepts or variables are in a 

way connected and the most common subjects for predictions.  
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A rule of thumb is to place real estate as the third asset class, between stocks and bonds in 

regard to the tradeoff between risk and return. When looking at real estate this way, it is quite 

logical to see that the core variable of real estate is the yield. The predicting of all other 

variables is more of a small step in the process of predicting the yield, i.e. the pricing of real 

estate. These concepts are discussed in detail in Chapter 6. 

Others try to seek the answer in other methods. In recent years there has been an upswing for 

judgmental forecasting and human judgment, pointed out by Lawrence (2006). When adding 

a human sense, which cannot be captured in any econometric model, we add both a chance for 

greater accuracy but we also add a risk for biases.  

During the data sampling for this study, a lot of forecasts were being read. This was during a 

time where the availability of capital and traditional bank debt had drastically decreased. One 

of the forecasts which had been carried out less than a year ago stated that the future looked 

bright and that next year’s transaction volumes would increase and rents would rise etc. When 

looking back, this completely wrong, prediction clearly could not capture the likelihood of a 

Euro-zone crisis. The restrictive lending climate in Sweden and other Nordic countries clearly 

affected the number of real estate transactions being made that year. This in turn resulted in 

very few observed price-levels and yield-levels in the market. When GDP-forecasts, 

employment rates and other macro-economic indicators suggested a yield with an upward 

trend, with prices softening, this could not be confirmed in the market due to other issues like 

lack of liquidity. This is just an example of what econometric models do not capture and when 

judgmental forecasting might be called for. 
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1.2 Research questions and purpose 

The core and main purpose of this degree projects is to examine the accuracy of 160 unique 

forecasts within the real estate industry. This paper also aims to give a background and 

introduction to the field of forecasting in general and to real estate forecasting in particular. 

Based on the literature study and the examined forecast, this paper aims to answer and discuss 

the following questions: 

The paper illustrates and discusses the accuracy of the forecasts with the stated null 

hypotheses: 

1. Correct forecasts and the direction of the predictions are independent variables 

 

2. Correct forecasts and consultant are independent variables 

 

3. Correct forecasts and the examined cities are independent variables 
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1.3 Disposition  

Chapter 1 of this paper gives an introduction and the background to the field of forecasting. 

The attributes of forecasting is discussed and we also defines what makes a certain forecast 

good or useful for the user. Further we conclude why we need forecasting and how 

forecasting can be used within the field of real estate economics.  Research questions and 

purpose are also stated.  

Chapter 2 describes the scientific methods used and how the data was collected. Possible 

limitations are also mentioned. 

Chapter 3 is a theoretical part which aims to explain the examined variables which are the 

subject of the forecasts.  

Chapter 4 is also a theoretical part which discusses various methods used to evaluate 

forecasts. The use of contingency tables is introduced along with methods on how to 

statistically analyze these contingency tables with the Pearson Chi-squared test and the Fisher 

exact-test. This chapter also includes a theoretical part regarding the probability distributions 

that are used in the mentioned tests. 

Chapter 5 is also a theoretical part which discusses decision making and the possible biases 

related to forecasting and decision making, caused by human cognitive errors. 

Chapter 6 summarizes the results and the predictability of the forecasts that were evaluated. 

The Pearson chi-squared test and the Fisher-exact test are applied to examine the performance 

and accuracy of the forecasters and forecasts. 

Chapter 7 discusses the results and provides possible explanations behind the results. 

Appendixes include all the data, sorted by the different consultants. 
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2 Method 

2.1 Quantitative and qualitative methods 

The initial work efforts of this study essentially consisted of collecting, compiling and 

analyzing data. This data consisted of published forecasts or outlooks from three different real 

estate consultants. The compiled data could then be examined and presented with different 

statistical tests and hypotheses. This part of the study was purely quantitative. This type of 

work falls within the quantitative approach, where measurements and statistical tests and 

being used to describe certain observations and make conclusion based on these tests and 

hypotheses, Backman (2009).         

The qualitative approach is generally based on empirical assumptions, and not statistics or 

measurements, Backman (2009). A qualitative approach had to be used when analyzing and 

interpreting certain results and the mechanics behind a certain outcome. The literature study 

and the gathering of available research was a way of getting a deeper understanding of the 

subject. This was also in a way a qualitative approach. Both the quantitative and qualitative 

approach was needed to write the paper.           

 

2.2 Data collecting 

The majority of predictions in the real estate sector come from different consultancy firms, at 

least for commercial real estate. Due to the uniqueness of this particular market, this is maybe 

the only source for finding predictions concerning key figures, specific to real estate, such as 

rents, stock volume, yields, vacancy rates and transaction volumes. Most firms that provide 

forecasts do not seem to use econometric approaches, at least not the majority, according to 

the author’s short, but intense, time spent within the industry. This statement concerning the 

limited use of econometric methods is also shared with Baraz (2006).  

Usual work-procedures include “data-mining” of the yields, rents and prices that is observed 

in the market and then logged in internal databases, later used to perform the daily work with 

valuation, transaction advisory, lettings - and of course - forecasting. This means it is in the 

interest of the firm to stay updated with the market and sometimes also share information.  So 

direct contact with investors and property owners, which essentially is the market, provides 

trends and signs of where the market is going. 
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The assumed market trends are often described as up-going, down-going or neutral, with 

some additional graphical signs such as arrows or specific coloring. Some firms and reports 

don’t necessarily use graphical interpretation. In these cases their predictions and opinions 

must be interpreted from the texts in the published forecasts. While first sending out requests 

to a number of consultancy firms that performs or publish forecasts, the goal was to receive 

complete sets of data for a number of years. It became clear though, that the firms did not 

want to share this information after a number of years due to confidentiality. This is a bit 

contradicting because these forecasts are distributed free to all, while the forecasts are the 

latest and up to date. This meant that the data had to be sampled from the internet and from 

the consultancy firms’ websites. This meant that few forecast or outlooks could be rejected 

due to the scarcity of data. In the mentioned case with the forecasts not being explained with 

graphical expressions the predictions had to be extracted from the texts. This information is 

often quite clear and could be expressed as some like “we expect the rents to sharpen due to 

lack of supply and the vacancy rates should therefor decrease” A sentence which would give 

an upward prediction for rents and downward prediction for vacancy rates.  

The examined consultancy firms are anonymous and labeled as Consultant A, B and C. The 

collected data was compiled into a table where forecasts, outcomes, total change of the 

variable, percentage change etc. where displayed. In table 2.1 below an example of the 

general case is displayed.  

Table 2.1 an example of the table used to compile, compare and analyze data  

 

The purpose of the table is to compare the Current values for year 1 with the Current values 

for year 2. If the Forecast for year 1 matches the directional change for year 2 (denoted 

Outcome), then the Forecast result for year 1 is denoted as correct, and otherwise wrong. 

Total change compares the values for year 1 with year two, and in that order. This variable 

should be interpreted as absolute total change.  

Year Consultant 

Current 

value Forecast Outcome

Forecast 

result

Total 

change

Percentage 

change

DF-

Value

Predicte

d up

Predicte

d down

Predicted 

neutral

Prime rent (EUR/m2) 350 neutral down wrong 40 11% 0 0 0 1

CBD Vacancy (%) 5,5 neutral Up wrong -2,5 -45% 0 0 0 1

Stock (m.sqf) 7 up Up correct -1 -14% 1 1 0 0

Invest. volume (b.EUR) 5 neutral down wrong 1 20% 0 0 0 1

Prime rent (EUR/m2) 310 down

CBD Vacancy (%) 8 up

Stock (m.sqf) 8 up

Invest. volume (b.EUR) 4 down

City
1

2
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Percentage change is the relationship between Total change and the Current value for year 1. 

DF-Value is short for directional forecast value. This terminology is later used in chapter 3 

and is a tool for measuring and analyzing the accuracy of the forecast. This variable is given 

the value of 1 for a correct forecast and 0 otherwise. The variables predicted up, down and 

neutral works in the same way and are given the value of 1 if the prediction matches any of 

the directions, and 0 otherwise.    

2.3 Limitations 

It seems that there is some unwillingness in the real estate business among the consultants to 

disclose and distribute old forecasts, at least in the Nordic area.  The majority of firms only 

give access via their website to the actual year’s outlook or the year before. This makes it 

difficult to examine the accuracy of the forecasts. The international publications and outlooks 

from the same firms are somewhat easier to access. Also, the outlooks are almost always 

protected by copyright and states almost nothing of the material can be re-printed or 

distributed or used without approval. Surely, this is a standard procedure to protect the brand 

but is also limits the access to study the market. This is the reason why the consultants in the 

material are anonymous.  

