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Abstract. The study examines herding behavior in the strategic allocations of UK pension 
plans. The results show that UK pension managers are involved in cross-sectional herd 
behavior. The study also examines herding from a quantitative perspective considering the 
number of managers changing their style allocations and from an intertemporal perspec-
tive to examine the tendency of UK pension plans to imitate others over time. Finally, a 
robustness analysis considering passive style portfolios is applied to eliminate artificial 
herding. Hence, the paper contributes to the literature by analyzing herding at strategic 
allocations instead of at the individual stock level as well as by improving the methodol-
ogy used to capture the herding phenomenon. The results have practical implications to 
design managers’ compensation schemes due to their influence on manager behavior.
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Introduction

The increasing importance of institutional managers for stock markets has encouraged 
research on the influence their trading exerts on asset prices. This interest is due to the 
belief that institutional herding behavior may have consequences on the stability of 
financial markets1. Theoretical models have suggested that the most important explana-
tions are the institutional feedback trading (Barberis, Shleifer 2003), career concerns 
(Scharfstein, Stein 1990; Trueman 1994), informational cascades (Banerjee 1992; Bikh-
chandani et al. 1992), and the existence of fads and correlated signals (Hirshleifer et al. 
1994). Consequently, there are three central questions in the herding literature. Do insti-
tutions herd? Why do institutions herd? and Does institutional herding destabilize prices? 
Although empirical literature has traditionally focused on testing institutional herd-
ing in individual securities, the proposed explanations for institutional herding hold at 
least equally well at the industry level (Choi, Sias 2009) and at the investment style 

1 Financial literature defines “herding” as the simultaneous trend of managers to buy or sell a particular 
stock in a given time period relative to what could be expected if managers trade independently.
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level proposed in this paper. Therefore, the primary goal of the paper is to address the 
fundamental question: Do institutional pension managers herd across style allocations? 
The majority of the studies have analyzed the existence of herding of US investment 
funds. By using the measure proposed by Lakonishok et al. (1992), these studies show 
that the actual extent of herding by institutional managers is modest when analyzing 
portfolio holdings (see, Grinblatt et al. 1995; Wermers 1999; Borensztein, Gelos 2000). 
Some exceptions that analyze pension managers’ behavior are Lakonishok et al. (1992) 
and Jones et al. (1999). The pioneering study of Lakonishok et al. (1992) develops 
a herding metric (LSV henceforth) to investigate the holdings of US pension funds, 
concluding that herding in large stocks is modest. Jones et al. (1999) report that US 
pension managers act as feedback traders, especially in small stocks with a high past 
performance. Herding behavior has also been analyzed in other developed markets such 
as the UK. Specifically, De Bondt and Forbes (1999) analyze herding in analysts’ fore-
casts. Meanwhile, Hwang and Salmon (2001) propose a herding measure based on the 
cross-sectional dispersion of factor sensitivity of assets, finding that herding towards 
the market portfolio arises during relatively quiet periods rather than when markets are 
under stress. Later, Wylie (2005) analyzes herding using the LSV measure on the port-
folio holdings of 268 UK equity mutual funds. The study shows that the herding level 
is higher for the smallest stocks, as found by Lakonishok et al. (1992) and Wermers 
(1999). On the other hand, other recent studies have focused their attention on new 
methods to detect the existence of herding (see, Frey et al. 2014) or how fundamen-
tal and macroeconomic information impact on this phenomenon (see, Galariotis et al. 
2015). Additionally, other recent papers have answered the other questions in the herd-
ing literature. Specifically, Holmes et al. (2013) examine why herding takes places and 
whether such behavior is intentional or spurious while Shu-Fan Hsieh (2013) focuses 
on the impact of herding on stock returns.
This paper investigates herding behavior in the strategic allocations of UK personal 
pension plans in the period 2000–2007 since the investment policy is one of the most 
relevant decisions of portfolio management, especially when analyzing pension plans 
(see, Ibbotson, Kaplan 2000). The study of strategic asset allocations can be tackled 
using both portfolio holdings and return data. Both analyses have advantages and disad-
vantages. On the one hand, return data is apparently less informative than holdings since 
we have to infer trades from estimating a regression of pension returns on benchmark 
returns. However, return data is published with higher frequency which makes easier the 
detection of the behavioral patterns followed by managers. On the other hand, portfolio 
holdings in reporting dates can be biased due to practices such as window dressing. 
For that reason and given that portfolio holdings of UK pension plans are not publicly 
available with high frequency, we analyze the style herding phenomenon through the 
return-based style analysis.
Initially, the traditional LSV measure has been applied, finding levels of herding higher 
than those previously observed in studies using portfolio holdings. However, the tradi-
tional measure may lead to an artificial evidence of herding since the variations in style 
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exposures can be due not only to managers’ intention. For that reason, we propose the 
comparison of the results obtained to those that will be shown by portfolios that main-
tain their investment style along time (“passive style portfolios”). This analysis leads to 
a lower herding level since the artificial herding is eliminated.
After that, we explore whether these results are meaningful given the biases and limita-
tions that some authors attribute to the traditional LSV metric. We propose an alternative 
approach to capture herding in which the probability of increasing and decreasing a style 
exposure considers the magnitude of the previous exposure. Finally, we also examine 
the level of herding through the use of the amount ratio and a time-series analysis. The 
findings of these analyses are consistent with those obtained by the traditional metric, 
even when controlling the existence of artificial herding with the robustness analysis of 
passive style portfolios.
Our paper contributes to several strands of the literature. First, we contribute to the 
growing “style investing” literature (see, e.g. Teo, Woo 2004; Barberis et al. 2005; 
Choi, Sias 2009) by analyzing herding at the strategic allocation level instead of at 
the individual security level. Second, our paper is related to previous studies on “style 
investing”. However, prior literature have focused on equity markets and have used 
market capitalization and book-to-market ratios (Teo, Woo 2004) or industry classifica-
tions (Choi, Sias 2009) as their main style definitions while this paper pays attention 
to strategic style allocations and therefore also includes the bond and cash style. As far 
as we know, this study is the first attempt to formally analyze the herding behavior of 
UK personal pension plans through the use of strategic allocations. Finally, this study 
also contributes to the literature by improving the methodology used to capture institu-
tional herding behavior. Specifically, we firstly analyze this behavior through the tradi-
tional method of Lakonishok et al. (1992) and then we propose three complementary  
approaches: (1) Alternative approach that calculates an accurate value of the probability 
of increasing a style exposure taking into account the magnitude of the previous expo-
sure, (2) Quantitative perspective and (3) Time-series perspective.
Our results have important implications for management companies given the influ-
ence of compensation schemes and career concerns on manager behavior. Therefore, 
our study would help management companies to design their compensation schemes. 
Finally, our analysis of UK pension plans is also justified by the importance of the 
British market with respect to the rest of the markets in general and to the European 
industry in particular. 
The remainder of the paper is as follows: Section 1 introduces our database. Section 2 
explains the methodology used for measuring herding behavior in strategic style al-
locations. Section 3 presents the empirical results obtained by applying the traditional 
herding measure. Section 4 includes the additional analyses proposed to solve some of 
its biases and shortcomings. Finally, conclusions are summarized.
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1. Data

