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Abstract 
This thesis examines a part of the theory about financial bubbles and conducts an empiri-

cal analysis of the probability of predicting financial crises based on the stock markets of 

the U.S, UK, Germany and Denmark. 

Despite the extensive theories about financial crises and bubbles it is surprisingly difficult 

to establish a consensus for when an event is considered a crisis. Meanwhile the leading 

economists are unable to agree if bubbles even exist. Fama and his supporters believe 

that markets are efficient and large changes in asset prices are simply the market reacting 

to new information. This is in contrast to Shiller who argues that bubbles are real and hap-

pens when the asset prices deviates too far from the fundamental value and the price is 

primarily increasing due to the belief that the value will increase even further in the near 

future. 

The models applied to test whether or not we are able to predict financial crises are mainly 

the bond stock earnings yield differential model and the cyclically adjusted price to earn-

ings ratio model. The models exhibit close to 60% accuracy when issuing a crash warning, 

although it fails to predict more than two out of three market corrections. The accuracy and 

the number of all crashes predicted, and which model performs the best depend to a large 

degree on the market that is being used to test the models. 

The performance of the models is highly influenced by the source of the data used, thus 

leading to large differences in the results. In addition to this, the results are very dependent 

on how the findings are interpreted by the individual. 

Despite the models seemingly mediocre performance in relation to crash predictions the 

bond stock earnings yield differential model is fairly successful as a long term investment 

strategy. Based on the past 45 years of the S&P 500 index adhering to the model would 

have generated an average of 33% excess return compared to the buy and hold strategy. 
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1. Introduction 
The following section will describe the subject matter and focal point of the paper, along 

with accounting for the motivation behind my choice of topic and problem definition. In ex-

tension I will explain the necessary delimitation and finally, the composition of the report. 

 

1.1. Motivation 

In January 2016 I attended the WHU New Year's Conference in Koblenz, Germany, orga-

nized by WHU Vallander - Otto Beisheim School of Management. 

Initially it was challenging to settle on a topic that had not already been examined and dis-

sected countless times by my peers, and thus I was hoping to find inspiration at the con-

ference. One presentation in particular, made by Eric Maskin, regarding financial crises, 

how they occur and how to handle them caught my attention. Afterwards I attended a 

speech made by William Ziemba in which he presented his bond stock earnings yield dif-

ferential model and argued for its high rate of accuracy when predicting market crashes.  I 

was given the opportunity and pleasure of discussing this theory with Ziemba, who rec-

ommended me to test the model on the Scandinavian market, as this would be unprece-

dented according to him. I was intrigued by his suggestion and found the thought of pro-

ducing something unique and relevant very exciting. As a keen student of finance i have 

often wondered about the, in my opinion, lack of attention and focus towards financial cri-

ses during my education.  

Even more so when considering how comprehensive crises such as The Great Depression 

and the latest Global Financial Crisis can be - not only limited to the financial sector, but 

also affecting the low income and middle class people, home-owners and regular working 

people all around the globe - whether or not they partake in trading and financial activi-

ties. Not only are we, as a species, affected by finance. Our democracy, development, in-

novation and perception of social responsibility are all related to our economy.  

During my time at the bachelor I took an elective course called global financial crisis - un-

derstanding and managing systemic risk in which the latest global recession was the main 

topic, though if we exclude this elective course, the attention given to financial downturns 

seems to be very limited. Meanwhile, the talks about and focus on a rising stock market 

has risen almost exponentially. My time spent at a business school seems to include a 

vast and perhaps disproportionate focus on an annual increase of 7-8% percent and an 

approach to diversifying your investments borderlining a no-brainer.  The massive and 

sometimes destructive influence of a financial crisis combined with the lack of profound 

analysis and discussions about said crisis makes for a very interesting and relevant topic 

for my thesis. This, along with a wish to further understand financial downturns that I feel 

have been lacking in my studies, is the primary motivation for this paper.  
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1.2. Problem definition 

Throughout history there have been many financial crises. We have heard about things 

like Tulip Mania, The Great Depression, Asian Financial Crisis and latest the Global Fi-

nancial Crisis. Sometimes we do not just call it a crisis but say we have been in a bubble 

like the dot-com bubble or the housing bubble. Before the Global Financial Crisis we be-

lieved large financial crises like The Great Depression was a thing of the past and would 

never happen again. Before the millennium few people had ever heard of the word “bub-

ble” used in the context of finance or otherwise related to financial markets. These days 

you can hardly open a newspaper without reading about some expert saying the prices on 

the housing market is in a bubble or that the tech companies are entering a bubble again. 

Many banks and other financial institutions have bubble indices like UBS Global Real Es-

tate Bubble Index. But what is a bubble? Is it because values increase but the content is 

like a soap bubble – it is blown up but contains nothing but air? Once the bubble bursts a 

few drops of soap water falls to the ground and leave little evidence of the colorful round 

ball that only seconds before was, almost magically, floating in the air. Therefore I would 

like to examine what a financial bubble is, why we call it a bubble and most importantly – 

are we able to predict them? Therefore I have the following research problem: 

 

Are we able to predict financial crises? 

 

To answer this problem I also have the following three sub questions: 

 

– What is a financial crisis? 

– What is a financial bubble? 

– If we can predict financial crises, can it then be used as a trading strategy? 

 

1.3. Delimitation 

The scope of this paper is to examine financial crisis. If we have a financial crisis will be 

examined only by looking at the stock market index and nothing else. I will not look at oth-

er factors like GDP/GNP, inflation, unemployment, tax and the like.  

I will be looking at the price for the index, the price to earnings ratio, the risk free rate and 

for one model I will adjust according to the consumer price index. No other inputs will be 

taken into account when considering a financial crisis. 
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When I test if it is possible to use the prediction of a financial crisis as a trading strategy I 

will not be considering possible tax or transaction costs for entering and exiting the market. 

As this is a paper that will examine if it is possible to predict financial crisis in general I will 

not be examining specific crisis as The Great Depression or the Global Financial Crisis. 

Throughout the paper there will be some other delimitations but they will be mentioned in 

the specific sections as it will be accompanied with a discussion of why it will not be a part 

of this paper. 

 

1.4. Structure 

This thesis is divided into six sections. In this first section I start by introducing the topic 

and explain some of my motivation for why the topic was chosen. Following the motivation 

is a problem definition for the research question I seek to answer throughout the thesis 

before the delimitation will narrow down the research by listing some topics that has been 

excluded from this paper. The final part of the introduction is this section outlining the 

structure of the paper. 

After the introduction follows a section about the data used throughout this paper. In this 

section I will mention what data I will need in order to examine my research questions, how 

the data will be obtained and how, if needed, I will edit the data. 

The third section is the theoretical part presenting the theoretical framework for the models 

used. Initially I will explain a bit about the efficient market hypothesis as a background for 

how bubbles can form – if bubbles are even possible in the first place – before the theory 

behind bubbles. After the theoretical introduction I will give the background for the main 

models used. This paper centers on the bond stock earnings yield differential model. In 

addition I will also use some price to earnings ratios to compare the bond stock earnings 

yield model against. Finally I will give an overview of some other crash prediction models 

that has been suggested without going too deep into the models as these will not be tested 

during the paper. 

Succeeding the theory is the most extensive part of the paper in form of the analysis. The 

majority of the analysis will focus on the empirical findings and interpretation thereof. After 

the empirical findings based on the testing of the models there will be a section about the 

models as trading strategy before the analysis is finalized by some criticism of the data 

and the models. 

Lastly is the fifth section examining what further research could be interesting before the 

conclusion comes as the sixth and final part of the paper. In the conclusion I will answer 

the questions listed in the problem definition based on the theoretical and analytical parts 

of the paper. 
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2. Data 
In my analysis I will be using the price of the indices, the price to earnings ratios, bond 

yields and consumer price index for Denmark, Germany, UK and the U.S. The data will 

have varying duration depending on when the earliest data was available with the 2nd of 

October 2017 as the last observation date. All data is obtained through the Bloomberg 

Terminal except for the consumer price index which is obtained from OECD. Throughout 

the data analysis I realized there could be a big variation among the, otherwise same, data 

depending on the source. Therefore I decided that I would rather have limited data than 

data giving a wrong picture. This is also why I use the consumer price index given by the 

OECD instead of the data provided by the countries themselves. There were some varia-

tions between the numbers given by the countries and OECD but by using the numbers 

from OECD I would reduce the bias from different sampling methods (Adams, Booth, 

Bowie, & Freeth, 2003, pp. 128-129). 

To run my models I will need the following data for each of the tested markets: price of the 

index tested on both monthly and daily basis, the price to earnings ratio for the index on 

both monthly and daily basis, 10-year government bond yield on monthly and daily basis, 

30-year government bond on daily basis and finally the consumer price index on a monthly 

basis. Through many of the papers that is supporting the theory it is stated that they define 

a year as 200 trading days. When I was collecting data I could see that just collecting the 

data was not as straight forward as expected. As an example then both the FTSE 100 and 

FTSE 250 had first day available as 13th of November 1989 but when I stack them up next 

to each other then it turns out that FTSE 100 appeared to have two more trading days than 

FTSE 250. As I faced the same issue with the yields having different amount of days than 

the indices I decided to collect the data using all weekdays including public holidays. If the 

day was a public holiday or the market was otherwise closed then the data would just be 

equal to the previous day. By using all five weekdays for all 52 weeks of the year I have 

ended up with 260 data observations per year (ignoring the one additional day every leap 

year). The Bloomberg ticker symbol and first day of available data for each of the indices 

and yields found through the Bloomberg Terminal can be seen from appendix 1. 

 

2.1. The U.S. market 

The U.S. market is the market where I have the most data available and therefore the 

market where I expect to be able to test the models the best for significance. I will be test-

ing the model on the Standard and Poor‟s 500 index (S&P 500). The index is a capitaliza-

tion-weighted stock index of the 500 largest U.S. companies. 
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2.2. The UK market 

For the UK market I will be testing the FTSE 100 and the FTSE 250. FTSE 100 is a 

weighted index consisting of the 100 largest blue chip1 companies in the UK. The FTSE 

250 is a middle cap index that represents the 250 largest companies that is not already in 

the FTSE 100 index. This means that FTSE 100 and FTSE 250 combined represents the 

350 largest companies traded on the London Stock Exchange. 

 

2.3. The German market 

For the German market I will be looking at the DAX index (Deutsche Aktieindex). DAX is a 

blue chip stock market index consisting of the 30 largest German companies listed on the 

Frankfurt Stock Exchange. 

 

2.4. The Danish market 

For the Danish market I will be testing the KFX index and briefly look at the C20 cap index. 

The KFX index (Københavns Fondsbørs Index) is the “original” C20 index comprised of 

the 20 Danish companies with the largest market value. The largest Danish company, No-

vo Nordisk, ended up weighting almost 46% of the entire index making it nearly useless 

(Rossau, 2012). As an alternative it was attempted to make C20 cap containing the same 

companies as the “original” C20 but where none of the companies can weight more than 

20% of the entire index. If a company ends up weighting 20% of the index it will be low-

ered to 15% (Gardel & Ussing, 2012). Afterwards the C20 cap has overtaken the KFX in-

dex as the leading Danish stock index. 

  

                                                           
1
 A blue chip company is a large and well established, nationally recognized company. 
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3. Theory 
In the theoretical part I start by introducing the efficient market hypothesis followed by a 

section about the theoretical background for financial bubbles. After this follows the main 

section in the theory which is about the bond stock earnings yield differential model. Here-

after I am looking at other crash predictions models. For the other crash predictions mod-

els I will focus mainly on the price to earnings ratios that will also be used later in the anal-

ysis before finally mentioning two other crash predictions models that will not be used in 

the analysis along with how the ECB also pose some degree of risk to the market. 

 

3.1. Efficient market hypothesis 

The efficient market is a theory that is used as a way of describing whether the price re-

flects all the available information. “In general terms, the theory of efficient markets is con-

cerned with whether prices at any point in time „fully reflect‟ available information” (Fama, 

1970, p. 383). 

There are three versions of the efficient market hypothesis: the weak, the semi-strong and 

the strong form. 

In the weak form the hypothesis states that stock prices already reflect all available infor-

mation that can be observed by looking at the stock market. Available information ob-

served in the market can for example be historical prices, trading volume, dates etc. Such 

data is easy to obtain as it is all publicly available. If information like past prices could be 

used to predict future performance this would quickly be commonly known among all in-

vestors. It would take very little time before the investors would all try to take advantage of 

this leading to its reflection in the price of the stock and it would no longer be possible to 

take advantage of this strategy. Theoretically one could imagine this might happen at 

times but the advantage would be miniscule and only temporarily. “Thus, there is con-

sistent evidence of positive dependence in day-to-day price changes and returns on com-

mon stocks, and the dependence is of a form that can be used as the basis of marginally 

profitable trading rules. In Fama‟s data [10] the dependence shows up as serial correla-

tions that are consistently positive but also consistently close to zero” (Fama, 1970, p. 

394). 

According to (Fama, 1970)  then even if it was possible to make a very small abnormal 

return based on past observations it would generate so many transactions that the poten-

tial profit would be “absorbed by even the minimum commissions (security handling fee) 

that floor traders on major exchanges must pay. Thus, using a less than completely strict 

interpretation of market efficiency, this positive dependence does not seem of sufficient 

importance to warrant rejection of the efficient markets model” (Fama, 1970, p. 414). 

In the end Fama is unsure about the dependence of the historic prices. Fama concludes, 

though, that it is not possible to use it as a profitable trading strategy. ”But it does not 



 
 

Page 11 of 99 
 

appear in runs tests of [10], where, if anything, there is some slight indication of positive 

dependence, but actually not much evidence of any dependence at all. In any case, there 

is no indication that whatever dependence exists in weekly returns can be used as the 

basis of profitable trading rules” (Fama, 1970, p. 415). 

In the semi-strong form the efficient market hypothesis states that not only must all the 

information mentioned under the weak form, as for example historical prices, be reflected 

in the current price but all other kind of publicly available information must be reflected in 

the price as well. Other publicly available information can be annual reports, balance sheet 

composition, research that has been announced, budget forecasts and expected earnings.  

If such information is publicly available then it must be expected it has already been re-

flected in the price in the same way as under the weak form. 

In its strong form the efficient market theory states that the price reflects all information, 

not only public but also private information. “Strong-form tests are concerned with whether 

individual investors or groups have monopolistic access to any information relevant for 

price information. One would not expect such an extreme model to be an exact description 

of the world, and it is probably best viewed as a benchmark against which the importance 

of deviations from market efficiency can be judged” (Fama, 1970, p. 414). 

In all forms of the efficient market hypothesis is it stated that price should reflect available 

information. Overall the efficient market hypothesis states that stocks are always correctly 

priced and it is not possible to continuously achieve abnormal returns based on mispricing.  

“In other words, financial assets are always priced correctly, given what is publicly known, 

at all times. Price may appear to be too high or too low at times, but, according to the effi-

cient markets theory, this appearance must be an illusion” (Shiller, 2015, p. 195). When we 

look at historical prices some stocks might have been priced unreasonably low or exorbi-

tantly high. This is, however, not in conflict with the efficient market hypothesis. The hy-

pothesis of an efficient market simply states that at the given time of period we cannot tell 

if the stock is over- or underpriced. If we assume that markets are rational we would ex-

pect the prices, on average, to be correctly priced. 

 

3.2. Bubbles 

According to Wikipedia2 “the term „bubble‟, in reference to financial crisis, originated in the 

1711-1720 British South Sea Bubble, and originally referred to the companies themselves, 

and their inflated stock, rather than to the crisis itself”.  

Some of the most famous examples of bubbles that was followed by a crash are the Dutch 

tulip mania in the 1630‟s, the South Sea bubble of 1719-1720 and the recent dot-com 

bubble around year 2000 (Abreu & Brunnermeier, 2003, p. 1). (Cuthbertson & Nitzsche, 

                                                           
2
 https://en.wikipedia.org/wiki/Economic_bubble 
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2004, p. 397) also states that “The idea of self-fulfilling „bubbles‟ or „sunspots‟ in asset 

prices has been discussed almost since organized markets began”. Recently we also had 

the housing bubble that lead to the great recession/global financial crisis. 

According to (Maskin, 2016) the recent financial crises we have experienced are only the 

latest in a long sequence and we will most likely see more crises in the future. He argues 

that each crisis is different from the past ones and it is therefore nearly impossible to make 

sure we never see a new crisis. If, for example, the mortgage loan market in the U.S. was 

fixed then something else will happen instead. He argues, though, that we can do much 

better at limiting future crises. 

When a crisis occurs it is always related to the credit market. Now we see the avocado 

production is decreasing globally3 without it carrying over to other markets. If one avocado 

farmer goes bankrupt other farmers will take over his market share. If the entire avocado 

market goes bad then it does not carry over to other markets. Since the avocado market is 

not affecting other markets then it is not necessary for governments to intervene. The op-

posite is true for the credit market. The credit market is the lifeblood for the rest of the 

economy. If the credit market does not work then all markets will have trouble investing 

and paying payrolls. At the same time a small shock to the credit market often magnifies. 

Where one avocado grower going bankrupt does not affect the other avocado growers 

negatively then if one bank fails it can cause other banks to fail as well. Since many banks 

operate with leverage, their failure might mean other banks suddenly lose money and end 

up in trouble themselves. This can lead to a chain reaction of failures that limits the credit 

available in the entire financial market, leading to other markets now being unable to bor-

row as much money leading to fewer investments due to credit crunch.  

The basic intuition for a bubble is “if the reason that the price is high today is only because 

investors believe that the selling price will be high tomorrow – when „fundamental‟ factors 

do not seem to justify such a price – then a bubble exists” (Stiglitz, 1990, p. 13). 

As seen from appendix 6 there have historically been large changes in the stock market 

indices in many different countries. “It is clear that very large stock price movements are 

commonplace by world standards. Many are much larger, in the percentage terms shown, 

than those we have recently experienced in the United States” (Shiller, 2015, p. 151). 

In his paper following his Nobel Prize Fama is very critical of the term “bubble”. “Common 

„bubble‟ rhetoric says that the declines in prices that terminate „bubbles‟ are market correc-

tions of irrational price increases. Figure 2 shows, however, that major stock price declines 

are followed rather quickly by price increases that wipe out, in whole or in large part, the 

preceding price decline” (Fama, 2014, p. 1476). Fama then proceeds to question if it is the 

increase or the decline that is actually the irrational part of the bubble. “Do we see „irra-

tional optimism‟ in the price increase corrected in the subsequent decline? Or do we see 

                                                           
3
 (Terazono, 2017) 



 
 

Page 13 of 99 
 

„irrational pessimism‟ in the price decline, quickly reversed? Or both? Or perhaps neither?” 

(Fama, 2014, p. 1476). 

(Fama, 2014) questions how many bubbles that has actually been predicted by forecasts 

since we often only hear about it after we are aware of the bubble and it has started to de-

flate. He mentions two examples of bubble prediction made by Shiller regarding the dot-

com bubble and the housing bubble. The first example is Shiller who says he warned Fed 

chairman Alan Greenspan on the 3rd of December 1996 about the stock prices being irra-

tionally high. On the 3rd of December 1996 when Shiller came with the warning, the Center 

for Research in Security Prices (CRSP) of the University of Chicago index of US stock 

market wealth was 1518. It then increased to 3191 on the first of September 2000 before it 

started to decline and hit a low on 11th of March 2003 with 1739. Fama‟s argument is that if 

you look at the date of Shiller‟s warning till the low in 2003 it was actually around 15 per-

centage points higher in 2003 when we were at a low after the bubble burst.  

Fama‟s second example is also from Shiller since, he argues, it is relatively easier to date 

the examples from Shiller but says many academics came with similar claims about a 

bubble. The second example is the housing bubble that academics and practioners started 

to warn about in 2003. “The S&P/Case Shiller 20-City Home Price Index is 142,99 in July 

2003, its peak is 206,52 in July 2006, and its subsequent low is 134,07 in March 2012. 

Thus the price decline from what I take to be the first forecast date is only 6,7 percent. The 

value homeowners from housing services during the almost nine years from July 2003 to 

March 2012 surely exceeds 6,7 percent of July 2003 home values” (Fama, 2014, p. 1477). 

Finally Fama argues that since the last sample date of October 2013 the real estate index 

was at 165,91 which is 16 percent above the value it had on the initial forecast of a bubble.  

If the housing market was in a bubble in 2003 the market should still be in a bubble in Oc-

tober 2013. 

According to (Abreu & Brunnermeier, 2003, p. 174) rational arbitrageurs know there is a 

bubble and they know it will collapse eventually. Since everyone wants to make as much 

profit as possible people will stay in the bubble and not sell out before the last second. 

Since the actors do not have the same exit strategy and thus do not have a synchronized 

timing for when to exit the bubble is allowed to keep growing. The bubble will continue until 

a sufficient amount of actors have sold out and the bubble starts to deflate. 

“This paper argues that bubbles can persist even though all rational arbitrageurs know that 

the price is too high and they jointly have the ability to correct the mispricing. Though the 

bubble will ultimately burst, in the intermediate term, there can be a large and long-lasting 

departure from fundamental values” (Abreu & Brunnermeier, 2003, p. 197). This belief is 

supported by (Pedersen, 2015, p. 107) “Some hedge funds buy a stock even if they think it 

is overvalued, betting that the stock is about to get even more expensive”. 