Another aspect that were quite surprising, but interesting was the fact that the format of the 

outlooks and forecasts change a lot from one year to the next. The trend seems to be to adding 

more macro-economic data and less real estate data. For some years a certain measure, like 

the yield trend, cannot be found so no evaluation of the forecast can be done. One reason for 

this might be that some years a certain variable might be unusually hard to predict so instead 

of predicting, one simply just skip it and eliminates the risk of a completely wrong prediction. 

Or like mentioned by Gallimore (2011), even the current levels can be difficult to estimate 

sometimes. This means the firms might want to be as vague as possible when communicating 

certain variables. 
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3 Theory – examined variables  

3.1 Prime rent 

In this survey, rents are defined as prime rent. This means office rents for prime locations 

within the Central Business District (CBD). Why this specific measure of rent is being used in 

the examined forecasts have several reasons. The needs for office space mainly depend on the 

labor market and the overall economy. This means the first signs of a changing trend should 

be shown in this specific segment first, which affects the service sector.   

Actors in the market can access this information in several ways. The consultancy firms, 

working as appraisers, transaction advisors or letting agents have good access to recent rent 

levels in their in-house material. Consultants might also be involved in rent negotiation and 

tenant representation, which also gives highly accurate information about current rent levels. 

The rent measure inhabits some uncertainties due to supplements and discounts that are 

frequently used when negotiating rents. This is the reason behind the terms warm and cold 

rent, were the former usually include costs for heating, cooling or electricity and the latter 

only include the actual rent and the mentioned costs belong to the tenant. 

The property owners and investors naturally also know the current rent levels from recent 

signed leases. However, property owners seem to specialize in certain segments, sub-markets 

or locations, and might not be aware of recent trends in other markets.  

In the examined forecasts were the rents reflect CBD rents, the usual practice is that the 

mentioned rents are “cold” with additional supplements being charged for heating, cooling, 

electricity and property tax.      

The reason why the rent is such an important variable is due to the fact that the rent is the 

dominant and static part of the net operating income (NOI), which in turn affects the yield.  

3.2 Yield 

The yield or the cap rate is probably the most central concept in real estate. The yield is 

defined as the net operating income divided by the market value of the specific property, as 

shown in (1). The yield can be compared to the dividend yield for a stock. The total return for 

a specific property consists of two components, the appreciation value and the yield. 
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 The appreciation part of the total return is defined as the difference between the market value 

at time t and time t+1, divided by the market value.     

          
   

            
     (1) 

3.3 Stock 

The stock is the total available and lettable space in a given market segment. The volume of 

the stock depends on the amount of new construction and the deprecation rate. 

The total stock is an important measure when looking at vacancy rates and the take-up 

measure. The total stock can be flawed with uncertainties due to inconsistent use of spatial 

boundaries. This will in turn also affect vacancy rate levels.        

3.4 Vacancy Rate 

The vacancy rate is defined as the vacant part of the total stock at time t in relation to the total 

stock at time t, as shown in (2). Vacancy rates can be applied to different sub-markets given 

that the total stock measure is available for the given sub-market. 

In practice when calculating vacancy rates one usually “data-mines” the letting agencies 

websites for available objects. Luckily it is in the interest of both property and letting agents 

to advertise vacant premises, so collecting this data is less problematic than estimate yields or 

transaction volumes, for instance.     

             
             

            
     (2) 

3.5 Take-up 

Take-up (also defined as net take-up or absorption) is the amount of lettable area absorbed by 

the market during a certain time period. The take-up is measured by the difference of vacant 

space at time t and vacant space at time t+1, as shown in (3). Obviously this measure is 

closely linked the vacancy rate measure. At time t+1 one must also adjust for eventual 

additional space added, or removed to the stock. 

                                           (3) 
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3.6 Transaction Volume 

The transaction volume is the total price or sum for all the transactions that took place during 

a certain period and market. This measure is often the subject of predictions due to several 

reasons.  

The number of transactions shows how liquid the market is, meaning how close sellers and 

buyers are in their price estimations. The transaction volume also indicates the overall 

“health” of the market with a bear/bull-perspective. In a slow economy the transaction 

volumes are usually expected to drop and in a strong economy the opposite is true.      

Transaction volume can also be measured in number of transactions and not only in terms of 

sum of money. Number of transactions is maybe an even better indicator on how liquid the 

market is and a better estimator of the investor’s current market sentiment. The reason for this 

is that the sum of money measure can inhibit flaws to a few very large transactions, like 

mergers and acquisitions of whole real estate companies or transactions of very unique 

objects. The market actors who can participate in these kinds of transactions are generally 

protected or less affected by certain market limitations, like the lack of financing. This is 

something that is better reflected in the business activity by the smaller actors.          
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4 Theory - How to evaluate directional forecasts 

The actual outcome of the forecasts has been evaluated with statistical approaches. From 

Blaskovitz (2011), methods to evaluate directional forecasts are provided, along with Sinclair 

(2006), Pesaran (1992) and Clive et.al (2000). Several methods like Pearson Chi-squared test, 

Fisher-exact test, Pesaran-Timmermann and Henriksson-Merton test are provided. The 

different tests inhibit different features and shortcomings for when and how they should be 

used. This paper performs the Pearson chi-squared test and the Fisher exact test, executed in 

STATA 12.  

A common rule of thumb is that when using the Pearson Chi-squared test, less than 20 % of 

the expected values in the used contingency table should be less than 5 and none should be 

less than 1. If this is the case, then a Fisher-exact test should be used instead. This is the 

reason why both tests are being used. The mentioned Henriksson-Merton test is a form of 

Fisher-exact test and the Pesaran-Timmermann test is a test which can be applied when 

evaluating two variables jointly. We will discuss the different tests later.   

4.1 The general 2X2 case 

Below in Table 2.1 is the general case with the 2x2 contingency table described. The notation 

is from Sinclair (2006). The different parameters are defined as: 

N=total numbers of observations of which n is correct. This yields a discrepancy with the 

number of wrong forecasts, denoted as N-n. Then we also want to separate corrects and wrong 

forecasts depending on which direction the forecasts inhibits. 

So n1 is for when predicted up and n2 is for when predicted down, with the condition of a 

correct forecasts. The discrepancy N1-n1 and N2-n2 is the number of wrong forecasts when 

predicting up or down, respectively.   

Table 2.1 an example of the general 2x2 contingency table used 

 

     

Summary when predicted up when predicted down

Number of predictions N N1 N2

Of which correct n n1 n2

Of which wrong N-n N1-n1 N2-n2

Contingency table 2X2
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4.2 The extended 3X2 case 

The same notation can be used for the 3X2 table, illustrated in Table 2.2 below, or the general 

MxN case.  

Table 2.2 an example of the general 3x2 contingency table used 

 

 

4.3 Evaluation of forecasting methods 

It is not in any way certain which method one should use when evaluating forecasts. First it 

depends on what kind of forecast that is the subject of evaluation. An informative summary of 

forecast evaluation can be found in Stekler (1991). The author examines eight different 

questions regarding forecast evaluation. The questions (not cited exactly) are: 

1. How good is a certain method or forecaster? 

2. Do the forecasts show systematic errors? 

3. Are all forecasters equally good? 

4. Is a method or forecaster better than average? 

5. Is a method or forecaster better than other methods or forecasters?  

6. Do forecasters predict two variables equally well? 

7. Does forecast X contain information not in forecast Y? 

8. Does the forecaster produce forecasts that are useful to users?    

These are questions that can be applied to different kind of forecasts. Not all questions are 

however useful for directional forecasts.  

 

 

 

 

Summary when predicted up when predicted down when predicted neutral

Number of predictions N N1 N2 N3

Of which correct n n1 n2 n3

Of which wrong N-n N1-n1 N2-n2 N3-n3

Contingency table 3X2
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4.4 Quantitative or non-quantitative? 

The most central or intuitive question is most likely question number one, How good is a 

certain method or forecaster? So what kind of methods is there that can answer this question? 

Stekler (1991) points out that before comparing methods it is important to distinguish between 

quantitative and qualitative methods. If we go back to the introduction and the breakdown 

between econometric approaches and judgmental forecasting, the quantitative method are 

related to econometric approaches and the non-quantitative (i.e. judgmental approaches) are 

related to the qualitative method.  

4.4.1 Quantitative methods 

The key attribute for the quantitative method is the possibility to determine the magnitude or 

changes and errors in terms of numbers, figures and percentages. With this criterion fulfilled, 

error measures like the mean squared error (4) or the mean absolute error (5) can be derived. 

