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Abstract: This study assesses the effect of fund-level and systemic factors on the performance of
mutual funds in the context of changing market conditions. A Markov regime-switching model
is used to analyze the performance of 33 South African equity mutual funds from 2006 to 2019.
From the results, fund flow and fund size exert more predictive influences on performance in the
bearish state of the market than in the bullish state. Fund age, fund risk, and market risk were found
to be the most significant factors driving the performance of active portfolios under time-varying
conditions of the market. These variables exert more influence on fund performance under bearish
conditions than under bullish conditions, emphasizing the flight-to-liquidity assets phenomenon and
risk-aversion behavior of fund contributors during unstable conditions of the market. Consequently,
fund managers need to maintain adequate asset bases while implementing policies that minimize
dispersions in fund returns to engender persistence in performance. This study provides novel
perspectives on how the determinants of fund performance change with market conditions as
portrayed by the adaptive market hypothesis (AMH).

Keywords: fund performance; efficient market hypothesis; adaptive market hypothesis; behavioral
finance; market conditions; Markov switching model

JEL Classification: G11; G14; G23

1. Introduction

The investment focus of passive fund managers differs from active managers in terms
of strategy and target clientele base. While passive management tracks the performance of
a recognized market index or benchmarks, such as the New York Stock Exchange and the
Johannesburg Stock Exchange, active management is premised on the ability to outperform
the market (Cremers and Petajisto 2009; Cremers et al. 2016). However, drivers of fund
performance could change with different market conditions, as suggested by proponents
of the adaptive markets hypothesis (AMH) (Lo 2012; Al-Khazali and Mirzaei 2017). Expla-
nations posited under the AMH suggest that the stability and efficiency of the financial
markets in reflecting realistic values of financial assets is subject to change over time, and
that investors and systemic fundamentals would adapt to prevailing conditions over the
course of time (Lo 2012; Urquhart and McGroarty 2014). Consequently, the validation of
AMH in the South African financial markets (Obalade and Paul-Francois 2018a, 2018b)
suggests that the determinants of fund performance are subject to market conditions.

Evidence (S&P 2019) shows the prevalence of underperformance among fund man-
agers in South Africa, where only 8.97% of active managers outperformed the market
within five years (2014 to 2018). However, new investor assets continue to flow into the
portfolios of fund managers, with over 1.9 trillion worth of assets under management as of
the end of the second quarter of 2018 (Rangongo 2018). The mismatch between fund flow
and performance results in the distortion of prices of assets and the efficiency of financial
markets, which creates avenues for opportunistic traders to earn extraordinary returns. As
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a result, non-linear tools are required to test the dynamics of mutual performance, as much
like other economic variables, the drivers of fund performance are subject to change over
time.

However, the extant studies on mutual fund performance (Tan 2015; Arendse et al. 2018)
were conducted in the context of stable market conditions, but these studies do not explain
the enigmatic circumstances behind the increasing fund flows as against the continuous
poor performance of mutual funds in South Africa, which can be explained by the current
market conditions. In this context, the evaluation of the determinants of fund performance
has to consider the dynamics of the market conditions because it provides additional
analytical instrument for academics, investors, and industry practitioners who analyze
mutual fund data for information and investment. Thus, this study makes significant
contributions to the literature as the use of the Markov switching model in the forecasting
of fund performance allows for regime dynamics to be accounted for to enable investors to
achieve optimal returns on their investments relative to the associated risk of underlying
assets.

The application of the Markov switching model in mutual fund performance analysis
helps to measure the risk level in a given investment with two or more possible regimes
or states of nature (De la Torre-Torres et al. 2020). Specifically, by knowing the probability
of being in a given regime, an investor can determine whether to invest in a risky or
riskless asset if the probability of being in a low volatility (bullish) or high volatility
(bearish) regime of the market is high. Furthermore, a nonlinear analysis of the predictors
of fund performance represents an important impetus towards eliciting explanations to
incongruous flow-performance dynamics, explained in the preceding discussion. Moreover,
the analysis of fund performance in the context of economic size provides additional
perspectives on the effect of macroeconomic dynamics on fund performance under different
market conditions. As a result, the main purpose of this study is to conduct a non-linear
analysis of the determinants of South African mutual funds’ performance under bullish and
bearish market conditions through a Markov regime switching framework. The study’s
analysis tests the primary hypothesis that the dynamics of fund performance exert more
predictive influences in the bullish state of the market than in the bearish state.

The remainder of the study is organized as follows: Section 2 presents the literature
review, Section 3 presents the methodology and data sources, Section 4 discusses the
estimation results of the empirical model, and Section 5 concludes.

2. Literature Review

Tan (2015) employs conventional measures of performance, namely the Sharpe,
Treynor, Jensen’s alpha, Treynor and Mazuy (TM), and Henriksson and Merton (HM)
indices, to assess the performance of mutual funds in South Africa in terms of returns and
market timing experts. The results of the study show that despite the South African finan-
cial system’s resilience during the quantitative easing period after the global financial crisis
in 2007/2008, most active managers recorded a benchmark trailing performance relative to
optimal stock selection and market timing expertise. The conclusion of the study suggests
a competitive fund stock market in South Africa post the global financial meltdown of
2007/2008, where less risk-bearing stocks generate similar returns, identical to high-risk
ones. The findings of Tan (2015) generally provide insights about the determinants of
mutual fund performance in South Africa.

However, the scope of the sample data (2009 to 2014) covering only the post-crisis
period does not allow the dynamics of fund performance across different market condi-
tions to be accounted for. Besides, the application of linear tests for the analysis of fund
performance do not provide accurate explanations for the behavior of influencing factors
of fund performance. This is because the dynamics of economic variables are subject to
change to under different conditions. As a result, the use of nonlinear models, such as
the Markov switching framework, which endogenously determines the different market
regimes of a given time series, help to obtain more accurate inferences about the behavior of
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the influencing variables. Furthermore, the conventional performance measures employed
in the analysis are prone to dynamic manipulation by fund managers (Qian et al. 2014).
Hence, the reliance on these conventional metrics to test the performance of fund managers
can lead to wrong conclusions about the performance of funds.

Arendse et al. (2018) investigated the generalized conclusion in the literature, intimat-
ing the existence of a positive relationship between the lagged performance of funds and
the direction of subsequent fund flows in South Africa. The study employed a portfolio
time-series technique, where funds were ranked according to their lagged performance
over a period and grouped into quintiles. The evidence shows funds operating in emerging
economies, such as South Africa, need to maintain superior performance momentum to
sustain investor cash allocations to them. Additionally, the study documents that mutual
fund contributors put more of a premium on funds’ superior performance compared to
their competitors than fund performance relative to the market. In this context, the study
concludes that mergers of funds represent a plausible means of sustaining the growth of the
industry in South Africa. Overall, the findings of Arendse et al. (2018) portray the direction
of growth of the South African fund industry. However, their conclusions are inadequate
in explaining the flow-performance asymmetries under different market conditions, as the
relationship between fund flow and performance was tested with linear tools in this study.

