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Abstract

This paper carries out style analysis for Russian mutual funds using monthly data
from the National Managers’ Association over the period of January 2008-De-
cember 2017; specifically, it applies the RSBA method developed by Sharpe (1992)
for evaluating the impact of style on returns and uses the Style Drift Score
(SDS) introduced by Idzorek and Bertsch (2004) as a measure of a fund’s style
drifting activity. The main findings can be summarized as follows. In the Russian
case, there is a significant positive relationship between style consistency and
profitability of funds. Further, Russian funds are characterized by a high level
of style drift, namely deviations from the investment strategy declared at the time
of registration as required by Russian law.
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1. Introduction

Institutional investors (mutual funds) are key players in financial markets: they col-
lect cash from small individual investors and then invest large sums of money in
financial assets on behalf of their shareholders. From the perspective of an individ-
ual investor, investing in mutual funds can be beneficial in several ways. First, mu-
tual funds can be more cost-effective in terms of time and effort spent on analyzing
financial assets and constructing portfolios: fund managers, because of their greater
market knowledge and experience, have advantages in stock-picking and asset allo-
cation activities that can generate higher returns and reduce risk. Second, individual
investors can benefit from scale effects: by investing in mutual funds, they can own
a diversified portfolio of assets at a fraction of the cost they would incur if they con-
structed it themselves; in other words, mutual funds eliminate the resource con-

straint faced by individual investors for portfolio diversification.
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Considering these benefits, it may seem natural that individual investors should
invest in mutual funds, choosing a specific fund on the basis of the skills of their
managers and the additional costs of investing in that fund relative to the returns
it generates for the investor. There exists a large literature analyzing the determi-
nants of the performance of mutual funds, including management skills. In par-
ticular, style analysis investigates how a fund’s investing style or set of investment
strategies (and any deviations from its style over a continuous time period) affects
its long-term returns. It is normally thought that funds that stick to their initial
strategy and have a more consistent style will perform better in the long run com-
pared to those that constantly shift between different styles (which is commonly
known as style-drifting) or do not even follow a particular style, and, instead, con-
centrate on momentum investing. There are various possible reasons for this expec-
tation. One of them is the fact that style-drifting funds may incur higher transac-
tion costs owing to higher asset turnover, because, in trying to outperform the mar-
ket, they engage in active portfolio management. On the contrary, style-consistent
funds are less concerned about stock picking and generally tend to replicate their
own type of portfolio and engage in passive portfolio management. Also, accord-
ing to Barberis and Shleifer (2003) and Huang et al. (2011), they are less prone to
asset selection errors and altering the degree of risk of their portfolio, which re-
sults in higher returns. On the whole, the empirical evidence of the effects of style
consistency on the performance of mutual funds is mixed.

This paper focuses on Russian mutual funds with the aim of establishing whether
or not style consistency generates higher returns in this particular case. Its findings
will shed further light on this issue and will also be directly relevant to financial reg-
ulators, providing useful information to the Bank of Russia on whether or not it
should impose restrictions on the operation of mutual funds depending on their
style consistency. The rest of the paper is structured as follows: Section 2 briefly re-
views the relevant literature; Section 3 describes the data and the methodology; Sec-

tion 4 presents the empirical results; and Section 5 offers some concluding remarks.

2. Literature Review

The seminal contributions are due to Sharpe (1992), Idzorek and Bertsch (2004)
and Brown et al. (2009). The first paper introduced Return-Based Style Analysis
(RBSA) as a feasible and effective way of evaluating fund portfolio styles, which is
based on regressing portfolio returns on several style indices using GLS with ap-
propriate restrictions. Specifically, Sharpe (1992) considered three different RBSA
models, namely “quadratic programming”, “constrained regression” and “uncon-
strained regression”, respectively, where the first one requires the regression coeftfi-
cients to lie between 0 and 1 and sum up to one, the second one only that they sum
up to one, and the third one is a simple OLS regression without any restrictions.
Idzorek and Bertsch (2004) put forward the Style Drift Score (SDS) as a measure
of a fund’s style drifting activity, which is calculated as the square root of the var-

iance of the fund’s style index beta coefficients. Brown et al. (2009) analyzed US
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equity mutual funds between January 1980 and December 2006, measured style
consistency using both RBSA and holdings-based style analysis methods (the lat-
ter being based on a fund’s portfolio structure rather than its past returns), and
assessed its impact on a fund’s future performance. They concluded that style con-
sistency, measured with either method, is a good predictor of a mutual fund’s fu-
ture performance.

