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Abstract: In this paper, we present the result of our experiment on analyzing a time series data such as the
Nikkei 225 index or foreign currency exchange USD/JPY past data and text corpus related to Japanese
economy and finance news or reports. There are several researches reported that forecasting of time series
with additional features based on text data can be beneficial rather than relying on time series data history
only. Experts on investment are usually making their decision based on those text data as they found patterns
on them called the fundamental analysis. Time series analysis based on past history only are called technical
analysis. The combination of them should make a better prediction system. The text data also provides an
explanation or indication to the trend patterns (uptrend, downtrend, or trend reversal), important moves
(spikes, releases) and/or volatility. We collected all Nikkei 225 index and USD/JPY past data on daily
average closing prices, all Bank of Japan monthly reports and all related available news text data. We
applied on the time series Nikkei 225 data the technical analysis such as simple moving average (SMA),
regression, ARIMA models and seasonal return rates, GARCH model combined with text data features such
as topic models. We aggregate topics yearly or a long period of 5 to 10 years. Topics are extracted with
topic modeling techniques such as Latent Dirichlet Allocation (LDA) or Non-negative Matrix Factorization
(NMF). Through the observations of those technical and fundamental analyses, we show our results and
conclude with some forecasts data.
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INTRODUCTION

rules with moving averages by Brock et al. [1] and
charting patterns such as head-and-shoulder or
inverse head-and-shoulder by Lo et al. [2]. We focus
our study to the Nikkei 225 index and the US
dollar/Yen exchange rate in order to develop an
intelligent agent trader in the future. Past researches
also showed a correlation between the time series
data (stock and foreign exchange market) and the
news data which can be used to improve the
accuracy [3], [4], [5]).
In this paper, we present the result of our
experiment on analyzing a time series data such as
the Nikkei 225 index or foreign currency exchange
USD/JPY past data and text corpus related to
Japanese economy and finance news or reports.
There are several researches reported that
forecasting of time series with additional features
based on text data can be beneficial rather than
relying on time series data history only. Experts on
investment are usually making their decision based
on those text data as they found patterns on them
called the fundamental analysis. Time series
analysis based on past history only are called

Stock and foreign exchange market forecasting is an
interesting problem in artificial intelligence where
the goal is to make profit in the investment based on
available resources and rules. In emerging and
developed countries, stocks and foreign exchange
are the driver of the economy to grow and to
maintain the country private industry or company to
run for importing or exporting products. Forecasting
the stock price or the foreign exchange currency is
based on fundamental and/or technical analysis.
Dow theory is an example of technical analysis
based on Dow Jones Industrial Average index to
predict the stock market. The weak Efficient Market
Hypothesis (weak EMH) postulates that the stock or
foreign exchange market is unpredictable based on
publicly available information and past data.
Meanwhile, the increasing exponentially of
algorithmic trading in the market has changed the
situation and created some more efficient market
with less loss comparing to human traders only. This
was demonstrated by the early research on trading
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technical analysis. The combination of them should
make a better prediction system. The text data also
provides an explanation to the trend patterns
(uptrend, downtrend, reversal-trend), important
moves (spikes, releases) and/or volatility (similar
work on causal in time series by Kim et al. [6]). We
collected all Nikkei 225 index and USD/JPY past
data on daily average closing prices, all Bank of
Japan monthly reports and all related available news
text data. We applied on the time series Nikkei 225
data the technical analysis such as simple moving
average (SMA), regression, ARIMA models and
seasonal return rates, GARCH model combined with
text data features such as topic models. We
aggregate topics yearly or a long period of 5 to 10
years. Topics are extracted with topic modeling
techniques such as Latent Dirichlet Allocation (LDA)
or Non-negative Matrix Factorization (NMF).
Through the observations of those technical and
fundamental analyses, we show our results and
conclude with some forecasts data.

