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Abstract

The relationship between new information and stock price movement is of great interest for
investors. News announcements generally cause changes in stock prices, as they affect public
perception of products and companies. An accurate predictive model allows us to take
advantage of this unexpected movement. In this project, we use Agent-Based modelling to
study the impact of news announcements on the ARIMA model’s accuracy. Overall, we

conclude that a significant shock can cause long-term effects on the model’s precision.
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1. Introduction

Whether through the TV, radio, newspapers, or smartphones, we are always, sometimes
involuntarily, subjected to new information. News spread faster and further than ever, greatly
impacting multiple aspects of our day to day lives. The news (good or bad) can affect our
perception of companies or products, which may ultimately affect their valuation. As such,
news constantly affect the stock market, as seen by Alanyali, Moat, and Preis (2013), who
reported positive correlation between news announcements and trading volume. In this project,
we will be looking into the effects of these events on the stock market through the lenses of

Agent-Based Modelling.

Agents-Based Models (ABMs) are computational models which replicate intricate real-life
systems, by allowing the simulation of the behavior of autonomous agents and observing the
way in which they interact with their environment and with each other. In this case, the
environment will be the stock market and the agents will be traders. To do this, we will need to
define how the market will work and how each trader interacts with it, creating the most realistic

scenario possible.

The main advantage that we get from using this type of modelling is that it is extremely
customizable. We can control every characteristic of the market and its participants, enabling
us to elaborate a wide range of relevant queries from which we can obtain potentially interesting
conclusions that are essential to understand market dynamics. We can, for instance, control how
many traders of each type place orders in our market. This allows us to study the individual
impact of each trader and precisely adjust the behavior of each agent in each independent
scenario. We can define our initial market characteristics with great flexibility, greatly
impacting outcomes and stepping into previously unexplored scenarios. Hence, Agent-Based

Modeling allows for endless customization options.



We will study a widely used predictive model, the ARIMA, and understand its behavior when
exposed to unexpected shocks in stock prices. These are mostly caused by news

announcements, as they provide new insights into companies and the market in general.

This project takes advantage of Agent Based Modelling to study the effect of news
announcements, or other events that create significant shocks in the market, in the capability of
the ARIMA model to forecast stock prices. In the following chapter, we revise literature on the

concepts that are most essential to construct this model.

2. Literature Review

2.1. Noise Traders

The first type of trader acting in our market is the noise trader. This type of trader usually refers
to uninformed or inexperienced traders, who appear to have no clear reasoning behind their
trading choices. They introduce unpredictability into the market and usually, for the sake of

simplicity, it is assumed that they trade “randomly”.

Several studies aimed to identify noise traders and understand how they operate, to better
comprehend market dynamics and microstructure. For example, S. Grossman (1976) proposes
a model which studies the interaction between “informed” and “uninformed” traders, showing
that an efficient market will reveal the data that the “informed” traders have, by converging to
a certain price. However, this removes the advantages of informed traders, as uninformed
traders know that prices will reflect the knowledge of informed traders. Consequently, the
market collapses as informed traders are not rewarded for the costly information gathered. It is
the uncertainty brought by noise traders that allows informed traders to make a profit. Thus,
“noise” is essential for informed traders to reap the benefits of acquiring information, even
though the “noise” is not strictly caused by uninformed traders, but also by “many other factors”

(S. J. Grossman 1977, 431).



Kyle (1985) later tests the idea of “uninformed noise traders who trade randomly”’(p.1315), that
is, he tests the idea of a class of traders who act in a way which introduces “noise” into the
market. However, this is swiftly rebutted by Gorton and Dow (2006) who state that “noise
traders in this new type of model were not well-motivated. In fact, their motives are not

explained.”(p.3)

In summary, the understanding of the identity and behavior of noise traders is of major
importance since their irrational behavior should be taken advantage of, leading to their
eradication (Gorton and Dow 2006). However, this remains a widely discussed topic and for

simplicity we will assume that noise traders buy and sell randomly in our market.

2.2. Momentum Traders

The next essential type of trader in our market are momentum traders, whose strategy consists
of buying past winners and selling or short selling the losers. These traders try to capitalize on
market trends, by following the general direction of the market. In a simple way, momentum

refers to the tendency of prices to keep dropping or rising.

Momentum has been studied for decades now, with Jegadeesh and Titman (1993) concluding
that buying the best performing stocks, while shorting the worst performing ones, yielded
abnormal profits of 1% when holding this portfolio for 3, 6, 9 and 12 months. These positive
results have since been corroborated by various studies in different markets, with Asness,
Moskowitz, and Pedersen (2013) finding a consistent premium for momentum strategies when

jointly evaluating momentum across eight different markets.