Using the Carhart (1997) four-factor model, Huij and Post (2011) investigated perfor-
mance persistence among mutual funds in emerging markets, which included South Africa.
The conclusion of the study suggests that funds operating in emerging economies generally
exhibit superior performance compared to their counterparts in the US. Like other emerg-
ing equity fund markets, the South African fund industry generally exhibits persistence
in performance while differing significantly in characteristics from equity funds of the
US market (Huij and Post 2011). However, recent evidence by Bertolis and Hayes (2014)
shows that the South African equity fund industry is gradually filtering out of persistence
in performance relative to their counterparts in other emerging markets. Nonetheless, the
lack of persistence in the performance of funds in South Africa is inconsistent with the
continuous flow of investor assets to fund managers.

As explained in Section 1, fund managers in South Africa underperformed in the
market consistently over five years (2014–2018). The evidence shows that the average
performance, in terms of realized returns of South African funds, underperformed the
market index by 34.01% in one year, trailed it by 84.66% in three years, and significantly
underperformed it by 91.03% in five years (S&P 2019). Nonetheless, the volume of new
cash inflows into South African equity mutual funds increased, with over R2.2 trillion
assets currently under management (Asisa 2020). This evidence implies the existence of
a significant mismatch in the flow–performance relations given the increasing level of
investor allocations and the cross-sectional average performance of South African funds.

Arendse et al. (2018) further demonstrated that fund managers and contributors
in South Africa exhibit traits of convex reactions relative to fluctuations in stock prices,
and the level of risk assumptions vis-à-vis access to market updates on stocks of active
portfolios. This phenomenon can be linked to the findings of Popescu and Xu (2017),
which suggest that risk-shifting tendencies among active fund managers are indicative
of less exposure bearing activity during bear markets and aggressive investment activity
during bull markets. In this context, nonlinear test tools are required to analyze the
flow–performance relations to generate accurate inference about the behavior of these
economic variables under changing market conditions. Largely, the extant research on
mutual fund performance dynamics in South Africa is premised on linear prepositions
and methodologies driven by the underlying explanations of the EMH, and hence they are
unable to provide explanations of the inscrutable dynamics influencing the continuous
inflow of investor cash to consistently underperforming fund managers in South Africa
(Arendse et al. 2018; Huij and Post 2011; Tan 2015).

However, explanations posited under the AMH suggest that the interaction between
economic variables, such as fund flow and performance, is unlikely to be the same under
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different market conditions, as their behaviors are subject to change over time (Lo 2012).
Besides, individual markets experience varying predictability levels attributable to market
conditions (Urquhart and McGroarty 2016) and hence, nonlinear modelling of the market
dynamics is required to ascertain accurate conclusions about the behavior of economic
variables, such as the performance of fund portfolios. Bojanic (2021) explained that Markov
switching models are mostly employed for the analysis of macroeconomic and financial
variables as the dynamics of these variables are subject to periodic and systemic fluctuations
over time. Pastpipatkul et al. (2020) also affirmed that Markov switching models help to
account for dynamic change in economic data because the economic factors exhibit varying
levels of dependencies under different market conditions. As explained in Section 1, the
application of the Markov switching model in mutual fund performance analysis helps to
measure the risk level in a given investment with two or more possible regimes or states of
nature. In this context, an investor can determine whether to invest in a risky or risk-free
asset if the probability of being in a bullish or bearish regime is high.

Furthermore, explanations for the consistent underperformance of fund managers
despite the continuous flow of investors’ cash to them remain a gap in the literature that
calls for an investigation. Moreover, with a projection of a significant rise in South African
mutual fund assets due to a resurgence in stock investment in 2019 and beyond (Ziphethe-
Makola 2017), knowledge of the influencing dynamics of performance under changing
market conditions becomes an essential toolkit for fund contributors and fund managers for
optimal investment decision-making. It is hypothesized in this study that fund-level and
systemic factors exert more predictive influences on fund performance in bullish markets
than in bearish market conditions.

3. Methodology
3.1. Data and Sample Selection

Quarterly data spanning from the end of first quarter of 2006 to the end of the last
quarter of 2019 of 33 actively managed equity funds sourced from McGregor BFA Library,
S&P Capital IQ, and the Association of Savings and Investment South Africa (ASISA)
website were employed in this study. GDP data for economic size was sourced from the
South African Reserve Bank’s website. For a fund to be included, it should have six years
of data for analysis and the sample period was determined by the availability of data. In
calculating South African equity funds’ performance, quarterly returns of the price index of
funds were logarithmically computed. Following Rupande et al. (2019), fund performance
by raw returns was formulated as:

Rit = ln (Pit/Pit−1)× 100 (1)

where Rit is the return on fund i in quarter t, Pit denotes the current price of fund i in
quarter at t, Pit−1 is the price of the fund in the previous period t−1, and ln is the natural
logarithm of the price index.

Following Nenninger and Rakowski (2014), fund flow was computed as the net
quarterly percentage of cash flows accruing to a fund as a result of investor stock purchasing
and redemption activity. A fund’s cash flow is expressed as:

Flowit = (TNAit − TNAit−1(1 + rit))/TNAit−1 (2)

where Flowit is the total net assets of fund i at quarter t, TNAit reflects the fund’s total net
assets at quarter t, TNAit−1 is fund i’s total net assets for the previous quarter t−1 whereas
rit denotes fund i’s return in quarter t that accounts for reinvested dividends and adjusted
for the fund’s overheads. Fund flow was included in the analysis as the main independent
variable of interest because the literature suggests that funds that benefit from increased
levels of cash flow generally perform better than funds that secured limited cash flow in
the past (Rohleder et al. 2017).
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3.2. Markov Switching Model for Determinants of Fund Performance under Bullish and Bearish
Market Conditions

From the literature (Anas et al. 2007; Bilgili et al. 2012), Markov switching models
are suitable for capturing the asymmetry and persistency in data with extreme values,
while enabling accurate inference about the behavior of financial and economic variables
within a nonlinear framework. Bilgili et al. (2012) attribute the extensive use of linear test
tools in the analysis of financial data to the ready access to statistical software that are
suited for predictive linear propositions. They explained that, notwithstanding the ability
of linear models, such as bivariate or autoregressive integrated moving average (ARIMA),
to account for the dynamics in economic and financial time series, their inability to capture
dependency directions, volatilities, and asymmetries in the relationship of interacting
variables remains a shortfall. However, Markov switching models enable parametric
changes through stochastic innovations. In this context, fluctuations from bearish (high
level volatility) to bullish (low level volatility) market conditions are accounted for through
the estimation of the regime transition probabilities.

