Alphas & Markov Methods in Predicting Price Movement

INTRODUCTION

In this paper, the authors intend to determine the
trends of the market using 1) quantitative trading alphas
method, 2) Markov switching model, and 3) Hidden
Markov model. From there, readers can expect a
discussion of certain characteristics from each that is
most influential to their results. With the intent of
accounting for the general trends of the market, index
prices that encompass a multitude of equities were
employed. In particular, the authors analyzed financial
data from the Russell 3000 stocks in the 7-year period
from 2011 to 2018 in the training window, and the one
from 2018 to 2021 in the testing window. From all of the
results, the authors generated satisfying returns above
the benchmark rate, disregarding the transaction cost
incurred. The paper then aimed to seek new features that
could aid the trading strategy as presented in the hidden
Markov section.

I. DATA SELECTION

Index prices consisting of various equities have
always been used as a general indicator of the state of
the market. In this study, we trained our models using
Russell 3000 data on Yahoo Finance over the horizon of
7 years—dated from January 2011 to January 2018 and
utilized the same index for the test window from 2018 to
2021 as shown by Fig. 1.

1) Russell 3000 daily price data: our raw data
contains the daily price series of the Russell 3000 from
2018 to 2021 imported from yahoo finance.

Fig. 1. 2018 - 2021 Russell 3000 daily price data

In the following sections of the paper, "training"would
be used to refer to the period between 2011 to 2018
whereas "test"would indicate the time window from 2018
to 2021. In our analysis, none of the crashes were
deliberately eliminated during the training period due to
the nature of our interest: to predict imminent trends in
the market.
The rate of return used in each model discussed in
the later parts of the paper vary ever so slightly. In the
alphas method, daily returns was calculated with daily
close prices. The Markov switching model, on the other
hand, makes use of the weekly return by averaging intraday returns, which is generated by using daily open and
close prices, in a given week. And lastly, hidden Markov
model uses weekly average return by averaging the daily
return calculated from close price to close price.
It is worth noting that the method of return data
calculation used in the alpha method and the hidden
Markov model were decided in accordance to relevant
papers and previous methods. However, the intra-day
returns applied in the Markov switching model is an
innovative usage unseen before, and the authors will
discuss the reasoning behind that novel usage in the
respective Markov switching section instead of adopting
the more common way.
Based on the raw time series price data and volume,
we generated another five time series features which are
percentage price change, normalized standard deviation
of price, ratio of the difference between current price
and mean price to current price, z-score for daily price,
and z-score for volume.

II. Alphas
In this first section, instead of classifying the market
and using a trading strategy to prove our classification,
we adopted the strategy by Kakushadze which coarsely
combined the two processes and devised a technical
indicator for daily trading. From the explicit formulas of
the 101 formulaic alphas, we extracted the fundamental
metrics that define trends such as: correlation between
today’s high and volume, standard deviation of past 10
days’ closing price, 5-day percentage change of price.
From there, we formed a combination with the 54 of
them––those who best capture the trend of the price of
iShares Russell 3000 ETF.
The technical indicator or alpha that we created makes
use of both trend following and contrarian strategy by
incorporating the idea of “exceptions”. We compare
today’s one day backward change in price to a threshold
that is mainly determined by the mean of the daily change
of a predetermined period. The opposite is done if the
daily change in price is lower than the threshold. If the
change in price is higher than this threshold, we assume
the price is not sustainable and short the stock. We define
our strategy to be a mean reversing strategy in general.
As algorithmic trading becomes more widely adopted,
large parent orders are being split and traded according
to a predetermined schedule that effectively minimizes
its market impact.
However, we hypothesize that information from large
buyers or sellers can still be captured through a closer
look at the order book. We first define the 5-day rolling
average of daily change in stock price as short-term price
change, and the average daily change of stock price from
T-10 to T-5 as long-term price change. We discovered
that the increasing trend tends to continue when spotting
a less than 0.1 (10 times the minimum tick size) increase
in the difference between short-term price and long-term
price; likewise, a decreasing trend has the tendency to
persist where a less than 0.05 (5 times minimum tick
size) decrease in their difference is observed. When
either of the signals is observed, we choose to follow the
trend and long or short accordingly. It is worth noting
that we put a lower weight on the pricing data of the days
that had a negative one day backward return.
Comparing the active return of our alpha to the ten
alphas presented in the 101 formulaic alpha paper in
Fig 3 and 5 shows that except minor deviation from the
benchmark return in 2011, 2012, and 2017, our annual
active return is steadily outperforming the benchmark
while having less volatility than most of the other best