    ∑
  
 

 

 

   
        (4) 

    ∑
|  |

 

 
        (5) 

The first concern with these measures is the lack of interpretability, like mentioned in the 

introduction by Blaskowitz et.al (2011). The reason for this is the lack of benchmarks or 

comparable values. 

4.4.2      Non-quantitative methods 

Stekler (1991) describes the non-quantitative method as a forecast that predicts a turning point 

or when a turning point will occur. This type of prediction seems to be quite similar to 

directional forecasts (the main focus in this paper). One could easily set up examples of 

typical questions that match this definition and the examined directional forecasts. A forecast 

that predicts that rents will go up or down is in a way the prediction of a turning point. The 

exception is when the variable of interest, in a current down-going trend, is predicted to 

remain this way in the given timeframe. Typically most forecasts only predict one trend or 

turning point for a given timeframe. 
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4.4.3 The use of contingency tables         

Questions number 8, Does the forecaster produce forecasts that are useful to users, leads us 

to the use of contingency tables and the evaluation of directional forecasts. This subject is 

introduced and discussed by Merton (1981, Oct.) and the proposed method is based on 

conditional probability for market timing ability within the financial sector.   

We use the same notation as for the general contingency table, but replace the number of 

outcomes with probabilities, as shown in Table 3.1. Merton (1981, Oct) shows that the 

forecasts have value for the user if (6) holds true. 

             (6) 

Table 3.1 shows the notation for the probabilities in the used contingency tables  

 

Stekler (1991) then clarifies that if (3) holds true then it is the same as the predicted change of 

signs is independent from the actual change. This kind of discussion, whether the signs of 

change and the variables in the contingency table is independent or not, leads us to the 

different methods and framework for evaluation of contingency tables and directional 

forecasts.      

 

4.5 Evaluation of contingency tables 

It is far from obvious which method to use when evaluating forecasts or contingency tables. 

As supported by Graham et.al (1991) the selection of an appropriate test is problematic and 

has been an on-going debate for several decades. If one tries to explain the use of the different 

test statistics that are available, the common goal should be to test if the forecasts can predict 

the different changes of signs and also that the probability for a correct forecast is independent 

of the direction for the forecast.  

 To discuss this further we set up a framework and notation below, with α being a digital 

variable that can be 1 or 0. 

Summary when predicted up when predicted down

Number of predictions N N1 N2

Of which correct n P1 P2

Of which wrong N-n 1-P1 1-P2

Contingency table 2X2 (probabilities)
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 is the predicted variable at time t (with t-1 being used) and    is the actual outcome at 

time t.  

             
         (7) 

             
         (8) 

The probability for these given events can be formulated as the conditional probability of α 

given a certain outcome of    

 {    |      
    }        (9) 

 

 {    |      
    }         (10) 

Note that these are the equivalent or corresponding probabilities set out in table 3.1.  

4.5.1 The Fisher exact-test for the general case 

With the Fisher-exact test we set up a null hypothesis that upwards or downwards predictions 

are equally likely for a correct forecast. In other words this means the variables are 

independent. The calculated probability for the Fisher exact-test is based on the 

hypergeometric distribution. With notation from Table 3.1 the probability, P (8), is defined as: 

  
(
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     (11) 

      (
 

 
)                                   

The next step is to decide if the set up hypothesis can be rejected or not. For the Fisher exact-

test, this depends solely on the calculated P-value and on the level of significance used, 

commonly at the 95 % level.  

 

 

The null and alternative hypothesis for the general case is defined as: 



28 

 

H0: The direction of change is independent (i.e. it is equally hard to predict up, down or 

neutral movements) 

H1: The direction of change are dependent (i.e. it is not equally hard to predict up, down or 

neutral movements) 

Based on the 95 % level of significance the H0 can only be rejected if the p-value is smaller 

than the critical value adopted, like shown in (12) 

                 (12)  

Otherwise, if (9) does not hold true, the hypothesis cannot be rejected.  

4.5.2 The Pearson Chi-squared test 

The Pearson Chi-squared test also tests a null hypothesis that a frequency of distributions of a 

number of events is consistent with the theoretical distribution (expected frequency) or the 

goodness of fit. The latter means testing for independence between variables, commonly in a 

contingency table.     

The first step is to calculate the test statistic, denoted Χ
2
. In words the test statistic is the 

squared difference between the observed and expected frequency, divided by the expected 

frequency for each cell of the table, and then summed for all cells at the table. Levine et.al 

(2011). 

   ∑
       

 

  
               (13) 

Then the test statistic, Χ
2
, can be compared with the chi-squared distribution for a given 

critical value, depending on the degrees of freedom. 

The null and alternative hypothesis for the general case is defined as: 

H0: The population proportions are equal (i.e. the theoretical distribution is consistent with 

observed frequencies) 

H1: The population proportions are not equal (i.e. the theoretical distribution is not consistent 

with observed frequencies) 

To reject the H0, the test statistic (13) must be greater than the upper tail critical value from 

the chi-squared distribution, given a certain number of degrees of freedom.  
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The critical value, often denoted α, depend on the number of degrees of freedom. The degrees 

of freedom can be derived as shown in (14): 

                                        (14) 

Then it is the same procedure as for the Fisher exact-test, and the calculated P-value is 

compared with the critical value for a certain level of significance for the Chi-squared 

distribution, and commonly on the 95 % level.  

Therefor H0 can only be rejected if (15) hold true: 

                  (15) 

Otherwise, if (15) does not hold true, the hypothesis cannot be rejected.  

4.5.3 The Pesaran-Timmermann test 

While both the Pearson Chi-squred test and the Fisher exact-test focusing on independence of 

the variables, the Pesaran-Timmermann-test instead focusing on predictive failure, Sinclair 

(2006). This means that the forecasts is said to have value for the user only if the null 

hypothesis of predictive failure can be rejected. For the general case the hypothesis of 

predictive failure is the equivalent to the hypothesis that the predicted and actual values of the 

predicted variables are not independent. The test follows a Chi-squared distribution and has 

one degree of freedom, the latter due to unknown expected row and columns frequencies.   

The test is particularly useful when evaluating forecasts for two variables jointly because the 

test does not require that the two forecasts are independent of each other. In Pesaran and 

Timmermann (1992) it is stated that the test can be useful in situations when the underlying 

probability distribution is difficult to derive analytically, like for non-linear dynamic micro-

econometric models 

For an MxN contingency table the test statistic for the Pesaran-Timmerman test is: 

  √   
    

       (16) 

For technical details on how to derive (16) we recommend Sinclair (2006) and Pesaran et.al 

(1992) 

4.5.4 The Henriksson-Merton test 
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A fourth test, the Henriksson-Merton test, can also be applied. We will not discuss the details 

in this paper, but instead recommends Merton (1981 Oct.) and Merton (1981 July) for further 

reading.  

(As an alternative method for calculating exact p-values for large contingency tables, Monte 

Carlo simulations with Markov chains can also be applied, as described in Kuruda et.al 

(2009))  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.6 Probability distributions 
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Like mentioned earlier, possible explanations of poor forecasts might be found in the used 

probability distribution that might not match the underlying, and true distribution. 

Econometric approaches generally assume that the normal distribution can be applied. Since 

methods for both producing forecasts and also methods for evaluating forecasts are dependent 

on the underlying distribution, this is a vital part of the study of forecasting. In the next 

chapter the aim is to explain the fundamentals of the distributions for the applied tests, the 

Pearson Chi-squared and Fisher exact-test.  

4.6.1 The Chi-squared distribution 

Probability distributions can be classified as continuous or discrete. The Chi-squared 

distribution is a continuous distribution and a variant of the Gamma distribution. In Levine 

et.al (2011) a continuous distribution is defined as: 

“The curve f(x) is the continuous probability distribution of the random variable x if the 

probability that x will be in a specified interval of numbers is the area under the curve f(x) 

corresponding to the interval…”   

There are two conditions that must be fulfilled for a distribution to be classified as continuous, 

Levine et.al (2011).  The first says that the probability cannot be zero for some value of x. 

This means (17) must be fulfilled. The second condition says that the total area under the 

curve f(x) must be equal to one, as shown in (18).  