However, as initially suggested by Jegadeesh and Titman (1993), when factoring in trading
costs, these strategies become unprofitable, a result later corroborated by Carhart (1997). Even

so, because the specific environment created for this project assumes no trading costs,



momentum traders remain relevant in the market and will constitute its majority as they are

relatively simple to implement and yield realistic market movement.
2.3. Agent-Based Models

As previously stated, Agent Based Modelling consists of programming different agents and
their environment, as well as the interactions between them. In this case, we will be building an

agent-based model of the financial market.

ABMs bring the advantages of flexibility and customization. This facilitates and expands our
possibilities in economic research, especially in chaotic and dynamic systems such as the stock
market, where agents have different information, mindset, and goals. Unlike human-based
experiments, Agent-Based Modeling allows for the representation of diverse behaviors,
information asymmetry, and varying preferences (Poggio et al. 2001). Consequently, they have

become a useful tool to study the financial market.

The use of these type of models in financial markets was led by Garman (1976) and later
adopted by Cohen et al. (1983), and Hakansson, Beja, and Kale (1985), the early pioneers of
these methods. Later, Gode and Sunder (1993) presented a zero-intelligence model, where
traders place buy and sell orders randomly. He uses it to demonstrate that, as long as budget
constraints are followed, even with randomly generated orders, this model could help reconcile
utility maximization and its criticisms. These critiques arise from the fact that this maximization
1s not always consistent with observations, contradicting the idea that traders always maximize
utility.

Zero-intelligence models were improved by adding different degrees of intelligence to agents,
reducing the randomness of their orders. Usually this is done by restricting the range of possible

orders, based on factors such as recently observed trades and other external factors (Jamal and

Sunder 1996).



More complex models which try to better understand the market are reviewed by LeBaron
(2000). He concludes that, while these types of models provide a new valuable approach to
economic research, they still require significant progress to become reliable theoretical

structures for policy makers.
2.4. ARIMA Predictive model

The Autoregressive Integrating Moving Average (ARIMA) model was created by Box and
Jenkins in their 1970 book: “Time Series Analysis: Forecasting and Control”. It is a time series
predictive model, widely used across all areas that benefit from time series prediction, including

financial markets.

The various applications of such a predictive model allow its use across all types of studies in
different areas. For instance, Contreras et al. (2003) used the ARIMA model to forecast
electricity prices, while Lee and Ko (2011) write about "Short-term load forecasting using

lifting scheme and ARIMA model".

Because this model takes 3 inputs, p, d and q, it is usually denoted as ARIMA(p,d,q). The
variable p refers to the number of autoregressive terms, that is the number of lagged terms of
the autoregression, while q refers to the number of lagged error terms of the moving average
model. The term d is the degree of subtracting performed on the data and is better explained in

the following examples. The general formula goes as follows (Nau 2020):
Ve=u+ P1yeq1+ -+ GpYep — 01804 — - — g€y (1)
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Therefore, ARIMA(1,0,0) is expressed as follows:

?t = u+ ¢, Y; (5)
ARIMA(1,1,0):
?t =u+Y_,+ ¢1(Yt—1 - Y_2) (6)

The robustness and efficiency of this model in stock price forecasting, especially in the short
term, has proven to have satisfactory results compared to other models (Merh, Saxena, and
Pardasani 2010). Ariyo, Adewumi, and Ayo (2014) concluded that ARIMA models provide
adequate predictions in the short term and considered that this could potentially guide investors

toward profitable strategies and trades.
3. Methodology
3.1. Building an order Book.

To build this ABM, an order book was implemented using a python notebook. An order book
is a memoir of all the desired transactions by all traders. Whenever a trader wishes to sell a
stock, he places an “ask” order, with the corresponding desired sell price. Conversely, if said
trader wishes to buy a stock, he places a “bid” order. An order book keeps an account of all
“bid” and “ask” prices, that is, the price at which each trader intends to buy or sell a given stock,

respectively.

To achieve this, a python class was created, as we will need to use a series of functions and
constants related to this notebook. By creating an OrderBook class, we can create all the

attributes required for this class in order to facilitate coding.

In our order book, all bids must be lower or equal to the lowest “ask” price. Conversely, all
“ask” prices must be higher or equal to the highest “bid” price. This is because, realistically, no
trader would buy an asset at a higher price than the lowest one available, and vice versa.

