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Jasper Chang
Data Set Used:
JP Morgan (A) China Fund
Data used is a 5 year time span, daily increments of closing NAVs from 11/9/2015 to 11/9/2020, data
taken from JP Morgan, amounting to a total of 1236 data points: JPM Asset Management

As shown by this preliminary time series plot, the data is non-stationary (d=1), but also has an upwards
trend with regional volatility that could possibly be better measured in levels. There are also no apparent
seasonal or cyclical patterns. Data points towards the end of the time span (Q3 2020) seem to be much
higher than normal, which may seem a bit more suited towards an exponential function, but using an
ARIMA with a confidence interval should still be better because value-growth is better captured.

Here, we conduct a preliminary ACF and PACF on prices/NAV to better gauge the solutions towards
modeling this data.

As shown by the ACF and PACF, the ACF is too significant and decreases too slowly, towards lag 80,
which means that it may not be able to be properly solved. From PACF, the main spike comes from a
highly positive lag 1, then instantly falls into the range of insignificance, showing possible signs of
AR(1). But all in all, especially as shown by the ACF, differencing must be used to create a stationary
data set.
Applying the first difference (lag + difference):

The data is now stationary, where it reverts and
oscillates around an arithmetic mean of 0.0367.
Then, to apply the ARIMA (p,d,q) model, we
need to find and determine the most suitable
parameters.

To do this, run an ACF and PACF to determine the best p, q values (d = 1).

To start off, overdifferencing is not an issue as the first lag is basically at 0. This means that, in the most
fundamental way, the “first difference” is a sound way to begin looking for AR/MA models. From both
the ACF and the PACF, the data generally becomes less significant after lag 3, which means that we are
going to be exploring the AICcs for all the values of p, q within the range {0,1,2,3}.
To begin the process of determining the best fit AICc, we need to set the preface: N= 1236-1 = 1235
And the following equations:

(without constant)

(with constant)

From these tests, the smallest AICc value comes down to ARIMA (0,1,3) with a constant.
From this model, these are the final parameters:

xt-xt-1=εt-0.01εt-1+0.0744εt-2+0.0743εt-3-0.037
Assuming:
Xt here is the price of the fund at time t.

From the Ljung-Box test, the output P-value is only greater than 0.05 for
lag 12, but not 24, 36, or 48. The model is inadequate and the null is
rejected. This means we should take a look at the ACF/PACF of the
residuals to get a better idea of the discrepancies.

According to the ACF and PACF of the residuals, there are many significant points after lag 14 in
which the residuals are overly autocorrelated or partially autocorrelated, including lags 22, 23, 55, and 58.
These are not signs of seasonality, but rather, signs that the data cannot be properly described with an
ARIMA model, as there is too much volatility and interference in the latter parts of the NAV time series.
This up-down “noise” is not a regular trend and only shows up periodically, meaning that there were
tangible market impacts/movements during those time periods.
Since data was a daily, five year range, we can approximate the years in which these issues are occurring.
In 2016, the Chinese equity market saw a shift from manufacturing into service industries, slowing down.
2018 had high real estate market instability, which saw the performance of global equity markets
plummet, especially in China. The reasons for this also carried on to 2019 and Q3 2020: the US-China
relationship/trade-war as well as the tightening of monetary policies in developed markets. These
are all macroeconomic signals that cannot be properly accounted for, and therefore support the Ljung-Box
Test that the model is inadequate.
To further explore this idea of data inadequacy, we have plotted the residuals of the NAVs to better
visualize the distributions.

From the histogram and the normal probability plot, the distribution looks approximately normal, except
a possible skew towards the positive right side. As seen from the “Versus Fits” graph, there is apparent
heteroscedasticity, translating to the smaller-than-actual P-values. From the “Versus Order” graph,
which is increased in size (see below), there appears to be large (possibly increasing in frequency)
up/downward spikes from halfway. The past year from 1000-1250 shows the increase in volatility as a
result of the COVID crisis and US election, but overall, it shows no signs of correlation as data exhibits
almost-normal random white noise by 0.

Unto the forecasting portion, a 95% interval was used with a lead time of 150.
From this forecast, the range seems
initially reasonable given the rate of
growth it has seen in the past 300 data
NAV data points; but, given the general
decline in Chinese economic growth and
large accumulation of forex as per political
choices, this growth rate is unlikely to
continue in the long run. The interval
seems too wide, as the range of the 150
forecasts is covering approximately 40% of
the overall NAV span. On a different note,
however, current market overvaluation and
inefficiency may contribute towards higher
values in the short term 1-2 year span, as the strong Chinese rebound from COVID put strong confidence
into its markets. This forecast captures the general short-term positive outlook.
Below: See 150 period forecasts for ARIMA (0,1,3) & constant, for the JPM (A) Fund.