This paper analyzes herding in strategic style allocations of UK personal pension plans 
categorized as balanced according to their investment vocation. We analyze the style al-
location of these defined contribution pension schemes using monthly return from June 
2000 to December 2007. Initially, we have returns of 260 UK balanced pension plans. 
However, the requirement of at least 36 observations to estimate robust parameters 
leads to a final sample of 193 pension plans. The dataset is free of survivorship bias, a 
relevant feature because the consideration of only those funds that survived could cre-
ate an illusion of herding (Wylie 2005). This information was obtained from Micropal.
Our analysis of the strategic allocations of UK balanced personal pension plans forces 
us to collect monthly returns of a series of benchmarks representative of the main 
holdings of these portfolios. We collect equity, fixed-income and cash indexes given 
the characteristics of balanced portfolios. Therefore, the style model proposed is not 
limited to equity factors such as size and book-to-market indexes as in previous research 
examining style investing. This information was obtained from Morgan Stanley Capital 
International-Barra (MSCI-Barra) in the case of equity benchmarks and from the Bank 
of England in the case of fixed-income and cash indexes. 
Table 1 provides descriptive statistics of the monthly returns and volatility (standard 
deviation) of the UK personal pension plans analyzed along with the information of the 
whole spectrum of benchmarks initially considered.

Table 1. Descriptive statistics

Pension plans Mean Median 25th 
percentile

75th 
percentile

Standard 
deviation

Equally-weighted portfolio 0.0033 0.0104 –0.0115 0.0227 0.0302

Benchmarks

MSCI UK 0.0038 0.0106 –0.0137 0.0283 0.0359

MSCI Europe 0.0044 0.0099 –0.0168 0.0326 0.0440

MSCI USA –0.0006 0.0052 –0.0214 0.0254 0.0452

MSCI Japan –0.0013 –0.0008 –0.0343 0.0305 0.0520

MSCI World Index 0.0014 0.0092 –0.0214 0.0303 0.0419

10-year Fixed-Income 0.0038 0.0038 0.0036 0.0040 0.0003

5-year fixed-income 0.0039 0.0038 0.0036 0.0041 0.0004

3-year fixed-income 0.0038 0.0038 0.0035 0.0041 0.0004

1-year fixed-income 0.0037 0.0037 0.0034 0.0041 0.0005

1-month treasury bill repos 0.0038 0.0037 0.0032 0.0042 0.0006

Notes: The table shows descriptive statistics for our sample of UK balanced personal pension plans 
(equally-weighted portfolio) and for the benchmarks initially proposed. The data is reported in monthly 
terms considering the entire period of analysis June 2000 – December 2007. 
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2. Methods

2.1. The traditional LSV herding measure
The main aim of the paper is to determine whether UK pension plan managers are 
engaged in herding behavior when they decide their investment allocations. For that 
reason, we firstly use the well-known LSV herding measure developed by Lakonishok 
et al. (1992), given that its generalized application makes easier the international com-
parability of the empirical findings.
According to this measure, herding is the simultaneous trend of managers to buy or sell 
a particular stock in a given period relative to what could be expected if managers trade 
independently. In our context of style allocations, herding is identified as the tendency 
of pension managers to change a specific allocation in the same direction (increase or 
decrease) in a given period. In other words, there is herding behavior when the propor-
tion of managers who increase (reduce) a style allocation in a specific benchmark is 
above the expected proportion under the null hypothesis of independent management 
decisions. Therefore, positive and statistically significant values of the metric will pro-
vide evidence of herding behavior. The LSV measure defines herding for a given style 
j in a given period t, H(j,t) as follows:

 ( , ) ( , ) ( ) ( , )= − −H j t p j t p t AF j t , (1)
where:
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( , ) ( , ) ( ) = − AF j t E p j t p t , (4)

where B(j,t) and S(j,t) represent the number of managers who increase and decrease their 
exposure in benchmark j over period t (net buyers and net sellers); these expressions 
follow a binomial distribution with probability p(t); p(j,t) is the percentage of increas-
ing managers in benchmark j in period t; and p(t) is the expected proportion of manag-
ers increasing their exposure in that period relative to the number of active managers  
aggregated across all benchmarks. AF(j,t) is the adjustment factor calculated under the 
assumption that trades follow a binomial distribution, with B(j,t) and S(j,t) as success 
and failure outcomes. 