The chart in Figure 1 shows the yearly returns of the
Nikkei225 from 1997 to 2015. We can observe the
loss effect -41% caused by the financial crisis during
2008, -18% loss on March 2011 disaster and the high
return +57% during the financial easing by the
central bank of Japan during 2012 until the end of
2016. The year 2016 is flat to +0.42% of return rate.
The highest value in the last 30 years is 38915.87
yen on 29th December 1989, the lowest price in the
last 30 years is 7054.98 yen on March 10, 2009, and
the average value in the last 30 years is 16844 yen.
The question is now concerning the current policy
from the Central Bank of Japan, the government
policies and changes in US economics on Asia. Will
the negative interest rates, treasuries yield curve
controls and inflation target 2 percent growth
adopted by the central bank and new economic
policies make the positive or negative return of the
Nikkei225 for the next 5 years?
Similarly, the highest value in the last 50 years of
the 1 USD in yen is 358.4 yen during the 1970s and
the lowest value is 75.7yen in 2009 during the
financial crisis. As shown in the figure 2, the line
describes the yearly value of the USD since 1971.
The downtrend pattern during 1970s did not stop
until the late 1980s. Historical data only can’t
predict the future exchange rate. It is clear that the
Japanese yen has becoming the second most traded
currency after the US dollar for a certain period and
known as a safe haven.
A study on correlation between the two data is also
presented in this paper.

THE NIKKEI 225 AND USD/JPY TIME
SERIES DATA
The Japanese Stock Market is the world’s second
largest because of the government policies of
liberalizing capital transactions with other countries
and democratization of stock ownership. The 225
companies listed on the First Section of the Tokyo
Stock Exchange are forming the Japanese Stock
Market. Those 225 listed companies stocks are
updated in real-time and are published by the Nihon
Keizai Shinbun. They are called Nikkei 225 Average
or for short Nikkei225. The Nikkei225 is an
economic indicator for the country and surveyed by
the government and the central bank of Japan for
their monetary policy, financial stability and growth
target. The Tokyo Stock Exchange has another
indicator called TOPIX (Tokyo stock Price Index)
representing all listed companies and the entire
market performance but it is hard to follow. The
Nikkei225 is the equivalent of the Dow Jones
Industrial Average in New York Stock Exchange.

Fig. 2: USD/JPY chart from 1971 to 2017.

MOVING AVERAGE LINE ANALYSIS
The NIKKEI 225 is a “univariate time series.”
Given a sequence of the daily price Nikkei data
{St }N
t=1 , the n-moving average is a new sequence
{MAt }N+n−1
defined from the S_t by taking the
t=n
arithmetic mean of subsequences of n terms [7].
Fig.1 Returns of the Nikkei 225 from 1997 to 2016.
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MAt+n =

1
𝑛
1

∑𝑡+𝑛−1
𝑆𝑗 , （3.1）
𝑗=𝑡

Japan and nearly 0% for the federal reserve bank of
US for facilitating the lending and reviving the
economy.

1

MAt+50 = ∑𝑡+50−1
𝑆𝑗 = (𝑆𝑡 + 𝑆𝑡+1 + ⋯ +
50 𝑗=𝑡
50
𝑆𝑡+49 )
is the 50 days moving average of the Nikkei 225.
We will obtain a sequence
{MAt }N+50−1
= {MA50 , MA51 , … , MAN+49 }.
t=50

REGRESSION MODEL AND ARIMA MODEL
Regression Model
We use a simple linear regression model to study the
relationship between the Nikkei 225 and the forex
exchange currency US dollar/Yen rate. The
explanatory variable is the currency rate. The linear
function to fit the data is as below.
𝑦 = 𝛽1 𝑥 + 𝛽0 （4.1）
𝑦 is the Nikkei 225 and 𝑥 is the USD/Yen rate
during the past 10 years.

