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Abstract
This paper is focused on the ability of the Spanish equity mutual fund industry to
learn from its errors in important trading decisions. We use dynamic panel data
and find an overall significant decrease in the percentage of important trading
errors over time, thereby providing evidence of the global learning process.
Furthermore, we find that this evidence is driven by a large group of
management companies. Finally, in general terms, we obtain that the size of the
management company and its dependence on financial groups do not seem to
play significant roles in explaining the learning process in Spanish equity mutual
funds.
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1. Introduction
This paper is focused on the ability of the mutual fund industry to learn from its trading
errors. While the consequences of management errors have been widely analysed in
corporate finance (Finkelstein and Sanford, 2000; Tjosvold et al., 2004), there is a lack
of research regarding portfolio management. One possible explanation of this
difference is that an important error in corporate management may have critical
consequences, such as the termination of the company (Cardon et al., 2011). In
contrast, the consequences of an important trading error in mutual funds may be less
severe due to the diversification rules which are generally required, such as the current
European Union Directive 2009/65/CE1 in the euro area. However, this lack of research
and the important social and economic implications of a better mutual fund
management justify our interest in shedding light on the learning process of the mutual
fund industry from its trading errors.
The findings of this study have several implications for the agents involved in
the mutual fund industry. The underlying assumption is that mutual fund managers
have incentives to avoid making errors and to learn from them because their positions,
reputations and salaries may depend on their performance records (Agarwal et al.,
2009 and Kempf et al.,2009). Our study is also of interest to management companies
because of the relation between past performance and future fund flows (Sirri and
Tufano, 1998). Additionally, a better management of mutual funds is important for
investors because this industry has experienced a significant worldwide growth in
recent years. This growth is particularly evident in Europe where €15.6 billion of net
assets are managed by almost 60,000 mutual funds, making it the second biggest
mutual fund industry in the world (European Fund and Asset Management Association,
EFAMA, 2018). Wang (2011) argues that the growth of the mutual fund industry in
recent decades has been encouraged by the increase of retail investors' trust in
professional investment management. Nevertheless, mutual fund managers must
make decisions continuously and some of them may be wrong because professional
management is not perfect (Frydman and Camerer, 2016).
Decision-making is one of the basic cognitive processes of human behaviour
through which agents choose a preferred alternative based on given criteria or
strategies (Wang and Ruhe, 2007). Several studies provide evidence of some of the
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Directive 2009/65/EC of the European Parliament and of the Council of 13 July 2009 on the
coordination of laws, regulations and administrative provisions relating to Undertakings for
Collective Investment in Transferable Securities (UCITS). This current directive has been
implemented in all member countries of the European Union, including the market sample in our
paper, i.e., Spain.

factors that influences this decision-making, including knowledge and experience
(Calvet et al., 2009) and feelings, moods and emotions (George, 2000). Additionally, it
is important to bear in mind that each decision has a different impact on the final result,
depending on its relative importance in this process and the difference with respect to
other decisions.
In research about the mutual fund decision-making process, there are two
different trends: rational and behavioural models. On the one hand, most of the
classical models and theories are based mainly on the seminal assumptions that the
agents are rational and the markets are efficient (Markowitz, 1952; Sharpe, 1964;
Fama, 1968). On the other hand, behavioural finance questions this rational approach
in the decision-making process (Tversky and Kahneman, 1986; Shiller, 2003).
Between both trends, there are authors who suggest combining rational and
efficient markets with behavioural models (Tseng, 2006; Subrahmanyam, 2008;
Statman, 2014). Sargent (1993) defends a non-rigid rationality which is based on the
idea that agents affected by cognitive biases may make errors but that these wrong
decisions are not persistent over time, thereby suggesting that agents learn from their
errors. This statement is consistent with the learning by doing concept which was
initially studied by Arrow (1962). Crossan et al. (1999) consider a multilevel learning
perspective: individual, group and organizational levels. Marsick and Watkins (2015)
note that errors are a key tool for organizational learning and Crossan and Bapuji
(2003) defend that the traditional measurement of learning is related to the so-called
curves of learning, where the ability of institutions to learn is a function of time that is
considered as internal learning.
In addition to this institutional approach, academics have recently shown
interest in the learning process in the research field of household ﬁnance, considering
this process as the reduction of the cognitive biases identified by behavioural finance
(Dhar and Zhu, 2006; Nicolosi et al., 2009; Koestner et al., 2017). These authors
identify experience as the source of this dynamic process, measuring it with both the
number of years of experience and the number of operations accumulated in the
financial markets.
The review of the existing literature reveals both the importance of the learning
process in the economic field and the lack of results in mutual funds. Consequently, the
main objective of this paper is to test the ability of the mutual fund industry to learn from
its trading errors. Our contributions to the literature are as follows. First, we analyse the
learning process at the level of professional management in contrast to the widely
studied behaviour of retail investors. Second, we extend the potential individual
learning ability from managers to the organizational level, that is, to the management