2.2. The return-based style analysis
Our analysis requires the calculation of style allocations of UK pension plans and to 
do so, we use the return-based style analysis (RBSA) proposed by Sharpe (1992). This 
methodology has become a standard technique for inferring a fund’s investment style 
because it only requires return as input data. Concretely, the style analysis is a con-
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strained regression that uses a weighted combination of market indexes to replicate, as 
closely as possible, the historical return pattern of a portfolio. Therefore, the analysis 
consists of a quadratic optimization of a style model to obtain the average sensitivity 
of the portfolio returns to different benchmarks. As a result, the best explanation for the 
return of a given portfolio is given by the weights that minimize the residual variance 
of the model subject to two constraints. First, the weights are non-negative since short 
sales are not allowed (positivity constraint). Second, the weights sum to 1 since all the 
portfolio must be invested (portfolio constraint). 
In this sense, to measure the performance of common stock funds, Elton et al. (1996) 
recommend a four-index model that includes the S&P 500 index, a size index, a growth 
versus value index, and a bond index. With regard to fixed-income benchmarks, Sharpe 
(1992) uses both a government bond index and corporate bond indexes. Similarly, Fama 
and French (1993) illustrate that a bond model should include factors related to maturity 
risk and default risk. 
Table 2 reports the correlations for the benchmarks initially considered to collect the 
main groups of assets in which UK balanced pension plans invest. We have considered 
several equity benchmarks to account for the most important investment markets (UK, 
Europe, US, Japan and the World) as well as fixed-income benchmarks to account for 
different maturities (10-year, 5-year, 3-year and 1-year period) and a benchmark repre-
sentative of cash (1-month Treasury Bill Repos).
The high value of Pearson’s coefficients between the different equity benchmarks ana-
lyzed leads us to test the correlation between the returns of UK pension plans and these 
indexes to determine the equity benchmark of the model. Based on these results, we 
decide to use the MSCI World index, given that this benchmark shows the highest cor-
relation to UK pension plan returns. In addition to MSCI World large + mid cap index 

Table 2. Correlation coefficients

MSCI
UK

MSCI
Europe

MSCI
US

MSCI
Japan

MSCI
World

10-y FI 5-y FI 3-y FI 1-y FI Repos

MSCI UK 1 0.955 0.832 0.447 0.899 –0.135 –0.119 –0.088 –0.028 –0.028

MSCI Europe 1 0.859 0.465 0.932 –0.166 –0.142 –0.109 –0.043 –0.041

MSCI US 1 0.522 0.974 –0.133 –0.119 –0.092 –0.035 –0.018

MSCI Japan 1 0.615 –0.233 –0.239 –0.211 –0.156 –0.160

MSCI World 1 –0.172 –0.155 –0.123 –0.055 –0.043

10-y FI 1 0.905 0.808 0.585 0.332

5-y FI 1 0.980 0.845 0.617

3-y FI 1 0.926 0.724

1-y FI 1 0.911

Repos 1

Notes: The table shows the Pearson’s correlation coefficients among the benchmarks.
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we also include the MSCI World small index to account for the different behavior of 
small stocks. On the other hand, we choose the 10-year fixed-income index as repre-
sentative of the bond investment since this index shows the lowest correlation to cash 
(1-month UK Treasury Bill Repos). Therefore, based on Table 2, and bearing in mind 
the requirements of exhaustivity, exclusivity and independence of the benchmarks, we 
define the following style model: 

2
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where p
tR  is the gross return of pension plan p in month t; RMSCIWorldlarge + mid,t is the 

gross return on the MSCI World Large + Mid cap index in month t, RMSCIWorld Small,t is 
the gross return on the MSCI World Small cap index in month t, R10yPublicBond,t is the 
gross return on the 10-year UK Public Debt index in month t and RRepos,t is the gross 
return of 1-month UK Treasury Bill Repos in month t, β p

j  is the style weight of the 
basic asset class j (where j = 1 to 4) of pension plan p, 0β

p  is the part of the return that 
active management adds to the merely passive tracking of the benchmark portfolio and 
ε p

t  is the residual return not captured by the model.

2.3. Application of the traditional LSV herding measure to style allocations
Next, the study focuses on the evolution of the strategic allocations over time. We 
estimate the style weights of each pension plan p considering 35-month and 36-month 
rolling windows.
Given the portfolio constraint of Sharpe’s (1992) model, the comparison of the weights 
allocated by each portfolio in two consecutive rolling windows allows us to investigate 
whether managers are increasing or decreasing their exposure to a certain benchmark. 
Although the LSV measure gauges herding without regard to the direction of the move-
ments, we divide this metric into buying herding and selling herding. We thus define a 
buying or selling pension plan p in a strategic style j if:

,36 ,35

,36 ,35

p p
j j
p p
j j

β > β 


β < β 

(buying),
(6)

(selling),

where ,35β p
j  is the allocation in style j of pension plan p calculated over the 35-month 

window and ,36β p
j 	is obtained from monthly returns over the next window of 36-month 

observations.

2.4. Shortcomings of the LSV herding measure
Financial literature has pointed out some shortcomings and limitations to the LSV mea-
sure. Oehler (1998) firstly claims that LSV measure is designed to capture buying herd-
ing, although potential convergent patterns on the selling side are also relevant. Based 
on this criticism, our study is focused on both buying and selling herding.
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Secondly, Oehler (1998) indicates that the parameter p(t) calculated according to the 
LSV metric (see equation 3) does not properly capture the herding level for each asset 
class. Therefore, instead of using a unique p(t) for all the basic assets as shown in LSV 
metric, it is relevant to consider the possibility of working out a p(t) value for each style. 
This author indicates that “the p(t) adjustment leads to a lack of information because 
averaging procedure (across all stocks) and does not allow to compare stock by stock 
separately”. This drawback might also be affecting our analysis of style allocations and 
is connected with some additional concerns about the p(t) values pointed out by Wylie 
(2005). Concretely, Wylie (2005) indicates that the probability of buying or selling a 
stock in a given period could not be the same, given that managers cannot undertake 
short sales, and, as a result, only managers having an initial holding are able to sell it. 
Additionally, the probability of buying a certain stock also seems to be conditioned by 
the size of the initial holding in the stock.

The above concerns about the values of p(t) calculated according to LSV metric lead 
us to check the existence of a relationship between the previous exposures and the 
probability of increasing (decreasing) them in the next period. We find a high statistical 
significance in this relationship when equity and cash exposures are analyzed (see Ap-
pendix A). However, only Figures A.1 and A.2 show a clear and inverse trend between 
the previous exposure and the probability of increasing the style weight. This finding 
justifies our calculation of p(t) values that take into account the strategic allocation of 
the previous period (p’(t) values henceforth) in the analysis of herding in both equity 
styles (large and small caps).

