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Abstract 

Equity researches are conducted by professionals who advise investors about stocks. Target 

prices consider not only market demand and supply factors, but also the opinions of each 

analyst.  

In this study, we analyze the performance of target prices, using two different approaches. 

First, we study the predictive power of 12-month price targets comparing it to a simple 

capitalization rule based upon past returns. Second, we analyze the performance of an active 

portfolio based upon analysts’ price targets and compare it to the naïve homogeneous 

portfolio, as well as to a market index and the mean-variance tangent portfolio.  

We find price targets have no predictive power on future 12-month market prices. In that 

respect, we show the simple capitalization rules do equally (bad).  

In terms of portfolio performance, we find the active managed portfolio based upon analysts’ 

recommendations does not outperform the other portfolios. Our results are robust to 

alternative rebalancing schemes.  

Our analysis is based upon 50 European stocks over a 15-year period, from 2004 to 2019.  

 

 

 

 

 

JEL Codes: B16, C12, C32, C33, C61, G11, G17, L10, L25. 

Keywords: Target Prices, Non-stationary and stationary variables, Homogeneous, Active and 

Tangent portfolios, Optimal portfolio, Return, Risk, Sharpe-ratio.  
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Resumo 

As avaliações de ações são conduzidas por profissionais que aconselham os investidores sobre 

ações. Os Target prices consideram não apenas os fatores de procura e oferta de mercado, 

mas também as opiniões de cada analista. 

Neste estudo, analisamos o desempenho dos Target prices, usando duas abordagens 

diferentes. Primeiro, estudamos o poder preditivo dos Target prices a 12 meses comparando-

as a uma regra de capitalização simples com base nos retornos passados. Segundo, analisamos 

o desempenho de uma carteira activa construída tendo por base os price-targets e 

comparamos com a carteira homogénea, bem como o índice de mercado e a carteira tangente 

de variância média. 

Concluímos que os price-targets não têm poder preditivo nos preços futuros do mercado a 12 

meses. A esse respeito, mostramos que as regras simples de capitalização são igualmente 

(más). 

Em termos de desempenho da carteira, descobrimos que a carteira activa construíra com base 

nas recomendações dos analistas não supera os outros portfólios. Os nossos resultados são 

robustos a esquemas alternativos de rebalanceamento de carteiras. 

A nossa análise é baseada em 50 ações europeias durante um período de 15 anos, de 2004 a 

2019. 

 

 

JEL Codes: B16, C12, C32, C33, C61, G11, G17, L10, L25. 

Palavras Chave: Target prices, Variáveis estacionárias e não estacionárias, Carteiras 

homogénea, activa e tangente, Carteira óptima, Retorno, Risco, Índice Sharpe.  
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1. Introduction 

Currently, millions of shares are traded daily on world markets. Investors who buy and 

sell a share wonder if they are trading at the right price and if that value is its fair value.  

Investors may face this problem in different ways. Intuitive investors rely on their own 

instinct, passive investors believe in market efficiency - they consider the market price 

to be the fair price to risk, on the contrary, active investors consider that it is possible to 

outperform the market return. Professional analysts, who specialize in this area, may 

also help investors decide, given recommendations and, or computing target prices. 

Typically, a short-term target price is more reliable than a long-term one but, on 

average, 12-month target prices are a market replace.  

Most equity research and price targets are carried out by high status entities such as 

consulting firms and investment banks. It turns out that the reputation of these entities 

ultimately influences significantly the behavior of investors. In doing so, analysts' work 

consists of predicting profits, forecasting long-term stock price trends and anticipating 

future stock prices. 

Nowadays, price targets of financial analysts are available to investors via platforms 

such as Bloomberg. Although price target may vary from analyst to analyst – depending 

on the models they use and parameter estimations, investors can also use them to decide 

their investment strategy.  

Most studies have focused on the effect of analyst recommendations on stock returns. 

However, the study of target price efficiency in forecasting future stock prices remains 

under-explored. 

In this study, we investigate analysts' recommendations over the past 15 years on 50 of 

the largest European stocks. We analyze both the predictive power of price targets, 

comparing it to sample capitalization of current prices, and evaluate the performance of 

an active portfolio built based upon analysts’ recommendations.  
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This research is relevant to both finance scholars and investment professionals. From an 

investor's perspective, it helps in understanding how analysts' forecasts and 

recommendations can be used (and how reliable they are) for investment purposes. For 

the literature, this study takes a different perspective than what is standard by analyzing 

both the predictive power of price targets and its practical use in the context of active 

portfolios.  

The research questions of this work are: 

• Can the price targets predict future prices better than capitalized values of the 

current stock price? 

• Given analysts’ recommendation, can an active portfolio based upon the spread 

between the price target and current price, beat the market, the mean-variance 

tangent portfolio, or even the naïve homogeneous portfolio? 

Our empirical results are based on a sample of 783 observations collect (for each of the 

50 companies) and target prices collected from Bloomberg during 2004 to 2019.  

The rest of the text is organized as follows. Section 2 presents the literature review. 

Section 3 describes the data collection process. Section 4 is divided in two. Sub-section 

4.1. describes the methods used to forecasting power of 12-month target prices. Sub-

section 4.2. explains the methodology used for portfolio performance analysis.  Section 

5 shows and discussed the results. Finally, in Section 6 we summarize the main results, 

present the limitations and suggestions for future research. 
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2. Literature Review 

Graham and Dodd (1951) defined the role of analysts is to determine some objective 

value (target price), independent of the market quotation.  

Valuation is the process used to determine the current or projected value of an asset or a 

company. Depending on the beliefs, models, and points of view of analysts, it is 

possible to evaluate a company and conclude about the “fair” value of a stock.  

A price target is nothing but the projected future “fair” price an asset at a pre-defined 

future date, as stated by an investment analyst. It is based on assumptions about the 

asset's future supply and demand, technical assumptions, and fundamentals. A 

recommendation is determined by comparing the current market price of the stock 

against a price target (Stickel, 2016). A strong buy or buy recommendation indicates 

that the stock is underpriced (price target exceeds the current market price), a hold 

recommendation indicates the current market price is about fair and a strong sell or sell 

indicates the stock is overpriced (the price target is less than the current market price).  