Prior studies (Gray 1996; Koy 2017; Ma et al. 2018) have applied the nonlinear econo-
metric MS model of Hamilton (1989) for modelling nonlinear behavior of financial and
macroeconomic time series. Fund performance, much like other economic variables, is
subject to change over time and hence it requires nonlinear modelling to obtain accurate
inferences about its behavior under different market conditions (Lo 2012). Kim (2004)
explained that the Markov switching specification is appropriate for capturing the stylized
dynamics of monthly and quarterly returns (Kim 2004). In addition, Markov-switching
models define the market regimes endogenously, thereby avoiding the need to use instru-
mental variables and any data-mining concerns associated with doing so (Areal et al.
2013). Furthermore, Markov switching models account for possible structural breaks and
regime changes in the behavior of economic variables, which allows for the estimation
of the durations and probabilities of the innovations (Koy 2017). Although the use of
high-frequency data allows for more data points for the regime switching analysis, the
Markov switching model is applicable for the amount of quarterly data employed in this
study, as Bilgili et al. (2012) employed quarterly data (spanning from the first quarter of
1988 to the second quarter of 2010) in Markov regime switching models to analyze the
correlation between foreign direct investment (FDI) and a set of explanatory variables (11
variables in total).

Following Ma et al. (2018), a two-state Markov regime switching regression model
(Hamilton 1989) was employed to estimate the determinants of performance (yst) of indi-
vidual funds in the cross-section. In this study, a two-state Markov switching model was
estimated to ascertain how mutual fund performance is related to the set of explanatory
variables employed in the analysis. Primarily, this model was estimated to capture and
identify the effect of individual variables on fund performance under bullish and bearish
conditions of the market. The adopted model is represented as follows:

yst = β0,st +
K

∑
i=1

βi,st xi,t + εst (3)

where xi′s are factors affecting the performance of a fund. The indicator variable st = 1 or
2 denotes the two possible regimes’ switching states, which are unobservable, and εst is
the normally distributed error term with zero mean and standard deviation σst for each
st = 1, 2.

All the coefficients and the error term εt are allowed switch between the two states
(bullish and bearish). The transition probability from state 1(2) to state 2(1) over the time
period t to t+1 is governed by the Markov transition probability p12(p21), which is assumed
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to be constant over time. The distribution of yst is fully described by σst , β0,st , βi,st , p11, and
p12 and 0 < p11 < 1, 0 < p22 < 1. The transition matrix P is therefore represented by:

P = [
p11 p12
p21 p22

] (4)

where p11 + p12 = 1 and p21 + p22 = 1.
Given that uncertainty surrounds the state of the market st at any given time t, the

state of the market st is inferred from the state of the market at time t. The possibility of
having st at a given time t to be in regime j is given by:

ζ jt = Pr(st = j|Ωt; θ) (5)

where j = 1, 2, and Ωt is the information observed from time 0 up to time t including
both the dependent variables and independent variables and θ is the set of population
parameters of the regime switching regression; that is:

θ = (βi,1, βi,2, p11, p12, σ1, σ2)′ (6)

The regime of the state can either be 1 or 2. In this context, the two probabilities ζ1,t
and ζ2,t always sum to 1. The probabilities can be inferred iteratively from t = 1, 2, . . . ,
T. Under Gaussian assumption of the error terms for the two regimes, the conditional
densities needed to perform the iteration are given by:

ηj,t = f (yt|st = j, Ωt−1; θ) =
1√

2πσj
exp [−

(yt − x′tβ
′
j)

2

2σ2
j

] (7)

Thus, the conditional density of the observation is the probability weighted sum of
both states, which is:

f (yt| Ωt−1; θ) =
2

∑
i=1

2

∑
j=1

pijζ1,t−1ηj,t (8)

The log likelihood function associated with the iteration is then:

Log f (θ) =
T

∑
t=0

log f (yt|Ωt−1; θ) =
T

∑
t=0

log (
2

∑
i=1

2

∑
j=1

pijζi,t−1ηjt) (9)

The parameters θ can be estimated by maximizing the log likelihood function of
Equation (9).

To capture all the information available in the sample, the smoothed transition proba-
bilities for the fluctuations in fund performance were estimated. This study follows Yu and
Kobayashi (2006) based on the algorithm of Kim (1994) and mathematically represents the
smoothed probabilities as:

P(St = i|St+1 = j, ZT ; θ) (10)

≈ P(St = i|St+1 = j, Z t; θ) (11)

=
P(St = i|St+1 = j, Z t; θ)

P(St+1 = j |Z t; θ)
(12)

=
Pij P(St = i|Z t; θ)

P(St+1 = j |Z t; θ)
(13)

For i, j = 0, 1, thus the smoothed probabilities are given as:

P(St = i|ZT ; θ)

= P(St+1 = 0|ZT ; θ) P(St = i|St+1 = 0, ZT ; θ) + P (St+1 = 1| ZT ; θ) P(St = i|St+1 = 1, ZT ; θ) (14)
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≈ P(St = i| Z t; θ)×
(

Pi0|P(St+1 = 0|ZT ; θ)

P(St+1 = 0|Z t; θ)
+

Pi1P(St+1 = 1|ZT ; θ)

P (St+1 = 1|Z t; θ)

)
(15)

Equation (16) depicts the model specification, where fund-level and systemic variables,
namely fund flow, fund size, fund age, fund risk, market risk, and economic size, are
employed as explanatory variables. The model is specified as follows:

PERFst = β0,st + β1,st FLOWi,t + β2,st LNTNAi,t + β3,st LNAGEi,t + β4,st STDFNDi,t + β5,st STDMKTm,t + β6,st ECOSIZEm,t + εst (16)

where PERFst is fund performance at time t and FLOWi,t is the total net assets of fund
i at quarter t. Fund flow is included in the analysis as the main independent variable of
interest because the literature suggests that funds that benefit from increased levels of cash
flow generally perform much better than funds that secured limited cash flow in the past
(Rohleder et al. 2017). Further, explanations posited in the smart money hypothesis suggest
that fund contributors are able to distinguish between competent and incompetent fund
managers, which informs their asset allocation decisions in favor of competent managers
(Elton et al. 1996; Ferreira et al. 2013). In this context, it is generally expected that investor
cash flows will exert a positive influence on the future performance of funds, although
evidence suggests that the smart money hypothesis largely thrives on momentum as
investors chase recent outperformers (Sapp and Tiwari 2004). LNTNAi,t denotes fund i’s
size in quarter t, which is measured as the natural logarithm of total net assets. This variable
was included in the analysis to control for the growth potential of funds, as large funds are
generally more challenging to grow (Sirri and Tufano 1998; Guercio and Reuter 2014).

However, large funds attract more attention in terms of cash flow from investors,
which results in a superior performance in the long run (Goetzmann and Peles 1997;
Kacperczyk et al. 2016). Furthermore, scholars have explained that the maintenance of
large volumes of investor assets result in a host of trading opportunities for fund managers
(Ferreira et al. 2013). Evidence has shown that unlike small funds, large mutual funds
benefit from economies of scale as they are able to minimize the per unit cost associated
with their transactions and operations, while achieving optimal trading results (Ferreira
et al. 2012, 2013). LNAGEi,t is the age of fund i at quarter t measured as the natural
logarithm of the fund’s age in years. From the literature, the age of funds affects their
overall performance as investors’ decisions on mutual funds are affected by the number of
years a given fund has been in operation as older funds generally grow more slowly than
younger funds (Del Guercio and Tkac 2002; Pástor et al. 2015). As a result, this variable
was incorporated in the analysis to control for the effect of fund age on performance.