The calculation of p’(t) values can be tackled through both a parametric and a non-
parametric regression. However, the use of a non-parametric method is more advisable 
since parametric regressions could create a generated regressor bias2 because the inde-
pendent variable are the style weights estimated and include estimation errors.

We thus propose the calculation of the p’(t) values using a non-parametric kernel me-
thod given its utility in the case of unknown forms of the relationship between the two 
variables (the probability of increasing the exposure to a certain style and the previous 
exposure). Therefore, the non-parametric method provides us the probability of increas-
ing the exposure for each value of ,35β p

j . These probabilities are calculated from the 
exposures of each pension plan p in each rolling window and the information about 
whether each exposure is higher or lower than the allocation in the previous period. 
This method is described in Appendix B. 

Finally, Bikhchandani and Sharma (2000) indicate two limitations of LSV measure. The 
first limitation is that this measure only uses the number of managers on the two sides 
of the market without any regard for the amount of stocks they buy or sell to assess 
the extent of herding. Therefore, this metric disregards the value of manager trades and 

2 The parametric regression of Appendix A was used to demonstrate that the tendency shown by Fig-
ures A.1 and A.2 is statistically significant.
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can overlook herding which can in fact be present.3 For this reason, some authors like 
Wermers (1999) and Voronkova and Bohl (2005) advocate the use of a complementary 
measure that collects information about the amount of stocks bought or sold by each 
manager. This measure referred to as the dollar ratio and volume herding in financial 
literature is defined in our study as the amount ratio, as it considers the magnitude or 
value of the increases or reductions in the strategic allocation of each period. The ratio 
is expressed as follows:

 Amount Ratio £ ( , ) £ ( )p j t p t= − ,  (7)

where: 
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£ ( , ) £ ( , )
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£ B(j,t) and £ (  j,t) are the magnitude of the increases and decreases in the benchmark j 
over period t, £ p (  j,t) is the percentage of the magnitude of increases in benchmark j in 
period t; and £ p (t) is the expected proportion of the magnitude of the increases in that 
period relative to the amount traded aggregated across all styles.
With respect to the second limitation, this metric could be used to evaluate the level 
of herding in a given period from a cross-sectional point of view, but it cannot detect 
whether certain managers constantly tend to imitate others over time (time-series per-
spective). As a consequence, Andreu et al. (2009) propose a time-series analysis to test 
intertemporal herding patterns. These authors compare the variations in the investments 
of each pension plan to those carried out by the rest of managers. Applying this method 
to our analysis, we compute time-series regressions for each pension plan p as follows:

 , , ,∆β = ⋅ ∆β +pj t pn nj t pj th e , (10)

where: Δβpj,t = ,36 ,35β − βp p
j j , that is, the monthly variation in the strategic allocation j 

in period t of pension plan p; Δβnj,t = ,36 ,35β − βn n
j j , that is, the monthly variation in the 

strategic allocation j in period t of the equally-weighted portfolio n that encompasses 
every pension plan except p; hpn is the slope of the regression and epj,t is the residual 
term of the regression.
The slope of this regression indicates the convergence in the strategic changes on bench-
mark j allocated by each pension plan p and by the rest of the pension plans. A positive 
and statistically significant hpn would provide evidence of intertemporal herding in the 
allocation analyzed.

3 Think about a situation in which the buyers and sellers are similar in number but the buyers collec-
tively demand a substantial amount of the stock while the sellers only put a relatively small amount 
into the market. In such a situation, though herding into stocks exists, the LSV measure would not 
capture it.
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2.5. Robustness analysis
Some previous studies of herding using portfolio holdings can be biased since we could 
observe managers with higher dollar value in a stock and however, the proportion of 
this stock in the portfolio could have been reduced. Grinblatt et al. (1995) point out 
that the dollar value of a position will increase (decrease) if the stock has a positive 
(negative) return hence leading to artificial evidence of herding. Similarly, the return 
of the benchmarks selected could affect the movements in the style exposures thereby, 
biasing our findings.
For that reason, we carry out a robustness analysis that takes into account “passive style 
portfolios”, that is portfolios that maintain their given investment style along time. Ad-
ditionally, we compare the results obtained with the abovementioned herding analyses 
of our sample of UK pension plans with the results obtained by passive style portfolios 
to isolate potential artificial herding. The robustness analysis is carried out following 
the next steps:
Step 1: we estimate equation (5) considering all information available for each pension 
plan p to calculate the long-term beta of each style for each pension plan. Hence, the 

estimated parameters obtained for each portfolio ( 0 1 2 3 4, , , and
∧ ∧ ∧ ∧ ∧
β β β β βp p p p p ) are used as 

style weights of the passive portfolios.
Step 2: we calculate the expected return of each “passive style portfolio” in each month t:

 

arg , ,0 1 2

10 , ,3 4

( )

.

p p p p
t MSCIWorldl e mid t MSCIWorldSmall t

p p
yPublicBonds t Repos t

E R R R

R R

∧ ∧ ∧

+
∧ ∧

= β + β + β +

β + β  (11)

Step 3: to apply the rolling window approach, for each pension plan p and for each 
35-month rolling window composed of 35 observed monthly returns, we add a new 
observation, the monthly expected return ( )p

tE R  calculated as in Step 2. Then, we 
estimate the style exposures of this 36-month rolling window * 

,36( )β p
j .

Step 4: we compare ,35β p
j  

(see expression 6) with the 36-month rolling window betas 
estimated in Step 3 * 

,36( )β p
j  

to determine if each pension plan is a buying or selling 
portfolio in the style j and to determine the herding levels of passive style portfolios.
Step 5: we calculate the difference between the herding levels shown by our sample 
of UK pension plans and the herding levels shown by the passive style portfolios to 
provide measures that reflect the herding produced by managers’ decisions. Hence, the 
key point of the new herding levels (reported in Panel B of Tables 4 to 7) is to isolate 
artificial herding that cannot be attributable to managers decisions (e.g. style variations 
due to the long-term investment style or the benchmark revalorization).
Finally, trading decisions are also influenced by net fund flows (Wylie 2005). How-
ever, the allocation of new money does not necessarily imply variations on the current 
strategic style allocations. Therefore, fund inflows do not have an impact on our style 
allocation analysis as opposed to the analyses of herding in portfolio holdings.
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3. Empirical results

3.1. Style analysis results 
Table 3 reports summary statistics of the style allocations followed by UK pension 
plans. The table shows that the model fits well, as indicated by the high average R2 co-
efficient (82.55%). Hence, the model has strong explanatory power. Second, as stressed 
by Comer (2006), the results emphasize the importance of modelling the bond and cash 
portions of balanced portfolios. Concretely, the mean exposures in the fixed-income 
and cash index represent a total of 33.38% of the portfolios. Nevertheless, the most 
important weight is shown by the equity allocations (66.62%). 