The moving average line is simply the average
closing price of the Nikkei 225 and shows the
lagging price with time t-n. It smooths out the daily
price volatility to indicate actual trend and absorb
the unusually high and unusually low closes during
the n specified period. In real situation, n is set to 10day, 25-day, 50-day, 75-day, 100-day, or 200-day.
They are used as signals to sell or buy the stock when
the daily chart crosses those average lines. When a
faster moving average line crosses a slower moving
average line, the signals are known by the traders as
stronger. Traders called them “death cross” or
“golden cross.” The classical death cross is the
intersection of a 50-day moving average line and a
200-day moving average line in the down trends as
shown in the figure 2. The classical golden cross is
the intersection of a 50-day moving average line and
a 200-day moving average line in the up trends as
shown in the figure 2. We can use a n1-day moving
average line and n2-day moving average line to find
other death cross and golden cross depending on the
forecast period. For example, n1 = 25 and n2 = 75
can give much more crosses than the classical ones
and we can use for short term trade. n1 = 100 and n2
= 200 is an example for a long term forecast trade
with few crosses.
After a golden cross, when the trend line persists to
the up trends for a long period (more than a year),
traders call them a bull trend. For example, the
period after golden cross at end of the year 2012 is a
bull trend until August 2015. In the contrary, after a
death cross, when the trend line persists to the down
trends for a long period (more than a year), traders
call them a bear trend. For example, the period after
the death cross at the end of the year 2007 during the
Lehman Brothers bankruptcy and bubble burst of the
financial market. The great depression during 1929
is comparable to those bear trends in 2007 where the
world market crashes simultaneously and the result
lasted for years created the real economy slowdown,
decreasing growth domestic products and the ending
of the gold standard. During the period of 2007 to
2017, there were several recessions where the GDP
contracted for consecutive years. The bull trend
during 2012 is the result of the financial easing by
the bank of Japan and developed countries to relieve
the disaster during March 2011. The increase of the
consumption tax from 5% to 8% in April 2014 has
giving confidence to the investors and created a
boost to the bull trend to allow the Nikkei225 to
reach the 20000 level for the first time since 1999.
The interest rate of the central bank is negative in

Fig. 3: Nikkei 225 and USD/Yen pair trend
In the figure 3, we obtain the fitted model on those
data. Strong yen and weak dollar has a correlation to
low Nikkei 225 price and weak yen and strong dollar
gives a high Nikkei 225 price. All data points on
Nikkei 225 above 20000 in figure 3 correspond to a
rate over 120. Similarly, the majority of data points
corresponds to a rate below 80 is having a Nikkei
225 below 10000. The Nikkei 225 is composed of
corporate companies depending heavily on currency
rate for export or import goods. The effect of the
weaker yen is a good signal for stock uptrend and
inflation on economy. Japan has struggled deflation
for more than 30 years since the bubble burst of the
Nikkei 225 in December 1989. Beside the central
bank policy, the government has raised tax on goods
twice since then to increase the public spending. The
first tax hike was after the Hanshin earthquake in
1996 and the second was after the Tohoku
earthquake and tsunami in 2012. The government
has also intervened to foreign exchange market
directly to stabilize the market and create some trend
reversals [8].
ARIMA Model
ARIMA models are, in theory, the most general
class of models for forecasting a time series which
can be made to be “stationary” by differencing (if
necessary), perhaps in conjunction with nonlinear
transformations such as logging or deflating (if
necessary). A random variable that is a time series is
stationary if its statistical properties are all constant
over time. A stationary series has no trend, its
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variations around its mean have a constant
amplitude, and it wiggles in a consistent fashion, i.e.,
its short-term random time patterns always look the
same in a statistical sense. The latter condition
means that its autocorrelations (correlations with its
own prior deviations from the mean) remain
constant over time, or equivalently, that its power
spectrum remains constant over time. A random
variable of this form can be viewed (as usual) as a
combination of signal and noise, and the signal (if
one is apparent) could be a pattern of fast or slow
mean reversion, or sinusoidal oscillation, or rapid
alternation in sign, and it could also have a seasonal
component. An ARIMA model can be viewed as a
“filter” that tries to separate the signal from the
noise, and the signal is then extrapolated into the
future to obtain forecasts.

and grey area is the coverage of two standard
deviations. The Nikkei 225 is not a stationary time
series so the best fit model is the random walk
ARIMA(0,1,0).
𝑆̂𝑡 = 𝜇 + 𝑆𝑡−1 + 𝜖𝑡 (4.2.3)
We can observe with the figure 4 that it is very
difficult for the Nikkei 225 index to overcome the
price of 20000 yen for long time with the past 20
years data analysis only.