               (17) 

∫            
 

 
     (18) 

Continuous probability distributions can have various shapes. The well-known normal 

distribution (also called the Gaussian) has a symmetrical shape and is therefore also called the 

bell curve. The Chi-squared distribution is on the other hand asymmetrical and skewed to the 

right. The skewness and shape on the curve depends on the degrees of freedom. How the 

shape differs depending on the degrees of freedom is shown in figure 4.1. The number of 

degrees of freedom is determined by the number of variables and scenarios examined, as 

shown in (14). The Chi-Square distribution is widely used in inertial statistics when 

constructing hypotheses and confidence intervals. In this paper the Pearson Chi-squared test is 

used to construct the hypotheses. 
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Figure 4.1 illustrates that the Chi-squared distribution is skewed to the right, here displayed 

with 1-4 degrees of freedom. (Created in MATLAB 2010)  

 

4.6.2 The Hypergeometric distribution 

The second probability distribution, the hypergeometric distribution, is compared to first one 

not a continuous distribution, but instead a discrete distribution. Levine et.al (2011) defines 

the discrete distribution as: 

“A probability distribution for a discrete random variable is a mutually exclusive list of all 

the possible numerical outcomes along with the probability of occurrence of each outcome” 

This should be interpreted as the number of outcomes for the variable x is finite, and not, as in 

the continuous case – valid for all values of x. Instead the distribution should be seen as valid 

for a given set of values, denoted n in (19) below.  

∑                   (19) 
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Commonly used probability distributions include the Binomial, Poisson and Bernoulli 

distribution. In this paper the Hypergeometric distribution is the underlying distribution for 

the Fisher-exact test.   

The hypergeometric distribution is closely linked to the commonly used Binomial 

distribution. Both distributions are used to examine the number of events in a sample of N 

observations. The main difference is how the samples are selected, Levine et.al (2011). For 

the binomial distribution, the sample data are said to be selected with replacement for a finite 

population. This means that the probability of a certain event remains constant. The 

hypergeometric distribution instead selects samples without replacement, resulting in that 

outcomes are dependent on previous outcomes, Levine et.al (2011).    

 

4.6.3 Limitations of probability distributions  

In recent years it has been shown, or at least it has been argued, that not all fields of economy 

or finance should be modeled with statistical methods that are based upon the assumptions 

that the data such as returns, volatility or other variables follow a normal or Gaussian 

distribution, Taleb (2009). This concept implies that the distributions used for modeling might 

be far from the true underlying distribution, and as result causing large errors. The discovery 

itself is not new, the pioneer in this subject, Benoit B. Mandelbrot, published his findings in 

his paper “The Variation of Certain Speculative Prices”, Mandelbrot (1963) in which 

Mandelbrot discovered that cotton prices, displayed on a graph, had a peculiar shape and not 

at all shaped like the Gaussian bell-curve, which were expected. This is one possible 

explanation behind poor forecasts and especially in the case when the underlying distribution 

is difficult to validate. The core of the problem is that when the wrong underlying distribution 

serves as a base for decision making and forecasting, improbable and rare events are often 

given a too small probability. This problem is caused by the large effects rare events might 

have and the exposure to risk one might take on, unknowingly. In these situations the 

underlying distribution is said to be fat-tailed, or thick-tailed. As shown in figure 4.1, the chi-

square distribution is skewed to the right and inhibits some fatness in the right tail. 

Distributions with these properties are referred to as fat-tailed distributions.  

Generally, as described by Taleb (2009), thick tails imply more difficulties in getting a handle 

on the forecast errors and the fragility of the forecast. Thin-tails on the other hand, lead to 

ease in forecasting and tractability of the errors.    
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5 Theory - Decision making and forecasting 

Like mentioned earlier in the introduction, it is commonly accepted that the main goal of all 

forecasts is to improve some kind of decision making process. In this chapter the aim is to 

discuss how decisions are made, and how and why these decisions sometimes are wrong. 

Decisions are generally based on beliefs for the likelihood for a certain event. This could be 

questions like, who will win the election, what is the future price of crude oil or the future 

trend for the Euro/dollar. Beliefs like this are often expressed in statements or numerical 

forms, such as odds or subjective probabilities, Kahneman et.al (1974). The previous quoted 

paper by Kahneman and Twersky is one of the most influential and groundbreaking papers on 

the subject of decision making and the associated errors. It is shown that when people assess 

probabilities for beliefs of certain events, a limited number of heuristics are being used. A 

heuristic can be explained as a rule of thumb that can reduce the amount of work needed to 

make a complex decision. Heuristics can be very helpful for all kinds of decision making, but 

is also a source for biases, as shown by Kahneman et.al (1974). These errors that are linked to 

heuristics are often referred to as cognitive biases. The term cognitive bias refers to 

judgmental errors caused by human behavior and irrational reasoning. Like mentioned by 

Kahneman et.al (1982), “Analyses of uncertainty in philosophy, statistics and decision making 

theory commonly treat all forms of uncertainty in terms of a single dimension of probability 

or degree of belief”, in real life however, decision making and judgment might have several 

aspects of uncertainty and not solely rely on exact measures of probability. Kahneman (2009) 

also concludes that even if the awareness of these problems has increased over time, it seems 

to have done little to improve the decision making with consideration to judgmental 

forecasting.  

5.1 Automatic or rational thinking 

The source of the problem related to heuristic errors seems to be the inability for humans to 

recognizing their own biases. This can be explained by the two main thinking systems, used 

by the human brain. The two systems, system 1 and system 2, work differently with the first 

system being the intuitive, non-thinking and automatic system and the latter the reflective and 

rational system. Thaler et.al (2009) illustrates system 1 as uncontrolled, effortless and 

associative while system 2 is controlled, effortful and deductive. When we employ system 1 

for thinking and decision making, some kind of short cut or rule of thumb must also be in 

play. This rule of thumb can be referred to as heuristics. 
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5.1.1 Anchoring 

Anchoring is in essence when estimations and predictions are based on an initial value, which 

is then adjusted to give the final value. As described by Thaler et.al (2009), “…you start with 

some anchor, the number you know, and adjust in the direction you think is appropriate.” The 

problems with biases related to anchoring occur because the adjustments are generally not 

sufficient and tend to be closer to the starting value than necessary, Kahneman et.al (1974.)   

5.1.2 Availability     

The availability heuristic refers to situations when decisions and frequencies are being 

evaluated based on the degree of difficulty a person might find similar situations or 

comparable occurrences. This means that the probability for a given event might be given a 

too high value because the forecaster could recall similar events with ease. For instance, in 

Kahneman et.al (1974), an example with the frequency of words and letters are given. From a 

random English text a letter with three or more words are drawn randomly. If one asks for the 

probability of a word starting with the letter R or that R is the third letter in that word, people 

tend to assign words starting with an R a higher probability to be drawn. This can be 

explained by the fact that words beginning with an R are much easier to recall than words 

with an R as the third letter. This type of availability bias is also referred to as irretrievability 

of instances and occurs when we associate the probability for an event with the ease similar 

occurrences can be brought to mind.         

5.1.3 Representativeness 

 The representativeness heuristic might be in play when considering the probability for given 

event or variable belonging in a certain group or class, or the probability for a variable or 

event originating from some other event. For these types of questions humans tend to rely on 

a heuristic that associates event A with event B and evaluates the representativeness between 

them. Kahneman et.al (1974) makes the example of a shy person with passion for detail and 

asks the question what the most likely profession for this person might be. With different 

alternatives to choose from, people tend to pick librarian, because of the representativeness 

and the resemblance with the stereotype of a librarian. However, people are not realizing that 

another profession, like a farmer is much more likely because there are much more farmers 

than librarians in the sample. This example should illustrate when representative probability 

causes errors because the true or rational probability is neglected. 



36 

 

Other forms of biases connected with representativeness are for instance insensitivity to small 

sample sizes. This error manifests itself when a certain frequency is known for a small 

sample. In these cases people tend to, incorrectly, assume that the same frequencies also are 

valid for a much larger sample size, not realizing that a large sample size is much more likely 

to converge to a mean and therefor differ from the known distribution for the small sample.             

 

5.1.4 Coding of outcomes 

From Kahneman et.al (1982) it also explained why perceptual expectancies can differ from 

the mathematical rules and why the calculus of probability might not be applicable. Even if 

the expected value might be known before a prediction, humans tend to deviate slightly from 

the mean or expected value when making a prediction. One explanation for this is because the 

chance for an exact prediction (i.e. predict the expected value, which is known) seems to be 

less likely than a slight deviation from the expected value. In the discussion in chapter 7 this 

is discussed further and might be one explanation why the neutral prediction seems to be 

harder to predict.      
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6 Results and outcomes 

The final chapter summarizes the outcome and results of the performed tests. The tests are 

examines with the Pearson Chi-squared test and the Fisher exact-test. The tests have been 

performed in STATA12.  

From the data, three null hypotheses are stated, denoted H0 for the null and H1 for the 

alternative hypothesis. The main purpose of the hypotheses is to test and state whether the 

examined variables are independent or not. For the general case the H0 and H1 are stated 

below, Levine et.al (2011). 