Table 3. Summary statistics of the style analysis

Mean Median 25th percentile 75th percentile

β0 0.0001 0.0000 –0.0008 0.0008

β1 (Equity Large + Mid caps) 0.4710 0.4832 0.3531 0.6012

β2 (Equity Small caps) 0.1952 0.1789 0.0671 0.2872

β3 (Fixed-income) 0.1261 0.0000 0.0000 0.3132

β4 (Cash) 0.2077 0.2819 0.0000 0.3539

R2 0.8255 0.8480 0.7870 0.8760

Notes: The table shows cross-sectional statistics of the estimated results from Sharpe’s style analysis 
for our sample of UK pension plans from June 2000 to December 2007. 

3.2. Herding results applying the traditional LSV measure
Table 4 shows the herding results using the traditional LSV measure. It is divided into 
two panels. Panel A shows the herding level of our sample of UK pension plans while 
Panel B shows the herding level once we control for artificial herding (see Section 2.5 
for the procedure of the robustness analysis). 
Panel A highlights an average herding level of 12.57%, a figure higher than those pre-
viously reported in the US and in the UK market when examining portfolio holdings 
(see, e.g. the level of 2.7% revealed by Lakonishok et al. 1992). This finding could be 
attributed to the analysis of herding in style allocations instead of in particular stocks 
(Ferruz et al. 2008 find an overall herding level of 13.26% when examining style herd-
ing for the Spanish market). Furthermore, our results indicate a similar herding level to 
that reported using portfolio holdings in other less mature markets (see, e.g., the level 
of 22.6% shown in Voronkova, Bohl 2005 for the Polish market). However, the herd-
ing level declines to an average of 6.36% when artificial herding is removed (Panel B 
of Table 4).
Additionally, we observe a higher herding behavior in the equity style allocations (β1 
and β2), the most relevant assets in the funds. Note that this higher level of herding 
corresponds to a higher number of months in which this phenomenon is detected.
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Table 4. Herding results based on the LSV measure

Panel A: Herding results based on the LSV measure

β1 (Equities) 2003* 2004 2005 2006 2007 2003–2007

BH 25.06% (4) 24.38% (8) 14.94% (4) 14.39% (6) 9.48% (7) 18.34% (29)

0.00 0.00 0.00 0.00 0.00 0.00

SH 10.12% (3) 8.61% (4) 16.24% (8) 17.18% (6) 17.28% (5) 14.78% (26)

0.00 0.00 0.00 0.00 0.00 0.00

Average 17.59% 16.49% 15.59% 15.79% 13.38% 16.56%

 0.00 0.00 0.00 0.00 0.00 0.00

β2 (Small caps)

BH 0.98% (1) 15.28% (4) 18.80% (6) 14.06% (6) 13.40% (6) 13.60% (23)

0.84 0.00 0.00 0.00 0.00 0.00

SH 33.68% (6) 26.92% (8) 13.79% (6) 12.97% (6) 9.75% (5) 19.96% (31)

0.00 0.00 0.00 0.00 0.00 0.00

Average 17.33% 21.10% 16.29% 13.51% 11.58% 16.78%

 0.00 0.00 0.00 0.00 0.00 0.00

β3 (Fixed-income)

BH 13.24% (4) 5.15% (4) 7.10% (4) 3.57% (5) 9.21% (5) 7.87% (22)

0.00 0.05 0.14 0.42 0.00 0.00

SH 6.10% (3) 13.60% (6) 9.75% (6) 4.06% (3) 5.22% (3) 8.23% (21)

0.02 0.00 0.01 0.34 0.05 0.00

Average 9.67% 9.37% 8.43% 3.82% 7.22% 8.05%

 0.00 0.00 0.00 0.22 0.00 0.00

β4 (Cash)

BH 13.78% (4) 5.01% (4) 10.02% (4) 10.84% (5) 8.61% (5) 10.03% (22)

0.00 0.04 0.00 0.00 0.00 0.00

SH 1.01% (1) 3.14% (4) 14.44% (7) 8.59% (7) 8.31% (4) 7.71% (23)

0.93 0.23 0.00 0.00 0.00 0.00

Average 7.40% 4.08% 12.23% 9.72% 8.46% 8.87%

 0.04 0.03 0.00 0.00 0.00 0.00

Aggregate 13.00% 12.76% 13.14% 10.71% 10.16% 12.57%

Notes: Panel A shows the herding level of UK pension plans based on LSV measure while Panel B 
shows these herding levels once we control for artificial herding. Each panel shows the results for the 
four style allocations considered for both buying (BH) and selling (SH) managers as well as the aver-
age. The annual herding level is calculated considering the sum of the herding levels in the months 
where this phenomenon is detected divided by the number of months analyzed each year. The herd-
ing level is expressed in percentage terms along with the number of months in which this behavior 
is observed in parenthesis. Additionally, the table also reports the results for the whole time period 
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analyzed (June 2003 – December 2007). The p-values associated to each herding level appear below 
the metric and have been calculated according to a normal distribution since if n is large enough the 
binomial distribution converges asymptotically to this distribution.
*Although the return-based style analysis of Sharpe (1992) is carried out from June 2000 to December 
2007, the use of 36-month rolling windows leads us to examine herding behavior from June 2003 to 
December 2007. Therefore, in 2003 we can only consider seven months.