Bonini, Zanetti and Bianchini (2005) showed that the forecast errors are high and are 

positively correlated with the research intensity. In addition, they found that research 

intensity is related to increased forecasting errors as major companies provide less 

information. Finally, they concluded that the results of the research activities are poorly 

informative. 

To support the previous study, Bonini, Zanetti, Bianchini and Salvi (2010) report two 

main reasons for the target prices to differ across analysts and from the current market 

price. The first reason is that the information that is available to analysts may differ 

from what is available in the market. The second is that assumptions are made by 

analysts about the company's future cash flows on a different note. They also report 

exaggerated target prices, that result in an incentive to transfer the risk of trained and 

informed investors to the least informed. 
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Sorescu and Subrahmanyam (2006) reported that analysts' experience counts on the 

credibility of target price information, as more experienced analysts offer more 

information on the recommendations. 

It is well-known, that the majority of analysts’ recommendations are recommendations 

to buy.  One of the reasons can be conflict of interests because analysts’ that make 

recommendations are usually directly related to the company under analysis.  Bradshaw, 

Huang and Tan (2012) suggest that investment bank pressures aggravate analysts' 

optimism about target prices. For this reason and due to the conflict of interest in the 

business some investment banks were objects of severe criticism.   Nonetheless, there is 

evidence that, for the most part, analysts' recommendations provide useful information. 

Thus, some studies emphasize that the analysts' recommendations can discriminate 

more accurately the devalued shares of overvalued stocks. This happens if the conflict 

of interest is removed.  

Lin and MicNichls (1998) showed that the growth forecasts of affiliated analysts are 

significantly more favorable than those of unfiled analysts. They also concluded that the 

results may reflect the issuers' incentives to select the investment bank where analysts 

give more favorable recommendations. 

Jagadesh et al (2004) have concluded that it can be dangerous to follow analysts' 

recommendations. This study reinforced the idea that sometimes an analyst's assessment 

of the target price can be a reality bias. 

On the other hand, Bradshaw and Brown (2006) claim that analyst compensation 

increases with accuracy of their forecasts and stock recommendations. Dechow, Hutton 

and Sloan (2000) find a positive relation between the fees paid to the affiliated analysts’ 

employers and the currency of forecasts.  

Furthermore, Asquith et al. (2005) studied the precision of a price target prediction 

concluding that to be accurate the 12-month projected price target needs to be equal to 

analyzed firm’s stock at any time during the year following the release of a report. Take 

this definition into consideration, the result is that about 54% of “all American” 

analysts’ price targets are achieved or exceeded.   

Modern portfolio theory, developed by Markowitz (1952), states that investment 

selection decisions must be made based on the relationship between risk and expected 
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return. While the benefits of diversification are clear, the determination of optimal, 

“tangent” portfolios depend on future expected returns. One way to overcome this 

problem is to use expected returns implicit in analysts price targets. 

The existing literature on analyst recommendations has focused mainly on companies 

and has simply shown that analyst recommendations have informational power. Studies 

such as Womack (1996) report that updates (downgrades) in analyst recommendations 

are associated with abnormal positive (negative) returns after they are announced. 

Howe, Unlu and Yan (2009) later pointed out that future market and sector returns are 

predicted by changes in analysts' recommendations. This study showed that analysts' 

recommendations cover market and industry information. 

Feldman, Livnat and Zhang (2012) studied the immediate and delayed market effects of 

analyst reviews of earnings forecasts, target prices and recommendations. This study 

proved that the three types of revisions are significantly related to market reactions. In 

addition, the authors report that investors can achieve high returns by combining the 

three revisions. In conclusion, portfolios based on target prices achieve superior returns. 

Green (2006) showed that if there are transactions following the recommendations 

changes, the performance of the recommendations-based investment strategies increases 

significantly. Overall, the value of analyst research indicates that exclusivity is a 

relevant factor. This means that customer value can be increased if there are forces to 

delay the spread of analyst recommendations. Blau and Wode (2012) studied that short 

sellers are not informed of changes in recommendations. Which means that the short 

sale is considered to be speculative and not reported. 
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3. Data 

We collected data on 50 major European companies that belonged to the EURO 

STOXX 50 during the last 15 years. We choose the ones that stayed the longest in the 

Index.  

The EURO STOXX 50® Index is a major stock market index which tracks the 

performance of 50 Blue-chip companies based in twelve Euro Area countries: Austria, 

Belgium, Finland, France, Germany, Greece, Ireland, Italy, Luxembourg, the 

Netherlands, Portugal and Spain. The Index composition is revised on an annually basis 

in September. Its calculation occurs every 15 seconds between 09:00 CET and 18:00 

CET for the EUR and USD variants of any return type, while the CAD, GBP and JPY 

variants are available as end-of-day calculation only (18:00 CET). Is calculated by 

weighting the companies that compose it through their financial capitalization. We can 

better understand with the Laspeyres formula: 

𝐼𝑛𝑑𝑒𝑥𝑡 =
 (𝑝𝑖𝑡×𝑠𝑖𝑡×𝑓𝑓 𝑖𝑡×𝑐𝑓 𝑖𝑡×𝑥𝑖𝑡 )𝑛
𝑖=1

𝐷𝑡
=

𝑀𝑡

𝐷𝑡
   ,            (1) 

where:  

t = Time the index is computed; 

n = Number of companies in the index; 

pit = Price of company (i) at time (t); 

sit = Number of shares of company (i) at time (t); 

ffit = Free float factor of company (i) at time (t); 

cfit = Weighting cap factor of company (i) at time (t); 

xit = Exchange rate from local currency into index currency for company (i) at time (t); 

Mt = Free-float market capitalization of the index at time (t); 