Following this logic, a transaction occurs every time the lowest “ask” price is equal to the



highest “bid”. In other words, we register a transaction when two traders agree to trade the asset

at the same price. Figure 1 illustrates how a typical order book works:
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Figure 1: Order Book Example
To achieve this, we create two functions, “match_order” and “simulation”. They allow us to
simulate the behavior of an order book. Each time an order is registered, “match order” checks
the market for any possible transactions. To do so, it first sorts the bid and ask lists. Then, it

checks if the “best bid” is equal to the “best ask™ and, if it is, it processes the transaction.

The “simulation” function, as the name suggests, is responsible for simulating the market. That
is, it runs a loop in which each trader places an order per day. With the help of the
“match_order” function, it makes sure that all transactions are recorded, and the asset price is

readjusted accordingly.
3.2. Trader Class

After creating the order book, the class Trader was defined. This class has many subclasses,
each representing a different type of trader, with distinct behaviors and trading strategies. These
subclasses will facilitate and organize the interactions between themselves and the order book.
The two trader types that were implemented were: noise and momentum traders. When
combined, these two trader types are able to create a sufficiently dynamic and realistic financial

market. Importantly, we left out some relevant types of traders such as the fundamental traders,

8



as this was not compatible with the type of order book and market we were creating.
Fundamental traders base their trading strategies on information about the companies, such as
financial statements. This is information that we do not have in the current environment. In this

setting, agents do not learn, and act randomly or with very incomplete information.

A crucial step in this code will be the implementation of one or several news-sensitive traders,
which are traders who react to news announcements. Such traders will be the center piece of
this project, allowing us to simulate the impact of news in the market. However, we should
expect non-news-sensitive traders to be impacted by news announcements, even if indirectly.
For example, a momentum or volatility timing trader might be indirectly affected, since their

trading signal could shift based on the reaction of the news-sensitive traders.

3.3. The ARIMA prediction model

Firstly, we separate the data into training and testing lists. We attribute 80% of the historic
values to the training dataset, and the remaining 20% to the testing dataset. The former will
help us train the data and adjust our model accordingly, allowing us to choose the appropriate
previously mentioned values for p, d, and q. After that, we will use the latter to make stock

price predictions.

We implement this model mainly using two functions. The first is the “arima_forecast”, which,
given a list (in this case a list of returns) and a tuple (in this case composed by the three inputs
(p,d,q) of an ARIMA model), returns a forecast for the next day’s price. The other is
“arima_forecast list”, which, by using arima_forecast recursively, provides a list of all the
predictions we need. This function uses our training dataset to predict the following day’s price
by using arima_forecast. After that, it adds the prediction to a list of predicted values, while
adding the following day’s real price to the training set. It does this cycle until we run out of

real prices in the testing dataset (Kanaskar 2023).



We are then able to plot the two separate lists of the actual prices and the predicted prices,
which helps us visualize the behavior and accuracy of the model. This will be useful to study

the impact that a large shock in the market has on the model.

To precisely measure the effectiveness and accuracy of the model through our time period, we
will use other mathematical tools such as the Root Mean Squared Error (RMSE), the Mean
Absolute Error (MAE) and the Bias (refer to the appendix for formulas). With these metrics,

we will test the accuracy of the ARIMA in our environment and check for any interesting biases.

4. Our market’s characteristics

Using the proposed methodology, we obtain a fully functional market composed of noise,
momentum and news traders. However, as expected, this simulation does not share the exact
same characteristics and properties of a real financial market, as many factors and types of
traders were not included in this simulation. Because of this, it is very important to keep these
differences in mind when analyzing our outputs and drawing conclusions. As such, in this
section we look at the properties of this particular environment and try to rationalize and explain

them.

After experimenting with various values, it was decided that there should be 10 traders of each
category in the market. This means that there are 10 noise traders and 60 momentum traders in
total, as we implemented 6 different types of momentum traders. This proportion of noise
traders is close to the estimate of 9,3% made by Ahmed (2019), while maintaining our market
functional and volatile. Firstly, we look at our market without the intervention of news traders,

and later look at their impact on the market.
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In Figure 2 we can observe three distinct examples of the market movement we obtain with this
model. As expected, every simulation yielded very different results as there is a significant
randomness factor in the model, coming from the noise trader. These traders impact the market

directly while also indirectly affecting momentum traders and their decisions.
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Figure 2. Market simulations. a, b and ¢ show three distinct runs, illustrating the randomness of the model.
The observed disparity in the of results we obtain in our simulations is caused by the
randomness factor and the overall simplicity of the environment created. Furthermore, we
confirm that the simulations sometimes yield rather unrealistic stock values and price changes.
This makes it essential to run several simulations to draw conclusions with this ecosystem. As