Panel B: Robustness analysis

β1 (Equities) 2003* 2004 2005 2006 2007 2003–2007

BH 4.16% (2) 5.09% (5) 14.49% (4) 11.65% (5) 5.15% (4) 8.24% (20)

0.18 0.01 0.00 0.00 0.00 0.00

SH 3.21% (1) 4.88% (4) 11.13% (5) 9.10% (4) 11.24% (5) 8.07% (19)

0.18 0.01 0.00 0.00 0.00 0.00

Average 3.68% 4.98% 12.81% 10.38% 8.20% 8.16%

 0.16 0.00 0.00 0.00 0.00 0.00

β2 (Small caps)

BH – 5.25% (3) 5.24% (2) 6.53% (3) 9.43% (5) 5.47% (13)

– 0.03 0.08 0.01 0.00 0.00

SH 14.62% (4) 11.88% (5) 12.70% (6) 12.97% (6) 4.24% (3) 11.17% (24)

0.00 0.00 0.00 0.00 0.05 0.00

Average 7.31% 8.56% 8.97% 9.75% 6.84% 8.32%

 0.03 0.00 0.00 0.00 0.00 0.00

β3 (Fixed-income)

BH 4.60% (4) 4.89% (4) 4.50% (3) 1.40% (2) 4.04% (3) 3.86% (16)

0.07 0.06 0.39 0.91 0.16 0.01

SH 0.24% (1) 2.84% (4) 8.18% (5) 3.15% (3) 3.96% (2) 3.79% (15)

0.95 0.26 0.03 0.46 0.28 0.02

Average 2.42% 3.87% 6.34% 2.28% 4.00% 3.83%

 0.28 0.04 0.04 0.57 0.08 0.00

β4 (Cash)

BH 5.82% (3) 3.01% (4) 9.97% (4) 8.04% (4) 6.20% (3) 6.64% (18)

0.21 0.22 0.00 0.00 0.03 0.00

SH – 1.01% (3) 6.16% (5) 4.26% (7) 6.14% (4) 3.64% (19)

– 0.77 0.00 0.01 0.01 0.00

Average 2.91% 2.01% 8.06% 6.15% 6.17% 5.14%

 0.53 0.33 0.00 0.00 0.00 0.00

Aggregate 4.08% 4.85% 9.05% 7.14% 6.30% 6.36%

End of Table 4
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3.3. Herding results applying alternative methods
3.3.1. Herding results with accurate values of p(t)

Table 5 shows the herding level when using the values of the probability of increasing 
the equity exposures obtained from the non-parametric kernel method (see Section 2.4 
and Appendix B). This analysis has only been applied to equity exposures since Figures 
A.1 and A.2 depict that only in equities there is a significant relationship between the 
probability of increasing the exposure and the previous style weight. 
Table 5 shows that the average herding level in β1 is reduced from 8.16% when us-
ing LSV measure to 7.63% when using p’(t) values and the herding level in β2 is also 
reduced from 8.32% to 7.99%.

3.3.2. Herding results from a quantitative perspective
Table 6 gathers the results obtained through the use of the amount ratio (Equation 7). The 
structure of this table is similar to Tables 4 and 5. As we could expect, this table provides 
evidence of herding behavior from a quantitative perspective, being this level slightly 
higher than the herding level reported through the LSV measure (7.93% versus 6.36%). 

Table 5. Herding results based on p’(t)

Panel A: Herding results based on p’(t)

β1 (Equities) 2003* 2004 2005 2006 2007 2003–2007

BH 17.89% (4) 20.89% (8) 11.93% (4) 14.97% (6) 8.41% (5) 15.51% (27)

0.00 0.00 0.00 0.00 0.00 0.00

SH 15.75% (3) 12.23% (4) 15.39% (8) 12.09% (5) 15.41% (5) 14.89% (25)

0.00 0.00 0.00 0.00 0.00 0.00

Average 16.82% 16.56% 13.66% 13.53% 11.91% 15.20%

 0.00 0.00 0.00 0.00 0.00 0.00

β2 (Small caps)

BH 2.55% (1) 13.91% (4) 18.61% (6) 19.38% (6) 18.32% (6) 15.78% (23)

0.01 0.00 0.00 0.00 0.00 0.00

SH 21.54% (6) 17.84% (8) 15.33% (6) 15.4% (6) 8.12% (6) 16.29% (32)

0.00 0.00 0.00 0.00 0.00 0.00

Average 12.04% 15.88% 16.97% 17.39% 13.22% 16.03%

 0.00 0.00 0.00 0.00 0.00 0.00
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3.3.3. Herding results from a time-series perspective 
The results of intertemporal herding are shown in Table 7. Panel A shows a high number 
of pension managers (more than 65%) with herding behavior over time in relation to the 
rest of the portfolios analyzed. We also highlight that this value reaches more than 95% 
when the equity allocation in large and medium caps is studied. These results provide 
evidence for a global trend towards herding over time among UK pension plans.
As in previous sections, we perform the robustness analysis and show the results in 
Panel B of Table 7. These results confirm the existence of significant intertemporal herd-
ing in a high number of portfolios when studying the variation in the equity exposures 
(β1 and β2). However, the number of portfolios with significant intertemporal herding 
is reduced in the fixed-income and cash allocations. This finding is consistent with the 
relevance of equity exposures in the investment vocation of the portfolios analyzed. 

Panel B: Robustness analysis

β1 (Equities) 2003* 2004 2005 2006 2007 2003–2007

BH 5.66% (2) 6.99% (5) 11.20% (4) 10.98% (6) 4.17% (3) 7.87% (20)

0.08 0.00 0.00 0.00 0.05 0.00

SH 4.39% (2) 5.37% (3) 8.90% (6) 7.62% (4) 10.19% (5) 7.39% (20)

0.01 0.02 0.00 0.00 0.00 0.00

Average 5.02% 6.18% 10.05% 9.30% 7.18% 7.63%

 0.00 0.00 0.00 0.00 0.00 0.00

 β2 (Small caps)

BH – 6.09% (3) 6.83% (4) 8.02% (4) 11.41% (5) 6.69% (16)

– 0.01 0.00 0.00 0.00 0.00

SH 6.60% (4) 6.19% (5) 14.80% (6) 15.40% (6) 2.97% (4) 9.28% (25)

0.00 0.00 0.00 0.00 0.11 0.00

Average 3.30% 6.14% 10.82% 11.71% 7.19% 7.99%

 0.02 0.00 0.00 0.00 0.00 0.00

Notes: Panel A shows the herding level of UK pension plans based on p’(t) while Panel B shows these 
herding levels once we control for artificial herding. Each panel shows the results for the Large + Mid 
cap equity and Small cap equity style allocations for both buying (BH) and selling (SH) managers as 
well as the average. 