(Scheinkman & Xiong, 2003) found that a common feature among price bubbles “is the 

coexistence of high prices and high trading volume. In addition, high price volatility is fre-
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quently observed” (Scheinkman & Xiong, 2003, pp. 1183-1184). It seems that a part of this 

volatility could be decreased by decreasing the level of trading activity and giving the ac-

tors a chance to evaluate their investments a bit more before buying and/or selling. 

“Shleifer and Summers point to other evidence – for instance the findings of French and 

Roll that stock market volatility was reduced when the stock market was closed on 

Wednesdays in the 1960s – that suggests that prices do not just reflect fundamentals” 

(Stiglitz, 1990, p. 16). This underlines the view made by some economists that many pro-

fessional investors might not invest based on a lot of fundamental analysis before they 

invest but rather might invest first and then afterwards take a closer look at the numbers to 

rationalize the trade. By closing the stock market on Wednesdays the investors would 

have a day where they can not only catch up with the investments they have already made 

but, more importantly, they have a day where they can evaluate on the numbers from the 

first two days of the week and thus Thursday they can make their investments based on 

fundamental analysis. By having less trading days there is more time between the trades 

to process the latest information before the trade instead of afterwards. This creates better 

trades. This is also partly related to the psychological aspect as it has been theorized 

some large increases or decreases in the market could be overreactions. By limiting the 

number of trading days the investors have more time to process the information and there-

fore limit the overreaction that might happen with five trading days in a row. This could be 

similar to having a circuit breaker. As an example of circuit breaker, the Taiwan Stock Ex-

change has a limit on the daily price fluctuation of stocks so no stock can move more than 

10% away from the previous trading day‟s closing price. This is another way to limit the 

price changes from being too large in a single day due to overreaction but instead the in-

vestors have a chance to evaluate the new information before the price changes too dras-

tically.4 

(Scheinkman & Xiong, 2003) tested if a transaction tax could help against bubbles. “Our 

analysis suggests that a transaction tax, as proposed by Tobin (1978), would, in fact, sub-

stantially reduce the amount of speculative trading in markets with small transaction costs 

but would have a limited effect on the size of the bubble or on price volatility” (Scheinkman 

& Xiong, 2003, pp. 1186-1187).  They argue though that a Tobin tax5 would also limit nor-

mal trading that is based on fundamental analysis. One of their arguments is the observa-

tions made by Shiller about bubbles forming in the real estate market, where the transac-

tion costs are high. “In contrast, Federal Reserve Chairman Alan Greenspan seems to be-

lieve that the low turnover induced by the high costs of transactions in the housing market 

are an impediment to real estate bubbles: „While stock market turnover is more than 100 

percent annually, the turnover of home ownership is less than 10 percent annually – 

                                                           
4
 Information about Taiwan Stock Exchange and circuit breakers comes from an elective class in Global Financial Crisis 

with Jimmy Yang, Oregon State University, during CBS summer school 2014. 
5
 The term “Tobin tax” refers to the economist James Tobin who suggested the tax on spot conversions on currencies. 

The idea with the tax was to penalize short term currency speculators. 



 
 

Page 15 of 99 
 

scarcely tinder for speculative conflagration‟ (quoted in Financial Times [April 22, 2002]). 

The results in this paper suggest otherwise” (Scheinkman & Xiong, 2003, p. 1188). 

An interesting observation mentioned by (Scheinkman & Xiong, 2003) is the effect of the 

underpricing of a firm‟s IPO.6 The higher return that follows the initial underpricing of the 

IPO generates an increased attention that leads to higher trading volumes. The initial 

higher return on the underpriced IPO generated higher trading volume not only at the time 

of the IPO but a higher trading volume could be observed for more than three years after 

the issuance.  

Evidentially there are contradicting believes about a bubble – and if such a thing even ex-

ists. Thus there is also no consensus on when we can use the term and how large of an 

increase/decrease that has to take place before we can call it a bubble. 

 

3.3. The BSEYD-model 

The bond stock earnings yield differential model (BSEYD) is a crash prediction model that 

was discovered by William T. Ziemba when he was consulting the Yamaichi Research In-

stitute in Tokyo, Japan, in 1988 (Ziemba & Lleo, 2012). The idea behind the model is to 

have a more precise measure than Shiller‟s P/E by not only looking at the equity market 

but also look at the bond market at the same time. More specifically the model looks at the 

difference in the yields from the equity market and the yields from the bond market. 

The rationale for looking at the difference between the bond yield and the stock yield is 

that bond and stocks are often competing for the same investments. At low interest rate 

the bonds seem less attractive thus making the stocks become relatively more attractive. 

Opposite, a higher interest rate increases the attractiveness of the bonds and the stocks 

are relatively less interesting for the investors. When the interest rate goes up the bond 

becomes less attractive pushing the price of the bond down which leads to an increase in 

the bond yield. At the same time when the interest rate increases and the bonds become 

more attractive and the stocks relatively less attractive then the price of the stock will fall. 

With a lower stock price the yield of the stock becomes larger if the earnings remain un-

changed. In the same way a decreasing interest rate will decrease both the bond yield and 

the stock yield. The challenge with this approach is the assumption that the stocks earn-

ings remain unchanged. In practice a higher interest rate can lead to decreased earnings 

making it less simple to predict the price earnings ratio based on change in interest rates.  

The idea to compare the stock yield and bond yield is not unique to the BSEYD model. 

“The BSEYD model is closely related to the Fed Model (…) In its most popular form, the 

Fed model states that in equilibrium, the one year forward looking earning yield of the 

S&P500 should equal the current yield on a 10-year Treasury Note, that is  ( )  
  

 

 ( )
  , 

                                                           
6
 Initial Public Offering 
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where   
 
 is the S&P500 one year forward looking earnings“ (Ziemba & Lleo, 2014a, p. 8). 

It can appear strange that the yield should be the same for the bonds and stocks though. 

What would make sense would be to say there should be a difference but it should remain 

relatively constant. Stocks are generally more risky than bonds which in return requires a 

higher return to compensate for the increased risk. It therefore only seems logical that the 

yield on stocks is higher than the yield on bonds but the difference should be relatively 

stable. This thought is also more in line with the BSEYD model that measures if the differ-

ence in the yields increases too fast. 

The BSEYD model is therefore a generalization of the ratio model known as the Fed mod-

el. “When computed using one year forward looking earnings, the BSEYD measures the 

distance between current market conditions and equilibrium conditions. The Fed Model is 

a special case of the BSEYD measure, with  ( )  
  

 

 ( )
.” (Ziemba & Lleo, 2014a, p. 8) and 

“The Fed model is therefore a special case of the BSEYD model when the bond and stock 

yields are equal, meaning  ( )  
  

 

 ( )
. For given equity yield, the BSEYD can be used to 

identify zones of under and over valuation and forecast possible forthcoming market ad-

justments” (Ziemba & Lleo, 2014b, p. 9). It is interesting how they use the one year for-

ward looking earnings when comparing the BSEYD with the Fed model when, at all other 

times, the BSEYD model is looking at historical earnings. 

There are contradicting dates regarding when the Fed model was originally introduced.  

“The Federal Reserve (Fed) model provides the framework for discussing stock market 

over- and undervaluation. It was introduced by market practioners after Alan Greenspan‟s 

speech on the market‟s irrational exuberance in November 1996 as an attempt to under-

stand and predict variations in the equity risk premium (ERP).” (Berge, Consigli, & Ziemba, 

2008, p. 63) and “The Monetary Policy Report that was submitted in conjunction with Alan 

Greenspan‟s testimony before Congress in July 1997 showed evidence of a noticeable 

negative correlation between the ten-year bond yield and the price-earnings ratio since 

1982. Indeed, there did appear to be a relation between interest rates and the price-

earnings ratio at that time. (…) This relation between the stock market and the ten-year 

interest rate came to be known as the „Fed Model‟” (Shiller, 2015, p. 12). Both of these 

sources for the Fed model came half a decade after the BSEYD was introduced. “Ziemba 

and Schwartz (1991) were the first to introduce this measure in their book about the Japa-

nese financial markets“ (Ziemba & Berge, 2002, p. 5). 

Where the Fed model tries to evaluate possible over- or undervaluation the BSEYD is 

looking more towards crash predictions. 

The idea behind the bond stock earnings yield differential model is to look at the difference 

between the bond yield and the earning yield, measured as the inverse of the price to 

earnings ratio, *
 ( )

 ( )
+ (Ziemba & Lleo, 2014). “The latter is the reciprocal of the 
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Price/Earnings (P/E) ratio and would be a yield if all earnings were distributed. However, 

this is only true when earnings are estimates for a future period – or realized earnings for 

periods in the past – and prices are recorded as of the beginning of this period. In these 

cases, the measure can be seen as the difference between the earnings yield on the bond 

and stock markets of a country. (Ziemba and Schwartz, 1991)” (Ziemba & Berge, 2002, p. 

4). The model itself is given by (Ziemba & Lleo, 2014b, p. 8) and (Ziemba & Lleo, 2014a, 

p. 10): 

     ( )   ( )   ( )   ( )  
 ( )

 ( )
 

Where  ( ) is the earnings yield at time   and  ( ) is the most liquid (10- or 30-year) 

Treasury bond rate  ( ).7 

Once the BSEYD has been found then the mean and standard deviation of the chosen 

historical range of the BSEYD is given by (Berge, Consigli, & Ziemba, 2008, p. 65) and 

(Ziemba & Berge, 2002, p. 16). The mean for the length of the interval is found by: 

     ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
    

 

 
∑       

 

       

 

And the standard deviation is found by: 

         
 √

 

   
 ∑ (            ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

   )
 

 

       

 

d is the length of the interval considered. 

The mean and standard deviation will be used to calculate confidence intervals for the 

BSEYD measure. If the BSEYD is outside the confidence interval there is a crash signal. 

In the analytical part of this paper a confidence interval of 95% and 99% will be used. 

Since it is tested if the spread between the bond yield and the stock yield is too large a 

one-sided test will be performed. There is a crash signal when the BSEYD is above the 

confidence interval. 

     ( )    ( ) 

                                                           
7 In this report I wanted to focus on the 10-year government bond rate as 10 years seems to be the 

dominant period used in the literature that is supporting this report. However, I met some challeng-

es that made me have to use the 30-year government bond yield as well. The reasons are ex-

plained in the analysis. 
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(Ziemba & Lleo, 2014b, p. 12) write “The level CL acts as a time-varying threshold for the 

crash signal. So, a crash signal occurs whenever 

      ( )       ( )    ( )      

While working with the BSEYD model normal distribution is assumed. (Ziemba & Lleo, 

2016) tested the model comparing normal distribution and the Cantelli‟s inequality8. “Table 

2 shows that the BESYD model based on a normal distribution assumption went into the 

danger zone on 38 distinct occasions. The prediction proved correct in 29 cases, giving a 

76% accuracy. The number of predictions is higher than the number of crashes because 

several distinct crash signals may precede a given crash. The results for the BSEYD mod-

el based on Cantelli‟s inequality, which accounts for fat tails, are similar with 28 correct 

predictions out of 39 signals, a 72% accuracy” (Ziemba & Lleo, 2016, p. 26). 

“Table 2. Proportions of correct and incorrect pre-
dictions for each signal model.” 

Signal 
model  
(1) 

Total 
number of 
signals 
(2) 

Number of 
correct 
predictions 
(3) 

Proportion 
of correct 
predictions 
(%) 
(4) 

Standard 38 29 76.32% 

Cantelli 39 28 71.79% 

 

In (Ziemba & Berge, 2002) they test the BSEYD under normal distribution, the actual dis-

tribution9 and under t distribution. Testing the different distributions on different sub periods 

and using different significance levels. The results were mixed and depending on what sub 

period and what significance levels were used there were no distribution that was far supe-

rior to the others. The normal distribution and the t distribution gave similar results most of 

the time though. “Overall, the assumption of normally distributed stock returns seems to be 

an adequate one. However, the results indicate that the distribution of stock returns is not 

stationary” (Ziemba & Berge, 2002, p. 11). “We start with a standard 95% one-tail confi-

dence interval based on a Normal distribution. This definition is consistent with earlier 

works including Ziemba and Schwartz (1991); Schwart and Ziemba (2000); Berge and 

Ziemba (2003); Berge et al. (2008) and Lleo and Ziemba (2012)” (Ziemba & Lleo, 2014a, 

p. 10). With all the previous research using different distributions this paper will draw on 

                                                           
8
 Cantelli’s inequality is sometimes used to describe a one-sided Chebyshev’s inequality (Alsmeyer, 2010). Chebyshev’s 

inequality can be used to establish data intervals for any data set regardless of the shape of the distribution (Newbold, 
Carlson, & Thorne, 2010, p. 81). 
9
 ”The second concept calculates the _1- and _2-fractiles of the actual distribution. The _-fractile of   observations is 

computed via 

 ̃   ( )  ( (   )   ( ))  (   ) 

Where       and  ( ) is the  -smallest value of the   observations starting at the end of month (     ) and 

ending at the end of month ” (Ziemba & Berge, 2002, p. 16). 
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their conclusions and be using only the normal distribution. The confidence intervals for a 

normal distribution are given by (Skovmand, 2013, p. 38): 

 ̂        
√

  

 
 

Since only a one-sided confidence limit is applied the equation can be rewritten as: 

        ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
         √

(          
)
 

 
 

In addition to the normal BSEYD measure this paper will also be looking at the    BSEYD. 

“The log BSEYD is the logatithmic of the BSEYD model. The log BSEYD model has previ-

ously been used to predict returns (Koivu et al., 2005) but not crashes” (Ziemba & Lleo, 

2014a, p. 8). The    BSEYD is defined by: 

        ( )    
 ( )

 ( )
    ( )    

 ( )

 ( )
 

 

3.3.1. The model as trading strategy 

Besides testing for market crashes the BSEYD model will also be tested as a trading strat-

egy. The threshold levels are determined as (Berge, Consigli, & Ziemba, 2008, p. 65): 

For the exit threshold: 

        

            ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
       

          
 

For the entry threshold: 

        

           ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
       

          
 

Where    
 and     

 are the   - and   -fractiles of the standard normal probability distribu-

tion, respectively. 

The α-fractiles is the threshold level at which the model exits or enters the market. If an 

exit threshold is set at α1=95% and this threshold is lower than the current level of the 

BSEYD measure one should pull out of the market and stay in cash. 

        

            ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
                  

        

If the entry threshold is set at α2=80% then it means that once the current BSEYD meas-

ure is lower than the 80% threshold you should enter the market again.  
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The model will be tested with an exit threshold at 95% and 90% for α1 and an entry 

threshold of 95%, 90%, 85%, 80%, 75% and 70% for α2 in accordance with (Ziemba & 

Berge, 2002, p. 17). 

Overall, according to the theory, the bond-stock earnings yield differential model appears 

to be a good model providing strong forecasts. “Bond-stock yield differentials provide reli-

able forecasting signals in conjunction with other financial variables such as the level of 

interest rates, interest rate differentials, and equity market cycles” (Berge, Consigli, & 

Ziemba, 2008, p. 73). Even though the models relatively high frequency of predicting the 

market corrections it does not catch all the corrections that is going to happen. “Other cor-

rections, such as the July 1998 and the May-June 2006 crises, occurred while the indicator 

was not in the danger zone” (Berge, Consigli, & Ziemba, 2008, p. 73). 

The model does not always catch all the crashes but it has a very high rate of success with 

few wrongful crash predictions. Once the model enters the danger zone there is a very 

high chance of a market correction in the near future. “They found that not all of the 20 

corrections in Japan from 1949 to 1989 could have been identified by the measure. How-

ever, every time the BSEYD measure was in danger zone, there eventually was a correc-

tion, defined as a decline of ten percent or more from the current peak to the trough of the 

stock market” (Ziemba & Berge, 2002, p. 5).  

 Despite the praise for the model and it appearing to be a superior model for predicting 

market crashes compared to other models the idea behind it has undergone criticism. 

“However, the evidence for the Fed Model is rather weak.  Over the whole period shown in 

Figure 1.3, no strong relation is seen between interest rates and the price-earnings ratio” 

(Shiller, 2015, p. 12).  

“The BSEYD model has been successful at predicting market turns, but in spite of its em-

pirical success and simplicity, it has come under criticism. It does not consider the role 

played by time varying risk premiums in the portfolio selection process while it does con-

sider a risk free government interest rate as the discount factor of future earnings. Also, it 

does not take into consideration the inflation illusion.10 This relates to the possible impact 

of inflation expectations on the stock market, as suggested by Modigliani and Cohn (1979). 

The model also assumes the comparability of earning price ratios, a real quantity, with a 

nominal, bond induced, interest rate” (Ziemba & Lleo, 2014a, p. 4). 

One of the most frequent criticisms it receives is that the bond yields are measured in 

nominal returns whereas the expected earnings are based on the expected corporate prof-

                                                           
10 The inflation illusion is also called the “money illusion” by psychologists. “If you receive a 2% raise in a 

year when inflation runs a 4%, you will almost certainly feel better than you will if you take a 2% pay cut 

during a year when inflation is zero. Yet both changes in your salary leave you in a virtually identical posi-

tion – 2% worse off after inflation” (Graham, 2006, p. 59). 
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its in real returns. “At the heart of the Fed model, Campell and Vuolteenaho [2004] criticize 

the comparability of the Treasure rate with the S&P 500 earnings yield, the first being a 

nominal return strictly related to the expected rate of inflation and the second an aggregate 

claim to corporate profits” (Berge, Consigli, & Ziemba, 2008, p. 73). 

Even though the bond yields are in nominal terms and stock yields real terms then the dif-

ference in the terms might not be as important as one would expect. “But Campbell and 

Vuolteenaho are swayed by the Modigliani and Cohn [1979] argument that inflation con-

fuses investors who use nominal-based yields to discount real corporate profits” (Berge, 

Consigli, & Ziemba, 2008, p. 73). 

In addition to investors being confused by the inflation illusion (Berge, Consigli, & Ziemba, 

2008) also argue that investors are not as analytical as might be expected and they use 

only a few key factors to make investment decisions. “We agree with the Campbell and 

Vuolteenaho criticism and their attempt to argue why the bond-stock measures might 

work. Supporting this is the observation that investors are easily confused, relying on few, 

and sometimes changing, key factors and ignoring other relevant economic factors” 

(Berge, Consigli, & Ziemba, 2008, p. 73). This supports the argument that investors do not 

consider the difference between the bonds nominal yield and the stocks real yield. 

Generally the model seems to be superior to other models when it comes to crash predic-

tion. Despite not catching all the market corrections then it rarely gives a false crash warn-

ing. “Following this statistical evidence, the amplitude and frequency of the corrections 

generated by the market can be studied as a function of the yield differential and other var-

iables driving the misevaluation process” (Berge, Consigli, & Ziemba, 2008, p. 73). 

With the world being as global and interconnected as it is today it seems more and more 

likely that market corrections will not necessarily be isolated to a single market but rather 

spread to the markets in related countries. If a market correction would happen in a small 

market like the Danish it is unlikely to impact larger markets like the US to the same de-

gree. If the opposite was to happen it is very likely that a market correction in a large mar-

ket like the US would spread out to other countries and affect a small market like the Dan-

ish. For this reason it also seems plausible to believe the predictability of the model will 

increase in connection with the size of the market tested. As we saw in the global financial 

crisis of 2008 a problem largely created in the U.S. spread across the globe and the mar-

ket corrections happened all over the world. 

“The evidence shows that the effectiveness of the bond-stock yield difference measure 

varies from market to market and additional indicators may be required to generate robust 

strategies across markets and times“ (Berge, Consigli, & Ziemba, 2008, p. 67). 

It is therefore not unlikely that the model will have a lower predictability when it comes to 

the Danish market but depending on market correlations it might be possible to use other 

markets as a proxy to predict some of the Danish market corrections. 
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Danish stocks are relative expensive compared to other markets. Large Danish companies 

like Novo Nordisk and Pandora has decreased so the market is a bit more normalized 

now. The financial institutions have a price to earnings ratio slightly above ten which is 

comparable to other international banks. We still have other Danish pharmaceutical com-

panies at high price to earnings levels though as e.g. Coloplast, Chr. Hansen, Lundbeck 

and Genmab with a price to earnings ratio for 2016 at around 30, 40, 47 and 60, respec-

tively. As seen by section 4.2 Market correlations, in the analytical part, it is clear that the 

Danish stock market is relatively expensive at the moment compared to other stock mar-

kets. 

Besides the mentioned critique in the literature I have one potential critique. The model 

looks at the change in the bond-stock yield over time and evaluates if the current differ-

ence is significantly different from the historical mean. This means that if the difference 

increases slowly then the model will be unlikely to enter a danger zone. Also, since the 

confidence limit will be larger when the variance is larger a high volatility would lead to the 

model having more extreme confidence limits. Theoretically the bond-stock earnings yield 

differential could have a high volatility that would oscillate around a trend of increasing dif-

ference between bond yields and stock yields. This could theoretically lead to an infinite 

large difference between the bond yields and the stock yields without the model ever en-

tering the danger zone. 

Secondly, the argument that investors are irrational and fall for the inflation illusion in addi-

tion to using only a few key factors as base for their investment strategy might not be true 

in the future. Quantitative finance has become very popular and there is an ever increasing 

base of institutional investors applying increasingly advanced algorithms to their trading. 