companies competing in the mutual fund industry. Third, we assume that not all trading
decisions have the same importance and, thus, the same influence on performance.
The underlying rationale is based on the idea that managers are much more sensitive
to the learning experience when the consequences of their errors are very negative.
We consider learning ability as the decrease of important errors over time. Our
empirical results provide evidence of a process of learning from important errors in the
Spanish equity mutual fund industry and this evidence is driven by most of the mutual
fund management companies.
The rest of the paper is structured as follows. Section 2 introduces our
database. Section 3 describes the methodology. Section 4 includes our results. Finally,
Section 5 concludes.
2. Data
This study examines whether the Spanish equity mutual fund industry learns from its
trading errors between January 2000 and March 2014. Mutual funds have grown and
been consolidated into the collective investment industry of Europe over the last twenty
years. We focus on the Spanish industry because it represents a unique setting for our
research objectives. First, it is one of the most important Euro mutual fund industry. In
fact, the Spanish industry is ranked 5thin the euro area in terms of number of funds
(EFAMA, 2018). Second, the high concentration in the Spanish market, where the top
10 fund companies manage more than 75% of the total fund assets (Inverco, 2018),
allows an appropriate identification of the role of the assorted characteristics of the
competitors in this industry in the learning process. According to Cambon and Losada
(2014), the strong degree of concentration and the model of universal banking are
distinguishing characteristics of the Spanish mutual fund industry. Third, the Spanish
mutual fund industry is a more recent industry than the U.S or other important
European markets, such as France, Germany and the U.K. The great boom of Spanish
mutual funds occurred during the 1990s. Therefore, our sample period coincides with
the maturity stage of the Spanish mutual fund industry, avoiding possible effects of
expansion and growth stages that may affect the learning process (Penrose, 1959;
Autio et al., 2000).

Our data includes 145 domestic and 1472 Euro equity mutual funds which are
managed by 83 and 77 management companies, respectively. We include both
surviving and terminated mutual funds from sample period; thus, our study is free of
survivorship bias.
Table 1: Summary Statistics
This table shows summary statistics of our mutual fund sample. Panel A reports average
statistics about domestic equity mutual funds, such as number of funds and management
companies, fund size, fund age, the number of stocks held by the portfolios and turnover ratio.
Quintiles 1 and 5 are also provided. Panel B reports the same information for Euro equity
mutual funds. For simplicity, we split our sample period into three sub-periods: pre-crisis period
(2000-2007); crisis period (2008-2011); post-crisis period (2012-2014).
Panel A: Domestic equity mutual funds

Panel B: Euro equity mutual funds
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CNMV establishes a classification of mutual funds according to the types of assets included in
the portfolios. Euro equity mutual funds must invest more than 75% of their portfolios in equities
and at least 60% of the total equity exposure must be issued by companies of the euro area.
Otherwise, we construct a subsample of funds which self-report their objective of investing in
the Spanish market and we label this subsample as domestic mutual equity funds.

Portfolio holdings of funds included in our sample have been obtained from the
Spanish Securities and Exchange Commission (CNMV) and Morningstar. The
matching of the information of the two databases3 allows us to control all quarterly
portfolio holdings and more than the 80% of the monthly portfolio holdings. We analyse
20,572 portfolio holdings: 12,176 and 8,296 portfolio holdings of domestic and Euro
equity mutual funds, respectively.
The CNMV also provides information about each mutual fund, including the
monthly Total Net Assets (TNA) and the inception date. Finally, we compute the
turnover ratio for each mutual fund following Elton et al. (2010).
Table 1 shows the summary statistics of our sample. We observe that both the
number of funds and the number of management companies have a downward trend.
Mergers and acquisitions of funds and management companies in the Spanish fund
industry mainly explain this result. Additionally, Table 1 shows that the average fund
size decreased during the crisis period but it recovered later. We can also see that the
average size is bigger in domestic than in Euro equity mutual funds. This may be
because retail Spanish investors feel more confident investing their money in their
home market, thereby highlighting a potential home bias. Finally, the average age is
lower in Euro equity mutual funds because this investment category appears later in
the Spanish market than the domestic equity category.
3. Methodology
To analyse the learning process of the mutual fund industry from its trading errors, we
first determine the trading decisions in each month. From these, we select the
important buys and sells during the sample period by applying three independent
filters. Second, we identify the most important errors in the important trading decisions
and we obtain the percentage of important errors over the total number of trading
decisions in each year by each fund. Finally, we propose several dynamic panel data
models to test for the existence of a learning process in our sample.
3.1. Important buys and sells
We use the approach of change in the number of shares (Alexander et al., 2007) to
determine fund trades. For each stock j and each month t, we measure the change in
the number of shares of this stock held by fund i from the end of month t-1 to the end of
3

The mutual fund holdings used in this study rely on the monthly portfolio holdings information
provided by the CNMV for each fund from December 1999 to December 2006. This information
was provided for research purposes. However, the CNMV only provides us with quarterly
portfolio holdings from March 2007 onwards. Therefore, we first matched the quarterly
information provided by the CNMV with the information provided by Morningstar and, then, we
included monthly information from Morningstar when it was available.

month t. Once we know the number of shares that have been bought and sold, we
calculate the amount of each trading decision by multiplying the change in the number
of shares4 by the average market price of stock j in month t.
Our underlying assumption is that mutual fund managers learn when the
influence of their errors on the performance is important because their jobs, reputations
and salaries may depend on their performance records (Singh et al., 2007; Agarwal et
al., 2009; Kempf et al., 2009). The economic impact of a trading decision depends on
both its relative importance and its subsequent return.
To calculate the relative importance of each trading decision, we divide the
amount of each decision by the fund size (TNA) in month t. Once we know the relative
importance of each trading decision, we identify the important buys and sells of each
fund based on three independent filters: 1) a high relative importance with respect to
the fund TNA, 2) a significantly high relative importance with respect to other trading
decisions made by the fund, and 3) a significantly high relative importance with respect
to other trading decisions of the other funds. In sum, we consider that a trading
decision is important when it fulfils the three independent filters explained above.
With the first filter, we assume that a trading decision for stock j by fund i in
month t is important when it represents a high percentage of the fund TNA in this
month. We orthogonalise the percentages of relative importance by selecting the 5
percent tails of the trading distributions for the whole sample period of each fund. In
this way, we identify the trading decisions of greatest relative importance taken by fund
i during its existence, controlling for the potential bias of each month analysed.
Distinguishing between buys and sells, that is, maintaining the sign of the trading
decision, the top (bottom) 5 percent tail refers to the most important buys (sells) during
the sample period that fulfil the first filter.
In the second filter, we assume that a trading decision is important when its
relative importance is significantly different to the relative importance of other trading
decisions by the same mutual fund with other stocks in the same month. We compare
the relative importance of a trading decision for stock j by mutual fund i in month t with
the relative average importance of the other stocks held by the same mutual fund i in
month t, distinguishing between buys and sells. Once the differences of this relative
importance have been obtained, we orthogonalise these relative differences for each
mutual fund as we did with the first filter. That is, we select the top (bottom) 5 percent
tail of this difference distribution that includes the most different buys (sells) by fund i
during its existence after controlling for the potential bias of the month analysed.
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We consider corporate actions, such as stock splits, to obtain the number of shares.