End of Table 5
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Table 6. Herding results based on the amount ratio

Panel A: Herding results based on the amount ratio

β1 (Equities) 2003* 2004 2005 2006 2007 2003–2007

BH 29.05% (4) 28.89% (8) 13.06% (4) 17.49% (6) 15.63% (7) 21.66% (29)

0.00 0.00 0.00 0.00 0.00 0.00

SH 8.96% (3) 13.33% (4) 22.20% (8) 17.93% (6) 19.56% (5) 17.56% (26)

0.00 0.00 0.00 0.00 0.00 0.00

Average 19.01% 21.11% 17.63% 17.71% 17.60% 19.61%

 0.00 0.00 0.00 0.00 0.00 0.00

β2 (Small caps)

BH 2.29% (1) 16.29% (4) 19.24% (6) 18.38% (6) 18.53% (6) 16.22% (23)

0.02 0.00 0.00 0.00 0.00 0.00

SH 32.24% (6) 30.93% (8) 16.64% (6) 14.52% (6) 15.11% (6) 22.70% (32)

0.00 0.00 0.00 0.00 0.00 0.00

Average 17.26% 23.61% 17.94% 16.45% 16.82% 19.46%

 0.00 0.00 0.00 0.00 0.00 0.00
β3 (Fixed-income)

BH 16.22% (2) 11.86% (5) 20.85% (6) 11.04% (4) 22.60% (7) 17.43% (24)

0.00 0.00 0.00 0.01 0.00 0.00

SH 15.38% (5) 22.06% (7) 22.47% (6) 23.02% (8) 13.04% (5) 20.38% (31)

0.00 0.00 0.00 0.00 0.00 0.00

Average 15.80% 16.96% 21.66% 17.03% 17.82% 18.90%

 0.00 0.00 0.00 0.00 0.00 0.00

β4 (Cash)

BH 22.47% (4) 22.64% (7) 21.96% (7) 22.40% (8) 12.04% (4) 21.33% (30)

0.00 0.00 0.00 0.00 0.00 0.00

SH 13.44% (3) 13.37% (5) 13.79% (5) 13.83% (4) 21.09% (8) 15.99% (25)

0.00 0.00 0.00 0.00 0.00 0.00

Average 17.96% 18.01% 17.87% 18.11% 16.57% 18.66%

 0.00 0.00 0.00 0.00 0.00 0.00

Aggregate 17.51% 19.92% 18.78% 17.33% 17.20% 19.16%
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Panel B: Robustness analysis

β1 (Equities) 2003* 2004 2005 2006 2007 2003–2007

BH 6.42% (3) 6.84% (5) 10.92% (4) 14.91% (5) 7.04% (4) 9.32% (21)

0.02 0.00 0.00 0.00 0.00 0.00

SH 2.42% (1) 5.49% (4) 10.96% (5) 8.97% (4) 9.00% (5) 7.54% (19)

0.57 0.01 0.00 0.00 0.00 0.00

Average 4.42% 6.16% 10.94% 11.94% 8.02% 8.43%

 0.05 0.00 0.00 0.00 0.00 0.00

β2 (Small caps)

BH – 8.32% (4) 4.36% (3) 7.68% (3) 9.84% (5) 6.25% (15)

– 0.00 0.08 0.00 0.00 0.00

SH 9.92% (4) 9.70% (6) 14.02% (6) 14.52% (6) 6.98% (4) 11.07% (26)

0.00 0.00 0.00 0.00 0.00 0.00

Average 4.96% 9.01% 9.19% 11.10% 8.41% 8.66%

 0.03 0.00 0.00 0.00 0.00 0.00

β3 (Fixed-income)

BH 0.11% (1) 6.94% (4) 10.28% (3) 3.59% (3) 4.93% (3) 5.35% (14)

0.98 0.01 0.22 0.47 0.06 0.00

SH 6.88% (4) 2.26% (4) 10.77% (5) 18.26% (7) 10.53% (4) 9.84% (24)

0.01 0.34 0.00 0.00 0.00 0.00

Average 3.50% 4.60% 10.53% 10.92% 7.73% 7.59%

 0.13 0.01 0.00 0.00 0.00 0.00

β4 (Cash)

BH 12.05% (4) 1.08% (3) 11.31% (6) 18.71% (7) 9.60% (3) 10.50% (23)

0.00 0.78 0.00 0.00 0.00 0.00

SH – 5.57% (3) 3.24% (2) 2.78% (2) 5.68% (4) 3.57% (11)

– 0.07 0.25 0.29 0.02 0.01

Average 6.03% 3.32% 7.27% 10.74% 7.64% 7.03%

 0.12 0.16 0.00 0.00 0.00 0.00

Aggregate 4.73% 5.77% 9.48% 11.18% 7.95% 7.93%

Notes: Panel A shows the herding level of UK pension plans based on the amount ratio while Panel 
B shows these herding levels once we control for artificial herding. Each panel shows the results for 
the four style allocations considered for both buying (BH) and selling (SH) managers as well as the 
average. 

End of Table 6

L. Andreu et al. Herding in style allocations



839

Conclusions

This paper focuses on the herding behavior of UK pension managers, an interesting field 
of research taking into account the influence of institutional managers on stock markets. 
Specifically, we provide new insights into herding phenomenon by examining manag-
ers’ decisions with regard to the evolution of their strategic style allocations through the 
consideration of different methods.
We firstly use the well-known herding measure developed by Lakonishok et al. (1992), 
finding empirical evidence of herding behavior among UK managers during the en-
tire period. Secondly, we contribute to the literature by studying herding phenomenon 
through different and complementary analyses. We propose an alternative approach that 
captures the herding level by using a probability of buying and selling that takes into 
account the previous exposures of managers to a certain style. That way, we overcome 
the criticisms received by the traditional measure due to its lack of attention to the fact 
that the probability of buying and selling cannot be the same since managers cannot 
undertake short sales and to the fact that this probability is also conditioned by the 
initial holding or exposure. The results obtained are robust to those previously reported 
by the traditional metric, although a reduction in the herding level must be highlighted.