Following the formulation of Xiao et al. (2014), STDFNDi,t represents fund i’s portfolio
risk at quarter t, and is measured as the standard deviation of a fund’s monthly returns
from quarter t−4 to quarter t−1. This approach allows for the calculation of the annualised
standard deviation (rate of dispersion) of fund returns in the past 12 months, and hence
the riskiness of a fund’s portfolio. From the literature, the average investor is generally
sensitive to the risk associated with an investment and takes it into consideration when
making decisions on mutual funds, as fund risk adversely impacts their performance
(Huang et al. 2012; Xiao et al. 2014). STDMKTm,t denotes market risk in quarter t, which is
measured as the standard deviation of the stock market’s daily returns from quarter t−4
to quarter t–1. This method allows for computation of the annualized standard deviation
of the daily returns of the stock market in the past trading year, to determine the overall
risk of the equity market. Scholars have explained that stock market volatility affects
investors’ decision on mutual funds, as investor skepticism about expected returns vis-à-
vis the system risk increases under conditions of uncertainty (Barber et al. 2016; Kim 2019).
ECOSIZEm,t denotes the economic size (proxied by gross domestic product–lgdp) of the
market in which fund i operates at quarter t. From the literature, the performance of mutual
funds is linked to the direction of growth of the economy within which funds operate,
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where macroeconomic expansions impact positively on fund returns while economic
contractions deteriorate the returns of funds (Ferreira et al. 2012; Fuerst and Matysiak 2013;
Gueddoudj 2018).

In the analysis, a two-state regime switching regression model was used, where all
coefficients and error terms are allowed to take on different values in the two states denoted
by St. A bullish market condition is characterised by a general increase in market returns
and low volatility, while a bearish market condition refers to the period of a downward
spiral in market returns and high volatility. The adopted regime switching model was
estimated for each fund in the sample. Eviews 12 software was used for the estimation of
the empirical model.

3.3. Normality Tests

A normality test was conducted to analyze the sample data with a non-normal dis-
tribution for the results of the specified nonlinear model to be valid (Schmidt and Finan
2018; Tsagris and Pandis 2021). All the variables report some negative asymmetry in
their dynamics (skewness) and none of the variables report a value of zero. Besides, all
the seven interacting variables employed in the analysis show excess kurtosis across the
sampled funds, as their reported kurtosis values were either below or above three. As a
result, the Jarque-Bera (JB) tests reject the hypothesis of normal distribution. Consequently,
non-normality is not a problem in the estimated models. It could be concluded that the
results generated are valid in providing explanations to the dynamics of fund performance
under different market conditions. The results of the normality test can be seen as Table S1.

3.4. Unit Root Tests

The presence of non-stationary explanatory variables is likely to lead to spurious
regression when the MS model parameter is estimated (Granger and Newbold 1974). To
resolve this problem, the augmented Dicky Fuller (ADF) was employed to check for the
presence of unit roots for each selected variable for each fund in the sample. The ADF test
shows that the variables employed in the analysis are all stationary across sampled funds.
The unit root test results can be seen as Table S1.

4. Estimation Results and Discussion
4.1. Descriptive Statistics of Fund Performance

Table 1 summarizes the descriptive statistics of the levels of quarterly performance
of the 33 sampled funds for the period March 2006 to end of 2019. From the table, the
performance varied considerably across the funds, with IP HIGH fund being the lowest
(with a mean value of −0.927) and Stanlib fund being the highest (with a mean value
of 4.012). The variation in the performance of each fund during the period under study
appears to be significant as can be observed from the large difference between the maximum
and minimum performance values. The variation in cross-sectional performances is largely
linked to the period of financial meltdown in 2007 and 2008, where it is found to be more
evident. Moreover, the performance of the funds shows several negative asymmetries
in their dynamics (skewness) and excess kurtosis is reported across the sampled funds,
implying that the performance of the sampled funds is not normally distributed. In this
context, it can be explained that the performance of the sampled funds lacked stability.
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Table 1. Descriptive statistics of fund performance.

Fund Mean Medium Maximum Minimum Standard
Deviation Skewness Kurtosis

Afena 1.921 2.857 8.594 −8.004 3.440 −0.933 3.393

Allan Gray 2.107 1.848 16.238 −14.326 5.218 −0.304 4.135

4D BCI 2.160 1.856 11.966 −4.688 3.317 0.151 3.304

3LAWS −0.073 1.000 5.000 −7.000 3.199 −0.468 2.154

3600ne 3.666 5.000 12.000 −16.000 5.548 −1.055 4.249

Aluwani 3.549 3.022 15.664 −6.487 5.780 0.108 2.240

Analytics 2.232 3.449 6.953 −6.934 2.982 −1.317 4.266

Anchor 2.877 4.207 12.028 −6.939 3.592 −0.376 3.540

Blue Alpha 1.864 2.423 9.873 −7.095 3.813 −0.055 2.582

Bridge 3.469 4.030 12.029 −6.939 3.574 −0.539 2.235

Cannon 1.162 1.068 16.058 −9.937 5.517 0.554 3.631

Capita BCI 1.427 1.708 3.604 −3.479 1.435 −1.509 6.067

Centeaur 2.779 4.186 15.415 −15.706 6.282 −0.890 4.182

Clucasgray 0.789 0.686 10.431 −6.164 2.836 0.394 4.558

Counterpoint 0.553 0.644 4.478 −3.746 1.535 −0.081 3.853

Dalebrook 0.275 0.290 6.301 −7.118 3.068 −0.415 3.332

Denker 0.363 0.389 4.478 −3.746 1.565 0.196 3.626

Graviton 1.699 2.276 3.360 −3.619 1.454 −1.656 5.738

GTC 0.114 0.038 6.454 −6.899 2.618 0.034 4.161

Harvard 0.006 0.103 6.241 −10.738 2.605 −1.347 7.701

Huysamer 0.459 −0.157 8.651 −11.155 3.779 −0.183 3.450

Imara 2.288 2.546 9.746 −8.524 3.716 −0.381 3.564

IP HIGH −0.927 −1.034 8.499 −7.946 2.905 0.562 4.427

Kagiso 3.382 3.595 25.093 −9.032 6.054 0.895 4.998

Maestro 0.484 0.205 7.343 −10.719 3.479 −0.587 3.919

Naviga −0.092 −0.141 6.285 −6.419 2.259 −0.007 4.959

Northstar 2.462 2.364 15.992 −8.701 3.733 0.808 6.745

Personal Trust −0.286 0.078 8.980 −9.588 3.139 −0.381 5.003

RCI 1.539 2.870 10.244 −12.306 4.598 −1.031 4.144

RECM 1.238 2.146 14.368 −15.618 4.907 −0.922 5.689

Stanlib 4.012 4.045 13.084 −5.799 4.374 −0.093 2.529

ABSA Prime 3.410 3.520 13.083 −5.798 4.089 0.104 2.728

Prescient 3.792 6.101 9.240 −6.935 4.582 −0.929 2.401

Source: Authors’ estimations (2021).