Dt = Divisor of the index at time (t). 
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Changes in weights due to corporate actions, such as (a cash dividend, a stock split, a 

reverse split, mergers and acquisitions, a spin-off and a company implementing a rights 

issue), are distributed proportionally across all index components. The index divisors, 

which is adjusted to maintain the continuity of the values of the index across changes 

due to corporate actions, are calculated as follows:  

𝐷𝑡+1 = 𝐷𝑡 ×
 (𝑝𝑖𝑡×𝑠𝑖𝑡×𝑓𝑓 𝑖𝑡×𝑐𝑓 𝑖𝑡×𝑥𝑖𝑡 )±𝛥𝑀𝐶𝑡+1
𝑛
𝑖=1

 (𝑝𝑖𝑡×𝑠𝑖𝑡×𝑓𝑓 𝑖𝑡×𝑐𝑓𝑖𝑡×𝑥𝑖𝑡 )𝑛
𝑖=1

  ,               (2) 

 

where:  

ΔMCt+1 = The difference between the closing market capitalization of the index and 

the adjusted closing market capitalization of the index, for companies with corporate 

actions effective at time (t+1); 

The free-float market capitalization is calculated with adjusted closing prices, the new 

number of shares at time (t+1) and the free-float factor at time (t+1) minus the free-float 

market capitalization calculated with closing prices, number of shares at time (t) and 

free-float factor at time (t).  

This formula shows that the companies with the largest capitalizations have a greater 

weight than those with lower capitalization. 

Since our goal is to analyze the same 50 companies during our analysis period, we have 

decided to choose 50 companies that stayed longest in the index from 27/4/2004 to 

23/4/2019.  

Concretely we analyze the following companies: 

a) 18 French (Air Liquide SA, Airbus SE, AXA SA, BNP Paribas SA, Carrefour, 

Danone SA, EssilorLuxottica SA, L’Oréal SA, LVMH Moet Hennesssy Louis 

Vuitton SE, Orange SA, Safran SA, Saint Gobain, Sanofi, Schneider Electric 

SE, Societe Generale SA, Total SA, Vinci SA, Vivendi SA); 

b) 15 German (Adidas, Allianz SE, BASF SE, Bayer AG, Bayerische Motoren 

Werke AG (BMW), Daimler AG, Deutsche Bank, Deutsche Post AG, 

Deutsche Telekom AG, E.ON, Fresenius SE & Co KgaA, Munich Re, SAP SE, 

Siemens AG, Volkswagen AG); 
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c) 5 Italian (Assicurazioni Generali, Enel SpA, Eni SpA, Intesa Sanpaolo SpA, 

Unibail Rodamco Westfield, Unicredit); 

d) 6 Spanish (Banco Bilbao Vizeaya Argentaria SA, Banco Santander SA, 

Iberdrola SA, Industria de Diseno Textil SA, Repsol, Telefonica SA); 

e) 4 Dutch (ASML Holding NV, ING Groep NV, Koninklijke Philips NV, 

Unilever NV); 

f) 1 Belgian (Anheuser-Busch Inbev SA/NV); 

g) 1 Finnish (Nokia OYJ). 

As we can see, we do not focus on any particular sector. In fact, the above list of 

companies include a variety of different sectors: Air Fright & Logistics; Airspace & 

Defense; Automobile manufactures; Chemicals; Construction & Engineering; 

Consumer durables & Apparel; Diversified chemicals; Diversified banks; Electric 

Components & Equipment; Electric Utilities; Food Products; Food, beverage & 

Tobacco; Health Care Equipments; Industrial Conglomerates; Integrated Oil & Gas; 

Integrated Telecommunication Services; Movies & Entertainment; Multi-line Insurance; 

Personal Products; Pharmaceuticals; Real State; Reinsurance; Retailing; 

Semiconductors, Software; Technology Hardware & Equipment; Hypermarkets, 

supermarkets, convenience stores, cash & carry, e-commerce.  

We collected historical weekly values of the price targets from Bloomberg. As the data 

was collected on April 23 of 2019, Tuesday, the platform extract Tuesdays closed 

prices. Besides the data on individual stocks, we have also collected weekly values of 

EURO STOXX 50® total returns Index to take into account the dividends.  

 

 

3.1. Variables 

Our key variables are: 

• FP: Actual close prices 12M ahead, 

• TP: 12M Tgt Px1, 

 
1 Where the closing prices are the current prices collected and 12M Tgt Px is considered the 12-month price target a consensus or 

average value (TP). So, for ticker Bloomberg calculate the price targets that are only for a 12-month time frame and that are less 

than 3-months old.  
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• CP: Current market prices simple 12M capitalized using past average returns. 

The CP is calculated by the following formula:  

𝐶𝑃𝑡 = 𝑃𝑟𝑖𝑐𝑒𝑡 × 𝑒𝑅 ×52  ,             (3) 
 

where Ṝ is the weekly average past return.  

 

 

3.2. Descriptive statistics 

In Table 1 we present the descriptive statistics of aggregate returns on our variables for 

each of the 50 stocks under analysis which are closer to normality but still not normal. 

We see that the aggregate returns are not normally distributed (skewness values are 

different from zero and kurtosis values differ from three for all variables). 

Table 1 - Returns descriptive statistics (annualized values) 

 

 

 

 

 

 

 

 

 

 

 

 

This is equivalent to analyzing weekly, monthly, semi-annual and annual returns of the 

naïve homogeneous portfolio. Because when we make the average return and volatility 

of each company, we obtain the same values as represented in Table 1.  
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4. Methodology 

This section presents the methodology that was implemented in order to reach the 

results. It is divided into two topics. First, in Section 4.1., we analyze the predictive 

power of recommendations, compared to simple capitalizations of the current price. In 

Section 4.2. we look into the performance of actively managed portfolio, using analysts’ 

recommendations. 

 

 

4.1. Predictive power of recommendations 

To analyze the predictive power of TP, we compare it to the predictive power of simply 

value of FP. We compare both as predictors with the real future market price after one 

year. We compare also FP to CP and TP to CP.  