Several banks have made pure quantitative algorithm funds that perform investments in 

milliseconds without any human interaction or oversight into the decisions made by the 

algorithms. Having machines investing instead of humans would eliminate the inflation illu-

sion. In addition one can only imagine the algorithms becoming more and more advanced 

and including more factors into their trading. 

“Goertzel and other humans build the system, of course, and they‟ll continue to modify it 

as needed. But their creation identifies and executes trades entirely on its own, drawing on 

multiple forms of AI [Artificial Intelligence], including one inspired by genetic evolution and 

another based on probabilistic logic. Each day, after analyzing everything from market 

prices and volumes to macroeconomic data and corporate accounting documents, these 

AI engines make their own market predictions and then „vote‟ on the best course of action” 

(Metz, 2016). 

It is not only institutional investors who are using more advanced trading algorithms 

though. An increasing number of retail investors have started to play with algorithm trad-

ing. “Throughout his life he had coded as a hobby, so when he learned about a growing 

class of US hedge funds that traded using proprietary algorithms, he became interested 
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(…) Towards the end of 2014, Nagai encountered Quantopian,11 a Boston-based company 

that enables so-called retaile traders – private individuals rather than institutions – to build, 

test and submit trading algorithms of their own invention (…) Nagai set about learning [Py-

thon] and, within a month, had submitted his first algorithm” (Williams, 2017) 

In the end there are many different kinds of artificial intelligence quantitative funds and 

DYI12 funds for both institutional and retail investors with various levels of algorithmic trad-

ing needed (Brunet, 2017). One of the advantages of the AI funds is their ability to react 

quickly at market changes and execute trades almost instantaneously. This also creates 

some degree of risk. Since the quantitative funds trade so fast based on changes in the 

market then one change might set off a sting of events where one fund starts doing trades, 

changing the market and thus making other funds execute similar trades. Combined with 

margin calls this can lead to funds executing a lot of large trades over very little time. Since 

the funds are based on momentum the funds can amplify a market change by magnitudes. 

When the market goes down a bit then the funds might instantaneously execute trades 

causing other funds and positions hitting a stop loss that is exacerbating the effect due to 

the momentum of the funds. In this way a fat-finger13 might lead to a flash crash14 due to 

the funds automatic trading.  

 

3.4. Other crash prediction models 

This section about other crash prediction models focuses mainly on the price to earnings 

ratios but will also shortly mention the Buffett factor and Sotherby‟s stock price as potential 

crash predictors. 

 

3.4.1. Graham & Dodd security analysis P/E 

According to (Graham & Dodd, 2008, pp. 496-503) earnings have been used as a multipli-

er for stock prices for at least the past century. It was normal to say the price of a common 

stock should be a multiplier of the current earnings. Before the great depression a multipli-

er of ten times the earnings was a standard, whereas in the beginning of 1928 it was stat-

ed in the Wall Street Journal that good companies like General Motors ought to be worth 

fifteen times their earnings. In 1928-1929 favored companies like utilities and blue chip 

companies were sold at multiples as high as twenty-five to forty times their earnings. 

                                                           
11

 “Founded in 2011 by John Fawcett and Jean Bredeche, Boston based Quantopian provides a patform for developers 
to test algorighms for free. Successful applicants earn royalties when their algorithm is used. The company is manag-
ing funds for investors and is planning to make a product for institutions” (Williams, 2017). 
12

 DYI stands for Do It Yourself. 
13

 A fat-finger is a term covering a human keyboard-error. As an example a trader might put in a sell order where they 
might have placed the decimal wrong and accidentally executes the trade at a price magnitudes lower than it was 
supposed to. 
14

 A flash crash is a very rapid fall in security prices during a very short time. A flash crash is often a result of automatic 
quantitative trading. 
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(Graham & Dodd, 2008) argues that a stock should not be traded above twenty times its 

average earnings.15 According to (Graham, 2006, p. 70) a general price to earnings ratio 

below ten is considered low, a P/E between ten and twenty is considered moderate, and 

greater than twenty is considered expensive. 

(Graham & Dodd, 2008) are skeptical about using historical earnings to determine the cur-

rent price and expectations for the future.  “The whole idea of basing the value upon cur-

rent earnings seems inherently absurd, since we know that the current earnings are con-

stantly changing. And whether the multiplier should be ten or fifteen or thirty would seem at 

bottom a matter of purely arbitrary choice” (Graham & Dodd, 2008, p. 497). They suggest 

that an investor ought to look for companies that have had a stable level of earnings for 

several years and there should be reasonable expectations for the future earnings to be in 

the same level. Even with a stable level of earnings they are still skeptical about the price 

movements that change too fast for any analyst to properly investigate and analyze before 

doing the investment. They state that an investment is usually done first and then the ra-

tionale for why the investment was sound is made afterwards. “Hence the prices of com-

mon stocks are not carefully thought out computations but the resultants of a welter of hu-

man reactions. The stock market is a voting machine rather than a weighing machine” 

(Graham & Dodd, 2008, p. 497). Famous investor John Templeton also didn‟t like to look 

at the historical earnings but preferred to make an estimate of future earnings. “We don‟t 

want to look at what the P/E is today. We want to look at what the P/E will be in five years. 

Let‟s look at the future, not at the past” (Davis & Nairn, 2012, p. 24). 

 

3.4.1.1. Shillers P/E 

The price to earnings ratio is one of the most used valuation ratios. In his book Irrational 

Exuberance, Nobel Laureate Robert Shiller, writes about behavioral economics and mar-

ket volatility. Much of his research is based around the price to earnings ratio and how it 

can help measure if the market is over or under valuated.  

“We ask whether the Shilller approach – which continues to receive considerable attention 

from market timers – has exceptional predictive insight, or whether Shiller‟s call in the year 

2000 that the S&P 500 market was greatly overvalued – which of course turned out to be 

right – was more a matter of serendipity, of having a model that, although fallible in the 

past, worked well at a time when others may have performed equally well” (Kantor & 

Holdsworth, 2014, p. 101). 

At first we will be looking at the conventional price to earnings ratio. To look at it for a year 

at a time I will take the average of the earnings for the past year of the index and use that 

as the denominator for the price to earnings ratio.  

                                                           
15

 There are exceptions for the limit of twenty times the earnings. One of the reasons for paying a price above twenty 
times the earnings would be for purely speculative purposes (Graham & Dodd, 2008, p. 499). 
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The mean is found by: 
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Where d is the length of the interval. 

The standard deviation is found by: 
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The mean and standard deviation will be used to calculate the confidence intervals for the 

price to earnings ratio. If the price to earnings ratio is outside the confidence interval there 

is a crash signal. 

Since it is being tested if the price to earnings ratio is too high a one-sided test will be per-

formed. A two sided test would be equivalent to also test if the prices were too low. There 

is a crash signal when the price to earnings ratio is above the confidence interval. Similar 

to the BSEYD model a confidence interval of 95% and 99% will be applied during the 

analysis. 
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In the same way as with the BSEYD model the confidence limit will act as a time-varying 

threshold for the crash signal, hence a crash signal occurs whenever 

      ( )  (
 

 
)
 
   ( )    

Since only a one-sided confidence limit is being used the equation for a confidence interval 

can be rewritten as: 
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In addition to the normal price to earnings ratio the    -version of the P/E ratio will also be 

examined. The    (
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3.4.1.2. CAPE 

The price to earnings ratio that has been mostly attributed Shiller is his Cyclically Adjusted 

Price to Earnings ratio, CAPE16. One of the drawbacks from the conventional price to earn-

ings ratio is that it is shortsighted. If there is one year where the earnings drop to very low 

it would have a huge impact on the ratio. Imagining the earnings would convert towards 

zero then the price-earnings ratio would convert towards infinity. 

“A clearer picture of stock market variation emerges if one averages earnings over several 

years. Benjamin Graham and David Dodd, in their now famous 1934 textbook Security 

Analysis, said that for purposes of examining valuation ratios, one should use an average 

of earnings of „not less than five years, preferable seven or ten years‟” (Campbell & Shiller, 

2001, p. 9). 

When using CAPE it is “the real (inflation-corrected) S&P Composite Index divided by the 

ten-year moving average of real earnings on the index” (Shiller, 2015, p. 6) that is being 

examined. 

To obtain the real inflation-corrected prices the historical prices and earnings will be ad-

justed according to the consumer price index. 

The calculations of the CAPE are very similar to those of the conventional price to earn-

ings ratio. The calculations will be based on the average of the past ten years of earnings 

as denominator with the price at time t as numerator.  

To test for potential crashes the mean is found by: 
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Where d is the length of the interval. 

The standard deviation is found by: 
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The mean and standard deviation will be used to calculate confidence intervals for the 

CAPE. If the value for CAPE is outside the confidence interval there is a crash signal. 

                                                           
16

 Also sometimes called Shiller’s PE ratio or PE10. 
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Since it is being tested if the value for CAPE is too large a one-sided test is used. There is 

a crash signal when the value for CAPE is above the confidence interval. 

        ( ) 

In the same way as with the conventional price to earnings model the confidence limit will 

act as a time-varying threshold for the crash signal, hence a crash signal occurs whenever 

      ( )          ( )    

Since only a one-sided confidence limit the equation for a confidence interval can be re-

written as: 
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In addition to the normal CAPE value the    -version of the CAPE will also be examined. 

The    (    ) is defined as: 

   (    )    
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3.4.2. Buffett factor 

Famed investor Warren Buffett has said that he thinks it makes sense to compare the total 

market value of all traded companies with their combined output in the US (Buffett & 

Loomis, 2001). As combined market output Buffet looks at gross national product (GNP). 

The reason to take the GNP instead of the more commonly used gross domestic product 

(GDP) is that with GDP we look at everything that has been produced within the country. 

When looking at the GDP then, for example, the produce from HSBC in the US would be 

included even though it is a bank from UK whereas it is not counted as part of the GNP. 

Opposite is the American company Apple. When Apple generates revenue abroad it is not 

part of the GDP but is part of the GNP. Currently Apple has almost $ 100 billion in cash 

outside of the US. Therefore Warren Buffett‟s ratio of combined market value to gross na-

tional product has some kind of similarity to the price to earnings ratio. 

                        
            

   
 

According to (Lim, 2017) the long-term historical average is less than 74%.  If we look at 

the past two decades it appears to have been around 100% though. 
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Figure 1: The Buffett ratio: MV/GMP (Mislinski, 2017). 

 

“For me, the message of that chart is this: if the percentage relationship falls to the 70% or 

80% area, buying stocks is likely to work very well for you” (Buffett & Loomis, 2001). 

“Based on these historical valuations, we have divided market valuation into five zones“ 

(www.gurufocus.com, 2017): 

Ratio = Total Market Cap /GDP Valuation 

Ratio < 50% Significantly Undervalued 

50% < Ratio < 75% Modestly Undervalued 

75% < Ratio < 90% Fairly Valued 

90% < Ratio < 115% Modestly Overvalued 

Ratio > 115% Significantly Overvalued 

Where are we today (10/08/2017)? Ratio = 137.8% Significantly Over-
valued 

Table 1: Valuation of the market based on the ratio given by www.gurufocus.com.17 

 

                                                           
17

 In their table they wrongfully compare it to GDP instead of GNP. This is of very little significance though since it 
varies very little from GNP (Mislinski, 2017). 
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Despite the total market value over GNP has gone from around 120% in the beginning of 

2015 to drop to around 105% in 2016 and then risen to 128,3%  as of third of October 

2017 then by the end of February 2017 Warren Buffett did not think we are in a bubble. 

“‟We are not in a bubble territory‟ in the stock market, he said on „Squawk box‟” 

(Belvedere, 2017). 

(Ziemba & Lleo, 2016) have previously tested the Buffett factor. Their research showed 

that using Warren Buffett‟s market value of all publicly traded securities over GNP 

(MV/GNP) and also the logarithm of the total market value of publicly traded companies 

over the GNP (lnMV/GNP) could be statistically significant to predict future market correc-

tions. They disagree with having a fixed threshold though. They found that “using an arbi-

trary threshold fixed at 120%, the MV/GDP18 would have signaled at most 2 out of 19 equi-

ty market corrections occurred between 1970 Q4 and 2015 Q1” (Ziemba & Lleo, 2016, p. 

33). If they used a time varying threshold like in the BSEYD model they increased the 

number of correct predictions to 8 and having 70% accuracy.19 

 

3.4.3. Sotherby’s stock price 

Sotherby‟s is one of the oldest auctioneering houses in the world and was established in 

1744.20 Sotherby‟s are auctioneering fine art, jewelry and other high end luxury goods. “As 

one of the world‟s leading art auction houses, Sotherby‟s has been a beneficiary of booms 

in the art market. Might the stock serve as a useful indicator of bubble conditions?” 

(Mansharamani, 2011, p. 143) 

According to Mansharamani (Mansharamani, 2012) the Sotherby‟s stock is a good indica-

tor for confidence. He mentions three different layers of confidence shown by the So-

therby‟s stock. Firstly it shows buyer confidence with buyers setting new world records of 

the most expensive art sold. Secondly it shows appraiser confidence by the appraisers 

getting more and more confident when the prices increases and they increase their esti-

mates of the items to be auctioneered away. Thirdly there is investor confidence. As So-

therby‟s sells more and more expensive art their earnings increase which then makes the 

stock appear cheaper with a lower price to earnings ratio. This increases the interest from 

investors thus raising the price of the stock. 

If we look at the changes in the stock price of Sotherby‟s stock and the S&P 500 index 

(shown by the S&P 500 ETF) there appears to be some sort of correlation. 

 

                                                           
18

 I believe the MV/GDP is a typing error since they talk about GNP and argue why GNP should be used instead of GDP. 
19

 I find the 70% accuracy a bit confusing. With 8 correct predictions it would lead to 8 out of 19 crashes being predict-
ed. Ziemba normally use accuracy as percentage of predictions that were correct. By this a 70% accuracy would mean 
8 correct predictions out of a total of 11,4 predictions.  
20

 www.sotherbys.com 
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Figure 2: Graph of the bid price of the Sotherby‟s stock price and the SPDR S&P 500 ETF price21 

 

When looking at the graph it is interesting to see how the Sotherby‟s stock at times rises 

very fast only to drop down again shortly after. A drop in the stock price for Sotherby‟s af-

ter a spike is often followed by a drop in the S&P 500 ETF price shortly after. When exam-

ining the graph there are six spikes to be seen.  If we look at the first three spikes of the 

Sothersby‟s stock then the first one is September 1989 which happened shortly before the 

early 1990s recession. The second one happened on April 1999 which was shortly before 

the dot-com bubble busted and the last spike happened on April-October 2007 which was 

shortly before the recent financial crisis. 

The next three spikes happened in March 2011, December 2013 and July 2017. In August 

2011 stock markets had relatively large declines all over the world. In the end of 2013 we 

had the Ukranian crisis followed by a financial crisis in Russia. These last spikes did not 

get all the way up to the trend line, though, and would not have been considered crash 

warnings according to Sotherby‟s stock price.  

 

                                                           
21

 Obtained from Yahoo Finance on October 3
rd

 2017. 
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Figure 3: the development of the stock price for Sotherby‟s. 

 

The last spike is July 2017 indicating we might be getting closer to a pending market cor-

rection. Since 2007 until now it seems like it is almost staying around a price of 40 but with 

a very high volatility. In order of being an actual crash warning $70 might be a reasonable 

guess for the Sotherby‟s stock price. 

Sotherby‟s stock price seems to be a good indicator for a pending market decline. (Boroff, 

2015) argues that we should be taking the “Sotherby‟s warning” with a grain of salt though. 

He argues that Sotherby‟s has struggled to increase profits even in the best of times. An-

other argument he makes is that Sotherby‟s stock has seen declines without predicting 

anything about the broad market. One of these declines was in 1995 which does not look 

like much of a decline compared to the others though. 

 

3.5. Other risk factor 

Another future risk is the ECB tapering. Currently the ECB is buying bonds for €60 billion 

every month as part of its Quantitative Easing program (Look & Randow, 2017). During 

2018 it is expected ECB will cut the monthly payments to €30 billion before potentially end-

ing the program by the end of 2018. Once the Quantitate Easing program ends the interest 

rates can be expected to increase which can affect the markets. The future change in in-

terest rates ought to already be priced into the market but we still risk the market might be 

too optimistic right now. The end of the Quantitative Easing and the increased interest 

rates that follows risks crating a minor panic. The relatively sudden change that might 

happen to the interest rates could also trigger the bond stock earnings yield differential 

model. The Quantitative Easing can have a big influence on the Danish market. 
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4. Analysis 
The analytical part of the thesis is divided into four sub parts. The first part is the empirical 

findings. First I will come with some general comments about my initial thoughts about my 

findings before I go more into details and analyse the results. When I analyse the results I 

will look at each of the markets one by one, the results for each of the models for the spe-

cific market and then an overall test for the significance of the models for that market. 

The second part of the analysis I will analyse how well the model works as a trading strat-

egy. The strategy is to start in the stock market and once the bond stock earnings yield 

differential signal becomes too high I would leave the stock market and stay in cash until 

the measure becomes low enough to signal a re-entry into the stock market. The idea is to 

see how the total return is, when using different thresholds to leave and enter the market, 

and then compare how they perform as an alternative to a buy-and-hold strategy. The re-

sult would be used to see if the time out of the market is generating excess return com-

pared to the buy and hold strategy or if it would be better to stay in the market and take the 

downfalls. 

The third part of the analysis is to have a critical view at the data used and what kind of 

influence it might have on my findings before finally giving some general criticism of the 

model in the fourth part. 

 

4.1. Empirical findings 

Already before I was done with all my model testing I started to see a pattern of results 

that were far from what I had expected. Before I started to run the models I expected to 

see positive results showing a model that was good at predicting future market crashes. 

Before I had even counted the number of correct and wrongful predictions I faced another 

problem – how to actually define the boundaries for when a crash was a crash, when a 

prediction was successful and when it had failed. A market crash had been defined as at 

least 10% drop within one year. When I hit a period where the criteria for a future crash 

had been fulfilled I knew a market crash was pending. If after one month of the criteria be-

ing fulfilled it had one day where the largest drop within one year would be 9,98% and then 

the day after it would once again have a full month where all days would show at least 

10% decline within one year then that day below the 10% would not matter much and it 

would be seen as two full months with future crash. Had there been a year without the cri-

teria for future crash being fulfilled it would have been considered two independent crash-

es. If one of the models had been in the danger zone before the first crash and remained 

in the danger zone until the next crash began then when would it count as one versus two 

market crash that had been predicted? And if it failed to predict both of them, should it then 

be counted as one or two missed crash predictions? How long should the time be between 

each crash before it is counted as one or two crashes – one day, a week, a month or a 

year? And if the model stayed in the danger zone for several years straight with several 
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crashes would it then could as several crash or could it be considered a bubble that had 

only partly deflated at the first crash and then continued deflating in the coming crashes 

since the model stayed in the danger zone all the time? These questions made it really 

hard for me to being truly objective and count the amount of predicted crashes, wrong pre-

dictions and missed predictions. 

 

An alternative approach that could be included in future research could be to look at how 

long the model actually gives a warning signal compared to how big a decrease there 

comes afterwards. Also, one could look at how long time the model gives warning signal 

out of the total time observed. If these things are not taken into consideration one might 

have a model giving warning signal for several years before a small decrease happens. If 

a model says there is a warning signal for 10 years before a small 10% correction hap-

pens, is it then truly useful? I could make an absurd model stating a warning signal 100% 

of the time and thus I would have predicted every single market downturn in history. Such 

a model is of course unrealistic but it does raise the question how long time before a 

downturn a model should give a warning signal compared to how big the future market 

correction is. 

 Without proper definitions of the above problem it would not be possible to give truly ob-

jective results. As I think the problem wouldn‟t be much better stating a fixed period be-

tween events before considering it several independent events opposite one long event 

with a little down in the middle I came up with an alternative solution. I will take on three 

different views as I evaluate the outcome. At first I will make a “fair” view where I try to 

consider it as objective as possible as I count the number of events and predictions with-

out any predefined boundaries. I will stay as objective as possible but the results will of 

course have some degree of bias without fully defined boundaries. The second view I will 

take is a “positive” view. With the positive view I will try to make the model look as good as 

possible and give it the largest amount of correct predictions. Here I would for example 

count it as two independent crashes if there is a month between them whereas the “fair” 

view it would depend more on how large the drops would be in the month in between. Fi-

nally I will take a “negative” view. Here I will try to be very sceptical and consider two 

events with a month apart as the same event so it would only count as one crash that was 

correctly predicted.  

As I didn‟t find any solution to the questions about how long the time should be between 

events before they could be considered one or two independent events I believe all three 

options of “fair”, “positive” and “negative” view could be the version listed in a research 

paper, depending on the person evaluating the results. One thing to note though, I looked 

at the results for the different versions of a model at the same time in terms of different 

significance level and logarithmic and non-logarithmic version. If two events were counted 

as two independent crashes to give one model two correct crash predictions those two 
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events would still count as two events for a different model even if I was taking the “posi-

tive” view and it would lead to two missed predictions instead of one for another model that 

didn‟t signal any danger. This was done to ensure as much consistency throughout the 

model and the results. 