a reference we observe in figure 5 the S&P500’s performance in 2023:
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Figure 3. S&P500 2023 plot.
An important factor to consider in any market is its volatility, a metric which tells us what type
of movement to expect, and the amount of risk we are exposed to. In this case, we look at daily
volatility, that is, we compute returns by looking at the daily closing price. We run 1000
simulations, and we get an average standard deviation of 0,94%, which is still way lower than
the SP500’s volatility of 15% in the last year, according to Financial Times. Figures 2 and 3

provide an explanation for this. Our market tends to follow a relatively steady and predictable
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trajectory, unlike the SP500, which has unpredictable drawdowns and unsteady movement.
This is mainly due to the fact that we mostly use momentum traders, which trade in the same

direction.

Additionally, we look at the Maximum Drawdown, an important measure of risk of any asset,
which calculates the maximum loss incurred in a certain time period. After simulating 1000
instances of this market, we obtain an average maximum drawdown of 58% which is
significantly higher than the SP500’s usual drawdown. For context, in the last 20 years the
biggest drawdown was 49%, in 2008. Once again, we credit this property to the herding

behavior of momentum traders, which trade in the same direction most of the time.

Now we look at the impact of news traders in our market. At the middle point of our time
period, a news announcement was “planted”. We expect “good” news to shock the market
positively and “bad” news to do the opposite. Later we will see if they impact our predictive

model differently. In Figures 4 and 5 we can visualize some examples of their impact:
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Figure 4. Market simulations. a, b and ¢ show three distinct runs, with the announcement of good news.
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Figure 5. Market simulations. a, b and ¢ show three distinct runs, with the announcement of bad news.
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One can observe examples of good and bad news, in Figures 4 and 5, respectively. As expected,
on this day, good news shock the market in around 15,5%. On the other hand, bad news create

an 11.8% drop in stock price.

With news traders in our market, the volatility goes up slightly, reaching an average of 1,43%,
which is expected as they cause a substantial shock in the market that impacts traders in the
days following the announcement. Additionally, in the second half of this period of time (after
the shock) the volatility goes up to 1,77%, confirming that the news actually create considerable
volatility in our market. This could be impactful to our predictive model, as an unexpected
shock in volatility is sure to cause some disturbance in its ability to predict stock prices. On the
other hand, both types of news seem to impact the maximum drawdown equally, as they both

average 60% for this metric.

Because our main goal is to study the impact of news on the ARIMA model, it is relevant to
first study their impact on the market itself. Consequently, we analyze how long it takes for
volatility to go back to our initial values, by looking at different 20-day intervals after the

announcement. Table 1 shows the evolution of volatility over time, before and after the news

announcement:
0 days later 2 days later 5 days later
Before 0.76% 0.71% 0.72%
After 3.28% 0.81% 0.77%

Table 1. Volatility over time. Evolution of volatility in the days following a shock in stock price.
Table 1 shows that after only 5 days the effects of the market shock are negligible when looking
at volatility. This is important to note as, if the impact was longer-lasting, the added volatility
could potentially affect the model’s accuracy. This way, we can be sure that any change in the

model’s behavior is strictly attributed to its capabilities.
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5. Results
5.1. Pre-News ARIMA model

To start our analysis and evaluate the impact of a news announcement on the ARIMA model,
we first need to look at how the model behaves without news and establish this as our baseline.
As previously stated, the first 80% of prices generated by our model will serve as a training
dataset and the remaining 20% will be used as a testing dataset. This means that if we run a

200-day simulation, we will have 40 days of predictions made by the autoregressive model.

As shown in Figure 6, the model seems relatively accurate at predicting prices, justifying its
use in this thesis. The model is capable of following new trends, usually with a small delay as

expected. In Figure 6, “Real Prices” are the prices generated by our market.