Various other papers on this topic have been published in recent years. Cao et al.
(2017) investigated style drift in US small-cap funds and found that this increased
between 2003 and 2010 when there was a highly significant 3% alpha. Cumming et
al. (2009) studied style drift in private equity and reported that a fund’s tendency to
style drift is positively correlated with the fund manager’s age and market con-
ditions. Galloppo and Trovato (2017) showed that company fundamentals do
not have significant effects on style drift in US equity funds. Herrmann et al. (2016),
using monthly returns data on 2631 US equity funds between October 1998 and
December 2009, found that a fund’s style shifting activity, measured as the differ-
ence between multi-factor regression betas from two consecutive quarters, is a use-
ful measure of a fund’s performance. Kurniawan and Verhoeven (2016) investi-
gated the relationship between fund governance and style drift in US mutual funds
and reported that the effectiveness of fund governance is negatively related to a
fund’s style drift; further, funds whose managers have more decision-making power
are more likely to exhibit style drift than those whose owners are independent of the
managers. Moneta (2015) studied 969 US bond market funds during the period from
1997 to 2006 and concluded that actively managed funds outperformed passive funds
by 1% each year. Papadamou et al. (2017) examined the 8 largest Japanese equity
funds during the period 2015-2016 and found that only 2 of these actively managed

funds outperformed the market.

3. Data and Methodology

Our data source is the Russian mutual fund database of the National Managers’

Association, a subdivision of NAUFOR, Russia’s non-governmental organization

that represents the interests of Russia’s financial market participants at home and

internationally. This survivorship-bias-free database includes monthly net assets

and share prices for a total of 1658 funds between January 2008 and December

2017. During this period, Russian funds were required by law to register, declaring

to which of the following categories they belonged:

e Stock—primarily investing in stocks of public companies listed on the Moscow
Stock Exchange;

e Venture capital—primarily investing in shares of private companies;

e Money market—primarily investing in short-term bonds or bank deposits;

e Stock index—their portfolio aims to replicate the structure of a given stock in-
dex;

¢ Bond index—their portfolio aims to replicate the structure of a given bond index;

e Mortgage—primarily investing in mortgages;
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e Mixed investment—investing both in stocks of public and private companies
and bonds;

e Directinvestment—funds that can invest both in private and public companies
but predominantly invest in public companies listed on stock exchanges;

¢ Credit—engaging in direct lending to individuals and to companies;

¢ Real estate—primarily investing in commercial buildings and private housing;

e Bond market—primarily investing in bonds with longer maturities;

e Commodity—primarily investing in gold, silver, and other precious metals;

e Art—primarily investing in art objects.

According to Russian law, funds are allowed to invest up to 50% of their resources
into assets other than the category under which they have registered. For example,
a fund registered as a commodity fund is obliged to invest at least 50% of its financial
resources in commodities, but can freely allocate the remaining 50% to other assets
such as stocks, bonds, etc.; this makes it possible to engage in style drifting without
breaking the law.

We use the categories above as a proxy for investment style and carry out style
analysis only for funds for which share prices are available for at least 13 consec-
utive months. We also drop funds registered under real estate, venture capital, art,
mortgage and credit because there are no appropriate style indices in such cases.
In this way, the sample is reduced from 1658 to 924 funds (Please note that 924
funds include both existing and closed funds at the end of 2017 after we apply the
above-mentioned filter criteria. This explains the discrepancy with data in Table
1). Further, we combine similar categories as follows: stock, stock index, direct and
mixed investment categories into a single “stock” category; bond market and bond
index into a single “bond” category; this yields 4 categories to consider: stock, bond,
money, commodity. We also decided to add an additional “international” category
that includes stock funds investing in the international rather than the domestic
markets and therefore incurring an additional exchange rate risk. The number of
funds in each category by year is reported in Table 1, their distribution into cate-
gories is shown in Figure 1, and descriptive statistics of fund returns across the

sample are displayed in Table 2.

Table 1. Number of existing funds at the end of each year.

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Stock 518 492 482 513 492 471 418 369 338 293
Bond 95 82 79 88 93 104 98 92 85 79
Money market 11 11 12 13 12 13 14 14 12 8
International 2 2 2 4 5 5 5 5 5 5
Commodity 1 4 2 5 8 8 8 7 8 7

Total 627 591 577 623 610 601 543 487 448 392
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Figure 1. Distribution of all existing and closed funds as of 2017 into categories.

Table 2. Fund returns and descriptive statistics for the entire sample.