performing alphas. Fig 4 and 6 presents the cumulative
return of all alphas since 2011. As the other alphas lose
their effectiveness over time, our indicator is still able to
benefit from the information captured in the pricing data,
and it’s performance is better during the testing period
from 2018 to 2021.

Fig. 2. training annual return

Fig. 3. training cumulative return

TABELA I
Performance
Year

Sharpe ratio

Sharpe Long only

Sharpe Short only

2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021

-0.0918
0.7135
3.4963
1.5838
0.3302
1.2909
2.4649
-0.0157
1.9516
1.5256
1.7149

0.0411
1.0575
3.1996
1.5367
0.1759
1.3033
2.8526
-0.1625
2.2074
1.2174
2.6544

-0.3088
-0.9045
1.3546
0.4793
0.4601
0.2246
-0.3916
0.4404
-0.4454
0.9651
1.0157

Fig. 4. test annual return

The source code and specific Implementation of our
strategy is provided in the addendum, including source
code that generates back-testing results and performance
metrics.
III. Markov Switching Model

Fig. 5. test cumulative return

Out of all alphas, alpha095 has a lower volatility
of our strategy, but it has a lower Sharpe ratio during
all years. We present the Sharpe ratio of our strategy
in Table 1 below. We also present our strategy when
we only long and only short. From 2011 to 2021, the
aggregate short only Sharpe ratio is 0.315, which reflects
an adequate information ratio on how we utilize market
downturns.

Markov Switching model is a frequently used model
in detecting bull and bear market condition, but it is
rarely used in predictive researches. We believe however,
with a little modifications we believe it can also be used
to predict the bear of bull state market in a certain future
period.
Traditional Markov switching model use 2 Markov
states(s=0 and s=1) called regime with either constant
or time-varying transition probabilities. In each of the
regimes,there is a mean µs and a variance σs , the return of
each state is normal distributed according to these mean
and variance.
rs ∼ N(µs , σs2 )
The switching of states follow first-order Markov
chain, the transition probabilities at time t is shown as
π p st = P[St = s|St − 1 = p, zt − 1] where zt is the value of
predictor variable at time t and s, p ∈ 0, 1
By implementing this method we can calculated
probability of a each day belonging to a certain state,
and since there are limited number of states, for each day
the probability of belonging to different states sum up to
1. The probability itself can be calculated in two ways,
filtered and smoothed. The smoothed probability use the
data of the entire sample to calculate the probability of
time t, this helps giving a more smooth probability curve
and a more accurate estimation. In practice however this
may incorporate look-ahead bias in the model and thus

cannot be used. Filtered probabilities on the other hand
offer the probability calculated for time t with data from
time 0-t. Thus, filtered probability at time t is the same to
smoothed probability calculated with limited data from
0-t. After calculating the probabilities, we determine the
state for time t using the probability for bear state at time
t. Namely, if πt s0 > c, c ∈ [0, 1], we would make t a bear
period, and if not, a bull period, where c is by default set
to 0.5 (Kole Van Dijk, 2016).