Finally, in the third filter, we assume that a trading decision is important when it
has a relative importance significantly different to the relative importance of other
trading decisions by other mutual funds in the same stock and month. Thus, we
compute the difference between the relative importance of a trading decision for stock j
by mutual fund i in month t and the average relative importance5 of the trading
decisions for the same stock j and month t by the other mutual funds in our sample.
Once these differences have been obtained, we orthogonalise across each month
considering the whole fund sample. That is, we select the top (bottom) 5 percent tail of
this difference distribution that refers to the most different buys (sells) by the fund
sample across the whole period to obtain the trading decisions of greatest relative
importance by fund i compared to the others, controlling for the potential bias of the
month analysed6.
Table 2: Stock trades
This table shows the yearly average figures of the stock trading of our mutual fund sample.
Panel A and Panel B report trading data about domestic and Euro equity mutual funds included
in our sample. For simplicity, we split our sample period into three sub-periods: pre-crisis period
(2000-2007); crisis period (2008-2011); post-crisis period (2012-2014).
Panel A: Domestic equity mutual funds

Panel B: Euro equity mutual funds

5

In buys, we obtain the average after considering all the funds which are included in our sample
in each period t but, in sells, we only consider the funds which hold the stock in the previous
month, t-1, due to the fact that any fund can buy a stock but only the funds that hold a stock can
sell it.
6
For illustrative purposes, we identify an important buy for stock j by fund i in March 2000 that
fulfils the three filters. First, the amount of this buy represents 18.64% of the TNA of fund i in
March 2000. This great relative importance fulfils the first filter after the orthogonalisation
process. Second, the average of the other buys in other stocks of fund i in March 2000
represents 0.60% of its TNA. Thus, the difference with stock j is significant and it fulfils the
second filter after the orthogonalisation process. Finally, the average of the buys in stock j by
the other mutual funds in March 2000 represents 0.11% of their TNA. Thus, the difference with
mutual fund i is also significant and it fulfils the third filter after the orthogonalisation process.

Table 2 reports the average number of buys and sells and the average number
of important buys and sells of our sample. It shows a consistent decrease over time of
the number of buys and sells in both domestic and Euro equity mutual funds. This
evidence may be related to the decline of the turnover ratio in our sample (see Table
1). However, the table shows that the percentage of important buys and important sells
that have fulfilled our three independent filters remain highly stable, although they are
slightly lower during the crisis period.
3.2. Important errors in important trading decisions
The objective of the next step is to detect which of these important decisions are
important errors. We assume that an important error comes from an important decision
that has a hugely negative effect on the mutual fund performance. This identification is
based on the hypothesis that you learn when something hurts.
First, we identify trading errors as important buys (sells) of stocks whose
performance is negative (positive). Second, we obtain the economic impact of each
negative important trading decision for stock j by mutual fund i in month t by multiplying
its future performance by its portfolio weight. Third, we identify both the quintiles of
important buys and sells with the most negative influence on the future fund
performance, considering all funds across the sample period. We evaluate stock j
across the entire period of the sample through Jensen's alpha (1968) at different time
horizons (3, 6 and 12 months) which have been estimated using rolling windows of 60,
120 and 240 daily data, respectively. The objective is to observe the effect of the error
in the very short term (3-month alpha) and in longer terms (6-month and 12-month
alphas)7.
Finally, we compute the yearly percentage of important errors of each mutual
fund by dividing the number of important errors obtained each year by the total number
of mutual fund trades that year. Thus, we avoid potential biases in the number of wrong
decisions due to a decreasing trend in the number of trades per fund over time (see
Table 2).
3.3. Learning process in the mutual fund industry
To measure the ability of the mutual fund industry to learn from its trading errors, we
test the null hypothesis that the percentage of important errors is not significantly
different over time. Hence, rejecting this null hypothesis provides evidence of a trend in
7

To obtain Jensen's alpha (1968), we use the Ibex 35 total return index and the Euro Stoxx-50
total return index as the benchmarks in domestic equity mutual funds and in Euro equity mutual
funds, respectively. We also use the daily return of one-day repos of Spanish treasury bills as
the proxy of the risk-free return.