2008

Mean —-0.063

Standard deviation 0.094

Skewness -1.156

Kurtosis 5.234

2009

0.057

0.054

0.304

3.455

2010 2011 2012 2013 2014 2015 2016 2017

0.019 -0.012 0.004 0.002 0.003 0.018 0.012 0.002

0.038 0.041 0.037 0.025 0.025 0.036 0.015 0.018

-0.611 -0.122  -0.709 0.121 0.168 1.619 1.388 -1.209

4.651 3.602 5.360 2.738 4.724 7.907 5.419 5.287

We choose the “constrained regression” version of the RBSA model and estimate

rolling-window regressions over 12 months. Because this specification only requires

that all coefficients add up to one, each beta coefficient individually can take both

positive and negative values. Thus, this model specification allows funds to short

the market indices. The regression is the following:

R, = a, + f,MICEX, + 3, RCB5Y, + 8, RGB5Y, + 3, GOLD, + S, USD, +¢, (1)

where:

R;—monthly returns of fund 7 during the 12-month period ending at %
MICEX—monthly returns of the Moscow Stock Exchange Full Return Index
during the 12-month period ending at 4

RCB5Y ,—monthly returns of the Moscow Stock Exchange Corporate 5-Year
Bond Index during the 12-month period ending at %

RGB5Y —monthly returns of the Moscow Stock Exchange Government 5-Year
Bond Index during the 12-month period ending at £

Gold,—monthly percentage changes of the Bank of Russia’s gold buy/sell
quotes;

USD,—monthly percentage changes of the Bank of Russia’s USD buy/sell

quotes.
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IF max, (E(ﬂu )oeen E( S5, )) # Styleindex,, fund is style-inconsistent, j =1,2,3,4,5

The model coefficients measure the effect of each style index on the fund’s re-
turns. The indices for each category were chosen as follows: MICEX—stock funds;
RCB5Y—bond funds; RGB5Y—money market; Gold—commodity; USD—“in-
ternational”. Table 3 reports summary statistics for the style indices, Figure 2 dis-
plays the indices’ time series, and Figure 3 shows their correlations. In particular,
in Figure 3, the diagonal elements show the histograms of the respective indices’
returns, and the upper right triangle shows the correlation coefficients of the two
respective indices with the following statistical significance levels: * at 10%, ** at
5% and *** at 1%, and lower left triangle showing scatterplot of the returns of two
respective indices. Although the indices appear to be significantly correlated, ac-
cording to Sharpe (1992), they can still be used for the analysis as long as they have
different standard deviations.

Next, we define style consistency in terms of a fund’s maximum beta coefficient—

betamax:

IF max, (E(:Bn )ours E(Bs, )) = Styleindex,, fund is style-consistent, j =1,2,3,4,5 @
Table 3. Style index summary statistics.
RCB5Y RGB5Y MICEX Gold USD
Mean 0.007 0.004 0.004 0.013 0.008
Standard deviation 0.013 0.012 0.074 0.070 0.052
Skewness -2.387 -1.512 —-0.600 1.115 1.271
Kurtosis 17.995 11.832 5.840 6.187 6.928

Jan 2008 / Dec 2017

Jan Jan Dec

Jén Jén Jén Ja‘n Je;n Jaln Ja;n Jan
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2017

Figure 2. Daily return time series of the indices.
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Figure 3. Style index correlations.

We first identify the beta with the highest average value over the sample period
considered for each fund. Then, we compare it to the category style index and
define a fund as style-consistent if its beta is the same as the fund’s category index,
or style-inconsistent otherwise. Following Idzorek and Bertsch (2004), style drift
is measured using the Style Drift Score (SDS) statistic, which is the square root of

the sum of the variance of the beta coefficients:

SDS = /VAR(f3, )+ VAR (3, )+ VAR (3, )+ VAR (8, )+ VAR(f;,)  (3)

where VAR (i) represents the variance of each estimated coefficient from the
rolling regression. The higher the SDS, the higher the style drift of a fund.

We then divide funds into four different groups on the basis of style consistency
and style drift and compare their mean returns. The median SDS was chosen as a
threshold value for style drift, and style consistency is measured as in (2). The four
groups are the following:

1) Style-consistent, low style-drifting funds—these funds strictly follow their
style and almost never deviate from it;

2) Style-consistent, high style-drifting funds—these funds generally follow their
style, but at times deviate from it;

3) Style-inconsistent, low style-drifting funds—these funds generally do not fol-
low their style, but are consistent according to some “unknown” style (as, for in-
stance, in the case of a fund initially classified as a corporate bond market fund,
but consistently showing returns comparable to stock market index funds);

4) Style-inconsistent, high style-drifting funds—these funds do not follow their

style and exhibit inconsistent behavior resulting from active portfolio management.

4. Empirical Results

Table 4 presents summary statistics for the style index beta coefficients. They

DOI: 10.4236/ti.2024.154012

204 Technology and Investment


https://doi.org/10.4236/ti.2024.154012

B. Adiya

indicate the presence of shorting, since there are negative betas for each style in-
dex. Values of beta greater than one correspond to cases when funds, instead of
short selling, engage in marginal trading, i.e. use external credit to finance purchases
of financial assets. Since each of the beta coefficients represents a share of the vol-
atility of a particular style index, the summary statistics of Table 4 also suggest that,
in general, Russian funds trade more actively in the corporate bond market than in
the stock market.