Initially, we would like to analyze the following three regressions:  

𝐹𝑃𝑖𝑡 = 𝛼 + 𝛽.𝑇𝑃𝑖𝑡−52 + 𝜀𝑖𝑡   ,             (4) 
 

𝐹𝑃𝑖𝑡 = 𝛼 + 𝛽.𝐶𝑃𝑖𝑡−52 + 𝜀𝑖𝑡   ,             (5) 
 

𝑇𝑃𝑖𝑡 = 𝛼 + 𝛽.𝐶𝑃𝑖𝑡−52 + 𝜀𝑖𝑡   .             (6) 
 

But from Figure 1 we can see that the autocorrelation functions of our variables decay 

slowly to zero, meaning that we are facing non-stationary variables.  

Despite what we mentioned earlier and to proof that our variables are non-stationary, we 

need to test if the variables have unit root (see Table 2). Where null hypothesis is the 

presence of unit root in data or data is not stationary and, alternative hypothesis is the 

inexistence of unit root or data is stationary. To decide, we know that if p-value >5% we 

accept null hypothesis; or, if p-value<5% we reject null hypothesis.  
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Figure 1 - Correlogram of ACF for FP(a), TP(b) and CP(c) 

 

 

Table 2 - Unit Root Test 

 

 

 

 

 

 

 

 

 

 

 

As our variables are non-stationary and to avoid spurious results, we use panel 

regression by first differences where we observe the variables for 50 companies with 

Method Statistic Prob.**
Cross-

Section
Obs Statistic Prob.**

Cross-

Section
Obs

Null: Unit root (assumes common unit root process)

Levin, Lin & Chu t 6,755 1,000 50 36487 6,755 1,000 50 36487

Null: Unit root (assumes individual unit root process)

Im, Pesaran and Shin W-stat 6,156 1,000 50 36487 6,156 1,000 50 36487

ADF-Fsher Chi-square 60,653 0,999 50 36487 60,653 0,999 50 36487

PP-Fisher Chi-square 57,242 1,000 50 36500 57,242 1,000 50 36500

Method Statistic Prob.**
Cross-

Section
Obs

Null: Unit root (assumes common unit root process)

Levin, Lin & Chu t 7,966 1,000 50 36303

Null: Unit root (assumes individual unit root process)

Im, Pesaran and Shin W-stat 8,492 1,000 50 36303

ADF-Fsher Chi-square 39,983 1,000 50 36303

PP-Fisher Chi-square 40,002 1,000 50 36500

**Probabilities for Fisher tests are computed using as assymptotic Chi-square distribution. All other tests assume asymptotic normality.

FP TP

CP

**Probabilities for Fisher tests are computed using as asymptotic Chi-square distribution. All other 

tests assume asymptotic normality. 
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731 observations for each. This panel data set is sometimes named as a “balanced panel 

data2” because we observe every single company over fourteen years.  

∆𝐹𝑃𝑖𝑡 = 𝛼 + 𝛽.∆𝑇𝑃𝑖𝑡−52 + 𝜀𝑖𝑡   ,            (7) 
 

∆𝐹𝑃𝑖𝑡 = 𝛼 + 𝛽.∆𝐶𝑃𝑖𝑡−52 + 𝜀𝑖𝑡   ,              (8) 
 

∆𝑇𝑃𝑖𝑡 = 𝛼 + 𝛽.∆𝐶𝑃𝑖𝑡−52 + 𝜀𝑖𝑡   .            (9) 
 

 

 

4.2. Actively using analysts’ recommendations 

To analyze the performance of actively using analysts’ recommendations we consider 

three different types of portfolios and the total return EURO STOXX 50® index itself 

as benchmark.   

• The (naïve) homogeneous portfolio; 

• Theoretical Mean-variance (MV), with and without short-selling; 

• An active portfolio based upon analysts’ recommendations;  

• The EURO STOXX 50® index itself. 

 

4.2.1. The (naïve) homogeneous portfolio 

The (naïve) homogeneous portfolio for our 50 companies, keeps a small weight of 2% 

of the portfolio value invested in each stock, at each rebalancing date.  

 

4.2.2. MV Tangent Portfolios 

The idea of tangent portfolios comes from the Mean Variance Theory (MVT). 

According to this theory, investors act rationally with the goal of maximizing expected 

return for a given acceptable level of risk. So, we can focus the analysis on the so-called 

efficient frontier (EF) – the set of optimal portfolios for each risk level. From all 

efficient portfolio the tangent portfolio is the one with the maximal Sharpe ratio (SR). 

 
2 We use EViews platform to calculate the results for balanced panel data. Table A.1 in the appendix illustrates the panel data at a 

specific data point. 
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The Sharpe ratio3 is a risk-adjusted return measure that is often used to compare the 

performance of investments.  

So, the tangent portfolio is the Portfolio X that:    

max     𝑆𝑅 
                                                                              X                                                                                   (10)   

  s. t. X ∈ EF  . 
 

To determine the composition of tangent portfolios it is necessary to determine the so 

called MVT inputs, i.e., the vector of expected returns and the variance-covariance 

matrix:  

𝑅 =  
𝑅 1

𝑅 2
⋮
𝑅 𝑛

   ,                                      (11) 

 

𝑉 =

 

 

𝜎1
2 𝜎12 ⋯ 𝜎1𝑛

𝜎21 𝜎2
2 ⋯ 𝜎2𝑛

⋮ ⋮ ⋱ ⋮
𝜎𝑛1 𝜎𝑛2 ⋯ 𝜎𝑛

2  

   .                        (12) 

 

When short selling is allowed the solution is given by: 

𝑥𝑖
𝑇 =

𝑧𝑖

 𝑧𝑗
𝑛
𝑗=1

  ,                                            (13) 

 

where  

 𝑍 = 𝑉−1𝑅    for  𝑅 = 𝑅 − 𝑅𝑓1  .                       (14) 
 

When short selling is not allowed, we need to add inequality restrictions to problem (10) 

and the solution must be found numerically (using, for instance, Excel Solver).  