the percentage of important errors over time. Additionally, if this trend is negative, it
suggests a learning process in the current maturity stage of the Spanish equity mutual
funds industry.
We use a dynamic panel data model to test the relationship between the
percentage of important errors and the time variable in the mutual fund industry. The
literature recommends this methodology for a database with a large number of
individuals, e.g., mutual funds in our study, and a small number of time periods
(Roodman, 2006). For this reason, we have computed the percentage of important
errors by fund and year from the monthly data. Our choice of panel data methodology
allows the combination of time series, cross-sections and unbalanced data
(Wooldridge, 2010). In addition, the dynamic panel data model allows the incorporation
of an endogenous structure through a one-year lagged variable that captures the
unobserved time invariant effects due to individual patterns.
We apply the Generalized Method of Moments (GMM) dynamic model8 of
Arellano and Bower (1995) and Blundell and Bond (1998) as follows:
% Important errorsi,t=i,t +γi,t %Important errorsi,t-1+1Timet+2 Sizei,t+3 Agei,t +
4No of stocksi,t+5Turnoveri,t+6 Market returnt+εi,t
(1)
for t=1,...,15 years
for i=1, ...,145 domestic equity mutual funds
for i=1, ...,147 Euro equity mutual funds

where:
% Important errorsi,t is the percentage of important errors for fund i and year t.
i,t is the constant variable.
γi,t is the coefficient of the variable % Important errorsi,t-1 (1-year lag of percentage of important errors for
fund i).
Timet ranges from 1 in the first year of our sample period to 15 in the last year. The sample period runs
from 2000 to 2014.
Sizei,t: is the TNA of mutual fund i divided by the average TNA of all funds included in our sample in year t.
Agei,t: is the age of mutual fund I divided by the average age of all funds included in our sample in year t.
No. of stocks i,t: is the number of different stocks held by mutual fund i in year t.
Turnover i,t is the turnover ratio of mutual fund i in year t.
Market return t is the return of the benchmark. We use Ibex-35 as the benchmark for domestic equity
mutual funds and EuroStoxx-50 for Euro domestic equity mutual funds.
εi,tis the residual term of the model.

To test the relationship between the percentage of important errors and time,
we introduce the time variable into our dynamic model. Our sample period covers 15
years, from January 2000 to March 2014.
Additionally, to verify the robustness of our results, we include five control
variables about fund characteristics and the market environment:
The size (Sizei,t) of each mutual fund is computed from its TNA. We carry out a
cross-sectional normalisation for a better discrimination of larger funds. We divide the
8

Following Mileva (2007) and Roodman (2009), we check that we can apply the dynamic model
to our data with the tests of Sargan (1958) and Arellano and Bond (1991).

size of each mutual fund by the average size of all the funds included in our sample in
each year. Fund size may have an important influence on the efficiency of the
management of mutual funds (Pollet and Wilson, 2008; Pástor et al., 2015). Finally,
even though there is a lack of research about the influence of fund size, we propose
that fund size may influence the learning process of mutual funds at organizational
level.
We compute the age (Agei,t) of each mutual fund from its inception date. Then,
we carry out a cross-sectional normalisation for a better discrimination of younger/older
funds in each year. We divide the age of each mutual fund by the average age of all
the funds included in our sample in each year. We suggest that fund age may influence
on the investment style and, thus, the trading decisions of mutual fund managers.
According to Ferreira et al. (2013), the effect of fund age on the efficiency of a trading
decision can run in both directions.
We define the diversification level (No. of stocksi,t) from the number of stocks
held in the portfolio. Our hypothesis is that the diversification level may have an
influence on the efficiency of trading decisions and the probability of making important
errors. We consider that the higher the level of diversification of the fund, the lower the
relative importance of each trading decision and, thus, the lower the probability of
important errors. Also, Pollet and Wilson (2008) show a positive relation between
portfolio diversification and fund efficiency.
We include the variable turnover ratio (Turnoveri,t) because we consider that it
can influence the probability of making important trading errors and the ability of mutual
fund managers to learn. The underlying assumption is that the higher the turnover ratio,
the greater the probability of managers making errors. We also propose that this ratio
may influence the ability of fund managers to learn from their errors due to their higher
levels of trading activity. Barber and Odean (2000) present evidence that excessive
trading leads to poor investment performance, while a low portfolio turnover allows the
achievement of returns close to the benchmark.
Finally, we include market return (Market Returnt) as a control variable in the
model because the probability of an important error may not be the same in bull
markets as in bear markets. Indeed, Kacperczyk et al. (2014) and Alda (2018) note that
the skills of managers depend on economic conditions and find more evidence of
stock-picking ability of managers in bull markets.
In addition to this learning model of the mutual fund industry as a whole, we
also propose the analysis of the learning process for each mutual fund management
company. However, we cannot apply our previous model individually to many of our
companies due to the low ratio between the number of observations and the number of

coefficients to estimate in the model. As an alternative, we include a set of dummy
variables for each company.
The dummy variable (Managementi,t) is 1 when the mutual fund is managed by
the analysed fund company, and 0 otherwise, and it interacts with the time variable
(Timet). This interaction (Managementi,txTimet) allows us to compare the learning level
of each management company with respect to the global learning level of industry over
time. Thus, we must run the following model (2) for each management company
examined.
We apply the Generalized Method of Moments (GMM) dynamic model9 of
Arellano and Bower (1995) and Blundell and Bond (1998) as follows:
% Important errorsi,t = i,t + γi,t % Important errorsi,t-1 + 1 Timet + 2 Sizei,t +
3Agei,t + 4 No. of stocksi,t+ 5 Turnoveri,t + 6 Market returnt +
7 (Managementi,t x Timet) + εi,t
(2)
for t=1,...,15 years
for i=1,...,145 domestic equity mutual funds
for i=1,..,147 Euro equity mutual funds
where:
Managementi,t has a value equal to 1 when the mutual fund is managed by the analysed
management company in year t, or 0 otherwise.