Fig. 8. Filtered probability with 4 states

Fig. 6. Smoothed probability with 2 states

For a 4-regime model, the detection of bear and bull
period is based on the combined probability of two
states.We examine each combination by drawing graphs
which shows the bear and bull period on the original data.
After examined all 6 combinations of different 2 regimes,
we found the low-mean-high-variance combination give
the best detection of bear and bull periods. We left the
bear period blank and covered these period with shaded
area then we drew only the bull period and original data.
The graph below show the bear and bull period for the
best combination.

Fig. 9. Filtered probability with 4 states
Fig. 7. Filtered probability with 2 states

In our research, we used 4-regime model instead of
2-regime model. The feasibility of this model is shown
by Kole Van Dijk. The filtered probability for the four
regimes are shown in the graph below.

The input variable for Markov switching model is the
returns of the asset. Here we used weekly price data to
avoid the detrimental effect of small fluctuations on the
model.
Also, distinctive from previous papers, we made
some innovation by using the intra-bar return instead of
traditional bar-to-bar returns. Previous research using
Markov switching model mostly used bar-to-bar return
calculated by open or close price, which is the also
commonly used in trading practice. We however, used

the close price and open price of the same week to to
get the return and later on shifted the data backward by
1 week to backtest. By using this form of return, we
effectively make the state of each time t represents the
price movement within the week denoted by time t and
thus intrinsically predicted a bull or a bear market for a
certain period.
The training period backtest of Markov switching
model showed some promising results. With the return
jumped over the benchmark by a large mount at the
beginning of the training period and in the end dropped
back onto benchmark in a few sudden loss, the model
ended with a similar return and a similar Sharpe ratio
with the benchmark, but with a long period of superior
cumulative return, the model is slightly more preferable
than benchmark. The Sharpe Ratio for the model and
benchmark are Sharpem = 0.8640 and Sharpeb = 0.8710

performance above the benchmark.It is this vary effect
that lead to a negative return in the covid times and
ultimately a return lower than benchmark in the test
period.

Fig. 11. Cumulative returns backtesting in training and test set

Comparing this to the aforementioned alpha methods,
the previous model is able to account for sudden, single
drops in price in a short span of time, although it falters
when confronted with consecutive sudden drops after the
initial weekly crash.
IV. Hidden Markov Model

Fig. 10. Cumulative returns backtesting in training set

Nearly all the loss of this model is because of
a few sudden drop in price.In the cases of sudden
cratering, specifically the ones where price collapse is
manifested in weekly data for a short period of time,
the Markov switching model appears to be surprised and
have concluding the trend only at 1-2 periods later, thus
sustaining significant losses from shorting at the lowest.
Failure to capture such flash crashes can be found in
windows such as 2015 mid-August where significant,
abrupt market sell-off transpired (Randall Gaffen, 2016).
And, for this very reason, the performance of this model
is less optimal in the test period spanning from 2018 to
2021 primarily due to the impact of Covid-19, where
the market experienced value evaporation of notable
magnitude in a short window before bouncing back.
Though it is worth noting that the crypto-currency crash
in January of the same year, despite its magnitude, was
indeed successfully accounted for due to its extended
duration as reflected by the stock prices, resulting in a

Hidden Markov model is a statistical Markov model
in which the system being modeled is assumed to be
a Markov process with unobservable ("hidden") states.
Based on the assumption of Hidden Markov model, we
believe the variation of our market follows a Markov
process. And we intend to approach the Hidden states
of our markets using the observed price data and other
features capturing the momentum of the price trend.
As an unsupervised machine learning method, Hidden
Markov model works great in helping us to explore
the internal structure of the data, which aids in further
analysis of market behaviors and construction of trading
strategies.
We applied a 4-state Hidden Markov Model with
Gaussian e(s=0, s=1, s=2, and s=3) to our nine features.
The model calculates the transition matrix A, the
observation matrix B, and the initial state distribution π.
Ai j = P(st+1 = i|st = j) i, j ∈ {1, 2, 3, 4}
B = Probability of observing feature k in state i
πi = P(Si )
Based on the results of the matrices, we would be
able to determine the hidden state of the current period,