When looking at the U.S. market I will be going through each of the three different views 

independently. For the UK, the German and the Danish market I will only show the results 

for the “fair” view and shortly mention how the “positive” and “negative” view might give 

different results. The tables for the “positive” and “negative” views for all other markets 

than the U.S. market can be found in the appendix. 

I have a total of ten different models run on every market. Each of the models below has 

also been run in a log version. For the bond stock earnings yield differential models they 

have been run with daily data observations. For the price to earnings ratio models they 

have all been run with monthly observations. 

BSEYD is the standard bond stock earnings yield model 

BSEYD10 is the bond stock earnings yield differential model where the earnings to price 

ratio is based on the average earnings over the past ten years. 

P/E is the conventional price to earnings ratio for the given month. 

CAPE is the cyclically adjusted price to earnings ratio. 

CAPE + CPI is the cyclically adjusted price to earnings ratio that also takes the consumer 

price index into account. 

When looking at the results for the model significance I will not look at every single result 

for every version of the model for each market as it would be too extensive. The U.S. mar-

ket alone would have 64 results to look at. Instead, I will be looking at several “versions” of 

the model combined to look at the influence of different variables. As an example for the 

U.S. market I will combine the BSEYD, BESYD10, logBSEYD and logBSEYD10 into one 

and compare the difference using a 10-year government bond yield versus a 30-year gov-

ernment bond yield.  

(Ziemba & Lleo, 2014b, p. 51) writes “The observations for the BSEYD model based on 

Cantelli‟s inequality are similar: the model had 26 correct predictions out of 37 signals, a 

70% accuracy”. For the test of model significance I will use the same approach and look at 

the correct warnings as a fraction of total warnings, false warnings as number of wrong 

warnings out of the total amount of warnings finally the missed warnings as a fraction of 

missed warnings out of total correct and missed signals.  
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4.1.1. US stock market 

The data for the United States is far superior to the other markets as the data dates far 

back. This makes it possible for me to run the different models with ten years of moving 

average in accordance to the theory behind the models. In addition to running the models 

with ten years of moving average I will also be running the models based on the price to 

earnings ratio using only five years of moving average.  

 

4.1.1.1. Fair View 

The “fair” view is a view where I have attempted to be as objective as possible when judg-

ing when to count events as correct prediction, wrong prediction or missed prediction. In 

table 2 below the results for the different versions of the bond stock earnings yield differen-

tial model can be seen. The table contains the results from four different models, the bond 

stock earnings yield differential model, the bond stock earnings yield differential model us-

ing ten year average for the earnings and the log version of both models. All four models 

have been tested using both the 10-year government bond yield and the 30-year govern-

ment bond yield. The idea to include the 30-year government bond yield came to me after 

realizing we have experienced something new in recent years. Only few years back the 

idea of negative interest rates were unthinkable for many. Therefore some financial mod-

els assume the interest rate to always being positive. One such model is the log to the 

bond stock earnings yield differential model. On the 14th of June 2016 and the 6th of Sep-

tember 2016 Germany and Denmark, respectively, experienced negative yields for the 10-

year government bond yields. Since the bond stock earnings yield differential model has a 

average mean and standard deviation based on the past ten years then one singe nega-

tive yield makes the model invalid for ten years when taking the logarithm to the numbers. 

It would be possible to just look away from those dates with negative yields but not without 

creating bias. Therefore a 30-year government bond yield would be better since it – for 

now – is still not believed to ever become negative. 
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Based on 10-year government bond yields 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 6 6 7 7 7 7 6 6 

wrong 4 4 6 6 4 4 4 4 

missed 9 9 7 7 8 8 8 8 

         

 
Based on 30-year government bond yields 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 4 4 4 4 5 5 

wrong 5 4 7 6 3 2 1 1 

missed 11 11 11 11 10 10 9 9 

Table 2: the number of correct, wrong and missed crash predictions for the S&P500 index using 

10-year and 30-year government bond yields. This is using a “fair” view when judging the model. 

 

Overall the results looks decent for the original form of the bond stock earnings yield dif-

ferential model using ten years government bond yields. It is clear that the 10-year gov-

ernment bond yield is far better than the 30-year government bond yield. The models us-

ing the yields from the 10-year bonds have roughly twice as many correct predictions, 

around the same amount of wrong predictions and less missed predictions. Still, using the 

10-year bond yield, the models only has slightly more correct predictions compared to 

wrong calls and it still caught less than half of all the market crashes. Regardless of what 

bond is used it looks as if the models perform better when taking the log to the numbers. 

Table 3 shows the results for the different price to earnings models using monthly observa-

tions. The first model is the cyclically adjusted price to earnings model where the consum-

er price index is taken into account, the second model is the cyclically adjusted price to 

earnings model without the consumer price index and lastly it is conventional price to earn-

ings model with no cyclically component. The models are based on ten years of average 

earnings for the cyclically adjusted models and the confidence limits are based on ten 

years mean and standard deviation. 
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CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 9 9 4 4 9 9 4 3 8 8 2 2 

wrong 3 3 
  

1 1 
  

2 2 2 2 

missed 8 8 15 15 9 9 14 14 7 7 13 13 

Table 3: the number of correct, wrong and missed crash predictions for the S&P500 index using 

the cyclically adjusted price to earnings ratio with and with the consumer price index taken into 

account along with the conventional price to earnings ratio. The above results are based on an 

average mean of ten years. This is using a “fair” view when judging the model. 

 

The results in table 3 are surprisingly good. Generally the models predict around half the 

crashes with few wrong predictions. The log-versions predict relatively few crashes but at 

the same time they have few wrong predictions. If we compare the models using only five 

years of data for the average earnings and trailing mean and standard deviation we get the 

results shown below in table 4. Some models perform better than before and some per-

form worse. Using only five years of data appears to generate a larger amount of crashes. 

The reason for this is that when we use a shorter time period for the moving average. This 

means that the newest data observation has a relatively larger weight. The model will 

therefore have a faster shifting mean and on average producing more, but shorter, signals 

compared to using ten years of data. When using ten years of data there could be some 

very long lasting crash warnings that would cover several small crashes. 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 12 12 1 1 8 8 4 3 7 7 5 5 

wrong 7 4 5 3 2 2 5 2 1 2 3 2 

missed 10 10 21 21 6 6 10 11 9 9 11 11 

Table 4: the number of correct, wrong and missed crash predictions for the S&P500 index using 

the cyclically adjusted price to earnings ratio with and with the consumer price index taken into 

account along with the conventional price to earnings rati. The above results are based on a trail-

ing mean of five years. This is using a “fair” view when judging the model. 

 

Using only five years of data for average earnings and for the confidence limits could be 

an advantage if one wants to measure on a market with relatively little data available. The 

leading market index for Denmark is from 2011 and is therefore not yet mature enough to 

even use this model. Another argument for using only five years of data is that using ten 

years would include events that might produce a skewed measure. As an example using 

ten years would include the latest global financial crisis in the current average and confi-
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dence limits whereas using only five years would mean the global financial crisis would be 

in the past and not influence today‟s estimates. Since the earnings following the global 

financial crisis were only around half of what they are today it could seem logical to avoid 

using such low numbers as it would distort the picture a bit. Looking at the results though, 

it appears the model using ten years of trailing mean more than makes up for this by also 

taking the low earnings into account when making the confidence limits.  

 

4.1.1.1.1. Model significance 

As mentioned earlier I will not test every model individually as this would produce too 

many small tests and it is possible to get an intuitively idea of each models performance by 

looking at the numbers previously. In table 5 below it is possible to compare the impact of 

different parameters. The BSEYD 10y below covers the four models BSEYD, BSEYD10, 

logBSEYD and logBSEYD10 at both significance level α =5% and α = 1% using the yield 

from the 10-year government bond. The same is true for the BSEYD 30y using the yield 

from the 30 year government bond. For the price to earnings ratios they have been divided 

into the time period for the trailing mean. CAPE+CPI covers both the normal version and 

the log-version of the cyclically adjusted price to earnings ratio adjusted according to the 

consumer price index. Combining the normal version with the log-version holds true for 

each of the ratio models below. 

   
10 year 5 year 

 
BSEYD 10y BSEYD 30y CAPE+CPI CAPE PE CAPE+CPI CAPE PE 

Correct 52 30 18 16 14 26 23 24 

Wrong 36 29 6 4 10 19 11 8 

Missed 64 82 42 36 38 62 33 40 

Correct warnings 59,09% 50,85% 75,00% 80,00% 58,33% 57,78% 67,65% 75,00% 

False warning 40,91% 49,15% 25,00% 20,00% 41,67% 42,22% 32,35% 25,00% 

Missed Warnings 55,17% 73,21% 70,00% 69,23% 73,08% 70,45% 58,93% 62,50% 

Table 5: The significance of the different models under the “fair” view compared to each other. 

 

In above table 5 it is possible to see the impact of using bond yields with different time 

horizon and for using different duration of moving average for the ratio models. When look-

ing at the bond stock earnings yield differential model it is clear that the 10-year govern-

ment bond yield is far superior to using the 30-year government bond yield. Using the 10-

year bond yield results in around 60% correct warning signals compared to using the 30-

year bond yield producing 50 % correct signals. When it comes to missed warning signals 

the models using the 10-year government bond yield missed bit over half of all warning 

while the models using the 30-year government bond yield missed almost two-third of all 

warnings. Despite the advantage of using the 30-year government bond yield to avoid 

negative yields it does not make up for the superior performance of the models using the 
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10-year government bond yields. At least for the U.S. stock market the results appears to 

support the continuously use of the 10-year government bond yield in favour of the 30-year 

government bond yield. 

From table 5 it can be seen that the price to earnings models based on a five years trailing 

mean appears to predict a larger number of crashes than the models based on ten years 

of trailing mean. It terms of proportions within each model the models based on ten years 

moving average appears superior though. Out of the total amount of crash warnings the 

models using 10-year government bond yields have a larger amount of correct to wrong 

predictions even though they also miss to warn about many crashes. When looking at the 

different models the model appearing to perform best it the cyclically adjusted price to 

earnings ratio without consumer price index corrections. Adjusting for the consumer price 

index does increase the amount of correct crash predictions slightly but at the same time it 

also increases the amount of wrong predictions significantly and increases the amount of 

missed crash warnings. 

 

4.1.1.2. Positive view 

The “positive” view is a view where I have attempted to be as optimistic as possible when 

judging when to count events as correct prediction, wrong prediction or missed prediction. 

In the “positive” view I have attempted to evaluate the findings in a way that would produce 

the overall most correct predictions. In the table 6 below the results for the different ver-

sions of the bond stock earnings yield differential model can be seen. The table 6 is similar 

to table 2 except I am trying to give the models the best possible conditions when judging 

the results compared to the more “fair” objective view I have in table 2 above. 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 10 10 13 13 11 11 13 13 

wrong 4 4 4 3 4 4 3 3 

missed 7 7 6 6 6 6 7 7 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 4 4 4 4 5 5 5 5 

wrong 5 5 7 6 3 3 3 3 

missed 5 5 5 5 4 4 4 4 

Table 6: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the S&P500 index using a 10-year and a 30-year government 

bond. This is using a “positive” view when judging the model. 
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When looking at table 6 it gives the impression that the bond stock earnings yield differen-

tial model does a fairly good job at predicting market corrections. The models using the 10-

year government bond yield is far superior to that of the 30-year government bond yield 

though. The models using the 30-year government bond yields have, on average, a close 

to even distribution between correct, wrong and missed predictions. Only half the predic-

tions turn out to be correct with the other half being wrong predictions. At the same time it 

predicts half the crashes and fails to predict the other half of the crashes. This is not very 

impressive. When looking at the models using the 10-year government bond yield we have 

very different results. The models predict more than twice as many crashes with less 

wrong predictions. Out of all crash warnings around 75% were correct warnings and only 

around 25% were false warnings. At the same time the models using the 10-year govern-

ment bond yield predicted more than half of all crashes. Similar to the “fair” view it appears 

to be better to use the models that use the log-version over the non-log versions. 

 CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 9 9 4 4 9 9 4 3 8 8 2 2 

wrong 3 3 
  

1 1 
  

2 2 2 2 

missed 8 8 15 15 9 9 14 14 7 7 13 13 

Table 7: the number of correct, wrong and missed crash predictions for the S&P500 index using 

the cyclically adjusted price to earnings ratio with and without the consumer price index taken into 

account and the conventional price to earnings ratio and. The above results are based on a trailing 

mean of ten years. This is using a “positive” view when judging the model. 

 

As seen from table 7 the different price to earnings models preform pretty well. Overall the 

non-log models perform better than the log-version models. Around 80% of all the crash 

warnings did lead to a crash for all the models. When we look at the non-log versions only, 

they predicted a bit over half of all crashes. For the log-version models, though, they still 

have around 80% accuracy for the crash warnings but they only managed to give a warn-

ing for less than 20% of all the crashes. One interesting observation is that the cyclically 

adjusted price to earnings model had the same number of correct predictions but only one 

instead of three wrong predictions if not adjusted by the consumer price index, as recom-

mended by Shiller. The non-log versions looks like very strong crash warning models and 

are far superior to the log-versions. 
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CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 12 12 1 1 11 11 4 3 7 7 5 5 

wrong 7 4 4 2 1 1 3 2 1 1 2 2 

missed 7 7 18 18 6 6 10 11 9 9 11 11 

Table 8: the number of correct, wrong and missed crash predictions for the S&P500 index using 

the cyclically adjusted price to earnings ratio with and without the consumer price index taken into 

account and the conventional price to earnings ratio and. The above results are based on a trailing 

mean of five years. This is using a “positive” view when judging the model. 

 

As seen by table 8 the models based on five years of moving average perform worse than 

using ten years trailing average. The non-log version of the models are once again superi-

or to the log-version of the models. The amount of correct predictions out of all predictions 

for the non-log versions is around 80% like with the ten year moving average. The amount 

of crashes predicted has increased from around half to almost 60% of all crashes being 

predicted. For the log-models their crash predictions are now only correct in bit over half of 

all cases and they predict only around 20% of all crashes happening. The non-log models 

seem to have some predictive power where the log-versions have low predictive power. 

 

4.1.1.2.1. Model significance 

As previously the models will be combined a bit to avoid looking at too many models at the 

same time. In table 9 below it is possible to compare the impact of different parameters. 

The BSEYD 10y below covers the four models BSEYD, BSEYD10, logBSEYD and log-

BSEYD10 at both significance level α =5% and α = 1% using the yield from the 10-year 

government bond. The same is true for the BSEYD 30y using the yield from the 30 year 

government bond. For the price to earnings ratios they have been divided into the time 

period for the trailing mean. CAPE+CPI covers both the normal version and the log-

version of the cyclically adjusted price to earnings ratio adjusted according to the consum-

er price index. Combining the normal version with the log-version holds true for each of the 

ratio models below. 
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10 year 5 year 

 
BSEYD 10 BSEYD 30 CAPE+CPI CAPE PE CAPE+CPI CAPE PE 

Correct 94 36 26 25 20 26 29 24 

Wrong 29 35 6 2 8 17 7 6 

Missed 52 36 46 46 40 50 33 40 

Correct warnings 76,42% 50,70% 81,25% 92,59% 71,43% 60,47% 80,56% 80,00% 

False warning 23,58% 49,30% 18,75% 7,41% 28,57% 39,53% 19,44% 20,00% 

Missed Warnings 35,62% 50,00% 63,89% 64,79% 66,67% 65,79% 53,23% 62,50% 

Table 9: The significance of the different models under the “positive” view compared to each other. 

 

In above table 9 it is possible to see the impact of using yields from bonds with different 

time horizon and for using different duration of moving average for the ratio models. When 

looking at the bond stock earnings yield differential models it is once again evident that the 

10-year government bond yield is far superior to the 30-year government bond yield. When 

comparing the results we see that the correct warnings using the yield from the 10-year 

bond is around 75% whereas using the yield from the 30-year bond leads to an accuracy 

of only around 50%. Also when we look at the missed warnings when using the yield from 

the 10-year bond we only miss a bit over one out of three crashes compared to the 30-

year bond yield that fails to predict half of all crashes.  

When looking at the model significance of the price to earnings models in table 9 they 

seem to perform very well. Like previously the models based on a ten year moving aver-

age performs better than the models based on five years of moving average, with the ex-

ception of the conventional price to earnings model. Surprisingly the cyclically adjusted 

price to earnings model is once again performing better when not adjusted by the con-

sumer price index. The price to earnings ratio models fail to warn about many crashes but 

out of the crash warnings given they have a very large amount of correct warnings. The 

best performing model appears to be the cyclically adjusted price to earnings ratio model 

that is not adjusted for the consumer price index using a ten year moving average. This 

model has an accuracy rate of more than 90%. It appears the price to earnings ratios give 

less warnings and thus fail to predict as many crashes as the bond stock earnings yield 

models but from the warnings given the price to earnings ratios have a very high accuracy 

rate with an impressive little amount of the warnings being wrong.  

 

4.1.1.3. Negative View 

The “negative” view is a view where I have attempted to be as negative as possible and 

only give a correct warning when it undisputedly is a correct signal. In the “negative” view I 

have attempted to evaluate the findings in a way that would produce the overall least cor-

rect predictions. In the table 10 below the results for the different versions of the bond 

stock earnings yield differential model can be seen. The table 10 is similar to table 2 and 6 
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except I am trying to give the models the worst possible conditions when judging the re-

sults compared to the more “fair” and the “positive” view as in table 2 and table 6 respec-

tively. 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 4 4 6 6 4 4 3 3 

wrong 5 5 4 4 5 5 5 5 

missed 10 10 9 9 9 9 9 9 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 2 2 2 2 3 3 

wrong 7 6 9 8 5 4 3 3 

missed 9 9 8 8 8 8 7 7 

Table 10: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the S&P500 index using a 10-year and a 30-year government 

bond yield. This is using a “negative” view when judging the model. 

 

As seen from table 10 the models perform fairly bad – as expected given it is the “nega-

tive” view. See seen with both the “fair” view and the “positive” view we see that the mod-

els using the 10-year government bond yield is superior to the models using the 30-year 

government bond yields. The models using a 10-year government bond yield have almost 

half of all predictions correct while the models using the 30-year government bond yield 

are only correct around out of every three predictions. At the same time the models using 

the 10-year government bond yield generally have one less missed prediction compared to 

the models using the 30-year government bond yield. 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 6 6 2 2 3 3 2 2 5 5 2 2 

wrong 6 6 
  

6 7 
  

5 8 4 4 

missed 10 10 15 15 8 8 15 15 12 12 15 15 

Table 11: the number of correct, wrong and missed crash predictions for the S&P500 index using 

the cyclically adjusted price to earnings ratio with and without the consumer price index taken into 

account and the conventional price to earnings ratio and. The above results are based on an aver-

age mean of ten years. This is using a “negative” view when judging the model. 
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When looking at the results in table 11 the non-log versions of the models appear to per-

form better than the log-versions when using a ten year moving average. The log-versions 

have relatively less wrong crash predictions but at the same time they also miss a lot more 

crash warnings and only give a warning for around 10% of all the crashes. Unlike the “fair” 

and the “positive” view the model that appears to be best at crash predictions seems to be 

Shiller‟s cyclically adjusted price to earnings ratio that is adjusted for the consumer price 

index. 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 9 9 1 1 6 6 3 1 6 7 4 4 

wrong 7 4 5 2 6 5 10 6 3 4 5 3 

missed 10 10 18 18 9 9 15 16 13 12 15 15 

Table 12: the number of correct, wrong and missed crash predictions for the S&P500 index using 

the cyclically adjusted price to earnings ratio with and without the consumer price index taken into 

account and the conventional price to earnings ratio and. The above results are based on an aver-

age mean of five years. This is using a “negative” view when judging the model. 

 

When using a five years moving average we see from table 12 that the log-versions of the 

models are again the ones that performs the worst. The accuracy for their warnings have 

dropped from around 60% to around 30% while they still only manage to predict little over 

10% of the crashes. For the non-log versions of the models, the models actually perform 

better using only five years of moving average. When the moving average changed from 

ten years to five years the accuracy for the non-log version of the models has increased 

from around 40% to around 60% while the number of crashes out of all crash predictions 

has increased from around 30% to around 40%. The best performing model is again 

Shiller‟s cyclically adjusted price to earnings model that is adjusted by the consumer price 

index. 

 

4.1.1.3.1. Model significance 

Similar to the “fair” view and the “positive” view, the models will be combined a bit to avoid 

looking at too many models at the same time. In table 13 below it is possible to compare 

the impact of different parameters. 
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10 year 5 year 

 
BSEYD 10 BSEYD 30 CAPE+CPI CAPE PE CAPE+CPI CAPE PE 

Correct 34 18 16 10 14 20 16 21 

Wrong 38 45 12 13 21 18 27 15 

Missed 74 64 50 46 54 56 49 55 

Correct warnings 47,22% 28,57% 57,14% 43,48% 40,00% 52,63% 37,21% 58,33% 

False warning 52,78% 71,43% 42,86% 56,52% 60,00% 47,37% 62,79% 41,67% 

Missed Warnings 68,52% 78,05% 75,76% 82,14% 79,41% 73,68% 75,38% 72,37% 

Table 13: The significance of the different models under the “negative” view compared to each 

other. 