4. Results
4.1 Learning in the mutual fund industry
We use the GMM dynamic model of Arellano and Bower (1995) and, Blundell and
Bond (1998) to study the learning process in the Spanish equity mutual fund industry.
Table 3 reports the results of model (1) for domestic and Euro equity mutual
funds. This table shows that time has a significantly negative influence on the
percentage of important trading errors. Hence, we reject the null hypothesis that the
percentage of important errors is not significantly different over time, that is, the
percentage of important trading errors in the Spanish equity mutual fund industry
decreases significantly over time.
We consider that the identification of this decreasing trend of the percentage of
important errors as a learning process shows the overall ability of the mutual fund
industry to learn from its past trading errors. Our result is consistent with several
studies in the household finance field which find that individual investors learn from
their management experience and their past errors (Dhar and Zhu, 2006; Nicolosi et
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Following Mileva (2007) and Roodman (2009), we check that we can apply the dynamic model
to our data with the tests of Sargan (1958) and Arellano and Bond (1991).

al., 2009 and Koestner et al., 2017). Furthemore, our findings support the hypothesis
that you learn when something hurts10. This evidence is consistent whether we
consider 3-month, 6-month or 12-month alphas, thereby giving robustness to these
empirical results.
The positive and significant influence of the lagged variable on the percentage
of important errors indicates that each fund presents individual patterns in its trading
abilities that tend to persist over time. This result suggests that, in the global learning
context, the probability of a fund making an important error is not the same across
funds due to this individual effect.
With respect to our control variables, size and age do not show a clear influence
on the decreasing trend of errors but we find significant relations between important
trading errors and both the number of stocks held by the mutual fund portfolio and its
turnover ratio. We find that more diversified funds with lower turnover ratios make
fewer important trading errors in line with the Pollet and Wilson (2008) who find a
positive relation between portfolio diversification and fund efficiency and Barber and
Odean (2000) who find that a low portfolio turnover allows higher returns.
Finally, we find a negative relationship between the percentage of important
errors and the market return. This is consistent with the conclusions of Kacperczyk et
al. (2014) and Alda (2018) who consider that managers’ skills vary with market
conditions and find more evidence of managers' stock-picking ability in a bullish
market.
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We also apply model (1) to errors from non-important decisions. The results are different from
the conclusions drawn from Tables 3 and 4. That is, time does not influence the percentage of
trading errors, thereby rejecting a significant learning evidence from non-important decisions.
Details are available upon request.

Table 3: Learning results in equity mutual funds
This table reports the results of the dynamic panel data model (1) for domestic (Panel A) and Euro (Panel B) equity mutual funds from January-2000 to March2014. The learning results are split into buys and sells, considering different time horizons to compute these errors: 3-month, 6-month and 12-month-alpha.
Panel A: Domestic equity mutual funds
Constant
% Important errorsi,t-1
Timet
Sizei,t
Agei,t
No. stocksi,t
Turnoveri,t
Market returnt

3-m alpha errors
0.0175***
0.1060***
-0.0005**
-0.0015*
-0.0030
-0.0003***
0.0197***
0.0060***

BUYS
6-m alpha errors
0.0081***
0.0082***
-0.0002***
-0.00120**
0.0011
-0.0002***
0.0199***
-0.0074***

12-m alpha errors
0.0094***
0.0799***
-0.0005***
-0.0013**
0.0027
-0.0003***
0.0274***
-0.0055***

3-m alpha errors
0.0209***
0.2591***
-0.0004*
0.0008
0.0019
-0.0005***
0.0214***
-0.0089***

SELLS
6-m alpha errors
0.0256***
0.2042***
-0.0005**
0.0013
-0.0035
-0.0004***
0.0137***
-0.0035

12-m alpha errors
0.0103***
0.1086***
-0.0003***
-0.0006
-0.0009
-0.0001***
0.0071***
-0.0013***

BUYS
6-m alpha errors
0.0305***
0.1018***
-0.0008***
-0.0029***
0.0004
-0.0004***
0.0059***
-0.0138***

12-m alpha errors
0.0137**
0.1076***
-0.0007***
-0.0014*
0.0067
-0.0004***
0.0092***
0.0013

3-m alpha errors
0.0306***
0.1120***
-0.0013***
-0.0001
0.0052
-0.0005***
0.0173***
-0.0069***

SELLS
6-m alpha errors
0.0385***
0.1011***
-0.0013***
-0.0022
0.0072
-0.0006***
0.0177***
-0.0086***

12-m alpha errors
0.0381***
0.1439***
-0.0012***
-0.0012
0.0067
-0.0006***
0.0154***
-0.0093***

Panel B: Euro equity mutual funds

Constant
% Important errorsi,t-1
Timet
Sizei,t
Agei,t
No. stocksi,t
Turnoveri,t
Market returnt

3-m alpha errors
0.0267***
0.0500**
-0.0002
-0.0020
-0.0021
-0.0003***
0.0091***
-0.0067***

The dependent variable % Important errorsi,t is the percentage of important errors for fund i in year t.
***
Signiﬁcance at 1% level; ** signiﬁcance at 5% level; * signiﬁcance at 10% level.
The explanatory variables which are included in this table are: % Important errorsi,t-1 is the 1-year lag of the dependent variable. Timet ranges from 1 in the first
year of our sample period to 15 in the last year. Sizei,t is the TNA of mutual fund i divided by the average. TNA of all funds included in our sample in year t.
Agei,t is the age of mutual fund i divided by the average age of all funds included in our sample in year t. No. stocksi,t is the number of different stocks held by
mutual fund i in year t. Turnoveri,t is the turnover ratio of mutual fund i in year t. Market returnt is the total return of the benchmark in year t. We use Ibex-35
and EuroStoxx-50 as the benchmark for domestic and Euro equity mutual funds, respectively.