ARIMA vs Real Prices ARIMA vs Real Prices ARIMA vs Real Prices

=
a) 3600 A \ b) o C) /
\' 3800 /
3400 1 \ //r
\ 9000
r~ \.\ 3700 o _4/
; 200 ‘\ 8‘3) g 8800 /
E \ E 3600 l'-‘: ,f"
8600 /
3000 \
A 3500 : s400
2800 _\‘\\\ \ » 4/‘
X\ 3400 1 I I 1 1 ; \ ; 8200 7

1

0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 5 10 15 20 25 30 3; 40
Time Time

ARIMA predictions
Figure 6. ARIMA versus Real Prices. a, b and ¢ show three examples of the ARIMA model predictions versus

Time
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prices generated by our ABM.
The next step in evaluating the model is obtaining its RMSE, MAE and Bias metrics. These
serve as a measure of how “distant” from the actual prices the predictive model is, and as a
baseline for the forthcoming introduction of news in our market. The Bias metric will inform
as to the tendency of the model to over or undershoot the stock price. This analysis will demand
the use of less iterations than before, as predictive modelling is a computationally heavy task,
requiring fitting the model and several iterations every time we wish to simulate results. In this
case, we will use 100 iterations, so we need to take into consideration that these results may not
be as accurate as we would like. For further information, we will calculate the maximum
difference between the predicted prices and the actual price generated by our market. That is,
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we will observe the day on which the prediction was furthest away from the real price. For these
100 iterations such means for RMSE, MAE and Bias metrics were 41.38, 25.07 and -1.19,
respectively, with an average maximum difference between the real and the predicted price of
157.54. Again, we will later use these values to compare the data in a market that includes news
traders. However, we can already note a slight tendency for the model to underestimate stock

prices, as we observe an average negative bias.

One last interesting metric to analyze is the volatility of these predictions, since a shock in the
market could potentially increase this metric. In these 40 days, we can observe an average
market volatility of 0.88%, while the predictive model gives us a volatility of 1,34% (a 52%
increase). We will subsequently test if these values go up relative to each other when news are

added to the market.

Once again, the results in this section will serve as a baseline and will allow us to analyze the

results we get from the ARIMA when we introduce a shock in the market in the next section.
5.2. Effect of good news on the ARIMA model

After gathering information on how effective the model is in “normal” conditions, we can now
analyze the impact of an event that produces a shock in the stock market. We will start by
analyzing the cases in which this impact is positive and then compare it with negative news.
The goal is to determine if there are any relevant differences between the two. In Figure 7, one
can observe some examples of the behavior of the model after we plant a news announcement

midway through our testing dataset.
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Figure 7. ARIMA versus Real Prices: Good News. a, b and ¢ show three examples of the ARIMA model

predictions versus prices generated by our ABM, when good news are introduced into the market.

By merely observing Figure 7, we can clearly see that, after the news announcement, the model
seems to lose accuracy. Before the shock, the model appears to correctly predict the movement
of the market. However, once news traders correct the stock price, the ARIMA model makes

some predictions which are unprecedently distant from reality.

After running 100 simulations, we reach the following average values: RMSE = 167.77 (305%
increase); MAE = 64.14 (155% increase); Bias = -5.51; maximum difference between
prediction and reality = 865.53 (449% increase). The increase in these metrics confirms our
hypothesis that the model becomes less accurate when significant shocks occur in the market.
This increase shows that the predicted values are more distant to reality than in our previous
analysis. Furthermore, we note that a more negative bias indicates that the model
underestimates the price even more. This is expected as, on the day of the shock, the model is
bound to undershoot, because the price unexpectedly goes up. This value could be even higher,
but we notice that the model tends to greatly overestimate the stock price in the days that follow
the shock. Regarding the maximum difference of 865.53, we expect this major difference to be
on the day that the news come out, since, by looking at the graphs, we can confirm that, there

is a delay in predicting this anomaly.

We also observe a major increase in the volatility of predictions, going from around 1% before
the news announcement to 5,6% after. Meanwhile, the real volatility goes from 0,7% to 3,8%.
This suggests that, while the predictions do become a lot more volatile, this increase is
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proportional to the market itself (they both increase close to 450%). Therefore, in this regard,

the model seems to yield reasonable results compared to the actual market.
5.3. Effect of bad news on the ARIMA model

We previously calculated that bad news in our market create a less aggressive shock when
compared to good news, so it might be relevant to analyze this case separately, as they seem to
affect the market differently. In Figure 8 we observe 3 cases of the ARIMA model predicting

prices in a market affected by bad news.
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Figure 8. ARIMA versus Real Prices: Bad News. a, b and ¢ show three examples of the ARIMA model

predictions versus prices generated by our ABM, when bad news are introduced into the market.
Figure 8 shows similar results to our previous conditions; however, we still need to run precise

measurements of RMSE and volatility to accurately test for differences.

Running 100 simulations as before, we obtain the following average results RMSE =144.82
(250% increase); MAE = 54.84 (118% increase); Bias = 8.2; and average maximum distance
to reality = 773.75 (391% increase). This difference could be attributed to the previously
mentioned less aggressive shock caused by bad news compared to good news. A bigger price
change is more likely to create more inaccurate results in our model.