 

In above table 13 it is possible to see the impact of using bond yields with different time 

horizon and for using different duration of moving average for the ratio models. When look-

ing at the bond stock earnings yield differential models it evident that once again the 10-

year government bond yield is superior to the 30-year government bond yield, though this 

time the difference is a little less. When comparing the results we see that the correct 

warnings using the yield from the 10-year bond is almost 50% whereas using the yield 

from the 30-year bond leads to an accuracy of only around 30%. Also, when we look at the 

missed warnings using the yield from the 10-year bond we miss around two-third of all 

crashes compared to the 30-year bond yield that fails to predict almost 80% of all crashes.  

When looking at the model significance of the price to earnings models in table 13 they 

seem to perform decently and overall at least as good as the bond stock earnings yield 

differential models. Like previously the models based on a ten years moving average per-

forms better than the models based on five years of moving average, with the exception of 

the conventional price to earnings model. The price to earnings ratio models fail to warn 

about most crashes and out of the crash warnings given they have around 50/50 between 

correct and wrong warnings. The best performing model is surprisingly the conventional 

price to earnings ratio with a five years moving average. If we look at both five and ten 

years of moving average the best performing model seems to be the cyclically adjusted 

price to earnings ratio model that is not adjusted for the consumer price index with the best 

of them being the one using ten years of moving average. The worst performing model 

seems to be the bond stock earnings yield differential model using a 30-year government 

bond yield. 

 

4.1.1.4. U.S. stock market summary 

The U.S. stock market is the market with the best data in terms of the most data available. 

Overall the models seem to have performed fairly well. The price to earnings models 

seems to perform better than the bond stock earnings yield differential models though. In 

all the different scenarios – “fair”, “positive” and “negative” view the bond stock earning 
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yields differential model performs better with the 10-year government bond yield compared 

to the 30-year government bond yield. In all three scenarios the model has more accuracy 

in the predictions and less missed crashes with the 10-year government bond yield. For 

the price to earnings models it is clearly better to use the ten years of moving average 

compared to the five years of moving average. The cyclically adjusted price to earnings 

ratios are – unsurprisingly – better at predicting future market crashes than the conven-

tional price to earnings ratio. What surprises a bit, though, is that it does not seem to im-

prove the accuracy to adjust for the consumer price index. It seems like the model is more 

accurate when the consumer price index is not taken into account for the models using ten 

years of of moving average as well as for the models using five years of moving average. 

The only explanation I can think of to justify the absence of the consumer price index is 

that today‟s price reflects the expected value of all future earnings. This means, that for all 

the future earnings the expected future inflation is already a part of the price. The consum-

er price index is used to reflect the inflation. If the price element already takes the inflation 

into account then adjusting the prices and earnings in accordance to the consumer price 

index would mean the inflation is counted twice. 

On average the two cyclically adjusted price to earnings ratios seem to have 15 – 20 per-

centage points better accuracy in terms of number of correct warnings out of all warning 

signals given when looking at ten years of moving average compared to five years of mov-

ing average. For the five years of moving average the conventional price to earnings ratio 

is actually outperforming cyclically adjusted price to earnings models with around 5 – 20 

percentage points. At the same time the cyclically adjusted price to earnings ratios do miss 

more market crashes than the bond stock earnings yield differential models. If we combine 

the results for the “fair”, “positive” and “negative” view then the two non-log bond stock 

earnings yield differential models based on the 30-year government bond yield has around 

30% accuracy and 70 – 75% missed warnings compared to 60 – 65% accuracy and 

around 45- 55% missed warnings for the 10-year government bond yield. For the log-

versions of the models the 30-year government bond yield models have 50 – 65% accura-

cy and 60 – 65% missed crashes compared to 60 – 65% accuracy and around 50% 

missed signals for the models based on the 10-year government bond yield. The best 

model seems to be the bond stock earnings yield differential model based on ten years of 

moving average as earnings and with 10-year government bond yields showing 65% accu-

racy and 45% missed crash warnings. 

When we look at the ratio models using ten years of moving average the conventional 

price to earnings ratio models perform relatively poorly with the log-version being the worst 

with only around 42% accuracy while it missed to give a warning signal for bit over 85% of 

all the crashes. For the cyclically adjusted price to earnings models the log-versions have 

an impressive accuracy of 100% for both the models adjusted for the consumer price in-

dex and the models not adjusted. The impressive 100% accuracy comes with the down-

side of relatively few – but precise – warning signals leading to around 85% of all crashes 

being missed by the models. The cyclically adjusted models perform nearly identically re-
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gardless of the significance level being 5% or 1% and also regardless of the models being 

adjusted by the consumer price index or not. For the non-log versions of the cyclically ad-

justed price to earnings models the adjustment of the consumer price index decreases the 

accuracy of the models from around 66% to around 65% while also decreasing the per-

centage of missed crashes from around 57% to around 54%.  

If we look at the price to earnings models using five years of moving average the picture is 

a bit different compared to the models using ten years of moving average. One of the best 

performing models is the non-logarithmic conventional price to earnings model with 75 – 

80% accuracy and around 60% missed crashes. This model actually has close to same 

accuracy and rate of missed crash predictions as the cyclically adjusted price to earnings 

model adjusted by the consumer price index using ten years of moving average. The worst 

of all the models is the log-version of the cyclically adjusted price to earnings ratio that is 

adjusted for the consumer price index using a five year moving average with only around 

17 – 30% accuracy and a whopping 95% missed crashes. When the model is not adjusted 

for the consumer price index the accuracy increases to around 40% and the missed 

crashes decreases to around 76 – 84%. For the non-log versions of the cyclically adjusted 

price to earnings models using a five year moving average it once again seems to be bet-

ter to not adjust for the consumer price index. This increases the accuracy from around 61 

– 73% to around 73 – 75% while it increases the number of missed crashes slightly from 

45% to 45,65%.  

The overall best performing model of all tested models seems to be the non-logarithmic 

cyclically adjusted price to earnings ratio that is not adjusted to the consumer price index 

and using a five year moving average with around 75% accuracy and only around 45% 

missed crashes. 

 

4.1.2. The UK stock market 

The UK stock market is a large European stock market. The data I have for the UK stock 

market goes back to 1993 which is nearly 25 years of data. The 30-year government bond 

yield for the UK stock market only went one year back so it is not possible to test the bond 

stock earnings yield differential model with the 30-year government bond yield. Instead I 

will be looking at both the FTSE 100 and the FTSE 250 index. The FTSE 100 index com-

prises of the 100 largest companies listed on the London Stock Exchange. These 100 

companies are generally large multinational companies with large operations outside the 

UK. This means the FTSE 100 will most likely follow the global economy to some degree. 

The FTSE 250 index is the 250 largest companies listed on the London Stock Exchange 

after the first 100. This means it is the 101st to 350th largest companies listed. These com-

panies are smaller and therefore they do not necessarily have large international opera-

tions in the same way as the FTSE 100. The FTSE 250 index is often considered the mid-

cap index. Since the companies do not operate internationally in to the same degree as 
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the FTSE 100 companies, the FTSE 250 follows the local UK market closer and will be 

impacted mo by the local events. One such event that could be interesting to have as part 

of the testing but still too close to today‟s day to be tested is the impact of Brexit on FTSE 

100 and FTSE 250 respectively. 

Given I only have full data available back until May 1993 for the UK market I will only be 

testing the price to earnings ratios based on a five years moving average since a ten years 

moving average would only start producing warning signals from May 2003 and forward. 

 

4.1.2.1. Fair View 

The “fair” view is a view where I have attempted to be as objective as possible when judg-

ing when to count events as correct prediction, wrong prediction or missed prediction. In 

the table 14 below the results for the different versions of the bond stock earnings yield 

differential model can be seen. The table contains the results from four different models, 

the bond stock earnings yield differential model, the bond stock earnings yield differential 

model using ten year average for the earnings and the log version of both models. All four 

models have been tested using the 10-year government bond yield on both the FTSE 100 

and the FTSE 250 index. The idea is to see what difference it has on the models if the in-

dex being tested is largely an international index or more of a local index. 

 

As mentioned previously I will only be looking at the “fair” view when looking at the UK 

market. The results for the “positive” view and the “negative” view can be seen from table 

18-20 and table 21-23, respectively, in appendix 2. 

 
FTSE 100 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 1 1 1 1 1 1 

wrong 2 2 
  

1 1 1 1 

missed 5 5 6 6 6 6 6 6 

         

 
FTSE 250 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 2 2 1 1 2 2 

wrong 3 3 2 2 1 1 1 1 

missed 7 7 6 6 7 7 6 6 

Table 14: the number of correct, wrong and missed crash predictions using the bond stock earn-

ings yield differential model for the FTSE 100 index and the FTSE 250 index using a 10- year gov-

ernment bond. This is using a “fair” view when judging the models. 
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When looking at table 14 there are relatively few events. FTSE 100 seems to have slightly 

better accuracy when giving warning signals compared to the FTSE 250 but it is not a big 

difference. At the same time the FTSE 100 also have slightly less missed warnings than 

the FTSE 250. For the FTSE 100 all the models perform very similar and have so little dif-

ference that it is hard to actually compare them as it is mainly one event they have as dif-

ference. Having more data available would definitely have been an advantage since there 

are nearly too few events to come with any proper conclusions on what model performs 

the best. For the FTSE 250 we have slightly more events and of the few results we have 

there is a picture of the bond stock earnings yield differential model performing slightly bet-

ter when using a ten year moving average for the earnings compared to models that just 

look at the current earnings. 

If we look at the “positive” and “negative” view we get (almost) the exact same results. For 

the correct number of crash predictions all three views are identical. For the number of 

wrong crash predictions the only difference is for the positive view of the “original” bond 

stock earnings yield differential model on the FTSE 250 index where the models have one 

wrong guess for the “positive” view and three wrong guesses using the “fair” and the “neg-

ative” view for both α = 5% and α = 1%. For the logarithm to the original bond stock earn-

ings yield differential model on the FTSE 250 index we see one wrong guess for the “fair” 

and “positive” view and two wrong guesses for the “negative” view for both α = 5% and α = 

1%. When it comes to the number of missed crash predictions there is a difference be-

tween the “fair”, “positive” and “negative” view though. For most of the models the “posi-

tive” view have one less missed crash prediction compared to the “fair” view, whereas the 

models under the “negative” view typically have one more missed crash compared to the 

“fair” view.  

It is interesting that using the data for nearly a quarter of a century it hardly makes any dif-

ference if you take a “positive” or a “negative” view when evaluation the number of correct 

and wrong crash predictions for all models using both the FTSE 100 and the FTSE 250 

indices. This means that it appears to be relatively easier to be objective compared to the 

S&P 500 index. The S&P 500 has around twice as much historical data compared to the 

FTSE 100 and FTSE 250 indices so it is hard to make a definitive conclusion between the 

two markets. It could be interesting to test the U.S market with the same start date as the 

FTSE 100 and FTSE 250 indices to see if the differences between the different kinds of 

views still seem to have a greater impact on the S&P 500 index compared to the UK indi-

ces. 
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FTSE 100 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 
    

1 1 
  

1 1 1 1 

wrong 4 2 2 2 2 2 2 2 1 1 1 1 

missed 4 4 4 4 3 3 4 4 3 3 3 3 

Table 15: the number of correct, wrong and missed crash predictions for the FTSE 100 index using 

the cyclically adjusted price to earnings ratio adjusted for the consumer price index, the cyclically 

adjusted price to earnings ratio not adjusted for the consumer price index and a conventional price 

to earnings ratio based on a moving average of 5 years. This is using a “fair” view when judging 

the models. 

 

In table 15 we see the results for the different price to earnings models on the FTSE 100 

index. Once again we have relatively few results available to compare the models so the 

conclusions will be biased to some degree given the few events. Based on around 20 

years of signals it appears that the best performing ratio model for the FTSE 100 index is 

the log-version and the non-log version of the conventional price to earnings ratio that per-

form identically. The worst performing model is Shiller‟s cyclically adjusted price to earn-

ings model that is adjusted for the consumer price index. When we compare all the models 

using the “fair”, “positive” and “negative” view the difference between the “fair” and the 

“positive” is the “positive” combined have two more correct predictions, five less wrong 

predictions, and two less missed predictions compared to the “fair” view. When we look at 

the “negative” view we have the same amount of correct predictions, four more wrong pre-

dictions and the same amount of missed predictions compared to the “fair” view. The dif-

ference between the “positive” and “negative” view is thus only two more correct predic-

tions, two less missed crash predictions and nine less wrong predictions for the “positive” 

view compared to the “negative” view. Except for the number of wrong predictions we once 

again see a very little difference between the “positive” and “negative” view. When we 

compare the results for the FTSE 100 index in table 15 with the results for the FTSE 250 

index in table 16 we see some differences though. 
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FTSE 250 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 
  

1 1 
   

1 
  wrong 2 2 3 4 

  
2 2 2 4 2 2 

missed 1 1 2 2 1 1 2 2 2 1 2 2 

Table 16: the number of correct, wrong and missed crash predictions for the FTSE 250 index using 

the cyclically adjusted price to earnings ratio adjusted for the consumer price index, the cyclically 

adjusted price to earnings ratio not adjusted for the consumer price index and a conventional price 

to earnings ratio based on a moving average of 5 years. This is using a “fair” view when judging 

the models. 

 

Looking at the results for the ratio models tested on the FTSE 250 index in table 16 we still 

have relatively few results to evaluate. Interestingly the results are different from the FTSE 

100 results, where the conventional price to earnings model is now the worst performing 

model. The best performing model is the cyclically adjusted price to earnings model that is 

not adjusted according to the consumer price index. When we compare the models using 

the “fair”, “positive” and “negative” view we see some of the same differences as before. 

All three views are identical when it comes to number of correct predictions and missed 

predictions. The difference is seen in the number of wrong predictions. For the models us-

ing the “positive” view there is a total of three less wrong predictions compared to the “fair” 

view whereas the “negative” view have a whopping 19 more wrong predictions compared 

to the “fair” view. Thus looking at the “positive” and “negative” view we have the same re-

sults for the number of correct predictions and missed predictions. When looking at the 

number of wrong predictions we see a difference of 22 wrongful predictions between the 

“positive” and the “negative” view.  

 

4.1.2.1.1. Model significance 

For the UK stock market I will do like with the U.S. stock market and combine several 

models instead of testing every single model on its own. In table 17 below it is possible to 

compare the impact of different parameters. The BSEYD covers the bond stock earnings 

yield differential model using the 10-year government bond yield with α = 5% and α = 1% 

combined. For the price to earnings ratios it is similar to the U.S. market where, for exam-

ple, the CAPE+CPI covers both the non-log and the log-version of the cyclically adjusted 

price to earnings ratio models adjusted for consumer price index at both α = 5% and α = 

1%. The models have been split into FTSE 100 and FTST 250 to see the difference using 

the models on different indices. All the ratio models are using five years of moving aver-

age. 
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FTSE 100 FTSE 250 

 
BSEYD CAPE+CPI CAPE PE BSEYD CAPE+CPI CAPE PE 

Correct 10 0 2 4 12 2 2 1 

Wrong 8 10 8 4 14 11 4 10 

Missed 46 16 14 12 52 6 6 7 

Correct warnings 55,56% 0,00% 20,00% 50,00% 46,15% 15,38% 33,33% 9,09% 

False warning 44,44% 100,00% 80,00% 50,00% 53,85% 84,62% 66,67% 90,91% 

Missed Warnings 82,14% 100,00% 87,50% 75,00% 81,25% 75,00% 75,00% 87,50% 

Table 17: The significance of the different models under the “fair” view compared to each other. 

 

In table 17 above it is possible to see the impact of using different sizes of companies in 

the index for the same market. When looking at the bond stock earnings yield differential 

model we see that the model performs better with FTSE 100 instead of FTSE 250 with 

around 55% and 46% correct warnings, respectively. For the missed warnings they are 

very similar with bit over 80% missed warnings. The main difference between the bond 

stock earnings yield differential models on the different indices happens with the bond 

stock earnings yield differential model using ten year of average earnings where we see 

an additional four wrong warnings at FTSE 250 compared to FTSE 100 regardless of the 

“fair”, “positive” or “negative” view. If this is not taken into account then the models perform 

fairly similar for both indices. 

When looking at the model significance for the price to earnings ratio models in table 17 

they seem to overall perform pretty badly. The worst performing model is the cyclically ad-

justed price to earnings model that is adjusted for the consumer price index that does not 

have a single correct prediction and only wrong prediction and missed crash predictions 

for the FTSE 100.It is the model that performs in the middle for the FTSE 250 index where 

it still only has around 15% accuracy and misses 75% of all the crashes. The best perform-

ing ratio model is the conventional price to earnings model for FTSE 100 with 50% accura-

cy and 75% missed crashes. At the same time this is the model performing the worst for 

the FTSE 250 index with only 9% accuracy and almost 90% missed warnings. It is inter-

esting to see how much of a difference it makes for the different price to earnings ratio 

models whether they are tested on the FTSE 100 index or the FTSE 250 index. Overall the 

bond stock earnings yields differential models perform significantly better that the price to 

earnings ratio models for the UK stock market. 

 

4.1.2.2. UK stock market summary 

The UK stock market has around half as much data available as the U.S. stock market but 

it still made a big difference in terms of far less results to conclude on. Overall the models 

does not perform that well. Contrary to the U.S. stock market the bond stock earnings yield 

differential models perform better than the price to earnings ratio models. The bond stock 
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earnings yield differential models perform better than all the price to earnings ratio models 

for both FTSE 100 and FTSE 250 regardless of “fair”, “positive” and “negative” view.  The 

bond stock earnings yield differential model has (for the most part far) better accuracy than 

the price to earnings ratio models and perform nearly as well or better than the price to 

earnings ratio models when it comes to number of missed crashes.  

When looking at the price to earnings ratios it is interesting to see the impact of the index 

they are being tested on. Generally the cyclically adjusted price to earnings ratio that is not 

adjusted by the consumer price index performs very similar on both indices with around 16 

– 30% accuracy and around 75 – 87% missed crash predictions for all the different views. 

When we look at the FTSE 100 the conventional price to earnings ratio model performs 

the best with 40 – 50% accuracy and 75% missed crash predictions for the FTSE 100. 

When we test the conventional price to earnings ratio on the FTSE 250 it is the worst per-

forming model with around 4½ - 9% accuracy and 87,50% missed crash predictions. The 

opposite is true for the cyclically adjusted price to earnings ratio model that is adjusted by 

the consumer price index. For FTSE 100 it is the worst performing model with around 0 – 

14% accuracy and around 94 – 100% missed crashes. For the FTSE 250 it has around 13 

– 20% accuracy and 75% missed crashes.  

In the end it is hard to come with definitive conclusions given the relatively limited number 

of events for the price to earnings ratios which means every event registered has a lot of 

weight on the results. With 24 years of monthly data where we only start to produce sig-

nals after five years due to using five years of moving average, we only have around 19 

years of monthly data giving a total of around 230 data observations we can use to evalu-

ate on. Out of those data observations we cannot even look at the past 12 months since it 

is not possible to say if they have at least ten percent decrease over the next year. Then it 

is a bit better with the bond stock earnings yield differential model using daily data obser-

vations producing more but shorter events to evaluate on.  

The overall best performing model of all tested models seems to be the bond stock earn-

ings yield differential model while the cyclically adjusted price to earnings ratio model that 

is not adjusted for the consumer price index seems to be the only ratio model that is usa-

ble on both the FTSE 100 and the FTSE 250 indices. 

 

4.1.3. German stock market 

The German stock market is, together with the UK stock market, one of the largest Euro-

pean stock markets. The data I have for the German stock market goes back to May 1997 

which is around twenty years of data. For the Garman stock market I will be testing the 

bond stock earnings yield differential model using both the 10-year government bond yield 

and the 30-year government bond yield on the German DAX index. This means I can test 

a large European stock market with both the 10-year and the 30-year bond yield where I 

was able to test large cap and middle cap index using the 10-year bond yield on the UK 
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market. Given I only have full data available back until May 1997 for the Garman market I 

will only be testing the price to earnings ratios based on a five years trailing mean since a 

ten years trailing mean would only start producing warning signals from May 2007 and 

forward. 

 

4.1.3.1. Fair View 

The “fair” view is a view where I have attempted to be as objective as possible when judg-

ing when to count events as correct prediction, wrong prediction or missed prediction. In 

the table 24 below the results for the different versions of the bond stock yield differential 

model can be seen. The table contains the results from four different models, the bond 

stock earnings yield differential model, the bond stock earnings yield differential model us-

ing ten year average for the earnings and the log version of both models. All four models 

have been tested using the 10-year government bond yield and the 30-year government 

bond yield on the German DAX index. The idea is to see what difference it has on the 

models if the index is being tested against different durations in the government bond 

yield.  

As mentioned previously I will only be looking at the “fair” view when looking at the Ger-

man market. The results for the “positive” view and the “negative” view can be seen from 

table 27-29 and table 30-32, respectively, in appendix 3. 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 1 1 1 1 1 1 

wrong 
        missed 5 5 7 7 7 7 7 7 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 2 2 1 1 
  wrong 

        missed 5 5 6 6 6 6 8 8 

Table 24: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the DAX index using a 10-year and a 30-year government bond. 

This is using a “fair” view when judging the model. 