Table 7. Intertemporal herding results

Panel A: Intertemporal herding results Panel B: Robustness analysis
hpn > 0 Average hpn < 0 Average hpn > 0 Average hpn < 0 Average

Significant β1 
(Equities)

164 
(96.47%) 0.0010 – –

159 
(93.53%) 0.0011 – –

Not Significant β1
(Equities)

5 
(2.94%) 0.3038

1 
(0.59%) 0.2031 – – – –

Significant β2 
(Small caps)

167 
(98.24%) 0.0007 – –

159 
(93.53%) 0.0005 – –

Not Significant β2 
(Small caps)

2 
(1.18%) 0.3309

1 
(0.59%) 0.1614 – – – –

Significant β3 
(Fixed-income)

112 
(65.88%) 0.0065 – –

40 
(23.53%) 0.0020 – –

Not Significant β3 
(Fixed-income)

52 
(30.59%) 0.2473

6 
(3.53%) 0.6529 – – – –

Significant β4 
(Cash)

116 
(68.24%) 0.0068 – –

43 
(25.29%) 0.0022 – –

Not Significant β4 
(Cash)

51 
(30.00%) 0.2911

3 
(1.76%) 0.5488 – – – –

Notes: Panel A shows the intertemporal herding results of UK pension plans while Panel B shows 
these herding results once we control for artificial herding. Each panel shows the number of pension 
managers engaging in intertemporal herding behavior for the four style allocations considered as well 
as the percentage of the sample that they represent in brackets. The average level of significance is 
calculated for every hpn that presents a given sign. Only those pension plans with at least 24 monthly 
variations are considered to obtain robust parameters. Specifically, we examine 170 balanced pension 
plans.
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We also evaluate the herding phenomenon from two additional perspectives: a quantita-
tive perspective analyzing the magnitude of the increases and decreases in the strategic 
allocations instead of the number of managers and a time-series perspective to test 
the existence of intertemporal herding patterns. The aim of these two analyses is to 
overcome the limitations of the traditional metric and to show a complete view of the 
herding phenomenon. We find a herding level similar to that reported by the traditional 
measure and we demonstrate that this behavior persists over time.
Finally, we carry out a robustness analysis that removes the artificial herding that is not 
directly attributable to manager decisions in all the approaches considered to determine 
the existence of true herding behavior in the variations of style exposures. This analysis 
contributes to the literature about intentional versus artificial herding and represents an 
avenue for future research. One limitation of the study refers to the time period analyzed 
because it does not include the years of the global financial crisis. A deeper analysis 
about how market status affects to both intentional and artificial time is also a line for 
future research.
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APPENDIX A

We calculate the following equation for each style j to test the existence of a relation-
ship between the previous exposures and the probability of increasing this exposure in 
the next period:

 
ˆ( ) *= + β + εp t a b , (A.1)

where p(t) is the probability of increasing a specific style j given the prior value of this 
allocation and β̂  is the estimated value of the style allocation analyzed in the previous 
period. 
The results obtained are reported in Table A.1. The table shows that the slope of the 
regressions is statistically different from zero for the equity and cash exposures. There-
fore, the criticism of Wylie (2005) is confirmed in our dataset, and we need to calculate 
accurate values of p(t) considering the information of the previous exposures.
In addition to Table A.1, Figures A.1–A.4 illustrate the values of the style allocation 
analyzed in each figure and the probability of increasing this exposure in the next pe-
riod. Specifically, Figures A.1 and A.2 show a clear tendency indicating that the prob-
ability of increasing the equity exposures is inversely related to the prior value of the 
allocation. A finding consistent with the significant results reached in Table A.1. 

Table A.1. Relationship between the probability of increasing an exposure  
and its previous value

 Intercept Slope R2

β1 (Equities) 0.7654 –0.5313 74.55%

0.00 0.00

β2 (Small caps) 0.5981 –0.7452 88.21%

0.00 0.00

β3 (Fixed-income) 0.4454 0.2024 1.18%

0.00 0.43

β4 (Cash) 0.5378 0.0023 7.95%

0.00 0.02
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Fig. A.1. Relationship between the probability of increasing the equity exposure  
(p(t) values) and the previous equity weight (β1)

Fig. A.2. Relationship between the probability of increasing the small caps exposure  
(p(t) values) and the previous small cap weight (β2)

Fig. A.3. Relationship between the probability of increasing the fixed-income exposure  
(p(t) values) and the previous fixed-income weight (β3)

Fig. A.4. Relationship between the probability of increasing the cash exposure  
(p(t) values) and the previous cash weight (β4)
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APPENDIX B
We propose a non-parametric kernel regression to obtain a smooth approximation of the 
relationship between the probability of increasing the exposure to a certain style and the 
previous values of this style, which in our case is g(βj), where j = 1 to 4. This method 
only requires the set of observations of the exposures of pension plans to a certain style 
j and the information about whether these exposures have increased or decreased in the 
following period. The non-parametric regression is as follows:

 
( ) ,, -1

, 1
1 if 

1| ,  where  
0 otherwise    

p p
p p p j tj t

j t j tj tg p I I−

 β < β β = = β = β =   
.
 

(B.1)

The non-parametric regression aim to determine a decreasing function of distances from 
a βj to calculate the weights associated with each location. The values close to that allo-
cation receive more weight than those that are remote from it, which receive little or no 
weight. Given that Gaussian kernel estimators are one of the most used non-parametric 
methods, we calculate it as follows:
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0 otherwise     
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(B.2)

where: K(β;μ,s) is the value of density function of a N(μ,s) distribution in the location 
βj and allows us to determine the weights associated to each location; h is the window 
width; N is the number of pension plans {p = 1, …, N}. In our case N = 193; t refers 
to the time period considered {1 ≤ tmin,p < tmax,p ≤ T }, being tmin,p (tmax,p) the lower 
(upper) limit of the observed period of pension plan p. Note that each pension plan p 
presents different life periods.
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