The difference between the optimal without short selling to optimal with short selling 

portfolio is that in the last one negative weight are allowed. Meaning that we are 

opening a position by selling the portfolio first, assuming that in the future you are 

going to be able to buy it back for a cheaper price.  

For the EURO STOXX 50® Index, we have considered it as benchmark.  

 
3 We calculate Sharpe ratio values based upon our 15-year period and taking Rf to be the 15-year risk free rate (4,418% from ECB). 
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Given the tangent portfolio and assuming borrowing is not allowed, MVT tells the EF 

has two branches. The investment line between the riskless asset F and the tangent 

portfolio T and, for volatility levels higher than , it is described by the upper part of 

the hyperbola that results from combining the risky assets: 

 
𝑅 𝑝 = 𝑅𝑓 +

𝑅 𝑇−𝑅𝑓

𝜎𝑇
𝜎𝑝 ,                  𝑓𝑜𝑟 𝜎 < 𝜎𝑇

𝜎𝑝
2 =

𝐴𝑅 𝑝
2−2𝐵𝑅 𝑝+𝐶

𝐴𝐶−𝐵2 ,                     𝑓𝑜𝑟 𝜎 ≥ 𝜎𝑇

 ,                                  (15) 

 

where A, B and C are the scalars: 

𝐴 = 1′𝑉−11  , 𝐵 = 1′𝑉−1𝑅    and  𝐶 = 𝑅 ′𝑉−1𝑅                        (16) 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3 -  , sigma and Sharpe-ratio 
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Table 4 - Correlation between companies 

 

Table 3 and Table 4 present MVT inputs: the vector of expected returns and correlations between our companies, respectively.  
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Figure 2 illustrates the MV representation (tangent with short selling), other 3 portfolios 

and 50 all stocks under analysis.  

Figure 2 - Efficient frontier, portfolios and individual companies 

 

 

As Markowitz studied, an investor with the ability to invest in risky assets wants to 

build a portfolio with the lowest possible risk for a given expected return.  

For the Markowitz (1952) criterion, any portfolio that stay out of the efficient frontier is 

consider sub-optimal because exists much risk relative to its return or too little return 

relative to its risk.  

In Table 5 we present the composition of our passive portfolios. And as we can see, all 

portfolios are below the EF. This means that any of these portfolios provide enough 

return when compared to the level of risk, implying that any portfolios are efficient 

concluding that none of these combinations are the best.  

 

H – Homogeneous; T – Tangent with short selling; TNS – Tangent no short selling 
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4.2.3. The active (recommendation based) portfolio 

For the active portfolio, we purpose weights to be determined (at each rebalancing 

date): 

   𝑤𝑖𝑡 =
𝑃𝑟𝑖𝑐𝑒  𝑠𝑝𝑟𝑒𝑎𝑑 𝑖𝑡

 𝑃𝑟𝑖𝑐𝑒50
𝑖=1 𝑆𝑝𝑟𝑒𝑎𝑑 𝑖𝑡

  ,                        (17)  

 

where the price spread value is provided by Bloomberg and is nothing but the difference 

between the 12M Tgt Px and the stock current price: 

Table 5 - Passive portfolios composition 
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𝑃𝑟𝑖𝑐𝑒 𝑆𝑝𝑟𝑒𝑎𝑑𝑡 = 12𝑀 𝑇𝑔𝑡 𝑃𝑥𝑡 − 𝑃𝑟𝑖𝑐𝑒𝑡   .                       (18) 
 

Note that the weights formula (17) gives us the respective percentage of each company 

compared to a total of price spreads. Companies with high spread have high weight 

comparing with companies with lower price spread, and negative price spreads had to 

short-selling positions. These will be short-selling positions only where the real price in 

the market exceeds the recommendation price given by analysts. Positive weights tell us 

that the recommendation price exceeds the real price in the market.  

 

 

 

 

 

 

 

 

 

Figure 3 is based on Table A.2 in the Appendix. This figure shows the active portfolio 

composition evolution in annual terms by each company.  

 

4.2.4. Rebalancing schemes 

We simulate an investment of 1000€ at beginning of our sample (27/04/2004), to 

increase the robustness of our results, we also consider five different rebalancing 

schemes in each of the three mentioned types portfolios (homogeneous, active and 

tangent):  

1. Full; 

2. Monthly; 

Figure 3 - Active portfolio composition evolution (annual) 
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3. Semi-annual; 

4. Annual; 

5. No rebalance. 

For robustness we decide to present the initial and final compositions of our portfolios. 

In Figure 4 we just present final compositions for annual rebalance and no rebalance 

terms. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We can see better in Figures A.1 to A.4 in the Appendix how is the variation in the 

composition of each portfolio depending on the rebalancing strategy used. 

Figure 4 - Initial and Final compositions 
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5. Results  

In this chapter we present and discuss the results of our analysis. We start by looking at 

the (absence of) predictive power of recommendations, then we so on into portfolio 

analysis over our 15-year sample period.  

 

 

5.1. Results for predictive power of recommendations 

Before proceeding to results, we decide to present, in illustrative terms, individual 

regressions in the composition of tangent portfolio without short selling. In the 

following tables we can conclude, as previously discussed in the methodology Section, 

that all our variables are not stationary. Thus, the results for level regressions are not 

meaningful and can be interpreted as spurious.  

However, is important to refer that Volkswagen observations are less than the other 

companies because we just have data from 2006 in levels and from 2009 in differences. 

Table 6 - Individual regressions in Levels (Y=FP, X=TP) (a) and in differences (Y=ΔFP, 

X=ΔTP) (b) 

(a) 

 

 

 

 

 

 

 

 

(b) 
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Table 7 - Individual regressions in Levels (Y=FP, X=CP) (a) and in differences (Y=ΔFP, 

X=ΔCP) (b) 

(a) 

 

 

 

 

 

 

 

 

(b) 

 

 

 

 

 

 

Table 8 - Individual regressions in Levels (Y=FP, X=CP) (a) and in differences (Y=ΔFP, 

X=ΔCP) (b) 

(a) 

 

 

 

 

 

 

 

 

(b) 
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Figure 5 shows that by taking differences we get stationary data (three variables have p-

value less than 5% which means that we reject the presence of unit root).  