Previously we observed that good news have no negative effect on the model’s predictions in
regard to volatility. That is, volatility of predictions after the shock increased by the same factor
as the real market volatility. Bad news seem to have a strange effect on the predictions’

volatility, since the increase in volatility is higher in the real market than in the predictions. It

17



increases 420% while the predictions give us a 200% increase. However, these values could be
caused by a low number of iterations, since the pre-news volatility predictions are abnormally

high, compared to our previous values.

In the last two sections, we confirmed our hypothesis that the ARIMA model’s accuracy would
be significantly affected by strong shock in the stock price. However, we still don’t know how
long lasting these effects are. Does the model quickly regain its accuracy? Or are there persistent
side effects from this anomaly? We will attempt to answer these questions in the following

sections.

5.4. How long lasting are these effects?

In this section, we analyze the persistence of the inaccuracy caused by a shock in the stock
market. With this goal in mind, we will first look at our metrics before the shock. Then we will
look at them again 5, 10, 15. 20 and 25 days after the shock. If we get it, we can conclude that
the model has readjusted to the shock. Our measures will all be calculated using 20-day
intervals, so that we obtain a fair comparison. To do so, we will need to expand our test dataset
to 60 days. We will place the news announcement on day 20 of this dataset. In this chapter and
the ones that follow, we will use 200 iterations, as the added accuracy is essential for clear

results.

We start by analyzing the effect of good news, since they seemed to cause bigger inaccuracies
in our model. Iterating 200 times, we get the following average values for the 20 days prior to
the shock: RMSE = 34.27, MAE = 22.37, Bias = -1.04 and maximum distance between reality
and predictions = 99.91. In the days immediately after, the following averages values were
registered: RMSE = 197.47 (476% increase), MAE = 89.74 (301% increase), Bias = -13.57 and
maximum distance between reality and predictions = 741.86 (643% increase). As expected, we
obtain very significant increases in our metrics, as previously studied. The shock creates
immediate and very substantial inaccuracies, at least in the first days after it occurs.
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We then look at how the model behaves 5 days after the shock. Again, we use a 20-day time
frame, which means we will be looking at days 5 to 25 after the shock. In this interval we still
observe significant jumps in our metrics, indicating a decrease in accuracy by our model.
However, these values represent a huge improvement when compared to the 20 days
immediately after the market shock. We obtained the following average values 5 days after the
announcement, with respective percentage increases compared to our baseline values: RMSE
= 50.03 (46% increase), MAE = 32.54 (45% increase), Bias = 6.8 and maximum distance
between reality and predictions = 144 (44% increase). Moreover, we note that our Bias metric
shifted its signal (from negative to positive), indicating that all the effects on this metric are

gone, or that, 5 days later, the model overcompensates for its previous negative bias.

We take this one step further and try to find evidence of the impact of the shock on the ARIMA
model ten days after. Our 200 simulations show that 10 days after the news announcement the
results are similar to 5 days after. The average of our metrics are as follows: RMSE = 49.36
(44% increase); MAE = 31.43 (41% increase); Bias = 4.97; Max. Distance 143.14 (43%
increase). Once again, the ARIMA model is affected by the shock in the stock market, leading
to inaccurate results. The Bias metric tells us that the ARIMA model continues to overestimate

prices. We therefore continue to look further away from the news announcement.

Even 15 days after the shock there is around a 33% increase in the relevant metrics (excluding
bias), but we are close to achieving the baseline result. To confirm this, we look 20 days after
the announcement and observe that the drop in accuracy persists. Therefore, we finally look at
the 25-day mark, where we still see some damage caused by the shock. However, at this stage
this process was halted, as it is computationally heavy and the percentage increases are clearly

slowly declining.
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Table 2 summarizes the information in the previous paragraph, while Table 3 provides the

values obtained from performing the same analysis with bad news.

Before | 0 days after %| 5 days after %| 10 days after %
RMSE 34,27 197,47| 476% 50,03| 46% 49,36 44%
MAE 22,37 89,74 301% 32,54| 45% 31,43| 41%
BIAS -1,04 -13,57 6,8 4,97
MAX DIFF 99,91 741,86| 643% 144| 44% 143,14 43%
Before | 15 days after %| 20 days after %| 25 days after %
RMSE 34,68 46,22 35% 44,541 30% 41,4 21%
MAE 22,63 29,4 31% 28,26| 26% 27,42 23%
BIAS -0,48 3,87 1,25 0,68
MAX DIFF 101,91 136,19 36% 133,77| 34% 110,94 11%

Table 2. Accuracy of ARIMA before and after good news. Table of relevant metrics in the days following the

shock in stock price.