4.2. Learning in the mutual fund industry: a management company approach.
In the previous sub-section, we provide evidence of learning from important errors in
the maturity stage of the Spanish mutual fund industry. The next step in our empirical
analysis is to study how this learning process is driven by the mutual fund management
companies of this industry. We test whether the learning evidence previously detected
is consistently driven by most of the management companies registered in the Spanish
market. To do so, we compare the previously found learning level of the whole industry
with the learning level of each individual management company.
We suggest that different groups of mutual fund management companies may
coexist, depending on the level of their learning process: (1) management companies
whose level of learning is higher than the industry level (2) management companies
whose level of learning is similar to the industry level (3) management companies
whose level of learning is lower than the industry level.
First, we have run the dynamic panel data model (2) for each management
company. Second, we have classified all the management companies into the three
previously-defined groups according to the results of the slope interaction between the
dummy variable and the time variables in model (2). This slope allows us to compare
the learning level of each mutual fund management company with respect to the global
learning level of the whole mutual fund industry over time. Table 4 reports the
percentages of classification by each management company group based on both the
sign and the significance of the interaction slope.
The learning level in management companies is higher than or not significantly
different to the global learning level of the fund industry in cases in which the slope of
the interaction variable (Managementi,txTimet) in model (2) is significantly negative or
not significant. Table 4 shows that the learning level of approximately 70% (above
60%) of management companies is higher than or similar to the learning level of the
whole industry of domestic (Euro) equity mutual funds.
On the contrary, the learning level in mutual fund management companies is
lower than in the whole industry in cases of significantly positive slopes of the
interaction variable (Managementi,txTimet) in model (2). Table 4 shows that
approximately 30% (over 40%) of management companies of domestic (Euro) equity
mutual funds learn less than the whole mutual fund industry or even do not learn.
Nonetheless, our approach cannot split up the percentage of management companies
into these two groups.

Our findings support that learning from important trading errors in the Spanish
industry of equity mutual funds is driven by a large group of mutual fund companies.
These findings are generally consistent for buys and sells and for trading errors
obtained from different time horizons.
Table 4: Learning results: a management company approach
This table reports the percentage of management companies based on both the sign and the
significance of the slope of the interaction between the dummy variable Managementi,t and
Timet (7) in our dynamic model (2). We have computed this model (2) for each management
company included in our sample. Panel A and Panel B report the results for companies which
manage domestic and Euro equity funds, respectively. The learning results are split into buys
and sells after considering different time horizons to compute these errors: 3-month, 6-month
and 12-month alpha.
Panel A: Domestic equity mutual funds
Buys
3-m alpha 6-m alpha
errors
errors

Sells
12-m alpha
errors

3-m alpha
errors

6-m alpha
errors

12-m alpha
errors

Managementi,txTimet
Negative and Stat. Significant  7

35.21%

32.00%

33.33%

27.40%

30.67%

32.39%

Managementi,txTimet
Non Significant  7

35.21%

37.33%

38.67%

35.62%

41.33%

42.25%

Managementi,txTimet
Positive and Stat. Significant  7

29.58%

30.67%

28.00%

36.99%

28.00%

25.35%

Panel B: Euro equity mutual funds
Buys

Sells

3m- alpha
errors

6m-alpha
errors

12m-alpha
errors

3-m alpha
errors

6-m alpha
errors

12-m alpha
errors

Managementi,txTimet
Negative and Stat. Significant  7

30.65%

37.78%

23.88%

17.91%

35.94%

30.65%

Managementi,txTimet
Non Significant 7

25.81%

24.44%

17.91%

29.85%

26.56%

27.42%

Managementi,txTimet
Positive and Stat. Significant  7

43.55%

37.78%

58.21%

52.24%

37.50%

41.94%

4.3. Learning in the mutual fund industry: an approach using the characteristics
of management companies.
In the previous sub-section, we find that most management companies learn from their
trading errors in the Spanish equity mutual fund industry. Based on this result, our
objective now is to study whether the management companies with a higher learning
level have common characteristics. Following Cambon and Losada (2014), we study
the learning process of the management companies through two main dimensions: the
size of the mutual fund companies and the dependence of the mutual fund companies
on banking and insurance groups.

4.3.1. Learning results by size of mutual fund management company.
The Spanish mutual fund industry is characterised by an important concentration given
that the 10 largest (top 10) fund companies manage more than 75% of the total fund
assets (Inverco, 2018). We consider that it is important to bear in mind this distinctive
characteristic when we study the learning process because, due to the highly
concentrated market structure the level of competition that the top 10 mutual fund
companies face is different to the level within the group of smaller fund companies.
Consequently, the learning level may also be different between the top 10 and the
smaller management companies. Indeed, though there is a lack of research in this
aspect regarding the mutual fund industry. The underlying idea is based on the
conclusions of Adams and Lamont (2003) and Hatch and Dyer (2004) who considered
organizational learning as a strategic asset to sustain competitive advantage.
We aim to determine whether there are significant differences between the level
of learning of the top 10 management companies registered in Spain and the level of
learning of smaller management companies. The fund company size is determined by
the total net assets under management. We use the dynamic panel data model (2) but,
in this new approach, the dummy variable that interacts with the time variable is called
TOP-10 and takes a value of 1 when the mutual fund is managed by one of the top 10
fund companies and 0 otherwise. The slope of the interaction variable (TOP-10i,txTimet)
allows us to compare the learning level of the group of the top 10 management
companies with that of the other management companies.
The null hypothesis is that there are no differences between the top 10 and the
other fund companies. A significantly positive (negative) slope of the interaction
variable would show that the learning level of the top 10 management companies is
lower (higher) than that of the smaller companies.
Table 5 reports the results of model (2) with the dummy variable TOP-10 for
domestic and Euro equity mutual funds. With the only exception of buys decisions of
domestic equity mutual funds, we find that company size does not play a significant
role in explaining the learning process in the highly concentrated Spanish mutual fund
industry. That is, the different level of competition between the largest and the smaller
companies does not generally affect the learning process in this industry.