and figure out all other past samples that share the same
hidden state (Zhang, M., Jiang, X., Fang, Z., Zeng, Y.,
Xu, K., 2019).
The figure below shows the variation trend of those
nine additional features. The first four features in
the figure are the normalized weekly oil price and
gold price, the percentage change of the weekly VIX
index, and the close value of the 30-year treasury
yield respectively. The last five features are different
transformations of the weekly close price of Russell 3000
Index. We calculated the normalized percentage change,
the normalized standard deviation, the ratio of difference
between last price and mean value to last price, the zscore for price, and the z-score for volume. We added
the oil price because many major stock price changes are
highly correlated with oil price(Papapetrou E., 2001). In
addition, gold price index in general have an opposite
trend compared to the stock price, which makes it a good
feature for our model(Al-Ameer, Maryam & Hammad,
Walaa & Ismail, Areej & Hamdan, Allam., 2018).

reason why we picked the data starting from 2007 instead
of 2011 is that we were rolling the model, using 5 years
of data to predict the state for the upcoming week. We
reassigned the states based on the returns of all four
states, with state 0 being the state with the highest return
and state 3 having the lowest return. The optimal trading
strategy we obtained from this model is holding a long
position in states 0, 1, 2, and short the asset in state 3. The
figure below shows the cumulative returns we obtained
from the model.

Fig. 13. Features distributions for HMM model from 2012 to
2018

In the second model, we would like to test if this
Hidden Markov model is going to work on our test
period, which is from 2018 to 2021. This time we had the
model rolling from 2007 all the way to the end of 2021,
and capture the cumulative return from 2018 to 2021
shown in the figure below. The 4-state Markov hidden
model continue to outperform the benchmark; however,
the model cannot avoid the drastic drop that happened in
2018.

Fig. 12. Features distributions for HMM model

How the hidden Markov model is different from the
Markov switching model is that the states are randomly
assigned in each fitted model. Therefore, we need to rank
the states manually based on the return of each assigned
state every time we fit a training set.
In the first model, we performed a rolling Hidden
Markov model using the data from 2007 to 2017. The

Fig. 14. Features distributions for HMM model from 2018 to
2021

1) Other market behaviors: Besides the time series
price data, we also included another four market features,
which are VIX index, inflation rate, gold price, and slope

of yield curve. Those features provide us with additional
information that could help us to analyze the dynamic
states of the market. The data source of those features
are also yahoo finance.
V. CONCLUSIONS
The alpha that we developed is an effective attempt
of combining the long-term momentum and the shortterm mean reversion that achieved an adequate trading
performance (Information ratio>0.3, Sharpe ratio>0.9).
Although it has a competitive edge in daily trading,
it is more of a technical indicator or feature rather
than a model. Its only input is the closing price of the
Russell 3000 ETF and thus is not making use of other
potentially informative data. Also, it is quite preliminary
to trading solely based on one indicator. Trading based
on a combination of alphas or models is a better way to
utilize the alpha that we devised.
Markov switching model performed greatly at first but
deteriorated quickly with flash crashes. Even with such
flaws, this model shows superior ability to tackle with
gradual and longer term drops in price, in which case it
can almost always capture precisely the beginning and
end of the bear period. The major pitfalls of flash crashes
can also be countered by combining the model with a
mean-reversion detector which focus only on sudden
crashes and override the signal of Markov switching
model in such extreme cases. This way, it is highly
possible to see much superior results from the model.
The 4-state hidden Markov model outperformed the
benchmark based on our analysis. We are able to add
more than one features into the model in order to capture
the momentum of different price indices. It generates
much better returns when there are no sudden changes
in stock prices. If we continue to add more features to
train our model, we may face the issue of over-fitting our
data. However, with mindful feature selection, hidden
Markov model can generate robust results.
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