Before | 0 days after %| 5 days after %| 10 days after %
RMSE 35,17 159,45| 353% 40,38 15% 35,12 0%
MAE 22,93 71,47 212% 25,03] 9% 22,52| -2%
BIAS -0,78 16,96 -4,07 -1,6
MAX DIFF 100,56 606,17 503% 122,74 22% 101,77 1%

Table 3. Accuracy of ARIMA before and after good news. Table of relevant metrics in the days following the

shock in stock price.

We observe a very significant difference in the duration of these effects when comparing good
and bad news. In the case of the latter, after only 10 days, the model is reproducing very similar
values to baseline, while it takes more than 25 days for this to happen in the case of good news.
This is an interesting finding, given that in the previous section we saw that our metrics during
the testing period were similar in both cases. However, the previous test dataset was smaller,
analyzing only 20 days after the shock. With a larger test dataset, we can detect the difference

in results more clearly.

We previously saw that the impact of this shock on the market’s volatility is mostly gone after
2 to 5 days. As such, what could be driving the model to make such bad predictions 20 to 25
days after? As we saw earlier, the ARIMA is an auto regressive model, which means it uses its

previous iterations to determine the next prediction. Consequently, the news announcement
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creates a chain reaction of “bad” predictions, as they all depend on the previous one. That is, if
one prediction is unusually wrong, it is sure to impact the next, which in turn will impact the

next one, and so on.

In the next section we investigate the effect of adding a similar shock into the training dataset,
aiming to obtain improved results in our testing dataset. Training datasets are used to help the
model choose the best possible parameters for each scenario. By adding a similar event to it,

we expect the model to choose more adequate parameters to fit these types of market shocks.
5.5. Adding a shock to the training dataset.

The training dataset allows us to fit the model according to the usual market characteristics.
That is, we use a training dataset in order to choose the most appropriate parameters (p,d,q) for
our model. As such, we expect that, by adding a shock in the market to that dataset, the model

chooses parameters that more accurately predict the shock in our testing dataset, as seen in

Figure 9:
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Figure 9. ARIMA with shock in training dataset. a, b and ¢ show three examples of the ARIMA model’s

predictions when good news are introduced in the training and testing datasets.

Comparing these graphs with those in Figure 7, where there was no shock in the training dataset,
we note that they seem similar. We therefore run a more thorough analysis to test for changes
in accuracy. In this new scenario, the model averages the following metrics (with respective
increase from baseline): RMSE = 164.42 (297% increase), MAE = 57.38 (128% increase), Bias
= -17.14 and maximum difference = 939.07 (496% increase). These values are lower than in
our previous analysis, making us hypothesize that the addition of a large shock in the training
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dataset may allow the model to pick more adequate parameters to help predict stock prices after

a news announcement.

Following the same process for a bad news announcement we get the charts in Figure 10:
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Figure 10. ARIMA with shock in training dataset. a, b and ¢ show three examples of the ARIMA model’s

predictions when bad news are introduced in the training and testing datasets.

The data obtained seems to show slightly better results, leading us to run a more thorough

analysis. After which we obtained the following results: RMSE = 97.39 (135% increase), 36.65

(46% increase), Bias = 6.9 and maximum distance = 557.87 (254% increase). Once again, we

notice significant improvements when compared to our previous results. This supports the idea

that adding a shock to the training dataset helps the model to choose better parameters for this

type of event. Moreover, the values for bad news are significantly more positive than for good

news, once more adding to the idea that our model is better at predicting this type of shock.

We have previously observed the benefit of looking at different time intervals after the shock

to better understand and confirm our analysis. Therefore, we will do the same in the next

section, to draw stronger and more interesting conclusions about the ARIMA model.
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5.6. Are the effects shorter lasting?

We ran an analysis similar to the one in section 5.4. As summarized in Table 4, adding a shock
to the train dataset set seems to yield significantly better results with the ARIMA model. After
only 5 days, the results are better than at almost any interval of our previous analysis (except
25 days after). The values of the relevant metrics maintain a slow reversion to the pre-news

value and after 25 days our RMSE is only 14% higher than baseline.