H0: The two categorical variables are independent (i.e. there is no relationship between them) 

H1: The two categorical variables are dependent (i.e. there is a relationship between them) 

The three stated null hypotheses are: 

1. Correct forecasts and the direction of the predictions are independent variables 

 

2. Correct forecasts and consultant are independent variables 

 

3. Correct forecasts and the examined cities are independent variables 
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6.1 Association between correct forecast and direction of the 

prediction  

The study include in total 160 unique observations, ranging from 2008 to 2013. Out of these 

observations, table 6.1 below shows that less than 50 % of the whole sample is actually 

correct (77 out of 160). The result, or predictability, between when predicted up, down or 

neutral are quite equal when comparing all consultants together. The best, or highest, 

predictability can be found when predicted up. The results for predicting down or neutral are 

actually worse than 50 %.   

However, when setting up the null hypothesis for testing, the expected result (i.e. correct or 

wrong) is independent of the predicted variable (up, down or neutral), and the H0 cannot be 

rejected at the 95 % level of significance. This means in words, that when adding all 

consultants as a group, there is no difference in terms of difficulty to predicted any specific 

movement or direction of change.           

Table 6.1 displays the predictions for all consultants and the associated probabilities for the 

null hypotheses, which cannot be rejected.   

 

 

6.1.1 Consultant A 

When only analyzing Consultant A, we find 66 unique predictions in total from the years 

2008-2013. Less than 50 % are correct (32 out of 66). Worth noting is that when predicted up 

and predicted down are both at 50 % predictability. When predicted neutral the predictability 

is slightly worse at 4 out of 10 correct.  

Summary when predicted up when predicted down when predicted neutral

Total number of predictions 160 72 77 11

expected correct 77 40 33 4

expected wrong 83 32 44 7

Chi-squared Pr. 0,217 H0: Not rejected

Fisher exact-test Pr. 0,213 H0: Not rejected

All Consultants - Association between correct and prediction

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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When stating the null hypothesis in the same way as for the general case, the H0 cannot be 

rejected at the 95 % level of significance, meaning the variables are independent and there is 

no relationship between them. The result is displayed in table 6.2 below.  

Table 6.2 displays the predictions for consultant A and the p-values for the null hypothesis 

testing. The H0 cannot be rejected.   

 

 

6.1.2 Consultant B 

When only analyzing Consultant B, we find 74 unique predictions in total from the years 

2008-2012. Less than 40 % are correct (28 out of 74). Worth noting for consultant B is that 

we have no neutral prediction. The outcome can, however, still be neutral. When looking at 

just the actual outcome one can observe that when predicted up, the predictability is at 50 %, 

but when predicted down it is below 30 % (13 out of 44). This should give us an indication 

that the variables might not be independent.     

When stating the null hypothesis in the same way as for the general case, the H0 cannot be 

rejected at the 95 % level of significance, meaning the variables are independent and there is 

no relationship between them. 

Note however that the p-values are much lower than compared with the two previous 

comparisons. In this case with consultant B, the null hypothesis could be rejected on the 85 % 

level of significance, when looking at the result from the Pearson Chi-squared test.  

This would indicate, that for consultant B, it is actually more likely for an upwards prediction 

to be correct than for a downwards prediction.  

 

Summary when predicted up when predicted down when predicted neutral

Total number of predictions 66 34 22 10

expected correct 32 17 11 4

expected wrong 34 17 11 6

Chi-squared Pr. 0,844 H0: Not rejected

Fisher exact-test Pr. 0,890 H0: Not rejected

Consultant A - Association between correct and prediction

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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Please note that despite Consultant B never makes a neutral prediction we include these 

outcomes. These outcomes are there for classified as wrong forecasts, as shown in table 6.3 

below.  

Table 6.3 displays the predictions for consultant B and the p-values for the null hypothesis 

testing. In this table the neutral outcomes are included. Both hypotheses cannot be rejected. 

 

As an alternative hypothesis, table 6.4 below shows the results when filtering out neutral 

outcomes. As a result of the higher fraction of correct forecasts, the p-values decrease slightly. 

Still indicating that an upwards trend might be easier to predict. The H0 can however not be 

rejected, despite filtering out the neutral outcomes. To reject the H0 we need to reach the 80 % 

or 90 % level of significance for the Chi-squared or Fisher-test respectively.  

Table 6.4 displays the predictions for consultant B and the p-values for the null hypothesis 

testing. In this table the neutral outcomes are excluded. Both hypotheses cannot be rejected. 

 

 

 

 

 

Summary when predicted up when predicted down

Total number of predictions 74 30 44

expected correct 28 15 13

expected wrong 46 15 31

Chi-squared Pr. 0,075 H0: Not rejected

Fisher exact-test Pr. 0,091 H0: Not rejected

Consultant B - Association between correct and prediction

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05

Summary when predicted up when predicted down

Total number of predictions 60 25 35

expected correct 28 15 13

expected wrong 32 10 22

Chi-squared Pr. 0,116 H0: Not rejected

Fisher exact-test Pr. 0,068 H0: Not rejected

Consultant B - Association between correct and prediction (none neutral prediction)

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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6.1.3 Consultant C 

When only analyzing Consultant C, we find 20 unique predictions in total from the years 

2008-2012. Almost 90 % are correct (17 out of 20). Worth noting for consultant C is that we 

have quite few observations compared to the other consultants. The only predicted variable 

that is more often wrong than correct is when predicted neutral, this has however only 

occurred once, as displayed in table 6.5.      

When stating the null hypothesis in the same way as for the general case, the H0 can be 

rejected at the 95 % level of significance, meaning the variables are not independent and there 

seem to be dependence between them. This is only true for the Pearson Chi-squared test. With 

the Fisher exact-test the H0 cannot be rejected.  

This is an example of when the expected frequencies are so few due to a small sample size 

and the rule of thumb for when using the Fisher exact-test should be applied. The p-value 

from the Fisher exact test tells us the H0 cannot be rejected at the 95 % level of significance, 

but could however be rejected at the 80 % level.    

Table 6.5 displays the predictions for consultant C and the p-values for the null hypothesis 

testing. H0 is rejected with the Chi-squared test but not with the Fisher-exact test. 

 

 

 

 

 

 

 

Summary when predicted up when predicted down when predicted neutral

Total number of predictions 20 8 11 1

expected correct 17 8 9 0

expected wrong 3 0 2 1

Chi-squared Pr. 0,028 H0: Rejected

Fisher exact-test Pr. 0,073 H0: Not rejected

Consultant C - Association between correct and prediction

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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6.2 Association between correct forecast and consultant 

The second hypothesis tests if any of the examined consultants performs any better (or worse) 

than any of the other consultants. This would indicate that a certain consultant would be 

associated with at higher probability of a correct forecast than the others (i.e. the consultants 

as a group are not independent variables).     

When looking at A, B and C we see that Consultant B are more frequently wrong than correct 

with less than 40 % correct (28 out of 74). Consultant A is almost at 50 % correct with 32 out 

of 66 correct forecasts. The most correct Consultant is C with 85 % correct forecasts (17 out 

of 20). 

With this in mind we test the null hypothesis that the variables are independent. As shown in 

table 7.6 below the H0 can in fact be rejected, even at the 99 % level of significance for both 

Pearson Chi-squared tests and the Fisher exact-test.  

We can conclude that the consultants seem to be associated with different probabilities of 

obtaining a correct forecast, with C being the superior forecaster.     

Table 7.6 displays the predictions and correct outcomes among consultants. The null 

hypothesis can be rejected because consultant C appears to be a superior forecaster. 

 

 

 

 

 

 

 

Summary A B C

Total number of predictions 160 66 74 20

expected correct 77 32 28 17

expected wrong 83 34 46 3

Chi-squared Pr. 0,001 H0: Rejected

Fisher exact-test Pr. 0,001 H0: Rejected

 Association between correct and consultant

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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6.3 Association between correct forecast and city 

The third hypothesis tests if the examined cities are associated with the same probability of 

obtaining a correct forecast. If not, the variables are not independent and this would indicate 

that a certain city would be easier (or harder) to predict the outcome for.  

The examined forecasts include in total 9 different European cities, of which Consultant A 

and B share three cities, Oslo, Helsinki and Stockholm. When stating the null hypotheses for 

the different consultants and cities, none of the cities stands out in any particular way besides 

Berlin, which seems to be associated with a higher probability of a wrong forecast than the 

rest of the cities. Berlin has actually only 13 % correct forecasts.  

The H0 is stated for each of the consultants.        