 

When looking at table 24 there are, like the UK market, relatively few events. Overall we 

have the same amount of correct predictions using the 10-year government bond yield and 
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the 30-year government bond yield. Both bond yields have zero wrong predictions and 

overall they have almost the same amount of missed crashes. For both the 10-year and 

the 30-year government bond yield the best performing model is the standard non-

logarithmic bond stock earnings yield differential model followed by the non-logarithmic 

bond stock earnings yield differential model using ten years of average earnings. The 

models perform very similar though and having more data available would definitely have 

been an advantage since there are nearly too few events to come with proper conclusions 

on what model performs the best. 

If we look at the “positive” and the “negative” view we get very similar results. For the cor-

rect number of crash predictions all the views are identical when it comes to the 30-year 

government bond yield. When we look at the number of correct warning signals for the 10-

year government bond yield then the “fair” view and the “positive” view are the same. The 

difference happens with the negative view where we have twenty instead of twenty four 

correct predictions. For the number of wrong predictions it is zero under all three different 

views regardless of model and bond yield used. When examining the number of missed 

crashes the difference using different views is mainly taking place at the models using the 

10-year government bond yield. When we look at the models using the 10-year govern-

ment bond yield then each model has one less missed crash when going from “fair” to 

“positive” view whereas each model has two to three additional missed crashes when go-

ing from “fair” to “negative” view.  

It is interesting to see that, like with the UK market, then after twenty years of data it hardly 

makes any difference if you have a “positive” or a “negative” view other than the number of 

missed crashes for all the models using both the 10-year and 30-year government bond 

yield. I am a bit puzzled though that regardless of model there hasn‟t been a single wrong 

prediction. As mentioned earlier then it would be interesting to have more market data giv-

ing more results to analyse and hopefully greater differences between the models.  

Based on the, relatively little, data it seems that the 30-year government bond yield gives 

slightly better crash prediction than the 10-year government bond yield. The best perform-

ing model is the standard bond stock earnings yield differential model.  

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 2 2 1 1 1 1 1 1 1 1 

wrong 
        

3 2 3 2 

missed 1 1 2 2 1 1 1 1 1 1 1 1 

Table 25: the number of correct, wrong and missed crash predictions for the DAX index using the 

cyclically adjusted price to earnings ratio with and without the adjustment for the consumer price 

index and the conventional price to earnings ratio. All models are based on a moving average of 5 

years. This is using a “fair” view when judging the model. 
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In table 25 we see the results for the different price to earnings ratio models on the DAX 

index. Once again we have relatively few results available to compare the models so the 

conclusions risk being a bit vague given the few events. Based on the fifteen years of sig-

nals it appears that the non-logarithmic models generally perform better than the logarith-

mic versions. The best performing models are the cyclically adjusted price to earnings rati-

os where it performs better when adjusted for the consumer price index. The only model 

giving wrong crash predictions is the conventional price to earnings ratio. When looking at 

the “positive” and “negative” versions we start to see more variation compared to the bond 

stock earnings yield differential model. For the cyclically adjusted price to earnings model 

that is adjusted by the consumer price index there is no difference between the “fair” and 

the “positive” view and when looking at the “negative” view the only difference is an in-

crease in missed number of crashes by a total of four for the log-versions. When we look 

across all the different price to earnings ratio models the “fair” view and the “negative” view 

have the same amount of correct crash predictions with the “positive” view having an addi-

tional seven correct predictions. For the number of wrong crash predictions the “positive” 

view have two less wrong predictions compared to the “fair” view whereas the “negative” 

view have an additional three extra wrong predictions compared to the “fair” view. For the 

number of missed crash predictions there is one and five more than the "“fair” view for the 

“positive” and “negative” view respectively. The reason why the “positive” view has more 

missed crash predictions than the “fair” view is because more crash signals have been 

counted as individual crashes to make the number of correct crash warnings seem higher. 

When looking across the “fair”, “positive” and “negative” view the cyclically adjusted price 

to earnings ratio model adjusted by the consumer price index is the best performing mod-

el. 

 

4.1.3.1.1. Model significance 

For the German stock market I will once again combine several models instead of testing 

every single model on its own. In table 26 below it is possible to compare the impact of 

different parameters. Like previously the BSEYD10 and BSEYD 30 covers the bond stock 

earnings yield differential models using the 10-year government bond yield and the 30-

year government bond yield respectively. For all models α = 5% and α = 1% is combined. 

The price to earnings ratio models are named in the same way as with the U.S. and the 

UK stock market. By listing the models in this way it is possible to compare the impact it 

makes to use bond yields of government bonds with varying time to maturity for the bond 

stock earnings yield differential model and compare them to the price to earnings ratios 

based on a five year moving average.  
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BSEYD 10 BSEYD 30 CAPE + CPI CAPE P/E 

Correct 12 12 10 4 4 

Wrong 0 0 0 0 10 

Missed 52 50 6 4 4 

Correct warnings 100,00% 100,00% 100,00% 100,00% 28,57% 

False warning 0,00% 0,00% 0,00% 0,00% 71,43% 

Missed warnings 81,25% 80,65% 37,50% 50,00% 50,00% 

Table 26: the significance of the different models under the “fair” view compared to each other. 

 

In table 26 above it is possible to see the impact of using bond yields with different times to 

maturity. Given we only have twenty years of data for the bond stock earnings yield differ-

ential models we only have ten years of signals making it very limited in number of events. 

Based on those ten years thought it seems like it makes very little difference whether we 

use 10-year or 30-year government bond yields. This is a bit surprising given the relatively 

large impact the difference in the bonds made on the U.S. market. If the 30-year govern-

ment bond yield continue to perform this well it would be positive since it makes it possible 

to test the logarithmic models on the German market which is not possible with the nega-

tive yield on the 10-year government bond that we recently experienced.  Overall the bond 

stock earnings yield differential models perform very well. They have a large amount of 

correct crash predictions with zero wrong predictions. They do have a fairly large amount 

of missed crash predictions by only predicting around one out of every five crashes expe-

rienced. For the price to earnings models both the cyclically adjusted price to earnings 

models perform well with 100% accuracy and zero wrong crash predictions. The model 

adjusted by the consumer price index catches around two out of three crashes where the 

model that is not adjusted by the consumer price index only catches every second crash. 

The conventional price to earnings model does not perform that well with less than 30% 

accuracy and 50% of the crashes being missed. When we look at the “positive” and “nega-

tive” views the pattern is the same with the bond stock earnings yield differential models 

performing the best followed by the consumer price index adjusted cyclically adjusted price 

to earnings model and the conventional price to earnings model performing the worst.  

 

4.1.3.2. German market summary 

The German stock market has relatively little data available given a twenty year period 

leading to ten years of results for the bond stock earnings yield differential model and fif-

teen years of results for the price to earnings ratios. Overall the models preform pretty 

well. Like with the UK stock market, and contrary to the U.S. stock market, the bond stock 

earnings yield differential models perform better than the price to earnings ratios. This is 

only true because the conventional price to earnings ratio performs pretty badly. Disre-

garding the conventional price to earnings ratio model all the other models have 100% ac-

curacy and only variance between the models is the ratio of correct to missed predictions 
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where the cyclically adjusted price to earnings ratios predict far more than the bond stock 

earnings yield differential model. 

Like with the UK market it is hard to come with definitive conclusions given the relatively 

limited number of events. Based on the little results it does seem that both the bond stock 

earnings yield differential model and the cyclically adjusted price to earnings models have 

good predictive power. 

 

4.1.4. Danish stock market 

The Danish stock market is a relatively small stock market. The C20 Cap index is the lead-

ing Danish stock index but since the index didn‟t start until the end of 2011 there is too little 

data to actually making any testing on it. Therefore I am looking at the KFX index instead 

where the data goes back to the end of 1989. The KFX (also known as C20) and the C20 

Cap comprise of the same twenty companies. The difference between the two indices is 

that in the C20 Cap no company can have a weight above twenty percent. The C20 Cap 

was made after Denmark‟s largest company, Novo Nordisk, became too big compared to 

the rest of the companies. Therefore I was considering using the KFX index and subtract 

Novo Nordisk to avoid the skewness in the direction of Novo Nordisk. Manually adding or 

subtracting one or more companies would just create a new problem namely, when to 

stop? Besides Novo Nordisk we have another five pharmaceutical companies22  among 

the twenty companies in the index. Besides the six pharmaceutical companies we have 

three banks. This means that it is hard to avoid some kind of skewness or “industrial bias” 

given the heavy concentration of pharmaceutical and financial companies. Therefore I 

have decided to leave the KFX index as it is without any changes. 

For the Danish market I only have data available for the 30-year government bond yield 

when testing the bond stock earnings yield differential model. For the price to earnings 

ratio models I will only test them with a five year moving average given the limited data 

available, starting in May 1993. 

 

4.1.4.1. Fair View 

As with the UK and the German stock market I will only be looking at the “fair” view when 

judging when to count events as correct prediction, wrong prediction or missed prediction. 

In table 33 below the results for the different versions of the bond stock earnings yield dif-

ferential model using the 30-year government bond yield can be seen.  

The results for the “positive” view and the “negative” view can be seen in table 36-38 and 

table 39-41, respectively, in appendix 4. 

                                                           
22

 Chr. Hansen Holding, Coloplast, Genmab, Lundbeck and Novozymes. 
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KFX 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 2 2 1 1 2 2 

wrong 1 1 1 1 
  

1 1 

missed 8 8 7 7 8 8 7 7 

Table 33: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the KFX (C20 non-cap) index using a 30-year government bond 

yield. This is using a “fair” view when judging the model. 

 

When looking at table 33 there are relatively few signals. The model seems to benefit from 

using ten year average earnings producing one more correct prediction and one less 

missed crash compared to the models using the current earnings only. The best perform-

ing models are the bond stock earnings yield differential models using the ten year aver-

age earnings with identical results for the non-logarithmic and the logarithmic version. The 

models using current earnings perform very similar with the only difference being the log-

version not having a wrong prediction like the other models.  

When we look at the “positive” and “negative” views we get almost the same results. For 

the number of correct predictions it makes no difference what view we take and for the 

number of missed crashes every model under “positive” view have one less missed crash 

compared to the “fair” view and the “negative” view have one more missed crash com-

pared to the “fair” view. This applies to both α = 5% and α = 1%. When we look at the 

number of wrong predictions there is no difference between the “fair” view and the “posi-

tive” view and the “negative” view is only different for the standard bond stock earnings 

yield differential model where we see one more wrong prediction at α = 5% and two more 

wrong predictions at α = 1%.  

It is interesting to see that the Danish stock market behaves the same way as the UK and 

German stock markets where there is generally very little difference among the different 

views.  

Once again the limited amount of data makes it hard to come with definitive conclusions 

but based on the past almost thirty years of data for the Danish stock market the best 

models appear to be the standard and the logarithmic versions of the bond stock earnings 

yield differential model using ten years of average earnings. The worst performing model is 

the standard bond stock earnings yield differential model. 
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CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE CAPE logCAPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 1 
 

2 3 1 1 3 3 2 1 

wrong 
  

1 1 
    

4 5 
  missed 2 2 4 4 1 

 
2 2 

  
1 2 

Table 34: the number of correct, wrong and missed crash predictions for the KFX (C20 non cap) 

index using different price to earnings ratio models based on a moving average of 5 years. This is 

using a “fair” view when judging the model. 

 

In table 34 we see the results for the different price to earnings ratio models on the KFX 

index. Again we see relatively few events but this time there is more variation between the 

different models. Generally the non-logarithmic versions perform better than the logarith-

mic versions. Of the different models the cyclically adjusted price to earnings ratio that is 

not adjusted by the consumer price index is the best performing model with the conven-

tional price to earnings ratio model being the worst. The conventional price to earnings 

ratio model does predict more crashes but at the same time it also has significantly more 

wrong predictions.  

When looking at the “positive” and the “negative” versions we see more variation com-

pared to the bond stock earnings yield differential model and also compared to the UK and 

German stock market indices. When comparing the “positive” view with the “fair” view we 

see the same amount of correct predictions but one less wrong prediction and four less 

missed crashes. The “negative” view compared to the “fair” view produce five less correct 

predictions, three more wrong predictions and nine more missed crashes. The Danish 

stock market is thus, like the U.S. stock market, seeming a bit harder to be truly objective 

on compared to the UK and the German market. When looking across the different views 

the best performing model seems to be the cyclically adjusted price to earnings model that 

is not adjusted by the consumer price index with the non-logarithmic performing better 

than the logarithmic version.  

 

4.1.4.1.1. Model significance 

For the Danish stock market I will continue to combine several models instead of testing 

the models individually. In table 35 below it is possible to compare the bond stock earnings 

yield differential model using the 10-year government bond yield against the different price 

to earnings ratio models.  
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BSEYD 30 CAPE + CPI CAPE P/E 

Correct 12 7 7 9 

Wrong 6 2 0 9 

Missed 60 12 5 3 

Correct warnings 66,67% 77,78% 100,00% 50,00% 

False warning 33,33% 22,22% 0,00% 50,00% 

Missed Warnings 83,33% 63,16% 41,67% 25,00% 

Table 35: the significance of the different models under the “fair” view compared to each other. 

 

In table 35 above it is possible to see how the different models perform on the Danish 

stock market. We have around 28 years of data available for the bond stock earnings yield 

differential model producing around 18 years of signals and 24 years of data available for 

the price to earnings ratio models producing around 19 years of signals.  

The best performing model remains the cyclically adjusted price to earnings ratio model 

that is not adjusted by the consumer price index, followed by the ratio adjusted by the con-

sumer price index. The bond stock earnings yield differential model performs decently and 

the conventional price to earnings model does not perform too well although not bad.  

When we look at the “positive” and “negative” views the pattern is the same with most of 

the models with some of the variation being the bond stock earnings yield differential mod-

el having around 10 percentage points less accuracy in the negative view. For the price to 

earnings ratio models the biggest variation is in the cyclicaly adjusted price to earnings 

ratio adjusted by the consumer price index that increases its accuracy with around 10 per-

centage points when going from “fair” to “positive” and losing around 20 percentage points 

of accuracy when going from “fair” to “negative”. For the conventional price to earnings 

model the accuracy is the same for the “fair” and the “positive” view and 12,5 percentage 

points lower accuracy with the “negative” view. For the number of missed crashes the 

models do not have much variation except for the conventional price to earnings ratio 

which increases from 25% to 62,5% missed crashes. 

 

4.1.4.2. Danish market summary 

The Danish stock market has produced relatively differentiated signals giving a bit more 

differentiation between the models. Like the U.S. stock market, and opposite the UK and 

German stock market, the cyclically price to earnings models perform better than the bond 

stock earnings yield differential model. The bond stock earnings yield differential model 

does perform averagely though and only the conventional price to earnings ratio does not 

perform that well.  
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Unlike the other European markets the Danish stock market does not have multiple varia-

bles that are being tested like bonds with different time to maturity or different index within 

the same market.  

 

4.1.5. All stock markets 

Finally I have tried to add the results for all the markets together to see how well they per-

form regardless of the market. For the bond stock earnings yield differential model I will be 

using the S&P 500, FTSE 100, FTSE 250 and DAX when testing using the 10-year gov-

ernment bond yield and will be using the S&P 500, DAX and KFX when testing using a 30-

year government bond yield. 

For the price to earnings ratio I will not be using the 10 year trailing mean as this was only 

possible on the S&P 500 and has thus already been worked though previously. For the 

price to earnings ratios using 5 years of moving average I will be using all markets, mean-

ing S&P 500, FTSE 100, FTSE 250, DAX and KFX. 

As similar to the UK market, the German market and the Danish market I will only be look-

ing at the results for the “fair” view. The results for the “positive” view and the “negative” 

view can be seen from table 45-47 and table 48-50, respectively, in appendix 5. 

  

4.1.5.1. Fair view 

As previously the “fair” view is where I try to be as objective as possible when counting the 

number of events. In table 42 below the results for the different versions of the BSEYD 

model can be seen.  
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Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 12 12 11 11 10 10 10 10 

wrong 9 9 8 8 6 6 6 6 

missed 26 26 26 26 28 28 27 27 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 6 6 8 8 6 6 7 7 

wrong 6 5 8 7 3 2 2 2 

missed 24 24 24 24 24 24 24 24 

Table 42: the number of correct, wrong and missed crash predictions using the bond stock earn-

ings yield differential model for all markets using both 10-year and 30-year government bond yield. 

This is using a “fair” view when judging the models. 

 

As seen from table 42 it is clear that the models seem to perform better when using the 10-

year government bond yield. Using the 10-year government bond yields the non-log ver-

sions of the BSEYD models produce more correct crash signals with only a few more 

wrong signals. At the same time the number of missed crashes is only slightly higher so 

overall the non-log versions of the BSEYD model has higher accuracy in the predictions 

while also predicting a larger share of all the crashes that occurred when using the 10-year 

government bond yield compared to using the 30-year government bond yield. When look-

ing at log-versions of the BSEYD models they appear to perform better when using the 30-

year government bond yield compared to using a 10-year government bond yield. When 

using the 10-year government bond yield the models predict a larger number of crashes 

but it comes at the expense of also having more wrong predictions meaning the accuracy 

decreases. In the end it is a trade-off between using the 10-year government bond yield 

predicting a slightly larger share of the total number of crashes that happens compared to 

using the 30-year government bond yield but at the same time it is with a lower accuracy. 

If we look at the “positive” and “negative” view then the results are a bit different. Using the 

positive view it is always better to use the 10-year government bond yield over the 30-year 

government bond yield. For the negative view the 10-year government bond yield is supe-

rior for the non-log BSEYD models while the log-versions of the models performs very sim-

ilar when it comes to accuracy but the 10-year government bond yield leads to more 

missed crashes compared to using the 30-year government bond yield. 

For table 43 below I have added all the results for the price to earnings ratios for all the 

markets using five years of moving average. 
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CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 19 19 4 3 13 14 6 5 12 13 9 8 

wrong 13 8 11 10 4 4 9 6 11 14 9 7 

missed 18 18 33 33 12 11 19 20 15 14 18 19 

Table 43: the number of correct, wrong and missed crash predictions for all markets using the cy-

clically adjusted price to earnings ratio adjusted by the consumer price index, the cyclically adjust-

ed price to earnings ratio not adjusted by the consumer price index and the conventional price to 

earnings ratio. All models have a trailing mean of five years. This is using a “fair” view when judg-

ing the models. 

 

From table 43 above we can see that the price to earnings models generally performs bet-

ter in the non-logarithmic versions compared to the log-versions. Overall the log-versions 

perform rather poorly. When looking at the non-log versions the cyclically adjusted price to 

earnings model that is not adjusted by the consumer price has the highest accuracy for its 

predictions and is also the model that has the highest share of crashes predicted. The 

CAPE that is adjusted by the consumer price index performs slightly worse while the worst 

performer is the conventional price to earnings ratio. 

When looking at the “positive” view then the results are the same as with the “fair” view 

whereas with the “negative” view the cyclically adjusted price to earnings model that is ad-

justed by the consumer price index performs slightly better than when it is not adjusted by 

the consumer price index. 

 

4.1.5.1.1. Model significance 

Similar to when testing the individual markets for the models significance I have combined 

the non-logarithmic and the logarithmic models and the 5% and 1% significance levels to-

gether and look at the whole model combined as seen in the table below. 

 
BSEYD 10 BSEYD 30 CAPE + CPI CAPE P/E 

Correct 86 54 63 54 56 

Wrong 58 35 48 27 51 

Missed 214 192 144 98 104 

Correct warnings 59,72% 60,67% 56,76% 66,67% 52,34% 

False warning 40,28% 39,33% 43,24% 33,33% 47,66% 

Missed Warnings 71,33% 78,05% 69,57% 64,47% 65,00% 

Table 44: the significance of the non-log and log-versions at both significance levels combined for 

each of the models using a “fair” view. 

 



 
 

Page 65 of 99 
 

As seen from table 44 above then the models perform fairly similar with an accuracy of 

around 52% to 67% while they are able to predict around 22% to 35% of all the market 

crashes observed. The model with the highest accuracy is the cyclically adjusted price to 

earnings model that is not adjusted by the price to earnings ratio. This is also the model 

that predicts the largest share of all market crashes. If we adjust CAPE by the consumer 

price index its accuracy drops below the bond stock earnings yield models for both the 10-

year and 30-year government bond yield. The BSEYD models using 10-year government 

bond yield does predict slightly less of all the crashes taking place. When looking at the 

BSEYD model using the 30-year government bond yield if fails to predict almost 10 per-

centage points more of the crashes that happens compared to the CAPE adjusted by CPI. 

Interestingly the conventional price to earnings model is only correct slightly more than half 

of all its predictions but at the same time it predicts a larger share of all crashes happening 

than the majority of all the models. 

 

4.1.5.2. All markets summary 

Overall the price to earnings ratios appear to perform better than the bond stock earnings 

yield model with the non-log version of the cyclically adjusted price to earnings ratio being 

the superior model when it comes to crash prediction. Interestingly it appears that adjust-

ing for the consumer price index seems to make the model perform slightly worse. For the 

bond stock earnings yield differential models a slightly higher accuracy is achieved by us-

ing the 30-year government bond yield while the 10-year government bond yield is able to 

predict a larger share of all crashes observed. 

 

4.2. Market correlations 

As mentioned previously the Danish stock market index is heavily influenced by especially 

pharmaceutical companies and also to some degree by financial institutions. This means 

the index can be skewed by how that sector performs. During the American President 

election in 2016 we saw the prices for pharmaceuticals being debated which lead to a de-

crease in the prices of the pharmaceutical companies. Such an even can have a much 

larger impact on the Danish index than a larger index like S&P 500 or FTSE 100 since 

they have many more companies in their indices. At the same time the Danish stock mar-

ket is so small that I can only imagine it is following the global market to some degree. 