SEASONAL MONTHLY RETURN RATES
Our motivation to find some patterns in the seasonal
monthly return rates comes from the paper by Ben
Jacobson and Cherry Zhang [10]. These authors
have studied worldwide stock market historical data
to produce seasonal monthly return rates and
concluded that the well-known seasonal effect such
as “Sell in May and Go away” (May through
October) is a general pattern for over 300 years in all
stock prices except of an island in Indian Ocean.
We studied the monthly seasonal return rate of the
Nikkei 225 for the past 20 years. We obtained the
histograms in figure 5. The Nikkei 225 does follow
the general pattern of stock market as negative or
neutral return from May until October. The negative
return on January is also well understood as January
effect and the result of the Christmas and New Year
holidays. The chart shows the 10 years and 20 years
monthly return rates. June and July have different
opposite outcome that we consider neutral in June
and negative return in July. August has the most
negative return rate because it represents the holiday
season during the summer in Japan. November and
December are generally very profitable months.

Fig. 4: Forecast from Arima model
The procedure for making the ARIMA model is as
follows [9]:
Make correlograms (ACF and PACF). PACF will
indicate AR terms and ACF will show MA terms.
Fit the model. Find the residuals and do diagnostic
tests. If the residuals are autocorrelated, then fitted
model is good. Otherwise, repeat the same process.
Use the fitted model for the forecasting purpose.
The ARIMA forecasting equation for a stationary
time series is a linear (i.e., regression-type) equation
in which the predictors consist of lags of the
dependent variable and/or lags of the forecast errors.
Let {𝑆𝑡+1 , 𝑆𝑡+2 , … 𝑆𝑡+𝑛 } a time series with a size 𝑛,
we can express the value of 𝑆𝑡+𝑛 with the other
values and an error 𝜖𝑡
𝑆𝑡+𝑛 = 𝛽0 + 𝛽1 𝑆𝑡+𝑛−1 + ⋯ + 𝛽𝑛 𝑆𝑡 + 𝜖𝑡 (4.2.1)
the mean is
𝜇𝑡 = 𝐸[𝑆𝑡 ] = 𝜇 = constant 1 ≤ 𝑡 ≤ 𝑛 4.2.2）
We applied the ARIMA model to the Nikkei 225.
We forecast 4 years ahead since 2016. Figure 4
shows the forecast result with the ARIMA model as
p=0, d=1, q=0. The blue line is the mean projected
until 2020, the area around in blue is the coverage
(lower and upper bound) of one standard deviation
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Figure 5: Seasonal monthly log return rates for
Nikkei 225 stock index.

GARCH MODEL
The generalized autoregressive conditional
heteroskedasticity (GARCH) model is tested for the
data Nikkei 225 daily price during 2006/1/1 to
2017/9/15 to predict the next 50 days. It is shown in
the figure 6 that the forecast price is lower than the
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actual price. The fundamental analysis is necessary
to obtain more meaningful results.

explanation and better the results. We are building a
prediction system for estimating the future price of
the stock and currency for short term or long term.
For the future, combined machine learning
techniques can be used to improve the accuracy such
as in [14] and [15] by using intensively some
sentiment analysis from important social sites for
traders. We will validate the accuracy of the result
with a dataset for different market time frames and
deal with new currency such as cryptocurrency.
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Figure 7: 50 days forecast for the Nikkei225
TOPIC MODEL
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Figure 7: time series USD/JPY data and topic clouds
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