4.2. Discussion of Markov Regime Switching Regression Results of Fund Performance
Determinants

Table 2 presents a summary of the Markov regime switching regression (Equation (16)
results of fund performance determinants for sampled funds. The first row of each fund
reports the estimated coefficients for the bullish Markov state and the second row reports
those of the bearish state.
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Table 2. Markov regime switching regression results summary of fund performance determinants.

Fund Intercept FLOW LNTNA LNAGE STDFND STDMKT ECOSIZE

Afena 11.938 ***
5.479 ***

−0.072
0.224 ***

0.058
−1.232 ***

−2.068 ***
−0.818 ***

−643.486 ***
−93.279

−0.706 **
−0.205

−0.127 **
−0.099

Allan 2.078
12.712 ***

−0.034
−0.062 **

0.709 ***
−0.513 ***

−2.204 ***
−2.534 ***

71.376
97.015

−2.151 ***
−2.338 ***

−0.142 **
0.048

4D BCI 8.924 ***
1.086

0.106
−0.007

0.296
−0.177

−2.805 ***
0.338

−35.376
103.763 *

−4.034 ***
−0.566

0.058
−0.010

3LAWS 12.113
15.862 ***

0.057
−0.001

−0.706
1.052 ***

−6.016
−10.195 ***

80.598
−152.805 ***

−5.656 ***
−0.935 ***

0.439 *
−0.076

360One 23.914 ***
13.486 ***

0.464
0.091

0.124
−1.709

−9.207
−0.055

−2167.139 ***
−1204.542 ***

0.331
4.485 **

−1.099
−0.426

Aluwani 6.600 ***
−3.635 *

0.009 ***
−0.001

−0.717 *
0.435

−0.556 **
−0.454 *

118.190
120.512 ***

−2.124
−2.298 ***

−0.007
0.063

Analytics 20.298 ***
−1.609

−0039 **
−0.009 ***

−1.267 ***
0.123

−4.964 ***
0.644

55.642
0.685

−0.418
0.223

0.027
0.167

Anchor 9.284 ***
12.411 ***

−0.017
0.287 ***

−0.547
−1.103 ***

−0.360
0.746 ***

−534.978 ***
−601.861 ***

−0.353
−3.639 ***

0.018
0.139 ***

Blue Alpha 3.816
17.628 ***

0.019
0.014 **

0.042
−3.062 ***

−2.015 *
−0.095

51.544 ***
−204.309 ***

−0.344
8.387 ***

−0.307
−0.015

Bridge 41.411 ***
51.252 ***

0.033
−0.244 ***

−4.758 ***
−4.366 ***

−1.126
−1.292 ***

−872.245 ***
−711.282 ***

1.017
−12.949 ***

0.705
−1.321 ***

Cannon 29.533 ***
−10.563 ***

0.275
−0.479 ***

−2.791
3.859 ***

−25.581 ***
2.836

1035.957 *
−405.872 ***

−23.252 ***
−6.390 ***

−0.635
−0.064

Capita BCI 6.100 ***
−0.488

0.037
0.013

−0.852
−0.026

−0.812 ***
0.048

−596.041 ***
372.714 ***

−3.136 ***
0.071

0.012
0.008

Centeaur 5.220 ***
7.291 ***

−0.058
−0.216 ***

−0.134
0.379

−0.681
−2.770

119.551 ***
−162.205 ***

−1.783 ***
−2.238 ***

0.126
−0.433 ***

Clucas. 3.427 ***
1.814

−0.227 ***
−0.156 ***

−0.143
−0.013

−1.043 ***
0.375 **

13.954
−77.569

−0.346
−0.216

−0.168 ***
−0.017

Counter. −0.797
1.314 ***

0.017 ***
0.008 *

0.174
−0.125

−0.664
0.454 ***

102.463 ***
−11.537

−0.895
−0.349 ***

0.077
0.029

Dalebrook −2.834 *
7.903 ***

0.006 ***
−0.014 ***

0.602 ***
−0.661 ***

0.125
−1.338 ***

−27.726
−390.159 ***

0.597
−1.407 *

−0.044
0.794 ***

Denker 1.302
−4.237 ***

0.003
−0.002

−0.169
−0.241

0.406 ***
0.459

4.206
635.442 ***

−0.251
−0.425 *

0.014
0.215 ***

Graviton 4.633
1.365 ***

0.069
0.008

−0.017
−0.091 ***

−0.909
0.105

−209.823
29.489

−1.718 ***
0.017

0.134 **
0.025 ***

GTC 24.858
21.647 ***

−0.034
−0.030 ***

−2.135 *
1.434 ***

−4.037
−6.902 ***

−632.123 *
−223.809 ***

−8.683 ***
1.551 *

−0.251
0.148

Harvard −1.953
−3.216 **

−0.127 ***
0.043

2.457 ***
1.214

−0.191
0.826 ***

−466.652 ***
−21.239

0.682 *
0.336

0.256
0.093

Huysamer −4.197
0.810

0.136 ***
0.012

2.598 ***
−0.995

0.038
0.446

54.873 *
21.280

−1.054
0.481

0.088
0.350 ***

Imara −5.442 *
1.340

0.006 *
−0.001

2.104 ***
0.911 *

0.802
−0.154

−237.013 ***
−181.277 ***

1.003 ***
0.347

0.089
−0.001

IP HIGH 11.217
28.931 ***

0.007
0.002

−4.816
−19.534 ***

−1.721 ***
5.988 ***

−370.190 **
−268.682 ***

0.739
5.809 ***

−0.033
0.850 ***

Kagiso 7.737 ***
7.358 ***

0.038
−0.037 ***

−0.561
−0.469 ***

−1.207
−1.242 ***

15.936
137.428 ***

−5.123 ***
−3.951 ***

−0.252 **
−0.125 ***
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Table 2. Cont.