Figure 5 - Correlogram of ΔACF for ΔFP(a), ΔTP(b) and ΔCP(c) 

 

 

This issue is important specially as it strongly impact the reliability of forecasts.  

In fact, regression in levels show point to the existence of relationships between 

variables that do not actually exist (see Figure 6 (a) and Table 9 (a) ).  

By looking to Figure 6 (a) is the proof that we can be induced in error because our 

variables seem correlation. But from Figure 6 (b) we can see that this not meaningfull 

relationship between our variables. Only in scatter plot between ΔTP and ΔCP it is 

possible to identify relationship between the variables.  

From Table 9 (a), we can observe that the panel regressions in levels presents 

independent variables are highly significant, high R² and a highly significant F statistic. 

If these relations would not be spurious, simple capitalized current prices (CP) would 

present future prices better than target prices (TP). However, an extremely small 

Durbin-Watson value (0,019, 0,047 and 0,037), show the relations are indeed spurious 

and should not be analyzed. According to Granger and Newbold (2001), we should 

suspect that a regression is spurious if R²> d, where d is the Durbin-Watson statistic. 
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(a) Levels: 

 

 

 

 

 

 

 

 

(b) Differences:  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6 - Scatter plot of variables 
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Table 9 - Panel data regressions 

(a) Levels: 

 

 

 

 

 

 

 

 

 

 

(b) Differences: 

 

 

 

 

 

 

 

 

Dependent Variable: DFP Dependent Variable: DFP

Method: Panel Least Squares Method: Panel Least Squares

Sample (adjusted): 4/26/2005 4/23/2019 Sample (adjusted): 4/26/2005 4/23/2019

Periods included: 730 Periods included: 730

Cross-sections included: 50 Cross-sections included: 50

Total Panel (balanced) observations: 36500 Total Panel (balanced) observations: 36500

Variable Coefficient Std. Error t-Statistic Prob. Variable Coefficient Std. Error t-Statistic Prob.

α 0,069 0,010 7,192 0,000 α 0,068 0,010 7,012 0,000

DTP 0,007 0,005 1,215 0,224 DCP 0,029 0,005 5,851 0,000

R-squared 0,000 Mean dependent var 0,070 R-squared 0,001 Mean dependent var 0,070

Adjusted R-squared 0,000 S.D. Dependent var 1,839 Adjusted R-squared 0,001 S.D. Dependent var 1,839

S.E. Of regression 1,839 Akaike info criterion 4,056 S.E. Of regression 1,838 Akaike info criterion 4,055

Sum square resid 123419,8 Schwarz criterion 4,057 Sum square resid 123309,2 Schwarz criterion 4,056

Log Likelihood -740254,86 Hannan-Quinn criter. 4,056 Log Likelihood -74008,48 Hannan-Quinn criter. 4,056

F-statistic 1,476 Durbi-Watson stat 2,055 F-statistic 34,241 Durbi-Watson stat 2,055

Prob (F-statistic) 0,224 Prob (F-statistic) 0,000

Dependent Variable: DTP

Method: Panel Least Squares

Sample (adjusted): 4/26/2005 4/23/2019

Periods included: 730

Cross-sections included: 50

Total Panel (balanced) observations: 36500

Variable Coefficient Std. Error t-Statistic Prob.

α 0,051 0,009 5,525 0,000

DCP 0,081 0,004 17,470 0,000

R-squared 0,008 Mean dependent var 0,057

Adjusted R-squared 0,008 S.D. Dependent var 1,758

S.E. Of regression 1,750 Akaike info criterion 3,958

Sum square resid 111837,6 Schwarz criterion 3,958

Log Likelihood -72226,43 Hannan-Quinn criter. 3,958

F-statistic 305,203 Durbi-Watson stat 2,007

Prob (F-statistic) 0,000

Dependent Variable: FP Dependent Variable: FP

Method: Panel Least Squares Method: Panel Least Squares

Sample (adjusted): 4/26/2005 4/23/2019 Sample (adjusted): 4/26/2005 4/23/2019

Periods included: 731 Periods included: 731

Cross-sections included: 50 Cross-sections included: 50

Total Panel (balanced) observations: 36550 Total Panel (balanced) observations: 36550

Variable Coefficient Std. Error t-Statistic Prob. Variable Coefficient Std. Error t-Statistic Prob.

α -1,424 0,134 -10,590 0,000 α 1,789 0,085 20,922 0,000

TP 0,824 0,002 396,586 0,000 CP 0,916 0,001 613,740 0,000

R-squared 0,811 Mean dependent var 38,516 R-squared 0,912 Mean dependent var 38,516

Adjusted R-squared 0,811 S.D. Dependent var 39,241 Adjusted R-squared 0,912 S.D. Dependent var 39,241

S.E. Of regression 17,040 Akaike info criterion 8,509 S.E. Of regression 11,670 Akaike info criterion 7,752

Sum square resid 106,123 Schwarz criterion 8,509 Sum square resid 4977847 Schwarz criterion 7,753

Log Likelihood -155501,3 Hannan-Quinn criter. 8,509 Log Likelihood -141666,9 Hannan-Quinn criter. 7,752

F-statistic 157280,5 Durbi-Watson stat 0,019 F-statistic 376676,4 Durbi-Watson stat 0,047

Prob (F-statistic) 0,000 Prob (F-statistic) 0,000

Dependent Variable: TP

Method: Panel Least Squares

Sample (adjusted): 4/26/2005 4/23/2019

Periods included: 731

Cross-sections included: 50

Total Panel (balanced) observations: 36550

Variable Coefficient Std. Error t-Statistic Prob.