Table 5: Learning results by size of management company
This table reports the results of the dynamic panel data model (2) with the dummy variable named TOP-10 for domestic (Panel A) and Euro (Panel B) equity
mutual funds from January-2000 to March-2014. The learning results are split into buys and sells, considering different time horizons to compute these errors:
3-month, 6-month and 12-month alpha.
Panel A: Domestic equity mutual funds
3-m alpha errors
0.0271***

Constant
% Important errors
Timet
Sizei,t
Agei,t
No. stocksi,t
Turnoveri,t
Market returnt
TOP-10i ,t x Timet

0.1008***
-0.0005**
-0.0010
-0.0159***
-0.0002***
0.0206***
-0.0051***
0.0008**

i,t-1

BUYS
6-m alpha errors
0.0085***

12-m alpha errors
0.0137***

3-m alpha errors
0.0094***

SELLS
6-m alpha errors
0.0143***

0.0730***
-0.0003***
-0.0011**
0.0008
-0.0002***
0.0202***
-0.0072***
0.0004***

0.0700***
-0.0007***
-0.0010**
-0.0003
-0.0003***
0.0285***
-0.0069***
0.0004***

0.0912***
-0.0002**
-0.0009**
-0.0011
-0.0002***
0.0177***
-0.0041***
0.0001

0.1850***
-0.0003**
0.0009**
0.0029
-0.0004***
0.0158***
-0.0040***
-0.0001

12-m alpha errors
0.0209***
0.0838***
-0.0003**
0.0016**
-0.0066
-0.0003***
0.0077***
-0.0015
0.0003

Panel B: Euro equity mutual funds
Constant
% Important errorsi,t-1
Timet
Sizei,t
Agei,t
No. stocksi,t
Turnoveri,t
Market returnt
TOP-10i,t x Timet

3- alpha errors
0.0285***
0.0418***
-0.0001
-0.0016
-0.0041
-0.0003***
0.0096***
-0.0065***
-0.0007

BUYS
6-m alpha errors
0.0319***
0.0502***
-0.0005**
-0.0024
-0.0087**
-0.0003***
0.0087**
-0.0122***
0.0001

12-m alpha errors
0.0394***
0.1907***
-0.0010**
0.0002
0.0037
-0.0007***
0.0173***
-0.0079***
0.0001

3-m alpha errors
0.0311***
0.1125***
-0.0012***
-0.0001
0.0049
-0.0005***
0.0173***
-0.0069***
-0.0001

SELLS
6-m alpha errors
0.0336***
0.1475***
-0.0011***
-0.0006
0.0093
-0.0007***
0.0189***
-0.0075***
0.0001

12-m alpha errors
0.0394***
0.1907***
-0.0010**
0.0002
0.0037
-0.0007***
0.0173***
-0.0079***
0.0001

The dependent variable % Important errorsi,t is the percentage of important errors for fund i in year t.
***
Signiﬁcance at 1% level; ** signiﬁcance at 5% level; * signiﬁcance at 10% level.
The explanatory variables that are included in this table are: % Important errorsi,t-1 is the 1-year lag of the dependent variable. Timet ranges from 1 in the first
year of our sample period to 15 in the last year. Sizei,t is the TNA of mutual fund i divided by the average. TNA of all funds included in our sample in year t.
Agei,t is the age of mutual fund i divided by the average age of all funds included in our sample in year t. No. stocksi,t is the number of different stocks held by
mutual fund i in year t. Turnoveri,t is the turnover ratio of mutual fund i in year t. Market returnt is the total return of the benchmark in year t. We use Ibex-35
and EuroStoxx-50 as the benchmark for domestic and Euro equity mutual funds, respectively. TOP-10i,tx Timet is the interaction between the dummy TOP-10
and the time variable.

4.3.2. Learning process by independence of management company from
financial service groups.
In the previous sub-section, we emphasised that a high concentration is one of the
main characteristics in the Spanish mutual fund industry. Another specific characteristic
of the Spanish market is the high relative importance of management companies which
are controlled by banks and insurance groups. In fact, approximately 90% of
management companies belong to a banking or an insurance group in Spain, this
percentage being significantly higher than in other important European mutual fund
markets such as Germany, Portugal, Italy, France and the U.K. (EFAMA, 2018).
Cambon and Losada (2014) study the structure of mutual fund industry in Spain. They
show that most of the assets of mutual funds are managed by management companies
belonging to credit institutions, highlighting the model of universal banking as distinctive
characteristic of this market.
Therefore, we study the learning process with respect to the management
companies' dependence on or independence from financial services groups as
consequence of the importance of banking model in Spain. Independent management
companies operate as stand-alones and do not form part of financial services groups
while dependent management companies belong to a banking or an insurance group.
We test whether there are significant differences in the learning level between
independent and dependent management companies. The null hypothesis of this
contrast is that are no differences depending on this characteristic. Similarly to the
previous analysis of company size, we use the dynamic panel data model (2) with a
dummy variable called Independent instead of TOP-10. The dummy Independent takes
a value of 1 when the mutual fund belongs to an independent management company
and 0 otherwise. Therefore, the interpretation of the slope of the interaction variable
(Independenti,txTimet) is the same as in the previous sub-section.
Table 6 reports the results of model (2) with the dummy variable Independent
for domestic and Euro equity mutual funds. We find that the learning level in the
dependent management companies is higher than in the independent companies in
only some of the cases analysed. Table 6 rejects the existence of significant
differences in the learning level of dependent and independent management
companies for Euro equity mutual funds. Hence, in general terms, management
companies' dependence on financial groups is not important in explaining the learning
process of the Spanish equity mutual fund industry.