Table 4. Beta summary statistics.

RCB5Y RGB5Y MICEX Gold USD
Minimum —48.168 -26.114 -3.569 -4.987 -11.179
1st quartile 0.299 -0.889 0.130 -0.037 -0.103
Median 0.776 -0.189 0.540 0.007 0.011
Mean 0.817 -0.314 0.483 0.029 -0.013
3rd quartile 1.239 0.159 0.797 0.065 0.107
Maximum 28.710 52.522 2.960 4.856 3.174
Standard deviation 2.377 2.527 0.438 0.359 0.591
Skewness —-7.098 8.459 -1.770 1.175 -7.891
Kurtosis 223.862 225.696 21.050 94.767 148.463

Figure 4 shows the distribution of the maximum betas for different types of funds.
It is interesting to note that 608 out of 924 funds in Russia appear to be style in-
consistent (see Figure 5). By comparing Figure 1 and Figure 4, we see that most
of the funds that were initially categorized as stock funds actually exhibit return
patterns more similar to those for the bond index ones (in Figure 1, 742 funds
had a stock category, while in Figure 4, according to betamax criteria, 524 funds
should be categorized into bond type funds).
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Figure 4. Distribution of maximum betas for each type of fund.
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Figure 5. Style consistent/inconsistent funds.

Table 5 reports the mean and standard deviation of returns, again for the four
different categories, and Table 6 reports the P-value of t-tests for differences in
the mean return between categories. It can be seen from Table 5 that style incon-
sistent funds with a high style drift (IHS) exhibit the highest volatility, but only
have the second highest portfolio returns, while style consistent funds with a low
style drift (CLS) performed, on average, 17% better than other funds, a result which
is statistically significant at the 1% level and is consistent with the findings of Brown
et al. (2009) and other researchers.

Table 5. Funds distribution, means and standard deviation of return for the 4 groups of
funds.

Standard deviation Mean Number of funds
Style-inconsistent, high SDS 38.07% 21.11% 372
Style-inconsistent, low SDS 6.05% 10.23% 236
Style-consistent, high SDS 7.00% 19.31% 90
Style-consistent, low SDS 4.93% 37.92% 226

Table 6. P-value matrix of the t-test for the difference between group mean returns.

Style-consistent, low SDS
Style-consistent, high SDS
Style-inconsistent, low SDS

Style-inconsistent, high SDS

Style-consistent,

Style-consistent, Style-inconsistent, Style-inconsistent,

low SDS high SDS low SDS high SDS
100.0% - - -
4.0007%* 100% - -
0.0002%** 30.8444% 100% -
2.6872%* 85.9167% 14.5328% 100%

Note: *Significant at 5% level; **Significant at 1% level.
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One of the possible explanations for the better performance of the CLS group
of funds might be their distribution in terms of SDS. Figure 6 plots each fund’s
cumulative return against its SDS score. It can be seen that style-consistent funds
(blue dots) are generally clustered in the southeast area of the graph, while style-

inconsistent funds (red dots) are concentrated in the northwest area.

betamax
® Consistent

® Inconsistent

0.9

Return

Figure 6. Scatter-plot of funds’ distribution in terms of SDS, cumulative returns and betamax.

5. Conclusion

Investment funds play an important role in financial markets and for the economy
as a whole by collecting resources from individual investors and reinvesting them
more efficiently, minimizing risk and building portfolios at a lower cost. One of
the determinants of their performance is thought to be their investment style. This
paper carries out style analysis for Russian mutual funds, for which no previous
evidence was available, using monthly data from the National Managers’ Associa-
tion over the period January 2008-December 2017; specifically, it applies the RSBA
method developed by Sharpe (1992) for evaluating the impact of style on returns,
and uses the Style Drift Score (SDS) introduced by Idzorek and Bertsch (2004) as
a measure of a fund’s style drifting activity.

The main findings can be summarized as follows. In the Russian case, there
exists a significant positive relationship between style consistency and profitability
of funds. Further, Russian funds appear to be characterized by a high level of style
drift and inconsistency, i.e. deviations of their investment strategies from those
declared at the time of registration as required by Russian law. These results are sim-

ilar to those reported by Brown et al. (2009) and other researchers who also found
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a statistically significant and positive relationship between style consistency and
fund performance.

They have some important policy implications for the Bank of Russia as a finan-
cial overseer and regulator, specifically, they suggest that it should impose re-
strictions on the style-drifting behavior of funds and provide incentives for them

to become more style-consistent.
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