Therefore I‟m interested in seeing how well the correlation is between some of the markets 

and especially how the Danish market is correlated to the U.S., the UK and the German 

market. If the market correlation is high we might be able to use the other markets as a 

proxy for potential global market downturns that would affect the Danish market. 

To examine the correlation between the different markets I have tested the correlation co-

efficient between the different indices starting the 4th of December 1989, where I have data 

available for S&P 500, FTSE 100, FTSE 250, DAX and KFX. 
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  KFX FTSE 100 FTSE 250 DAX S&P 500 

KFX 1 0,973469 0,780656 0,949802 0,933349 

FTSE 100 0,973469 1 0,820661 0,955817 0,931932 

FTSE 250 0,780656 0,820661 1 0,914245 0,932018 

DAX 0,949802 0,955817 0,914245 1 0,976069 

S&P 500 0,933349 0,931932 0,932018 0,976069 1 

Table 51: the correlation coefficient between S&P 500, FTSE 100, FTSE 250, DAX and KFX for 

the past 27 years. 

 

As seen from table 51 we see that there is relatively high correlation among most indices. 

The one outlier is the FTSE 250 that has around 80% correlation with FTSE 100 and KFX. 

This is interesting given it has over 90% correlation with S&P 500 and DAX. FTSE 250 is 

the only index that does not contain the large-cap companies. 

If we look at the Danish KFX index then the values for the correlation coefficients follow 

very much what was expected. We have very high correlation of 97% with the FTSE 100 

which I would consider being the leading index when it comes to showing the status of the 

European economy. The second highest correlation is with the German DAX index with 

95% correlation. That follows very well with both the Danish and the German indices being 

relatively small indices, in terms of number of companies, and with Denmark and Germany 

being very connected. Lastly we have a 93% correlation with the S&P 500 index that is 

one of the most used indices in the world. Since the index have very different values I 

have set all the indices to a start value of 100 by the 4th of December 1989. By having all 

the indices starting at the same level it is easier to see the development of the different 

indices over the time period. 
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Figure 4: the development of the indices over the past almost 28 years. 

 

As seen by figure 4 above the indices generally follow the same trends. Around the millen-

nium tech bubble the American and German stocks rose more than the other European 

stocks but they all came close to each other again during the crash – with the S&P 500 

remaining a bit above the European market. After the tech bubble we see the FTSE 250 

remain at a low level and does not follow the rest of the stocks upwards from this point. 

After the tech bubble the European stocks catches up the S&P 500 and they are near the 

same level when we have the global financial crisis where they follow down and afterwards 

follow along on their way up again. Given this high correlation and the markets follow each 

other so well it increases my belief that we can use some of the larger indices as a kind of 

proxy for the Danish stock market. One thing to note though, around middle of 2014 the 

Danish stocks increase tremendously compared to the rest of the indices. To try to see 

how the “new” leading Danish stock index, the C20 index, follows along I have done the 

same test adding C20 to the rest and then have a starting date of 28th of November 2011 

where the C20 was launched. 
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  KFX C20 FTSE 100 FTSE 250 DAX S&P 500 

KFX 1 0,98538 0,914357 0,630065 0,914295 0,920495 

C20 0,98538 1 0,950275 0,715412 0,948251 0,963054 

FTSE 100 0,914357 0,950275 1 0,858921 0,974326 0,974359 

FTSE 250 0,630065 0,715412 0,858921 1 0,857492 0,841444 

DAX 0,914295 0,948251 0,974326 0,857492 1 0,969013 

S&P 500 0,920495 0,963054 0,974359 0,841444 0,969013 1 

Table 52: the correlation coefficient between KFX, C20, FTSE 100, FTSE 250, DAX and S&P 500 

for the past six years. 

 

From table 52 we see that over the past six years there has been a very high correlation 

between the two Danish stock indices, with the main difference probably being the cap of 

Novo Nordisk. When Novo Nordisk is being capped so it isn‟t influencing the entire index 

as much as the KFX index we see a higher correlation with all other markets. For FTSE 

100, DAX and S&P 500 we have 95%, almost 95% and 96% correlation respectively.  

 

Figure 5: the correlation coefficient between KFX, C20, FTSE 100, FTSE 250, DAX and S&P 500 

for the past six years. 

 

From figure 5 we see some of the same trends as with figure 4. FTSE 250 is performing 

relatively bad compared to the rest of the indices. FTSE 100 and S&P 500 are following 
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each other very closely and DAX is following them with a few spikes where it temporarily 

outperform them. In the long run they seem to be closely correlated. For the first few years 

the two Danish stock indices follow the rest of the indices but around 2014 they start to 

perform better and by the fall 2014 the Danish indices increase very much compared to 

the other indices indicating the Danish markets might be a bit too high right now. This 

could also be the skewness produced by the pharmaceutical companies which would also 

explain the drop in the Danish indices by the end of 2016 during the American Presidential 

election. 

 

4.3. Models as trading strategy 

Since the model should be able to predict when a market crash might be pending the 

model should, in theory, be able to produce excess return compared to the general market 

by exiting the market before a crash. The idea for how to invest using the model is sug-

gested in (Ziemba & Lleo, 2014b, p. 25). They suggest that every time the bond stock 

earnings yield differential model reaches an exit threshold of 90 or 95% the model should 

exit the market and not ether again until it reaches an entry threshold of 70, 75, 80, 85 or 

90% (the 90% entry threshold can of course only be applied to the model with a 95% exit 

threshold). The way to calculate the exit and entry thresholds as described in section The 

model as trading strategy.  

When we use the model as a trading strategy an exit signal would make us go 100% in 

cash until there is an entry signal which would make us go 100% in stocks. There is no in 

between or partial investments like 50/50 of stocks and cash – it is all or nothing. 

When testing the model as a trading strategy I will only be testing the original bond stock 

earnings yield differential model using a 10-year government bond yield. It could have 

been interesting to test the other versions of the model using ten year average earnings, 

the logarithm to both models and test them all with a five year threshold instead of the 

standard ten years and also using the 30-year government bond yield. This would, howev-

er, produce sixteen different versions of the model and if I also tested the price to earnings 

ratio models it would be another twelve models to test. 28 different models with nine differ-

ent combinations of entry and exit thresholds along with the buy and hold strategy for all 

models to test against it would have been a total of no less than 280 results for every mar-

ket that would have all data available. If I tested for excess return using only the same test 

combinations I have used during the testing of the models themselves it would still be 148 

combinations of models and markets leading to a total of 1480 test results for excess re-

turn. This would have been an entire paper on its own which is why I will only be testing 

the “original” version of the bond stock earnings yield differential model and how well it 

performs as a strategy for long term investment. 
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The test for excess return is being done on the S&P 500 index where I am able to test for 

the longest time period. The start date of the test is 21st of December 1971 where the in-

dex is in 101,80. The last date for the test is the 2nd of October 2017. 

  
Exit threshold = 95 % 

Entry threshold S&P500 90% 85% 80% 75% 70% 

End value 2519,36 3192,82 3614,99 3453,35 3684,06 3756,71 

Advantage over "buy and hold" 0,00% 26,73% 43,49% 37,07% 46,23% 49,11% 

       

  
Exit threshold = 90 % 

 Entry threshold S&P500 85% 80% 75% 70% 
 End value 2519,36 3475,27 2967,57 3053,82 3061,70 
 Advantage over "buy and hold" 0,00% 37,94% 17,79% 21,21% 21,53% 
 Table 53: the returns for the different entry and exit thresholds. 

 

As seen by table 53 the bond stock earnings yield differential model seems like a very 

good trading strategy with an excess return of almost 18% to almost 50% compared to the 

buy and hold strategy. When we look at the difference between the two exit thresholds we 

see that the 95% exit threshold performs around 5,5 to 27,5 percentage points better than 

the 90% exit threshold with the same entry thresholds. This follows the general logic of the 

buy and hold strategy where the 95% exit threshold lets us stay in the market longer com-

pared to the 90% threshold. This is also seen from table 54 below where we see that the 

95% exit threshold is around 4 percentage points longer in the market than the 90% exit 

threshold with the entry thresholds unchanged. 

  
Exit threshold = 95 % 

Entry threshold S&P500 90% 85% 80% 75% 70% 

Days in index 11.945 11.263 11.157 11.048 10.922 10.793 

Time in index 100,00% 94,29% 93,40% 92,49% 91,44% 90,36% 

       

  
Exit threshold = 90 % 

 Entry threshold S&P500 85% 80% 75% 70% 
 Days in index 11.945 11.257 11.151 11.042 10.916 
 Time in index 100,00% 94,24% 93,35% 92,44% 91,39% 
 Table 54: the time spend in the index for the different entry and exit thresholds. 

 

The idea that one should not try to leave the market to avoid market corrections follows a 

famous quote by former fund manager Peter Lynch. 
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“Far more money has been lost by investors preparing for corrections or trying to antici-

pate corrections than has been lost in corrections themselves – Peter Lynch” (Bushman, 

2016). 

The comment from Peter Lynch is similar to another famous quote made by Warren Buffett 

“I have never met a man who could forecast the market” (http://www.quoteswise.com). 

These quotes follow the general belief that it is hard to beat the market and that one 

should be careful about pulling out of the market to avoid future downturns. Initially I would 

have expected to see the strategies with the most time in the index to be the ones per-

forming the best. It is interesting to see how the entry threshold is not having an almost 

linear function showing a higher return with more time in the index. One reason might be 

that once we hit the 90 or 95% exit threshold a market correction might actually be pend-

ing. Once we have a market crash it might continue down and many times go down below 

the e.g. 80% threshold meaning one would enter the market again too soon. With the exit 

threshold of 95% it pays off to wait as long as possible before entering the market again 

for the different strategies tested. For the 90% threshold the best strategy is to enter again 

as soon as possible which might be explained by the 90% exit threshold being triggered 

too often and/or too soon leading to the strategy missing out on too much increase in the 

index before it manages to re-enter. It could be interesting to test the model further on oth-

er indices and using other crash prediction models. Overall the bond stock earnings yield 

differential model seems like a strong investment strategy with an excess return of around 

17 to 49% above the buy and hold strategy. 

 

4.4. Data criticism 

During the data analysis it became apparent that the results I was getting was very differ-

ent from the results in the published papers I had been using as support for the theoretical 

part. This made me look more into the difference in my data compared to other data. I tried 

to look at the data I have obtained from the Bloomberg Terminal and compare it with the 

data from Shiller (Shiller, www.econ.yale.edu)23 and the data listed in Ziemba‟s paper 

(Ziemba & Lleo, 2014b, p. 4). Shiller is using 10-years government bonds so the yields 

below are only available for Ziemba and Bloomberg. In table 55 and table 56 the price to 

earnings for Shiller is calculated using the price and the earnings listed in Shiller‟s data 

and is not the CAPE. If we look at the data from February 1986 we can see the following: 

  
S&P 500 

price P/E 
30-year gov. 

bond 

Ziemba 219,37 15,67 8,28 

Bloomberg 226,96 14,27 8,28 

Shiller 219,40 15,08 
 

                                                           
23

 The data that is supporting Shillers Irrational Exuberance book is still being updated and available online.  
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Table 55: S&P 500 price, price to earnings ratio and 30 years government bond yield for February 

1986. 

 

As seen from table 55 we can see that Ziemba and Shiller have nearly the same price for 

the S&P 500 index but still have some variation in the earnings leading to different price to 

earnings ratios. Bloomberg is listing a higher price for the S&P 500 index than the two oth-

ers which makes it natural that it also has a lower price to earnings ratio. When looking at 

the 30-years government bond yield then Ziemba and Bloomberg have the same numbers. 

If we try to look at the same numbers but from August 1987 instead we see the following: 

  
S&P 
price P/E 

30-year gov. 
bond 

Ziemba 329,36 18,55 9,17 

Bloomberg 329,80 23,39 9,15 

Shiller 329,40 21,42 
 Table 56: S&P 500 price, price to earnings ratio and 30 years government bond yield for August 

1987. 

 

In table 56 we see that Ziemba, Bloomberg and Shiller have almost the same prices for 

the S&P 500. This time the price to earnings ratios vary a great deal though and the differ-

ence in the ratio vary 4,84 between Ziemba and Bloomberg while Shiller is laying some-

where in between. At the same time the 30-year governmental bond yield is slightly differ-

ent between Ziemba and Bloomberg. The difference in the prices for the S&P 500 index 

creates food for thought since In table 55 Bloomberg shows the lowest price to earnings 

ratio and a year and a half later the highest price to earnings ratio is also given by Bloom-

berg as seen in table 56. I assumed it was a bit of standard to use the closing price. Had 

the closing price always been used the numbers ought to be the same. The big surprise, 

though, comes in the price to earnings ratios that are very different. I did expect to get 

slightly different results than the comparing literature due to different data sources and po-

tential rounding in numbers but I did not expect to see differences of such magnitude. By 

comparing the price to earnings ratio of Ziemba and Bloomberg for August 1987 then 

Bloomberg reports a price to earnings ratio that is around 26% larger than Ziemba. If we 

calculate the earnings for the time by dividing the price for the index with the ratio then 

Ziemba has an earnings of 17,76 compared to Bloomberg‟s 14,10.  

Something that is almost more interesting is that in the same paper (Ziemba & Lleo, 

2014b, p. 41) they use the price to earnings ratio and ten-year Treasury bond yields using 

the data from Robert Shiller. The data that was used above for table 55 and table 56 they 

list the source as a paper written by Ziemba and Schwartz.24 Just below the figures that 

                                                           
24

 Ziemba and Schwartz (1991): Invest Japan. Probus, Chicago. 
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are based on the price to earnings ratios from Shiller they show a table with the earnings 

forecast made by analysts with the source listed as Mauldin (2009).25 It is interesting that 

they use different sources for the price to earnings ratio in the same paper. This makes me 

wonder how much of a difference it makes that they used different sources with variations 

in the data that otherwise ought to be identical. Especially when they use earnings fore-

casts to determine if the model would have predicted the 2009 crash when the model oth-

erwise use historical data. This raises the big question if the conclusions would have been 

any different if only one data source had been used consistently throughout the paper? 

And would the conclusions have been different if other data sets had been used? I do not 

know why different data sources were used in different parts of the paper. One reason 

might be that it is the easy way to reuse previous findings and past writing by the authors 

themselves.  I do find it strange, though, that a paper from 2014 use earnings forecasts 

that was made in 2009 when the paper otherwise use historical data.  

If we look at the data in a different paper and compare to Shiller and Bloomberg then 

something even more extreme can be observed. The table 57 below is made from data 

shown in (Ziemba & Lleo, 2012, p. 1178), the price to earnings ratio calculated using the 

data from Shiller, the CAPE given by Shiller and the data available at the Bloomberg Ter-

minal and Datastream. 

  
Ziemba 

P/E 
Shiller 

P/E 
Shiller 
CAPE 

Bloomberg 
P/E 

Datastream 
P/E 

February 2006 20,00 17,80 26,25 17,19 Unavailable 

June 2007 17,00 18,36 27,41 16,82 23,1 

June 2008 18,00 26,11 22,42 17,43 23,4 

May 2009 33,30 123,73 16,00 16,81 9,9 

May 2010 20,47 17,30 20,48 16,48 124,9 

February 2011 23,83 16,52 23,49 16,15 76,8 

Table 57: Price to earnings ratios and 10-year government bond yields obtained from Ziemba & 

Lleo (2012), Robert Shiller, Datastream and Bloomberg. 

 

The data in table 57 Ziemba & Lleo writes “Table 6 for the S&P500 has the calculations for 

the years 2006 to 2011 on trailing price-earnings ratios that are usually used for these cal-

culations and for 2011 which uses Shiller‟s average inflation-adjusted earnings from the 

previous 10 years” (Ziemba & Lleo, 2012, p. 1178). It is interesting that they write that they 

use Shiller‟s data and yet the numbers are different from those Shiller uses. The observa-

tions for May 2009 is one of the most extreme where Ziemba‟s price to earnings ratio is 

more than double that of Shillers CAPE and nearly double that of Bloomberg. If we calcu-

late the “normal” price to earnings ratio for that month using Shillers data we get an exorbi-

tant ratio of 123,73. One year later, May 2010, Datastream gives an even more extreme 

price to earnings ratio of 124,9. The above table 57 shows that the data can vary greatly 
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 Mauldin, J. (2009, April 10). Is that recovery we see? John Mauldin’s Weekly E-letter. 
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depending on the source used to obtain the data. In most of the papers I have used as 

background materials throughout this thesis I generally do not see much about the original 

source of the data. The data often comes from a different paper or otherwise not properly 

explained how the data was obtained. As seen in table 57 it can be assumed that different 

results can come from different data samples from different sources. Some of the differ-

ences are so large that I cannot help wonder if other conclusions would have been made if 

other data had been used. By using data from another paper it becomes less transparent 

where the data comes from originally and the reader would have to go through several 

papers just to figure out where the data was obtained originally. Also looking at the data in 

table 57 then the level of volatility varies greatly among the ratios from different sources. 

Models that are based on the changes in the price to earnings ratios and with confidence 

limits that are determined partly by the level of volatility in the historical data it makes a big 

difference if you use data from Bloomberg that is very consistent as in table 57 or you cal-

culate the ratio using Shiller‟s data and get a larger mean and a much larger variance. Dif-

ferent results and different conclusions might come depending on if you use the ratio given 

by Bloomberg or by calculating the ratios using Shiller‟s data. Datastream didn‟t even give 

the price to earnings ratio for February 2006. 

I cannot help wonder if some researchers might use the data that fits the best with the 

conclusion they hope to make. Looking at the above data it is obvious it makes a huge 

difference if the price to earnings ratio for May 2009 is 16,00 or 123,73. I would like to 

make it very clear that I obviously do not have any reason to believe that any of the mate-

rials I have read for this thesis of doing such things. Yet, given the enormous amount of 

research papers that are published all the time all over the world, I cannot help worrying 

that a few of these might fall into the category of using the data that suits their research 

thesis the best. If that is the case with even just a minuscule number of the papers it still 

creates the doubt of how much the results of a paper can be trusted. 

Also, since the findings can vary depending on the data used it also makes it harder to 

come with any conclusive results about a model or a forecast since the difference in data 

can give different results. The models are never better than the data used and with a dif-

ference in the data the models will always give different results. This really shows how 

careful one has to be when reading a research article, a paper, forecasts, statements from 

various experts et cetera. Many of these things might give an idea about the direction 

something is expected to move towards. Like many models and theories taught at schools 

and universities all over the world then a model can be good at saying something in theory 

and how the market is expected to react. In the end, though, the model will always work 

differently in the “real world” outside the classrooms. In the same way the testing of mod-

els might give an idea about overall market movements or give some warning signals but, 

given the difference in the outcome based on the use of different data, it would be unwise 

to put too much trust in one single model regardless of how well it might work in theory. 
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4.5. Model criticism 

The rationale behind the bond stock earnings yield differential model seems logical. In-

vestments is always a relationship between risk and reward – “there is no free lunch”. The 

theoretical model capital pricing asset model (CAPM) states there is a linear relationship 

between the risk and return. The idea that the market should have a general risk at a con-

stant level above the risk free rate seems somewhat rational. The idea behind the bond 

stock earnings yield differential model that looking at the yield differences and give a warn-

ing if the spread between the two yields become too great makes sense. 

Despite the theoretical logical argument for the model, I have two points where I think the 

model comes a bit short though. The first point is related to the model itself. Previously 

most people imagined negative interest rates to be unthinkable. In 2012 Denmark did the 

unthinkable by dropping the interest rate below zero. Within a few years Sweden, Switzer-

land, Japan and the whole Euro Area followed Denmark into negative interest rates 

(Blanke & Krogstrup, 2016). The negative interest rates makes it impossible to use a loga-

rithmic version of the models. In addition, when the interest rates becomes close to zero, 

taking the log to the interest rate has an almost reverse exponential function when the in-

terest rate becomes close to zero. This means the logarithmic models becomes almost 

useless when the interest rate is near zero and once the interest rate hits zero or below 

the model basically falls apart. This means countries like Denmark, Germany and Japan 

are unable to use the log-versions of the model for the next five to ten years, depending on 

the duration of the moving average used to establish the confidence intervals. 

My second criticism isn‟t related to the model itself but more the research behind it. The 

model was proposed by William Ziemba in 1988. Almost three decades after the model 

was proposed I am unable to find any literature behind the model and testing thereof that 

is not written by Ziemba himself or at least has him as co-author. The very limited amount 

of researchers that has tested this model, and especially that I am unable to find any test-

ing where William Ziemba was not a part of the paper, makes me become a bit sceptical. 