α 8,433 0,096 87,712 0,000

CP 0,999 0,002 594,747 0,000

R-squared 0,906 Mean dependent var 48,456

Adjusted R-squared 0,906 S.D. Dependent var 42,886

S.E. Of regression 13,124 Akaike info criterion 7,987

Sum square resid 6295006 Schwarz criterion 7,987

Log Likelihood -145957,1 Hannan-Quinn criter. 7,987

F-statistic 353723,7 Durbi-Watson stat 0,037

Prob (F-statistic) 0,000
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On the other hand, Table 9 (b) show the results from the panel regressions in 

differences. From the extremely low R² and not statistical significance of the 

explanatory variables in all regressions we can conclude that target prices have no 

predictive power about future market prices. However, simple CP prices seems to 

explain FP. Furthermore, from the third regressions we can conclude target prices are 

correlated with capitalized current prices.  

 

 

5.2. Results for actively using analysts’ recommendations 

To understand the behavior of our variables we present graphically their evolution in 8 

companies (stocks that compose the tangent portfolio without short selling) and we 

conclude that TP and CP have a similar performance, see Figure 7. In Figures A.5 to 

A.7 in the Appendix we present individual regressions for each company.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7 - Evolution of FP, TP and CP 
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By analyzing the regressions represented in the Appendix we conclude (as we already 

mentioned) that TP seems a good explanatory variable to FP but does not.  

Then, for illustrative effect Figure 8 presents the evolution in each stock, if as we 

mentioned in Section 4.2.4., we invest 1000€ initial and individually. After 15 years we 

obtain more than the index.  

 

 

 

 

 

 

 

 

 

 

 

The first step before obtaining portfolio values is to calculate portfolio weights. To help 

to understand what happens with each portfolio, we represent how each rebalance 

schemes behaves in Figure A.8 in the Appendix. We conclude that regardless of the 

rebalancing strategy used, tangent with short selling is the best portfolio (see Figure A.8 

(a) in the Appendix). If we look to tangent portfolio without short selling (see Figure 

A.8 (b) in the Appendix), we obtain higher values than the index but not so good as 

tangent with short selling. In the case of homogeneous portfolio, the more rebalancing 

there is, the greater the value of the portfolio (see Figure A.8 (c) in the Appendix). By 

looking to Figure A.8 (d) in the Appendix we can see that active portfolio behaves 

better than the homogeneous portfolio just in full rebalance.  

As a conclusion, it is observable that when we compare the EURO STOXX 50® Index 

with the portfolios they all perform better than the index itself, with few exceptions.  

Figure 8 - Individual stock evolution 
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To procede we decide to present just extreme of rebalancing schemes: no rebalance and 

weekly rebalance (full rebalance) and comparing them with the EURO STOXX 50® 

Index. We can prove that in no rebalance case (see Figure 9 (a) ) the active portfolio is 

the one with the worse behavior comparing with EURO STOXX 50® Index. However, 

when we decide to rebalance every week (see Figure 9 (b) ) we obtain better results in 

every portfolio.   

 

 

 

 

 

 

 

 

 

 

We can see also that the value of the return and risk, in most rebalancing strategies, 

decrease when we rebalance less. As for the return value it is visible that the best 

strategy is the full rebalance.  

By looking to Table 10 we conclude that each portfolio is preferable in full rebalance 

terms. But for 61,75% of return we can obtain 33,31% of risk, implying Sharpe Ratio of 

1,721. Thus, comparing all values together, we realize that the portfolio with short 

selling is more efficient than other portfolios.  

As a conclusion, if an investor wants to invest in one of these portfolios the best choice 

is the tangent portfolio with short selling because a higher value of Sharpe Ratio means 

greater returns relative to the inherent risk, which means a better investment.  

We can see in Table 10 that the portfolio that give us higher final return is tangent with 

short selling, tangent without short selling, active and homogeneous respectively.  

If we continue to analyze Table 10, we also see that annual and no rebalancing schemes 

have the same expected return, risk and Sharpe ratio. This means that no rebalancing or 

Figure 9 - Portfolio Evolution 
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rebalance in annual terms is the same in terms of expected results. However, comparing 

full rebalance with MVT we obtain similar results.  

Table 10 - Resume of portfolio and various rebalancing schemes 

 

The separation property says that there are two independent tasks involved with the 

portfolio choice property. The first is determining the optimal risky portfolio and we do 

it for our portfolios (represented in first column of Table 10).  

By formula (15) we get the following results for the EF:  

 
𝑅 𝑝 = 0,04418 + 1,7212𝜎𝑝                                𝑓𝑜𝑟 𝜎 < 0,3331

𝜎𝑝
2 = 0,3909𝑅 𝑝

2 − 0,0956𝑅 𝑝 + 0,0210        𝑓𝑜𝑟 𝜎 ≥ 0,3331
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6. Conclusions 

In conclusion, in order to answer the first research question, we find that all our 

variables are not stationary. Thus, the results for level regressions are not meaningful 

and can be interpreted as spurious. After this, we decide to use differentiated variables 

to get stationary data and not to be misled in the results. We can conclude, both target 

prices and simple capitalized current prices have no predictive power about future 

market prices. Furthermore, we can reinforce target prices are uncorrelated with 

capitalized current prices. Which means that the predictive power of analyst 

recommendations does not generate valuable information. That is, the recommendations 

given by analysts are bad predictors of real future prices. But if we look into differences 

terms, we also see that DTP does not explain DFP. However, DCP seems to explain 

DFP and DCP seems to explain DTP. Which in fact make sense because CP are 

calculated based on average returns and TP is a provision of FP.  

For the second question, we conclude that annual and no rebalancing schemes have the 

same expected return, risk and Sharpe ratio. This means that no rebalancing or 

rebalance in annual terms is the same in terms of expected results. However, comparing 

full rebalance with MVT we obtain similar results. This give us the finding that making 

full rebalance is the best rebalancing scheme. We reach, also, that the homogeneous 

portfolio has better results than the active (built based on recommendations).  

In order to make the study more robust we decide to build tangent portfolios 

(considering short selling allowed and short selling forbidden) where we conclude that 

the tangent portfolio with short selling have better behavior comparing to other 

portfolios and even with the EURO STOXX 50® Index. This result is obtained in full 

rebalance scheme and gives 61,75%, 33,31% and 1,721 of expected return, risk and 

Sharpe ratio respectively. As a curiosity we see that if an investor decides to invest in 

some stock individually obtain higher value than investing in the index. 