Fund Intercept FLOW LNTNA LNAGE STDFND STDMKT ECOSIZE

Maestro 4.174 ***
1.042

−0.325 ***
0.123 ***

0.921 ***
−0.452 ***

−2.969 ***
0.723

−130.129
−254.010

−0.124
2.430 *

0.267 *
−0.180

Naviga 3.042
−6.046 ***

−0.019 *
−0.220 ***

−0.226
2.355 ***

−0.886 *
−1.827 ***

100.498
617.188 ***

−0.778
−6.677 ***

−0.486
3.208 ***

Northstar 7.624 ***
7.459 ***

−0.009
0.069 ***

2.225 **
4.282 ***

−3.485 ***
−5.145 ***

123.799
−3.175

−0.355
−0.759 ***

−0.089 *
0.102 ***

Personal
Trust

−1.082
−4.345 ***

0.053 ***
−0.001 ***

1.767 *
2.867 ***

−0.487
−0.831 ***

−58.519
28.875

−0.485
−0.813 ***

−0.238
−0.218 ***

RCI 46.592 *
48.343 ***

0.007
0.053 ***

−14.441
−18.791 ***

−10.574 *
−11.566 ***

−69.376
−791.605 ***

−4.146 ***
1.157 ***

−1.116
2.643 ***

RECM 0.433
−0.535

−0.072
0.058 *

0.619
0.129

−1.366
0.416 ***

−379.661 ***
108.669 ***

2.130 **
−0.130

−0.425 *
−0.066

Stanlib 18.676 ***
32.022 ***

−0.039
0.039

−3.532 *
−5.235 ***

2.503
1.834 ***

−342.103
−704.414 ***

8.067
3.089 ***

−0.206
0.307 ***

ABSA 14.788 ***
33.219 ***

−0.001
0.024 ***

−1.801
−0.404

−1.665
−6.777 ***

−369.628
−784.171 ***

3.493
−1.549

0.035
−1.269 ***

Prescient 5.137
9.116 ***

0.004
−0.028 ***

9.511 ***
13.604 ***

−6.716 ***
−9.491 ***

−433.241
−973.846 ***

3.344
8.023 ***

0.144
−0.384 ***

Note: *, **, and *** denote 10%, 5%, and 1% levels of statistical significance respectively. Source: Authors’ estimations (2021).

From Table 2, it can be observed that fund-level and systemic variables exert varying
influences on fund performance across bullish and bearish market conditions. Fund
flow reports more significant relationships (23: 10 positive and 13 negative values) with
performance across funds in the bearish state of the market, as against 10 (six positive and
four negative values) significant coefficients in the bullish state. This result shows that
fund flow, under the regime switching environment, exerts more influence on performance
under bearish conditions of the market than under bullish market conditions. The results
thus indicate that the high sensitivity of fund flow to performance in the bearish market is
more in the negative terms than positive. This evidence is consistent with the position of
the extant literature. Kosowski (2011) applied a Markov switching approach to analyze the
determinants of fund performance and found that the effect of fund flow on performance
is more evident in the bearish regime of the market than in the bullish regime. The study
documents a negative predictive power of fund flow over performance, and explains that
overtrading on the part of recent outperformers with enhanced investor cash allocations
results in operational overruns that are not appropriately compensated for due to an
increase in market volatility.

The results of Papadimitriou et al. (2020) also verify that the flow–performance
relationship is more pronounced under bearish market conditions than bullish conditions.
Moreover, Franzoni and Schmalz (2017) explained that investor risk-aversion tendencies
and skepticism about fund performance during lower periods of the market tend to be
more informative about managers’ trading skill, compared to performance during upper
periods of the market. However, Xiao et al. (2014) found that the sensitivity between fund
flow and performance is more evident in the bullish state of the market than in the bearish
state. They explain that generally, the effect of fund flow on performance is positive under
changing market conditions and attribute this state of interaction to an increase in investor
confidence in the trading skills of fund managers in bullish market conditions than in
bearish conditions.

From Table 2, fund size (proxied by the natural logarithm of total net assets) reports
more significant coefficients (20: 8 positive and 12 negative values) across the sampled
funds in the bearish state than in the bullish state (13: eight positive and five negative
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values). This result implies that the influence of fund size on performance is more evident
under bearish market conditions, and it is generally adverse under bullish conditions.
From the literature, it is suggested that investor decisions regarding mutual funds are
affected by fund size as large funds are generally more challenging to grow (Chevalier and
Ellison 1997; Sirri and Tufano 1998; Xiao et al. 2014). Given that bearish market conditions
are generally characterized by increased volatility and uncertainty around expected returns
on underlying investment, it is expected that investor attention will focus more on the
disadvantages associated with the acquisition of large funds’ stocks (Chou and Hardin
2014). Similarly, through the application of a regime switching framework, Badrinath and
Gubellini (2012) found that on a comparative basis, small funds are able to achieve higher
returns than large funds under changing market conditions, which is more evident in
bearish conditions of the market. However, the regime switching results of the drivers of
fund performance by Chung et al. (2014) show that the predictive power of fund size over
performance is more pronounced in the bullish state of the market than in the bearish state.
Their finding links the effect fund size on performance to positive investor sentiments of
fund managers’ trading expertise. They explain that skepticism about the pace of growth
of a fund is given minimal consideration by investors during stable market conditions, and
hence they allocate more cash to large funds with the expectation of benefiting from wider
investment opportunities.

The fund age variable (proxied by the natural logarithm of fund age in years) shows a
more significant relationship with performance in the bearish state (21 significant coeffi-
cients: 14 positive and 7 negative values) than in the bullish state (16 significant coefficients:
1 positive and 15 negative values) across the sampled funds. Given that the significant
relationship between fund age and performance is generally positive, it suggests that
investors’ cash allocation decisions on mutual funds are largely in favor of old and more
established funds. However, the Markov switching results of fund performance deter-
minants by Stafylas and Andrikopoulous (2019) suggest that young funds are generally
able to sustain superior performance momentum during market downturns compared to
their older counterparts. Similarly, evidence from other studies (Pástor et al. 2015; Rao
and Tauni 2016) indicates that investor decisions on mutual funds favor younger funds,
as older funds grow at a slower pace than younger funds. Meanwhile, the findings of a
regime switching analysis of fund performance link the time-varying effect of fund age on
performance to investor sentiments (Chung et al. 2014). The study explained that the effect
of investor sentiment on fund performance is more pronounced in the bullish state of the
market than in the bearish regime when it is driven by considerations premised on fund
age and the ability to expand rapidly.

From Table 2, it can be observed that the influence of fund risk (proxied by the
annualized standard deviation of funds monthly) on performance is generally pronounced
in the bearish state (23 significant coefficients: 8 positive and 10 negative values). The
bullish regime reports 15 significant coefficients (5 positive and 10 negative values). This
result is expected because increased variability in fund returns tends to diminish investor
confidence in fund managers’ ability to generate utility for investors, as the literature
(Li et al. 2013) suggests that mutual fund contributors take portfolio risk into consideration
when making stock-picking decisions on mutual funds. In this context, the performance of
funds with significant levels of risk are adversely affected as minimal investor assets accrue
to them. However, Chung et al. (2014) obtained Markov switching results for the effect
of fund risk on performance under changing market conditions. Much like the evidence
found for fund age, their results link the time-varying effect of fund risk on performance to
investor sentiments. They explained that the average investor becomes less skeptical about
fund return variability when market conditions are less volatile, regardless of the direction
of the fund manager’s recent performance.