Table 6: Learning results by independence of management company from financial service groups
This table reports the results of the dynamic panel data model (2) with the dummy variable named Independent for domestic (Panel A) and Euro (Panel B)
equity mutual funds from January-2000 to March-2014. The learning results are split into buys and sells, considering different time horizons to compute these
errors: 3-month, 6-month and 12-month alpha.
Panel A: Domestic equity mutual funds

Constant
% Important errorsi,t-1
Timet
Sizei,t
Agei,t
No. stocksi,t
Turnoveri,t
Market returnt
Independenti,txTimet

3-m alpha errors
0.0096***

BUYS
6-m alpha errors
0.0078***

12-m alpha errors
0.0092***

3-m alpha errors
0.0207***

SELLS
6-m alpha errors
0.0270***

0.0984***
-0.0003***
-0.0008*
-0.0016
-0.0002***
0.0183***
-0.0036***
0.0009*

0.0835***
-0.0002**
-0.0012**
0.0007
-0.0002***
0.0199***
-0.0074***
0.0004**

0.0753***
-0.0005***
-0.0012**
0.0021
-0.0007***
0.0279***
-0.0054***
0.0008

0.2653***
-0.0005**
0.0009
0.0015
-0.0005***
0.0222***
-0.0090***
0.0011*

0.2114***
-0.0007***
0.0013
-0.0049
-0.0005***
0.0153***
-0.0038**
0.0012**

Panel B: Euro equity mutual funds
Constant
% Important errorsi,t-1
Timet
Sizei,t
Agei,t
No. stocksi,t
Turnoveri,t
Market returnt
Independenti,txTimet

3-m alpha errors
0.0348***
0.0209*
-0.0004
-0.0028***
-0.0007
-0.0005***
0.0079***
-0.0074***
-0.0006

BUYS
6-m alpha errors
0.0298***
0.0563**
-0.0006**
-0.0026
-0.0056
-0.0003***
0.0071*
-0.0127***
-0.0003

12-m alpha errors
0.0139**
0.0978**
-0.0006**
-0.0013
0.0061
-0.0002***
0.0090***
0.0013
-0.0008

3-m alpha errors
0.0302***
0.1125***
-0.0013***
-0.0001
0.0058
-0.0005***
0.0174***
-0.0069***
-0.0003

SELLS
6-m alpha errors
0.0332***
0.1504***
-0.0011***
-0.0006
0.0089
-0.0007***
0.0190***
-0.0075***
0.0001

12-m alpha errors
0.0097**
0.1593***
-0.0006***
0.0008
-0.0004
-0.0002***
0.0075**
-0.0014*
0.0015**

12-m alpha errors
0.0387***
0.1920***
-0.0008**
0.0001
0.0037
-0.0007***
0.0174***
-0.0081***
-0.0006

The dependent variable % Important errorsi,t is the percentage of important errors for fund i in year t.
***
Signiﬁcance at 1% level; ** signiﬁcance at 5% level; * signiﬁcance at 10% level.
The explanatory variables which are included in this table are: % Important errorsi,t-1 is the 1-year lag of the dependent variable. Timet ranges from 1 in the
first year of our sample period to 15 in the last year. Sizei,t is the TNA of mutual fund i divided by the average. TNA of all funds included in our sample in year t.
Agei,t is the age of mutual fund i divided by the average age of all funds included in our sample in year t. No. stocksi,t is the number of different stocks held by
mutual fund i in year t. Turnoveri,t is the turnover ratio of mutual fund i in year t. Market returnt is the total return of the benchmark in year t. We use Ibex-35
and EuroStoxx-50 as the benchmark for domestic and Euro equity mutual funds, respectively. Independenti,t x Timet is the interaction between the dummy
variable Independent and the time variable.

5. Conclusions
Our study is the first to examine the ability of the Spanish industry of equity
mutual funds to learn from its important trading errors. It is motivated by the lack
of research on learning processes in portfolio management and by their
important implications for the main agents involved in the mutual fund industry.
Our identification of important errors is based on the hypothesis that managers
have incentives to avoid making important errors or to learn from these errors
because their jobs, reputations and salaries depend on their performance
records and that they learn when something hurts them. In our study, an
important error is defined as a significantly negative and important trading
decision. These important decisions have a high relative importance with
respect to the fund assets and this relative importance must be significantly
higher than other trading decisions by the same fund and by other funds in our
sample.
In the first part of our analysis, we find that the percentage of important
trading errors decreases significantly over time, demonstrating a significant
learning process from management errors. This decreasing pattern maintains
its significance despite the inclusion of five control variables that may influence
the learning process. These findings are consistent in buys and sells and for
different time horizons used to compute Jensen’s alpha-based errors: 3-month,
6-month and 12-month-alpha.
In the second part of our empirical analysis, we find that a large group of
the management companies registered in Spain drives this learning process.
Furthermore, we study the learning process regarding two important dimensions
of these management companies: their size and their dependence on banking
and insurance groups. In general, terms, we find that neither of these
characteristics play significant roles in the learning process of the Spanish
equity mutual fund industry.
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