6.3.1 Consultant A 

Consultant A has like mentioned before, less than 50 % correct forecasts. None of the cities 

distinguish them self in any particular way. Copenhagen and Oslo is slightly above 50 % 

correct forecasts while Helsinki and Stockholm is below 50 % correct forecasts. This 

indicates that the cities should be independent variables.     

With this in mind the null hypothesis that the variables are independent is stated. As shown in 

table 7.7 below the H0 cannot be rejected, like expected.  

Table 7.7 displays the predictions and correct outcomes among cities for consultant A. The 

null hypothesis cannot be rejected. 

 

 

 

 

Summary Copenhagen Helsinki Oslo Stockholm

Total number of predictions 66 16 17 16 17

expected correct 32 9 6 9 8

expected wrong 34 7 11 7 9

Chi-squared Pr. 0,579 H0: Not rejected

Fisher exact-test Pr. 0,587 H0: Not rejected

 Consultant A - Association between correct and city

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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6.3.2 Consultant B 

Consultant B has like mentioned before, less than 40 % correct forecasts. Berlin is one of the 

cities that stand out with only 2 out of 15 correct forecasts. The other cities seem to be 

distributed in a similar way in regard to a correct forecast.  

With this in mind the null hypothesis that the variables are independent can be tested. As 

shown in table 7.8 below the H0 cannot be rejected. However, it is not as obvious as with 

Consultant A. In this case the H0 could be rejected on the 80 % level of significance. This 

difference is most likely due to the poor predictability for Berlin and otherwise the p-values 

would most likely be greater. 

Table 7.8 displays the predictions and correct outcomes among cities for consultant B. The 

null hypothesis cannot be rejected. 

 

 

 

 

 

 

 

 

 

 

Summary Berlin Dusseldorf Frankfurt Hamburg Munich

Total number of predictions 74 15 15 15 15 14

expected correct 28 2 7 5 7 7

expected wrong 46 13 8 10 8 7

Chi-squared Pr. 0,212 H0: Not rejected

Fisher exact-test Pr. 0,199 H0: Not rejected

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05

 Consultant B - Association between correct and city
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6.3.3 Consultant C 

Consultant C has compared to the other consultants a superior result and predictability, with 

almost 90 % correct forecasts. None of the cities stands out in any particular way and each 

city has only one wrong forecast each. With a similar prediction rate for each of the cities we 

can assume that the different cities should be considered as independent.    

With this in mind the null hypothesis that the variables are independent can be tested. As 

shown in table 7.14 below the H0 cannot be rejected. In fact, the p-values indicates very 

strongly that the H0 cannot be rejected, meaning that Consultant C is consistent with superior 

predictability among all cities.  

Table 7.14 displays the predictions and correct outcomes among cities for consultant C. The 

null hypothesis cannot be rejected 

 

 

 

 

 

 

 

 

 

 

Summary Helsinki Oslo Stockholm

Total number of predictions 20 7 7 6

expected correct 17 6 6 5

expected wrong 3 1 1 1

Chi-squared Pr. 0,991 H0: Not rejected

Fisher exact-test Pr. 1,000 H0: Not rejected

 Consultant C - Association between correct and city

Pearson Chi-Squared and Fisher exact-test probabilities of null hypothesis >0,05
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7 Discussion and Summary 

7.1 Hypothesis 1 - Correct forecasts and direction of the predictions 

are independent variables  

When analyzing the results for the set hypotheses there are two key components to consider, 

the actual observed frequency in the contingency tables and the results of the tested null 

hypotheses. The first obvious observation is that the frequency of a correct forecast is higher 

for upwards prediction than for a downwards or neutral prediction (the latter two are actually 

below 50 % correct). Despite this clear observation we cannot support this when testing our 

stated null hypothesis, which yields a p-value around 0,2 and can therefore not be rejected, 

meaning we have no evidence that none of the variables should be any harder to predict than 

the other. The evidence is however not extremely convincing since the H0 could be rejected at 

the 80 % level of significance.  

When analyzing each of the consultants we find that for consultant A, the H0 strongly tells us 

that the variables are independent and that the null hypothesis cannot be rejected. This is 

clearly reflected in the observed frequencies as well. Further we find that the largest 

difference in regard to independence between variables can be found between Consultant A 

and C. With the Chi-squared test the H0 can actually be rejected for Consultant C. Note 

however that the expected frequencies are quite few and that the Fisher-test gives a higher p-

value which instead cannot be rejected on the 95 % level of significance, but only barely. 

When looking at the actual observed frequencies for Consultant C, we can see that both 

upwards and downwards predictions are associated with a high probability of a correct 

forecast while one single neutral and wrong prediction most likely results in the low p-values 

and cast some doubt on the null hypothesis testing.  
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7.2 Hypothesis 2 - Correct forecasts and consultant are independent 

variables 

The second null hypothesis tests the relationship between the different consultants and a 

correct forecast. Like concluded earlier, Consultant C has superior forecasting skills compared 

to A and B. This is also confirmed by the H0, which can be clearly rejected with both the 

Pearson Chi-squared test and Fisher exact-test, even at the 99 % level of significance. What 

make this result somewhat doubtful are the relatively few observations for Consultant C, only 

around 13 % of the total number of observations. 

7.3 Hypothesis 3 - Correct forecasts and the examined cities are 

independent variables 

The third hypothesis tests if the cities and a correct forecast are independent. When looking at 

the observed frequencies, Berlin stands out and seems to be harder to predict than the other 

cities. The H0 does not support this theory however, and the H0 cannot be rejected at the 95 % 

level of significance. We need to accept the 80 % level of significance for the H0 to be 

rejected. Consultant B is the only one that makes predictions for Berlin and therefore the 

hypothesis cannot be tested for any of the other consultants.     

For Consultant A and C the H0 cannot be rejected neither, and the p-values supports this 

strongly. 

 

7.4 Summary 

The general conclusion that can be drawn from the examined forecasts is that forecasting is a 

difficult task. There are several possible explanations for this. One might be the difficult task 

to match the applied probability distribution with the true underlying distribution. Other 

explanations can be found in the cogitative biases caused by human behavior, described in 

chapter 5. This is errors that always will be present if judgmental decision making or 

forecasting is implemented. Finally, to really examine the accuracy of real estate forecasting 

in depth, a much more comprehensive and larger sample data set is required. Then, the data 

could be scrutinized in a much stricter way. Doubtful data could be filtered out without the 

risk of having a too small sample data set. This was something that couldn’t be afforded in 

this study. If a study is conducted this way, the result might indicate a different accuracy.      
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Appendix A - Consultant A 

 

 

 

 

 

 

 

 

 

 

Year Consultant A

Current 

value Forecast Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 360 neutral down wrong 50 14% 0 0 0 1

CBD Vacancy (%) 5,5 neutral Up wrong -2,8 -51% 0 0 0 1

Stock (m.sqf) 7,9 up Up correct -0,1 -1% 1 1 0 0

Invest. volume (b.EUR) 5,6 neutral down wrong 1,6 29% 0 0 0 1

Prime rent (EUR/m2) 310 down down correct 10 3% 1 0 1 0

CBD Vacancy (%) 8,3 up down wrong 2,8 34% 0 1 0 0

Stock (m.sqf) 8 up neutral wrong 0 0% 0 1 0 0

Invest. volume (b.EUR) 4 down down correct 2,3 58% 1 0 1 0

Prime rent (EUR/m2) 300 down Up wrong -24 -8% 0 0 1 0

CBD Vacancy (%) 5,5 up Up correct -8 -145% 1 1 0 0

Stock (m.sqf) 8 up neutral wrong 0 0% 0 1 0 0

Invest. volume (b.EUR) 1,7 up Up correct -0,4 -24% 1 1 0 0

Prime rent (EUR/m2) 324 down Up wrong -6 -2% 0 0 1 0

CBD Vacancy (%) 13,5 down down correct 1 0 1 0

Stock (m.sqf) 8

Invest. volume (b.EUR) 2,1

Prime yield (%) 5,8 down neutral wrong 0 0% 0 0 1 0

Prime rent (EUR/m2) 330 down Up wrong -20 -6% 0 0 1 0

CBD Vacancy (%) 6,5

Stock (m.sqf) 8,4

Prime yield (%) 5,8 up down wrong 0,6 10% 0 1 0 0

Prime rent (EUR/m2) 350 up

Prime yield (%) 5,2

Summary

predicted 

up

predicted 

down

predicted 

neutral

Number of 

predictions 17 7 7 3

Of which correct 6 3 3 0

Of which wrong 11 4 4 3

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

Helsinki

2
0

1
3
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Year Consultant A

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicte

d up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 500 up down wrong 85 17% 0 1 0 0