From the table, it can be observed that the market risk (proxied by the annualized
standard deviation of daily returns of the equity market) exhibits a more significant rela-
tionship with performance in the bearish state (22 significant coefficients: 7 positive and 15
negative values) of the market than in the bullish state (13 significant coefficient: 2 positive
and 11 negative values) across the sampled funds. This result suggests that generally,
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increased market volatility leads to significant deterioration of fund performance under
time-varying conditions of the market. Through a Markov switching analysis, Turtle and
Zhang (2012) found that the performance of funds operating in markets dominated by
significant volumes of foreign investments tends to experience instability in performance
as their activities are prone to the effects of fluctuations in external markets. Their evi-
dence suggests that the performance of funds operating in emerging markets like South
Africa experiences significant improvements in returns during periods of positive trends
in the returns of advanced markets. These dynamics represent a spill-over market risk,
which exerts significant impacts on the performance of emerging market funds as a result
of their dependence on foreign investment. Intuitively, an increase in the dispersion of
benchmark returns adversely impacts fund portfolios, as fund portfolios with significant
components of its underlying investments deposited in exchange traded instruments are
affected. Scholars have explained that investors’ cash allocation decisions on mutual funds
are influenced by market risk, which, in turn, affects funds’ overall performance (Kim 2019;
Barber et al. 2016).

As can be observed from the table, economic size shows a strong predictive influence
on mutual fund performance under bearish market conditions (17 significant coefficients:
11 positive values and 6 negative values) than under bullish conditions (8 significant co-
efficients: 2 positive and 6 negative values). This evidence implies that generally, funds
operating in large economies are able to perform better than their counterparts in smaller
economies during periods of market downturns. This result is plausible because bigger
economies present wider and more diverse trading opportunities for fund managers to
relocate underlying investments in times of market meltdown to enhance performance.
Kosowski (2011) applied the Markov switching approach to analyze the effect of economic
fluctuations on fund performance and document that funds generally achieve more en-
hanced returns during periods of economic recession than expansion. Fund contributors
thus exploit the time-varying risk-adjusted returns by allowing for predictability in per-
formance. The study explained that fund contributors are able to benefit from predicted
returns in this context because active managers are able to achieve significant excess re-
turns during the contraction phase of the economy. In general, scholars agree that the
performance of mutual funds is tied to the general well-being of the economy within which
they operate (Ferreira et al. 2013; Fuerst and Matysiak 2013; Gueddoudj 2018). This appears
to be the case in South Africa, indicating that stable economic growth is fundamental to
the creation of a conducive environment for the growth of the South African fund market.
Moreover, from the analysis, it can be observed that all the variables employed in the
analysis exert more significant impacts on fund performance in the bearish state of the
market than in the bullish. As a result, the study’s hypothesis that the impact fund-level
and systemic factors on mutual fund performance are more pronounced in the bullish state
than in the bearish state is rejected as per the results in Table 2.

Table 3 shows the average of the coefficients of these three variables (obtained from
running the estimated regime-switching model of Equation 16 of the funds in the sample).
The cells labelled S1 and S2 consist of results for the bullish and bearish states, respectively.
The three variables are LNAGE, STDFND, and STDMKT. The discussion of the most
significant explanatory variables follows the presentation of the results in Table 3 for ease
of reference.

Table 3. Cross-sectional analysis of the most significant explanatory variables.

Variable

Regime LNAGE No. of
Funds STDFND No. of

Funds STDMKT No. of
Funds

S1 −4.249 *** 16 −358.263 *** 15 −2.563 *** 13

S2 −2.327 *** 21 −286.371 *** 22 −0.876 *** 21
Note: *** denotes a cross-sectional average statistical significance level at 1%. Source: Authors’ estimation (2021).
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4.3. Cross-Sectional Analysis of the Most Significant Explanatory Variables

From the empirical analysis in the previous section (Section 4.2), it can be observed
that all the explanatory variables have an impact on the performance of mutual funds in
South Africa, where fund-level and systemic variables show greater influence in market
downturns than in upturns. In addition, significant differences are observed among the
sampled funds in terms of the extent to which these explanatory variables are linked with a
fund’s performance. To ascertain the determinants of these cross-sectional differences, the
three most significant explanatory variables were selected to conduct the cross-sectional
analysis based on the regression results of Equation (16) as shown in Table 2.

The average coefficient of LNAGE for the cross-section of sampled funds in the bullish
state (S1) is −4.24, which is composed of 16 funds with an average statistical significance
at 1%. In the bearish state (S2), the average coefficient of LNAGE for the cross-section of
funds is −2.327, which comprised 21 funds of the study sample and an average statistical
significance at 1%. This evidence shows that fund age generally has a larger impact on
fund performance in the bearish market (S2), which is consistent with the evidence of
prior studies (Del Guercio and Tkac 2002; Xiao et al. 2014; Pástor et al. 2015) that investor
decisions on mutual funds are affected by fund age, as downward spirals in general market
returns pose a threat to the value of investor assets. Stafylas and Andrikopoulous (2019)
analyzed the determinants of fund performance under different market conditions using a
Markov regime switching framework. Their results, however, suggest that the predictive
power of fund age over performance is more evident in the bullish state of the market
than in the bearish state. They document that recently established funds generally exhibit
superior performance in periods of low volatility relative to their older competitors in
the industry, while a reverse of this state of performance holds for old and young funds
during periods of high market volatility. Comparing the results for LNAGE of funds in
the cross-section with the results of FLOW and LTNA in Table 2, it can be observed that
most of the funds with significant coefficients for LNAGE in the bearish state also report
significant coefficients for FLOW and LNTNA in the bearish state. This relationship is
linked to the expected behavior of investors to be influenced by fund age and size when
finalizing investment decisions on mutual funds.

Stafylas and Andrikopoulous (2019) verified that small and young funds are able
to generate superior returns relative to old and large funds, even in bearish states of the
market, and hence justifies investors’ favorable decisions on them under changing market
conditions. The significance of coefficients of STDFND for funds in the cross-section is
larger in the bearish state (22 significant coefficients; with most of them being negative)
than in the bullish state (15 significant coefficients), which indicates that fund risk exerts a
more retrogressive impact on the performance during periods of market decline. Based on
the results of Markov regime switching regressions, Huang (2012) attributed persistence in
fund return variability to inferior market timing ability over the business cycle on the part
of active managers. It can be observed from the results shown in Tables 2 and 3 that most
of the funds with significant coefficients for STDFND also report significant coefficients
for FLOW and LNTNA. This evidence explains that investors’ cash allocation decisions on
mutual funds are influenced by portfolio risk and funds’ assets under management (Sirri
and Tufano 1998; Guercio and Reuter 2014).

When fund contributors’ decisions on funds are largely driven by their attitude toward
fund risk and the size of funds, they tend to allocate funds disproportionately across fund
managers, which ultimately affects the direction of fund performance. The behavior of
investors in this context can be explained by the AMH as a way of adapting to changing
market conditions due risk aversion and disposition effects. The cross-sectional average
coefficient of STDMKT in the bullish state (S1) is −2.563 (13 significant coefficients). On
the other hand, the coefficient average of STDMKT in the bearish state (S2) for the funds
cross-section is −0.876 (21 significant coefficient). These show that the level of market
return dispersions significantly influences the direction of fund performance more in the
bearish regime than in the bullish regime of the market. However, in an analysis of fund
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performance determinants with Markov switching models, Badea et al. (2019) found that
the effect of market risk on fund performance is generally minimal in unchanging market
conditions, although they found evidence of a link between the direction of general market
returns and individual fund performance.