Before | 0 days after %| 5 days after %| 10 days after %
RMSE 45,28 207,76] 359% 55,97| 24% 58,56 29%
MAE 27,88 82,29| 195% 344| 23% 35,08 26%
BIAS -1,12 -39,55 -2,6 -0,67
MAX_ DIFF 133,88 860,32 543% 163,94| 22% 175,66 31%
Before | 15 days after %| 20 days after %| 25 days after %
RMSE 45,28 55,9 23% 53,59| 18% 51,75 14%
MAE 27,88 32,89 18% 32,04] 15% 31,81 14%
BIAS -1,12 -0,61 -3,03 -2,7
MAX DIFF 133,88 172,1 29% 163,71| 22% 143,22 7%

Table 4. Accuracy of ARIMA before and after good news, with shock in the training dataset. Table of

relevant metrics in the days following the shock in stock price.

Regarding bad news, the data summarized in Table 5 shows significantly more positive results
than before, with all traces of the shock being eliminated after only 5 days. Additionally, in the
first 5 days after the shock, we can observe that our metrics suffer a much less intensive shock

than before, confirming the success of adding one of these anomalies to the train dataset.

Before | 0 days after %| 5 days after %
RMSE 30,64 118,31 286% 30,71 0%
MAE 20,48 50,7 148% 20,99 2%
BIAS -1,78 13,43 -4,28
MAX_DIFF 88,76 488,72 451% 82,99 -7%

Table 5. Accuracy of ARIMA before and after bad news, with shock in the training dataset. Table of

relevant metrics in the days following the shock in stock price.
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6. Conclusions

After analyzing all these results, we reach some interesting conclusions regarding the ARIMA
model through the use of our ABM. Firstly, we conclude that, as expected, the model becomes
very inaccurate in the days immediately after our simulated news announcement, yielding an
average increase of around 400% in some of our metrics in the days that follow. Secondly, we
observe that, in our market, good news have a much stronger impact on the accuracy of the
model, leading to accentuated and long-lasting poor predictions. On the one hand, the impact
of bad news is negligible after just a few days (around 5 to 10). On the other hand, good news
create an impact that can be seen even upwards of 25 days after the market shock. If we were
to use this model to predict prices in our day-to-day, we would be significantly more impacted
by positive shocks in the market. However, this could be partially caused by how our market
works, or the types of traders involved, since this difference is very unexpected and rather

disproportionate.

Additionally, we find some interesting results when we add a similar event to the training
dataset. When this shock is added, the model seems to perform better than before, especially in
the case of bad news. In this case, the effects of the second shock (the one in the testing dataset),
seem to wear off after only 5 days, which is a clear improvement over our previous values of
10 days. Regarding good news, the improvement is less significant but still relevant, yielding

lower percentage increases in our metrics.

With this in mind, we can hypothesize that in the real world, the ARIMA model could yield
acceptable results after a similar shock, since these types of announcements are more frequent.
Therefore, we expect the model to pick the most adequate parameters, as the training data set
in question has many instances of this type of shock. According to our analysis, this would

increase the model’s accuracy in such a scenario.
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7. Limitations and Future Research

This study has several limitations, which inhibit us from drawing more significant and relevant
conclusions about the ARIMA model. Some of them arise from the characteristics of our

market, and others by the nature of the study itself.

Firstly, we only use two types of traders (besides the news traders) and, even though they can
create significant movement in our market, the volatility and the type of movement are far from
our real-life market. Furthermore, the choice and implementation of these traders is rather
arbitrary and strictly with the goal of mimicking the real-life financial market. Nevertheless,
we are able to draw some significant conclusions on how the model behaves once we establish

a baseline, despite the fact that results can often be far from reality.

Additionally, this type of study requires a lot of computational power for fitting the ARIMA
model and using it to predict values. We were often limited to around 200 iterations to get our
mean results, which is not ideal to draw strong conclusions. This could have forced us to

speculate a lot on the meaning of these results and how they compare with one another.

Regarding future research, I consider that there should be an attempt to better mimic the market
and run more efficient simulations of this market. Additionally, more shocks of this type could
be added, to analyze the progress of the model’s accuracy. Is there a limit to how many shocks
we can add until the model becomes futile? We could take a deeper dive into these sorts of

questions in future research.

Finally, we could analyze the impact of less aggressive shocks, this would help us get a better
understanding of the model’s capabilities in a real-life scenario, where shocks of 15% don’t
happen often. Experimenting with different shock magnitudes would also allow us to better
compare the impact of good and bad news. The differences we observed between them in this

study could potentially be linked to the shock not being the same magnitude.
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Appendix

Root Mean Squared Error (RMSE):

RMSE = |11, G- w0y
Mean Absolute Error (MAE):
MAE = - S, 19; — vl
Bias:
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