CBD Vacancy (%) 6 neutral down wrong 1 17% 0 0 0 1

Stock (m.sqf) 11,6 up neutral wrong 0 0% 0 1 0 0

Invest. volume (b.EUR) 15,5 Down down correct 11,5 74% 1 0 1 0

Prime rent (EUR/m2) 415 down down correct 40 10% 1 0 1 0

CBD Vacancy (%) 5 up Up correct -1,5 -30% 1 1 0 0

Stock (m.sqf) 11,6 up Up correct -0,2 -2% 1 1 0 0

Invest. volume (b.EUR) 4 down Up wrong -7 -175% 0 0 1 0

Prime rent (EUR/m2) 375 down Up wrong -74 -20% 0 0 1 0

CBD Vacancy (%) 6,5 up Up correct -5 -77% 1 1 0 0

Stock (m.sqf) 11,8 up Up correct -0,1 -1% 1 1 0 0

Invest. volume (b.EUR) 11 up neutral wrong 0 0% 0 1 0 0

Prime rent (EUR/m2) 449 up Up correct -61 -14% 1 1 0 0

CBD Vacancy (%) 11,5 down down correct 1 0 1 0

Stock (m.sqf) 11,9

Invest. volume (b.EUR) 11

Prime yield (%) 5 down neutral wrong 0 0% 0 0 1 0

Prime rent (EUR/m2) 510 up neutral wrong 0 0% 0 1 0 0

CBD Vacancy (%) 4

Stock (m.sqf) 12

Prime yield (%) 5 up down wrong 0,5 10% 0 1 0 0

Prime rent (EUR/m2) 510

Prime yield (%) 4,5

Summary

when 

predicte

d up

when 

predicted 

down

when 

predicted 

neutral

Number of 

predictions 17 10 6 1

Of which correct 8 5 3 0

Of which wrong 9 5 3 1

Stockholm

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3
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Year Consultant A

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicte

d up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 240 up down wrong 30 13% 0 1 0 0

CBD Vacancy (%) 2,8 down Up wrong -1,7 -61% 0 0 1 0

Stock (m.sqf) 10,9 up Up correct -0,1 -1% 1 1 0 0

Invest. volume (b.EUR) 7,4 down down correct 3,4 46% 1 0 1 0

Prime rent (EUR/m2) 210 down Up wrong -5 -2% 0 0 1 0

CBD Vacancy (%) 4,5 up Up correct -5,1 -113% 1 1 0 0

Stock (m.sqf) 11 up neutral wrong 0 0% 0 1 0 0

Invest. volume (b.EUR) 4 neutral down wrong 1,8 45% 0 0 0 1

Prime rent (EUR/m2) 215 down down correct 7 3% 1 0 1 0

CBD Vacancy (%) 9,6 up Up correct -0,5 -5% 1 1 0 0

Stock (m.sqf) 11 up neutral wrong 0 0% 0 1 0 0

Invest. volume (b.EUR) 2,2 up down wrong 0,1 5% 0 1 0 0

Prime rent (EUR/m2) 208 neutral neutral correct 0 0% 1 0 0 1

CBD Vacancy (%) 10,1 down

Stock (m.sqf) 11

Invest. volume (b.EUR) 2,1

Prime yield (%) 5 neutral neutral correct 0 0% 1 0 0 1

Prime rent (EUR/m2) 208 neutral neutral correct 0 0% 1 0 0 1

CBD Vacancy (%)

Stock (m.sqf) 11,5

Prime yield (%) 5 neutral neutral correct 0 0% 1 0 0 1

Prime rent (EUR/m2) 208 up

Prime yield (%) 5 neutral

Summary

when 

predicte

d up

when 

predicted 

down

when 

predicted 

neutral

Number of 

predictions 16 7 4 5

Of which correct 9 3 2 4

Of which wrong 7 4 2 1

Copenhagen

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3
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Year Consultant A

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 470 up down wrong 95 20% 0 1 0 0

CBD Vacancy (%) 2 down Up wrong -1,5 -75% 0 0 1 0

Stock (m.sqf) 8,7 up Up correct -0,6 -7% 1 1 0 0

Invest. volume (b.EUR) 6,6 down down correct 3,6 55% 1 0 1 0

Prime rent (EUR/m2) 375 up down wrong 35 9% 0 1 0 0

CBD Vacancy (%) 3,5 down Up wrong -3,5 -100% 0 0 1 0

Stock (m.sqf) 9,3 up down wrong 0,5 5% 0 1 0 0

Invest. volume (b.EUR) 3 neutral down wrong 1,3 43% 0 0 0 1

Prime rent (EUR/m2) 340 up Up correct -32 -9% 1 1 0 0

CBD Vacancy (%) 7 up Up correct -1 -14% 1 1 0 0

Stock (m.sqf) 8,8 up down wrong 0,1 1% 0 1 0 0

Invest. volume (b.EUR) 1,7 up Up correct -2,8 -165% 1 1 0 0

Prime rent (EUR/m2) 372 up Up correct -28 -8% 1 1 0 0

CBD Vacancy (%) 8

Stock (m.sqf) 8,7 NA

Invest. volume (b.EUR) 4,5 NA

Prime yield (%) 5,75 down down correct 0,25 4% 1 0 1 0

Prime rent (EUR/m2) 400 up Up correct -50 -13% 1 1 0 0

CBD Vacancy (%)

Stock (m.sqf) 8,5 NA

Prime yield (%) 5,5 down down correct 0,5 9% 1 0 1 0

Prime rent (EUR/m2) 450 neutral

Prime yield (%) 5 neutral

Summary

when 

predicted 

up

when 

predicted 

down

when 

predicted 

neutral

Number of 

predictions 16 10 5 1

Of which correct 9 6 3 0

Of which wrong 7 4 2 1

Oslo

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3



54 

 

Appendix B – Consultant B 

 

 

 

 

 

 

 

 

 

 

 

 

 

Year Consultant B

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 252 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 7,5 up down wrong 0,3 4% 0 1 0 0

Take up (sq.f) 104300 down Up wrong -301900 -289% 0 0 1 0

Prime rent (EUR/m2) 252 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 7,2 up Up correct -0,6 -8% 1 1 0 0

Take up (sq.f) 406200 down Up wrong -135500 -33% 0 0 1 0

Prime rent (EUR/m2) 252 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 7,8 up down wrong 1 13% 0 1 0 0

Take up (sq.f)
541700 down Up wrong -191900 -35% 0 0 1 0

Prime rent (EUR/m2) 252 up neutral wrong 0 0% 0 1 0 0

CBD Vacancy (%) 6,8 up down wrong 0,8 12% 0 1 0 0

Take up (sq.f) 733600 down Up wrong -6600 -1% 0 0 1 0

Prime rent (EUR/m2) 252 up down wrong 1 0% 0 1 0 0

CBD Vacancy (%) 6 down down correct 0,7 12% 1 0 1 0

Take up (sq.f) 740200 down Up wrong -94600 -13% 0 0 1 0

Prime rent (EUR/m2) 251

CBD Vacancy (%) 5,3

Take up (sq.f) 834800

Summary

predicted 

up

predicted 

down

Number of 

predictions 15 6 9

Of which correct 2 1 1

Of which wrong 13 5 8

2
0

1
1

Berlin

2
0

0
9

 Q
1

2
0

0
9

 Q
3

2
0

0
9

 Q
4

2
0

1
0

2
0

1
2
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Year Consultant B

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicte

d up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 288 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 9 up Up correct -0,8 -9% 1 1 0 0

Take up (sq.f) 50000 down Up wrong -103000 -206% 0 0 1 0

Prime rent (EUR/m2) 288 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 9,8 up Up correct -0,5 -5% 1 1 0 0

Take up (sq.f) 153000 down Up wrong -49000 -32% 0 0 1 0

Prime rent (EUR/m2) 288 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 10,3 up Up correct -1 -10% 1 1 0 0

Take up (sq.f)
202000 down Up wrong -171000 -85% 0 0 1 0

Prime rent (EUR/m2) 288 up neutral wrong 0 0% 0 1 0 0

CBD Vacancy (%) 11,3 up neutral wrong 0 0% 0 1 0 0

Take up (sq.f) 373000 down down correct 61000 16% 1 0 1 0

Prime rent (EUR/m2) 288 up Up correct -24 -8% 1 1 0 0

CBD Vacancy (%) 11,3 down down correct 0,3 3% 1 0 1 0

Take up (sq.f) 312000 down down correct 2000 1% 1 0 1 0

Prime rent (EUR/m2) 312

CBD Vacancy (%) 11

Take up (sq.f) 310000

Summary

 

predicte

d up

predicted 

down

Number of 

predictions 15 6 9

Of which correct 7 4 3

Of which wrong 8 2 6

2
0

1
1

Dusseldorf

2
0

0
9

 Q
1

2
0

0
9

 Q
3

2
0

0
9

 Q
4

2
0

1
0

2
0

1
2
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Year Consultant B

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicte

d up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 420 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 14,8 up Up correct -0,4 -3% 1 1 0 0