In general, the cross-sectional analysis shows that fund age, fund risk, and market
risk exert varying and more significant impacts on fund performance as compared to other
significant variables across different funds under changing market conditions. These three
variables (fund age, fund risk, and market risk) represent the set of fund-level and systemic
determinants of cross-sectional differences in mutual fund performance under time-varying
conditions of the market in South Africa. These results imply that exogenous factors drive
fluctuations in the interactions between mutual fund flow and performance under time-
varying market conditions in South Africa, and affirms the normative guidelines of the
adaptive markets hypothesis as explained by Apau et al. (2021) and Kunjal et al. (2017).

4.4. Smoothed Regime Probabilities

Figures 1 and 2 plot the smoothed probability of regime 1, the bullish state, P[St = 1],
fitted to the 33 funds’ performances for the regime switching model specified in Equation
16. The values of the smoothed probability series are typically very close to either zero
(regime 2, bearish state) or one (regime 1, bullish) and the smoothed probability series
do not frequently switch between the bullish state and the bearish state. The smoothed
probability is of interest in economically interpreting the regime switching behavior of
the performance of funds and when they occur. From Figure 1, it can be observed that
most funds experienced significant volatilities and declines in performance during the
period of global financial meltdown, as funds’ performance generally entered a bearish
state (regime 2) for a specified period of time.

The performance of funds generally recovered from the bearish state at the beginning
of 2009, when they entered a bullish state (regime 1). The presence of bullish performance
across funds around 2017/2018 can be explained as flow-driven performance and not as a
result of superior trading expertise of fund managers, as investors’ cash allocations to funds
increased significantly during this period (Rangongo 2018). This represents a dynamic
form of adaptation to changing market conditions by way of wind fall returns on the
part of fund managers, which can be explained by the AMH. In general, the performance
funds in the sample are highly volatile under changing market conditions. This evidence is
closely linked with the position of the extant literature. Turtle and Zhang (2012) employed
Markov switching regressions to analyze the time-varying performance of mutual funds.
Their evidence suggests that the risk-adjusted performance of mutual funds varies with the
dynamics of markets that are dominated by international investments, as they are suscepti-
ble to the effects of international market fluctuations. They explained that emerging market
funds (South Africa included) exhibit superior performance when the global financial
outlook assumes a positive trend relative to returns on investments, implying a significant
dependence on foreign inflows. Foreign exchange volatility was identified as a significant
determinant of emerging markets funds’ performance. Scholars have explained that during
the period of the financial crisis, the level of risk increased, and funds experienced high
levels of outflow that caused higher volatility (Ben-David et al. 2012; Manconi et al. 2012).
Furthermore, the increased volatility in fund performance of South African funds is linked
to capital reallocation from emerging markets to advanced markets during the financial
crisis in furtherance with the flight-to-safety hypothesis (Fratzscher 2012). Overall, the
inconsistent flow-performance patterns among sampled funds makes it difficult to draw
any other conclusion about the performance of mutual funds in South Africa compared to
explaining that the dynamics of their performance lack stability. This corresponds with the
estimated average regime transition probabilities and the expected durations presented in
Tables 3 and 4, which shows that a significant percentage of the transition period is spent
in the volatile (bearish) condition of the market.
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Table 4. Regime transition probabilities.

Regime 1 Regime 2

Regime 1 0.659 0.340

Regime 2 0.314 0.669
Source: Authors’ estimations (2021).

4.5. Regime State Analysis

Regime transition probabilities and expected durations in bullish and bearish condi-
tions are reported in Tables 4 and 5, respectively. Table 4 reports the average transition
probabilities between different regimes of the system for the sampled funds. From the
table, the average probability of staying in the bullish state (regime 1) is 0.659 while the
probability of regime 1 transitioning to regime 2 (bearish state) is 0.340. The probability
of staying in the bearish regime (regime 2) is 0.669 and the probability of regime 2 transi-
tioning to regime 1 is 0.314. These results suggest that regime 2 has the highest continuous
probability, and hence, is the most stable regime.

Table 5. Expected durations.

Probability Duration

Regime 1 0.491 4.43

Regime 2 0.509 4.59
Source: Authors’ estimations (2021).

Table 5 reports the average expected duration of regime transitions of the estimated
MS model. From the table, regime 1, which denotes the bullish condition, is expected
to persist for an average of 4.43 quarters while regime 2, denoting the bearish condition,
is expected to persist for 4.59 quarters on average, which represents 49.1% and 50.9% of
the sample period, respectively. Regime 2 (which is the bearish condition) is the most
persistent regime as it accounts for 50.9% of the constant expected duration for the sample
period.

5. Conclusions

The purpose of this study was to conduct a non-linear analysis of the determinants
of mutual fund performance within a regime switching framework to elicit explanations
for the inconsistent flow–performance dynamics in South Africa. As a result, the Markov
switching model was employed as a suitable analytical tool to test the effect of fund perfor-
mance determinants across bullish and bearish conditions of the market. The main findings
of the study are presented. First, the predictive power of fund flow over performance
is more pronounced in the bearish state of the market than in the bullish state, which is
indicative of high investor sensitivity to fund performance in lower periods of the mar-
ket than in upper periods. Second, similar to the effect of fund flow, other fund-specific
variables, namely fund-level fund risk, fund size, and fund age, exert strong deterministic
influences on fund performance during market downturns compared to upturns. This
finding is linked to the flight-to-liquidity assets and risk-aversion behavior of fund contrib-
utors during volatile conditions of the market. Lastly, the study found that the predictive
effects of market risk and economic size on fund performance are more evident in bearish
market conditions than in bullish conditions. This evidence affirms that the direction of
macroeconomic growth and market volatility levels are significant determinants of fund
performance. This study contributes to the literature on mutual funds by providing novel
perspectives on the effect of fund-specific and systemic factors on fund performance under
a regime switching framework in the South African context.

The findings of the study have significant policy implications for fund contributors,
fund managers, and economic management frameworks. First, younger funds should
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remain strategic in their trading activities, as the advantage in fast-paced growth could
lead to deteriorations in long-term performance when administrative expenses become
excessive as a result of overtrading. In addition, fund managers should remain strategic in
market timing to optimize stock-picking choices as increased market volatility affects fund
performance. Above all, policymakers should implement policies that create a conducive
economic environment as the direction of economic growth and market volatility are linked
with fund performance.

This study has recognizable limitations in terms of the variable characteristics and
the frequency of data employed in the analysis due to data availability issues. The study
mainly focused on measurable fund-level and systemic variables and used quarterly data.
Future studies should include variables that capture managerial and investor sentiments
as time-varying investor behavior may affect fund performance. Additionally, the use of
high-frequency data allows for more data points to enhance the Markov switching analysis.
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