As shown through the “fair”, “positive” and “negative” view earlier in this paper, it can make 

a big difference for the models performance how you evaluate the test findings. If one 

want‟s to find research about models like the price to earnings or cyclically adjusted price 

to earnings ratios then both models have been thoroughly tested by many different inde-

pendent researchers. The fact that it is not possible to find any research about the bond 

stock earnings yield differential model where William Ziemba is not one of the main con-

tributors is a drawback to me as I would like to see the model tested by others. It is also a 

bit confusing to me why no other researchers have found it interesting to test a model that 

is supposed to be a superior crash prediction model. Especially with a theory stating the 

bond stock earnings yield differential model as being superior to the price to earnings rati-

os without me being able to replicate as clear and significant results makes me wish for 

more independent research. 
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A criticism that relates to both the models is the potential disadvantage of the ten year long 

time horizon. Using a ten year horizon might potentially have a disadvantage for both the 

bond stock earnings yield differential model and the cyclically adjusted price to earnings 

model. By having ten years of time horizon we risk a previous extreme influence the mod-

els. As an example the ten years at a current time is including the global financial crisis. By 

including the crisis the model predicts the average to be lower than what the normal might 

be. Therefore a past crisis might cause the models to predict a false trigger warning now. 

According to all of the versions of the bond stock earnings yield model there has been a 

warning signal since November 2016 until now for the S&P 500 index. Bloomberg sets the 

price to earnings ratio for the S&P 500 index between 20 and 22 for the time period. With 

the current low interest rates it does not seem too extreme if we had a price to earnings 

ratio of up to 30.  

 

  



 
 

Page 77 of 99 
 

5. Further research/perspective 
The empirical findings shows that there are several things that would in interesting to look 

further int. Firstly it would be interesting to go back and study the original data used for 

some of the testing done by other researchers. Oftentimes research papers refer to previ-

ous tests done by the authors or findings by others. This makes it less transparent what 

data was actually used to run the models. Once the original data has been obtained it 

would be interesting to use the various datasets on all the models that have been tested 

by the different researchers and see how their results might be different if they had used 

the data collected by their colleagues. Also since the analysis showed the results could 

vary greatly depending on how it was judged by the individual researcher then it could be 

interesting to see how the research might be different if everything was to be judged by the 

same view. 

Another thing could be to try to make strict time intervals for how long the time between a 

fall in the markets would have to be for it to be considered as one long or two individual 

market corrections. This would also make it easier to be more objective when testing the 

models as it could be done automatically instead of being looked through by a person. 

When looking at the models some of them had a crash warning for a very long time before 

the market correction took place. Instead of only testing number of crash predictions and if 

they were accurate then it could be interesting to measure how large a share of the entire 

time tested the models predicted a crash. If a model for example predicts a market crash 

ten years before it happens then it is near useless as it would be better to stay in the mar-

ket and take the hit compared to pull out of the market so long in advance. 

Finally I think it would be very interesting to test the models only for larger crashes. Instead 

of defining a market crash by a 10% correction within year then it could be interesting to 

see if the models would be able to predict the few larger crashes that might be 20% or 

more during one year. As an example then the theory says the bond stock earnings yield 

differential model produces a crash signal when the BSEYD is greater than the confidence 

interval. As an alternative it could be said that it is okay the BSEYD signal is greater than 

the confidence interval as long as the difference is less than one. Only when the difference 

is above one then a crash signal occurs. This would happen a lot less frequently but if at 

the same time we stopped looking at 10% corrections but instead looked at larger drops 

like a 20% bear market or even a 30% crash then the number of market crashes would 

also be greatly reduced. Such a model might be able to have better predictability for those 

few large crashes that happens from time to time. 
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6. Conclusion 
This thesis strives to answer the question of whether or not it is possible to predict financial 

crises. Evidentially, the answer is far from a simple one. Initially it was difficult to determine 

what a financial crisis actually is. Throughout this paper I have defined a financial crisis as 

a minimum of 10% decrease in asset prices within one year. This is often considered to be 

a correction rather than a crisis and there is no wide consensus regarding when it changes 

from being a correction into an actual crisis. One thing that most economists are able to 

agree upon, though, is the fact that we will experience new financial crises in the future.  

In regards to financial bubbles the terminology is increasingly vague.  

The term bubble describes a phenomenon where the price of an asset increases beyond 

the fundamental value. Generally speaking, the increased price is ascribed the expectation 

that the asset will increase further in price in the near future. The existence of financial 

bubbles is subject to debate. Robert Shiller perceives bubbles to be real and to some de-

gree predictable. In contrast to this opinion is Eugene Fama who denies the existence of 

bubbles and has a rock solid belief in market efficiency.  

Conspicuously, both Shiller and Fama have received the Noble price for their work despite 

having opposing and incompatible views on market efficiency and the existence of finan-

cial bubbles. 

As previously stated, it poses a challenge to answer the question whether or not it is pos-

sible to predict financial crises. Generally the models seem to be accurate in about 60% of 

the predictions. Depending on what market the models are being applied on they offer an-

ywhere from 0-100% correct warning signals. Meanwhile the models predict roughly 20-

40% of all market corrections, but this can vary from 0-75% correct predictions depending 

on what model and market was used. Surprisingly and contrary to the theory, the best per-

forming model is the cyclically adjusted price to earnings model that is not corrected for the 

consumer price index, with the highest accuracy for crash predictions (66,67%) and lowest 

amount of crashes it failed to predict (64,47%). This is followed by the bond stock earnings 

yield differential model with an accuracy of 59,72% and 60,67% while it failed to predict 

71,33% and 78,05% of the crashes, respectively, when using the 10-year and 30-year 

government bond yield. 

The models apparently wield some degree of predictive ability, although they are prone to 

miss the majority of all corrections. Thus the models could seem like legit warning indica-

tors although it would be ill advised to rely exclusively on those models to predict potential 

future downturns. Additionally, as the performance of the models is highly dependent on 

what market they are tested on, the results will vary a lot depending on the choice of mod-

el and market. 

Furthermore, the models are difficult to evaluate objectively. When determining the per-

formance of the models there are no standards for time intervals between different crashes 
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and warning signals when establishing if it counts as one or two crashes/signals, and as a 

result, the outcome will depend on the judgement of the researcher. In addition to the per-

formance being influenced by the person testing the models they are also greatly subjec-

tive to the data being used.  

There is a serious lack of guidelines on how to collect the data and what source of data to 

use which can render the results found by different researchers risky to rely upon if not 

tested by oneself. 

Despite the less than impressive performance by the models when testing for crash pre-

dictions they are surprisingly successful as investment strategies. If the bond stock earn-

ings yield differential model had been applied on a 10-year government bond during the 

past 45 years, depending on the levels for the exit and entry thresholds, the strategy would 

have produced 17,79-49,11% excess return compared to a buy and hold strategy. 

When including all nine combinations of entry and exit strategies the average excess re-

turn is 33,46% above that of the buy and hold strategy. Consequentially no model per-

formed worse than the buy and hold strategy, with the worst performance being 17,79% 

excess return.  

Ultimately it is difficult to say with certainty whether or not we are capable of predicting fi-

nancial crises. The models in question do accurately predict a crisis in nearly 60% of the 

warnings given, however, it fails to detect an incoming financial crises in 2/3 occurrences.  

The models are highly dependent on what data is used along with the market it is being 

tested on and the person conducting the research. Any definitive conclusion will seem am-

biguous and questionable. Historically speaking though, the bond stock earnings yield dif-

ferential model seems to be a solid investment strategy. 
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8. Appendix 
 

8.1. Appendix 1: Overview of tickers and first day of availability 

 

The ticker symbols and first date of available data for the price of the index and the price to 

earnings ratio. 

  
Price P/E ratio 

Index Ticker Daily Monthly Daily Monthly 

S&P 500 SPX 10-03-1930 31-01-1930 29-01-1954 29-01-1954 

FTSE 100 UKX 13-11-1989 30-12-1983 04-05-1993 31-05-1993 

FTSE 250 MCX 13-11-1989 31-01-1986 04-05-1993 31-05-1993 

DAX DAX 10-11-1989 30-10-1959 02-05-1997 30-05-1997 

KFX KFX 04-12-1989 29-12-1989 03-05-1993 31-05-1993 

C20 C20 28-11-2011 30-11-2011 23-01-2012 31-01-2012 

 

 

The ticker symbols and the first date of available data for the 10-year and the 30-year gov-

ernment bond yields. 

 
10-year 30-year 

Market Ticker Date Ticker Date 

U.S. USGG10YR Index 02-01-1962 USGG30YR Index 15-02-1977 

UK GUKG10 Index 03-01-1989 CTGBP30Y Govt 14-09-2016 

Germany GDBR10 Index 03-01-1989 GTDEM30Y Govt 03-01-1994 

Denmark GDGB10YR Index 04-01-1993 GDGB30YR Index 07-01-1994 
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8.2. Appendix 2:  

8.2.1. UK stock market positive View 

 

 
FTSE 100 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 1 1 1 1 1 1 

wrong 2 2 
  

1 1 1 1 

missed 4 4 5 5 5 5 5 5 

         

 
FTSE 250 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 2 2 1 1 2 2 

wrong 1 1 2 2 1 1 1 1 

missed 5 5 5 5 6 6 5 5 

Table 18: the number of correct, wrong and missed crash predictions using the bond stock earn-

ings yield differential model for the FTSE 100 index and the FTSE 250 index using a 10- year gov-

ernment bond. This is using a “positive” view when judging the models. 
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FTSE 100 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 
   

1 1 1 
 

1 1 1 1 

wrong 1 1 2 2 2 2 1 2 1 1 1 1 

missed 3 4 4 4 3 3 3 4 3 3 3 3 

 

 
FTSE 250 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 
  

1 1 
   

1 
  wrong 1 1 3 3 

  
2 2 2 4 2 2 

missed 1 1 2 2 1 1 2 2 2 1 2 2 

Table 19a +19b: the number of correct, wrong and missed crash predictions for the FTSE 100 and 

FTSE 250 indecies using the cyclically adjusted price to earnings ratio adjusted for the consumer 

price index, the cyclically adjusted price to earnings ratio not adjusted for the consumer price index 

and a conventional price to earnings ratio based on a moving average of 5 years. This is using a 

“positive” view when judging the models. 

 

8.2.1.1. Model significance 

 

 
FTSE 100 FTSE 250 

 
BSEYD CAPE+CPI CAPE PE BSEYD CAPE+CPI CAPE PE 

Correct 10 1 3 4 14 2 2 1 

Wrong 8 6 7 4 10 8 4 10 

Missed 38 15 13 12 42 6 6 7 

Correct warnings 55,56% 14,29% 30,00% 50,00% 58,33% 20,00% 33,33% 9,09% 

False warning 44,44% 85,71% 70,00% 50,00% 41,67% 80,00% 66,67% 90,91% 

Missed Warnings 79,17% 93,75% 81,25% 75,00% 75,00% 75,00% 75,00% 87,50% 

Table 20: The significance of the different models under the “positive” view compared to each oth-

er. 
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8.2.2. UK stock market negative View 

 
FTSE 100 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 1 1 1 1 1 1 

wrong 2 2 
  

1 1 1 1 

missed 6 6 9 9 7 7 9 9 

         

 
FTSE 250 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 2 2 1 1 2 2 

wrong 3 3 2 2 2 2 1 1 

missed 8 8 7 7 8 8 7 7 

Table 21: the number of correct, wrong and missed crash predictions using the bond stock earn-

ings yield differential model for the FTSE 100 index and the FTSE 250 index using a 10- year gov-

ernment bond. This is using a “negative” view when judging the models. 

 

 
FTSE 100 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 
    

1 1 
  

1 1 1 1 

wrong 4 2 2 2 3 2 3 2 1 1 2 2 

missed 4 4 4 4 3 3 4 4 3 3 3 3 

 

 
FTSE 250 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 
  

1 1 
   

1 
  wrong 2 3 4 4 1 1 4 4 3 6 5 7 

missed 1 1 2 2 1 1 2 2 2 1 2 2 

Table 22a +22b: the number of correct, wrong and missed crash predictions for the FTSE 100 and 

FTSE 250 indices using the cyclically adjusted price to earnings ratio adjusted for the consumer 

price index, the cyclically adjusted price to earnings ratio not adjusted for the consumer price index 

and a conventional price to earnings ratio based on a moving average of 5 years. This is using a 

“positive” view when judging the models. 
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8.2.2.1. Model significance 

 

 
FTSE 100 FTSE 250 

 
BSEYD CAPE+CPI CAPE PE BSEYD CAPE+CPI CAPE PE 

Correct 10 0 2 4 12 2 2 1 

Wrong 8 10 10 6 16 13 10 21 

Missed 62 16 14 12 60 6 6 7 

Correct warnings 55,56% 0,00% 16,67% 40,00% 42,86% 13,33% 16,67% 4,55% 

False warning 44,44% 100,00% 83,33% 60,00% 57,14% 86,67% 83,33% 95,45% 

Missed Warnings 86,11% 100,00% 87,50% 75,00% 83,33% 75,00% 75,00% 87,50% 

Table 23: The significance of the different models under the “positive” view compared to each oth-

er. 
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8.3. Appendix 3: 

8.3.1. German stock market positive View 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 1 1 1 1 1 1 

wrong 
        missed 4 4 6 6 6 6 6 6 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 2 2 1 1 
  wrong 

        missed 5 5 6 6 7 7 8 8 

Table 27: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the DAX index using a 10-year and a 30-year government bond. 

This is using a “positive” view when judging the model. 

 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 2 2 2 2 2 1 2 2 2 2 

wrong 
        

3 2 2 1 

missed 1 1 2 2 1 1 1 2 1 1 1 1 

Table 28: the number of correct, wrong and missed crash predictions for the DAX index using the 

cyclically adjusted price to earnings ratio with and without the adjustment for the consumer price 

index and the conventional price to earnings ratio. All models are based on a moving average of 5 

years. This is using a “positive” view when judging the model. 

 

8.3.1.1. Model significance 

 
BSEYD 10 BSEYD 30 CAPE + CPI CAPE P/E 

Correct 12 12 10 7 8 

Wrong 0 0 0 0 8 

Missed 44 52 6 5 4 

Correct warnings 100,00% 100,00% 100,00% 100,00% 50,00% 

False warning 0,00% 0,00% 0,00% 0,00% 50,00% 

Missed Warnings 78,57% 81,25% 37,50% 41,67% 33,33% 

Table 29: the significance of the different models under the “positive” view compared to each other. 
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8.3.2. German stock market negative View 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 1 1 
  

1 1 

wrong 
        missed 8 8 9 9 10 10 9 9 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 2 2 1 1 
  wrong 

        missed 5 5 6 6 7 7 8 8 

Table 30: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the DAX index using a 10-year and a 30-year government bond. 

This is using a “negative” view when judging the model. 

 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 2 2 1 1 1 1 1 1 1 1 

wrong 
    

1 1 
  

3 3 3 2 

missed 1 1 4 4 1 1 1 2 1 1 1 1 

Table 31: the number of correct, wrong and missed crash predictions for the DAX index using the 

cyclically adjusted price to earnings ratio with and without the adjustment for the consumer price 

index and the conventional price to earnings ratio. All models are based on a moving average of 5 

years. This is using a “negative” view when judging the model. 

 

8.3.2.1. Model significance 

 
BSEYD 10 BSEYD 30 CAPE + CPI CAPE P/E 

Correct 8 12 10 4 4 

Wrong 0 0 0 2 11 

Missed 72 52 10 5 4 

Correct warnings 100,00% 100,00% 100,00% 66,67% 26,67% 

False warning 0,00% 0,00% 0,00% 33,33% 73,33% 

Missed Warnings 90,00% 81,25% 50,00% 55,56% 50,00% 

Table 32: the significance of the different models under the “negative” view compared to each oth-

er. 
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8.4. Appendix 4 

8.4.1. Danish stock market positive View 

 

Table 36: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the KFX (C20 non-cap) index using a 30-year government bond 

yield. This is using a “positive” view when judging the model. 

 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 3 3 1 
 

2 3 1 1 3 3 2 1 

wrong 
   

1 
    

4 5 
  missed 1 1 3 3 1 

 
2 2 

  
1 2 

Table 37: the number of correct, wrong and missed crash predictions for the KFX (C20 non cap) 

index using different price to earnings ratio models based on a moving average of 5 years. This is 

using a “positive” view when judging the model. 

 

8.4.1.1. Model significance 

 
BSEYD 30 CAPE + CPI CAPE P/E 

Correct 12 7 7 9 

Wrong 6 1 0 9 

Missed 52 8 5 3 

Correct warnings 66,67% 87,50% 100,00% 50,00% 

False warning 33,33% 12,50% 0,00% 50,00% 

Missed Warnings 81,25% 53,33% 41,67% 25,00% 

Table 38: the significance of the different models under the “positive” view compared to each other. 

 

 

 

 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 2 2 1 1 2 2 

wrong 1 1 1 1 
  

1 1 

missed 7 7 6 6 7 7 6 6 
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8.4.2. Danish stock market negative View 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 1 1 2 2 1 1 2 2 

wrong 2 3 1 1 
  

1 1 

missed 9 9 8 8 9 9 8 8 

Table 39: the number of correct, wrong and missed crash predictions for the bond stock earnings 

yield differential model tested on the KFX (C20 non-cap) index using a 30-year government bond 

yield. This is using a “negative” view when judging the model. 

 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 2 2 1 
 

2 3 1 1 2 3 1 
 wrong 

  
2 2 

    
4 6 

  missed 2 2 3 4 1 1 3 3 2 1 3 4 

Table 40: the number of correct, wrong and missed crash predictions for the KFX (C20 non cap) 

index using different price to earnings ratio models based on a moving average of 5 years. This is 

using a “negative” view when judging the model. 

 

8.4.2.1. Model significance 

 
BSEYD 30 CAPE + CPI CAPE P/E 

Correct 12 5 7 6 

Wrong 9 4 0 10 

Missed 68 11 8 10 

Correct warnings 57,14% 55,56% 100,00% 37,50% 

False warning 42,86% 44,44% 0,00% 62,50% 

Missed Warnings 85,00% 68,75% 53,33% 62,50% 

Table 41: the significance of the different models under the “negative” view compared to each oth-

er. 
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8.5. Appendix 5 

8.5.1. All markets positive view 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 17 17 17 17 14 14 17 17 

wrong 7 7 6 5 6 6 5 5 

missed 20 20 22 22 23 23 23 23 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 8 8 8 8 7 7 7 7 

wrong 6 6 8 7 3 3 4 4 

missed 17 17 17 17 18 18 18 18 

Table 45: the number of correct, wrong and missed crash predictions using the bond stock earn-

ings yield differential model for all markets using both 10-year and 30-year government bond yield. 

This is using a “positive” view when judging the models. 

 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 20 19 4 3 17 18 8 5 13 14 10 9 

wrong 9 6 9 8 3 3 6 6 11 13 7 6 

missed 13 14 29 29 12 11 18 21 15 14 18 19 

Table 46: the number of correct, wrong and missed crash predictions for all markets using the cy-

clically adjusted price to earnings ratio adjusted by the consumer price index, the cyclically adjust-

ed price to earnings ratio not adjusted by the consumer price index and the conventional price to 

earnings ratio. All models have a trailing mean of five years. This is using a “positive” view when 

judging the models. 
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8.5.1.1. Model significance 

 
BSEYD 10 BSEYD 30 CAPE + CPI CAPE P/E 

Correct 130 60 72 73 66 

Wrong 47 41 38 20 45 

Missed 176 140 131 108 106 

Correct warnings 73,45% 59,41% 65,45% 78,49% 59,46% 

False warning 26,55% 40,59% 34,55% 21,51% 40,54% 

Missed Warnings 57,52% 70,00% 64,53% 59,67% 61,63% 

Table 47: the significance of the non-log and log-versions at both significance levels combined for 

each of the models using a “positive” view. 

8.5.2. All markets negative view 

 

 
Based on 10-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 9 9 10 10 6 6 7 7 

wrong 10 10 6 6 8 8 7 7 

missed 32 32 34 34 34 34 34 34 

         

 
Based on 30-year government bonds 

α 

BSEYD BSEYD10 logBSEYD logBSEYD10 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 6 6 6 6 4 4 5 5 

wrong 9 9 10 9 5 4 4 4 

missed 23 23 22 22 24 24 23 23 

Table 48: the number of correct, wrong and missed crash predictions using the bond stock earn-

ings yield differential model for all markets using both 10-year and 30-year government bond yield. 

This is using a “negative” view when judging the models. 

 

 
CAPE+CPI CAPE Conventional P/E 

α 

CAPE logCAPE PE logPE PE logPE 

0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 0,05 0,01 

Correct 15 15 4 3 11 12 5 3 10 13 7 6 

wrong 13 9 13 10 11 9 17 12 14 20 15 14 

missed 18 18 31 32 15 15 25 27 21 18 24 25 

Table 49: the number of correct, wrong and missed crash predictions for all markets using the cy-

clically adjusted price to earnings ratio adjusted by the consumer price index, the cyclically adjust-

ed price to earnings ratio not adjusted by the consumer price index and the conventional price to 

earnings ratio. All models have a trailing mean of five years. This is using a “negative” view when 

judging the models. 
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8.5.2.1. Model significance 

 
BSEYD 10 BSEYD 30 CAPE + CPI CAPE P/E 

Correct 64 42 53 41 50 

Wrong 62 54 57 62 84 

Missed 268 184 149 128 142 

Correct warnings 50,79% 43,75% 48,18% 39,81% 37,31% 

False warning 49,21% 56,25% 51,82% 60,19% 62,69% 

Missed Warnings 80,72% 81,42% 73,76% 75,74% 73,96% 

Table 50: the significance of the non-log and log-versions at both significance levels combined for 

each of the models using a “negative” view. 
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8.6. Appendix 6 (Shiller, 2005, pp. 133-136) 
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