Despite being an increasingly talked topic, this work has as its main limitations the fact 

that there are no related studies and in using price targets is that the TP depends on the 
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correct estimate of the final sales price of the product. This means that estimation errors 

may justify the conclusions we have reached. One of the criticisms of the Markowitz 

model is precisely the instability of the tangent portfolios generated, in relation to 

obtaining completely different results related to small variations in the parameters of the 

variables. This was verified in this study when we decided to consider a larger number 

of variables in the model.  

While this study focusses on target prices and closing prices, it would be important to 

test more different variables to see if the conclusions are different. Therefore, we could 

expect different results from those obtained if the parameters of the variables were 

different: values based on a different time horizon or the use of other assets to make the 

portfolio.  

As future studies, it would be interesting to include other factors (such as include 

companies’ sector) that may explain the behavior of TP in the study of their predictive 

power and recommendation-based portfolio construction.  

Additionally, it is suggested to use different information for the optimization model. In 

alternative of Markowitz theory use, for example, Scenario approach – Markowitz 2.0 

as Kaplan and Savage (2012) did. They suggest the use of the geometric mean return 

instead of the arithmetic mean return and the use of (C)VaR instead of the standard 

deviation of returns. 

In any case, the Markowitz model has been and continues to be the basis for risk 

management and efficient portfolio construction. Understanding how your instruments 

work is critical for anyone who wants to delve deeper into more robust and accurate 

portfolio selection models. 
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Appendices  

Table A.1 represents a panel data set in a specific point and is illustrative because we do 

it for 731 dates for each company.  

Table A.1 – Panel data set 

Company i t FP (€) TP (€) CP (€)

Adidas 22 26/04/2005 24,80 27,27 24,53

Air Liquide 1 26/04/2005 27,66 37,07 30,09

Airbus 2 26/04/2005 18,08 18,30 20,57

Allianz 3 26/04/2005 52,68 108,23 59,38

Anheuser 4 26/04/2005 11,47 14,96 12,87

ASML 5 26/04/2005 10,40 18,42 15,63

Assicurazioni 6 26/04/2005 14,31 21,52 13,90

AXA 7 26/04/2005 10,27 19,78 10,68

Banco Bilbao 8 26/04/2005 5,90 11,28 5,70

Banco Santander 9 26/04/2005 3,38 9,09 3,62

BASF 10 26/04/2005 15,40 25,11 14,87

Bayer 11 26/04/2005 17,39 22,70 16,41

BMW 13 26/04/2005 22,67 40,37 28,38

BNP Paribas 12 26/04/2005 30,05 54,23 31,71

Carrefour 15 26/04/2005 23,23 38,37 23,68

Daimler 16 26/04/2005 18,88 39,34 26,33

Danone 14 26/04/2005 24,39 32,66 25,73

Deutsche Bank 17 26/04/2005 36,45 57,72 38,91

Deutsche Post 18 26/04/2005 10,98 19,51 12,01

Deutsche Telekom 19 26/04/2005 6,64 17,47 6,93

E.ON 20 26/04/2005 9,92 17,42 8,70

ENEL 21 26/04/2005 2,64 6,17 2,39

ENI 23 26/04/2005 8,51 18,40 7,80

Essilor 24 26/04/2005 23,46 25,73 23,26

Fresenius 25 26/04/2005 7,86 6,32 7,50

Iberdrola 26 26/04/2005 2,51 4,56 2,26

Inditex 27 26/04/2005 3,39 3,92 3,15

ING 28 26/04/2005 11,73 17,28 10,77

Intensa Sanpaolo 29 26/04/2005 1,93 3,05 1,57

L'Oreal 31 26/04/2005 43,54 69,50 55,84

LVMH 32 26/04/2005 37,61 61,88 48,20

Munich RE 33 26/04/2005 46,51 105,79 56,30

Nokia 34 26/04/2005 7,50 14,03 7,71

Orange 35 26/04/2005 9,04 28,19 8,60

Philips 30 26/04/2005 12,73 28,14 17,34

Repsol 45 26/04/2005 9,31 16,98 9,00

Safran 36 26/04/2005 12,20 19,40 16,64

Saint-Gobain 37 26/04/2005 26,05 41,88 24,79

Sanofi 38 26/04/2005 40,57 60,00 32,47

SAP 39 26/04/2005 24,85 35,10 30,25

Schneider Electric SE 40 26/04/2005 17,87 30,19 20,33

Siemens 41 26/04/2005 36,91 70,60 44,79

Societe Generale 42 26/04/2005 44,87 70,88 43,42

Telefonica 43 26/04/2005 5,87 14,58 5,78

Total 44 26/04/2005 21,37 40,65 20,15

Unicredit 46 26/04/2005 83,10 128,61 72,10

Unilever 47 26/04/2005 10,16 21,74 12,78

Vinci 48 26/04/2005 16,31 19,78 13,37

Vivendi 49 26/04/2005 10,13 23,51 10,30

Volkswagen 50 26/04/2005 18,55 0,00 22,95  
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Table A.2. present the active portfolio composition evolution in annual terms.  

Table A.2 – Active portfolio composition evolution (annual) 
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Figure A.1 – Homogeneous portfolio: weights 
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Figure A.2 – Tangent portfolio: weights 
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Figure A.3 – Tangent without short selling: weights 
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Figure A.4 – Active portfolio: weights 
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Figure A.5 – Adidas, Anheuser and ASML regressions in Levels (a) and in Differences (b) 

 

 

 

   (a)          (b)    (a)          (b)    (a)          (b) 
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Figure A.6 – Essilor, Fresenius and Inditex regressions in Levels (a) and in Differences (b) 

   (a)          (b)    (a)          (b)    (a)          (b) 
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Figure A.7 - Safran and Volkswagen regressions in Levels (a) and in Differences (b) 
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Figure A.8 – Evolution for different rebalancing schemes 

 