Take up (sq.f) 144100 down Up wrong -159400 -111% 0 0 1 0

Prime rent (EUR/m2) 420 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 15,2 up down wrong 0,2 1% 0 1 0 0

Take up (sq.f) 303500 down Up wrong -52000 -17% 0 0 1 0

Prime rent (EUR/m2) 420 down Up wrong -12 -3% 0 0 1 0

CBD Vacancy (%) 15 up Up correct -2 -13% 1 1 0 0

Take up (sq.f)
355500 down Up wrong -119500 -34% 0 0 1 0

Prime rent (EUR/m2) 432 up Up correct -6 -1% 1 1 0 0

CBD Vacancy (%) 17 up down wrong 2 12% 0 1 0 0

Take up (sq.f) 475000 down down correct 60000 13% 1 0 1 0

Prime rent (EUR/m2) 438 up down wrong 6 1% 0 1 0 0

CBD Vacancy (%) 15 down down correct 1,1 7% 1 0 1 0

Take up (sq.f) 415000 down Up wrong -94000 -23% 0 0 1 0

Prime rent (EUR/m2) 432 down wrong 0 0 0

CBD Vacancy (%) 13,9 down wrong 0 0 0

Take up (sq.f) 509000 down wrong 0 0 0

Summary

predicte

d up

predicted 

down

Number of 

predictions 15 6 9

Of which correct 5 3 2

Of which wrong 10 3 7

Frankfurt

2
0

0
9

 Q
1

2
0

0
9

 Q
3

2
0

0
9

 Q
4

2
0

1
0

2
0

1
1

2
0

1
2
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Year Consultant B

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 288 down down correct 12 4% 1 0 1 0

CBD Vacancy (%) 6,6 up Up correct -0,4 -6% 1 1 0 0

Take up (sq.f) 89700 down Up wrong -187800 -209% 0 0 1 0

Prime rent (EUR/m2) 276 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 7 up Up correct -0,5 -7% 1 1 0 0

Take up (sq.f) 277500 down Up wrong -95400 -34% 0 0 1 0

Prime rent (EUR/m2) 276 down Up wrong -12 -4% 0 0 1 0

CBD Vacancy (%) 7,5 up Up correct -1,9 -25% 1 1 0 0

Take up (sq.f)
372900 down Up wrong -102100 -27% 0 0 1 0

Prime rent (EUR/m2) 288 up neutral wrong 0 0% 0 1 0 0

CBD Vacancy (%) 9,4 up down wrong 1,1 12% 0 1 0 0

Take up (sq.f) 475000 down Up wrong -58000 -12% 0 0 1 0

Prime rent (EUR/m2) 288 up Up correct -6 -2% 1 1 0 0

CBD Vacancy (%) 8,3 down down correct 0,8 10% 1 0 1 0

Take up (sq.f) 533000 down down correct 103000 19% 1 0 1 0

Prime rent (EUR/m2) 294

CBD Vacancy (%) 7,5

Take up (sq.f) 430000

Summary

 

predicted 

up

predicted 

down

Number of 

predictions 15 6 9

Of which correct 7 4 3

Of which wrong 8 2 6

Hamburg

2
0

0
9

 Q
1

2
0

0
9

 Q
3

2
0

0
9

 Q
4

2
0

1
0

2
0

1
2

2
0

1
1
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Year Consultant C

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 360 down down correct 12 3% 1 0 1 0

CBD Vacancy (%) 7,5 up Up correct -0,2 -3% 1 1 0 0

Take up (sq.f) 118000 down Up wrong -275900 -234% 0 0 1 0

Prime rent (EUR/m2) 348 down down correct 6 2% 1 0 1 0

CBD Vacancy (%) 7,7 up Up correct -0,2 -3% 1 1 0 0

Take up (sq.f) 393900 down Up wrong -124500 -32% 0 0 1 0

Prime rent (EUR/m2) 342 down down correct 6 2% 1 0 1 0

CBD Vacancy (%) 7,9 up neutral wrong 0 0% 0 1 0 0

Take up (sq.f)
518400 down Up wrong -68400 -13% 0 0 1 0

Prime rent (EUR/m2) 336 up Up correct -24 -7% 1 1 0 0

CBD Vacancy (%) 7,9 up down wrong 0,1 1% 0 1 0 0

Take up (sq.f) 586800 down Up wrong -260700 -44% 0 0 1 0

Prime rent (EUR/m2) 360 up down wrong 83 23% 0 1 0 0

CBD Vacancy (%) 7,8 down down correct 1 13% 1 0 1 0

Take up (sq.f) 847500 down down correct 142400 17% 1 0 1 0

Prime rent (EUR/m2) 277

CBD Vacancy (%) 6,8

Take up (sq.f) 705100

Summary

predicted 

up

predicted 

down

Number of 

predictions 15 6 9

Of which correct 8 3 5

Of which wrong 7 3 4

2
0

1
1

Munich

2
0
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9
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0
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9
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Appendix C – Consultant C 

 

 

 

 

 

Year Consultant C

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

2
0

0
8 Prime rent (EUR/m2) 340 down down correct 19

6%

1 0 1 0

2
0

0
9 Prime rent (EUR/m2) 321 down down correct 21

7%

1 0 1 0

Prime rent (EUR/m2) 300 up Up correct -60 -20% 1 1 0 0

Prime yield (%) 6 down down correct 0,35 6% 1 0 1 0

Prime rent (EUR/m2) 360 up Up correct -10 -3% 1 1 0 0

CBD Vacancy (%) 7 down down correct 0,5 7% 1 0 1 0

Prime yield (%) 5,65 neutral down wrong 0,4 7% 0 0 0 1

Prime rent (EUR/m2) 370 up

CBD Vacancy (%) 6,5

Prime yield (%) 5,25

Summary

predicted 

up

predicted 

down

predicted 

neutral

Number of 

predictions 7 2 4 1

Of which correct 6 2 4 0

Of which wrong 1 0 0 1

2
0

1
1

2
0

1
2

2
0

1
0

Helsinki

Year Consultant C

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

2
0

0
8 Prime rent (EUR/m2) 450 down down correct 50

11%
1 0 1 0

2
0

0
9

Prime rent (EUR/m2)
400 down Up wrong -40

-10%
0 0 1 0

Prime rent (EUR/m2) 440 up Up correct -20 -5% 1 1 0 0

CBD Vacancy (%) 7 down down correct 1 14% 1 0 1 0

Prime rent (EUR/m2) 460 up Up correct -20 -4% 1 1 0 0

CBD Vacancy (%) 6 down down correct 2 33% 1 0 1 0

Prime rent (EUR/m2) 480 up

CBD Vacancy (%) 4

Summary

predicted 

up

predicted 

down

predicted 

neutral

Number of 

predictions 6 2 4 0

Of which correct 5 2 3 0

Of which wrong 1 0 1 0

2
0

1
1

2
0

1
2

2
0

1
0

Stockholm
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Year Consultant C

Current 

value Trend Outcome

Forecast 

result

Total 

change

Percentage 

change DF-Value

Predicted 

up

Predicted 

down

Predicted 

neutral

Prime rent (EUR/m2) 350 down down correct 50 14% 1 0 1 0

CBD Vacancy (%) 12,5 down down correct 5,3 42% 1 0 1 0

Prime rent (EUR/m2) 300 down neutral wrong 0 0% 0 0 1 0

CBD Vacancy (%) 7,2 up Up correct -0,3 -4% 1 1 0 0

Prime rent (EUR/m2) 300 up Up correct -140 -47% 1 1 0 0

CBD Vacancy (%) 7,5 up Up correct -0,5 -7% 1 1 0 0

Prime rent (EUR/m2) 440 up Up correct -60 -14% 1 1 0 0

CBD Vacancy (%) 82
0

1
2

Prime rent (EUR/m2) 500 up

Summary

predicted 

up

predicted 

down

predicted 

neutral

Number of 

predictions 7 4 3 0

Of which correct 6 4 2 0

Of which wrong 1 0 1 0

2
0

1
0

2
0

1
1

2
0

0
9

2
0

0
8

Oslo


