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Abstract—The rapid growth of big data and Web-based 

technologies have enabled a variety of investment opportunities as 

well as new risks in the financial industry. Data analysis 

techniques are used to formulate financial risk management 

models, garnering attention from industry practitioners and 

researchers. Historically, such models have shown poor 

performance in predicting unanticipated economic shifts. This 

paper focuses on this issue and provides an empirical comparison 

of the performance and features of various active prediction 

models and techniques in financial domains. This research 

specifically considers the Great Recession in 2008 as a period of 

interest. The aim of this study is to identify factors with the 

greatest impact on the performance of certain prediction models. 

Several risk prediction models have been examined in the course 

of the experiment, and the conclusions were drawn from our 

experimental results.  

Keywords—Risk management prediction model, prediction 

techniques, big data, empirical study, financial industry 

I. INTRODUCTION 

Contemporary financial service institutions are typically 

early adopters of novel technologies to increase their service 

value or create new fnancial services. Wide adoption of big data 

and cloud computing has driven financial firms to seek new 

approaches to avoiding financial risk. Financial risk prediction 

has attracted significant attention from both academic and 

industrial pracitioners [1] [2]. However, financial investment 

risk remains at a high level due to numerous unexpected events 

and a dynamic external operating environment. The highly 

changeable electronic trading environment continually 

introduces new types of events, which causes unpredictable 

impacts on the global economic situation [2-4]. This potentially 

unstable financial context has caused considerable difficulty in 

predicting trends. 

In seeking to reduce exposure to financial risk, researchers 

have employed various mathematical and analytical modeling 

techniques [5-8]. Despite the assortment of proposals, most 

popular solutions cannot retroactively predict the course of the 

Great Recession of 2008. It is frequently commented that no 

mathematical model was able to accurately chart the course of 

the recession [9]. This fact caused great embarrassment among 

financial professionals as losses mounted in the recession.  

Nevertheless, one objective of this work is to determine whether 

some proved more accurate than others.  

Moreover, an understanding of the performance of financial 

models is critical for financial professionals [10-12]; we extend 

our understanding of economics via the identification of 

emergent variables and phenomena in market performance. The 

findings of our research is necessary to inform further 

developments, though we acknowledge that established analytic 

techniques have already been well-vetted by the risk 

management community. 

Our research seeks the answers to the following two main 

research questions:  

1. In what scenarios do each analytical technique provide 

the most accurate results? 

2. Which techniques proved most able to “keep up” with 

the progress of the Great Recession of 2008? 

This paper addresses these problems via an empirical 

research methodology to assess different types of risk 

management models and techniques by using big data in the 

financial industry.  We utilize our collective expertise to study 

the ability of established financial risk assessment 

methodologies to anticipate the course of the Great Recession. 

In order to evaluate these models, we collected large amounts of 

historical performance records for particular financial assets.  

We were fortunate in this regard to have access to professional-

level financial databases, as some members of the research team 

have access through their employer.  

The main techniques involved in this research include 

volatility and time series techniques. We have investigated their 

recent executions, developments, and performance in financial 

industry. Academic research work is our principal information 

source. 

We make three central hypotheses:  

Proceedings of Student-Faculty Research Day, CSIS, Pace University, May 6th, 2016 



D3-2 

1. All of the analysis methodologies employed will 

provide accurate predictions of asset performance in certain 

scenarios. 

2. All of the analysis methodologies employed will be 

accurate within a quantifiable tolerance interval across the data. 

3. Few, if any, established analysis methodologies will be 

able to accurately predict, in retrospect, the path of the Great 

Recession of 2008.  

The main contributions of our research are twofold; first, we 

explain the financial prediction models’ performance during the 

period of the Great Recession by assessing a few updated 

financial risk management models and techniques. The 

outcomes of our research can be used as a reference for financial 

vendors or data science researchers. Moreover, we give the 

suggestions of technique selections for dealing with the 

unexpected economic changes, such as the Great Recession.  

The remainder of this paper are organized as follows. In 

Section II, we review and summarize the main academic 

research work in financial prediction models from different 

perspectives. Next, we discuss volatility and big data from two 

dimensions in Section III. Furthermore, time series financial risk 

management models are presented in Section IV. Moreover, 

Section V gives two forecasting algorithms with algorithm 

flowcharts. Experimental evlauation and results are given in 

Section VI. Finally, we draw our conclusions in Section VII. 

II. RELATED WORK 

Recent research has been addressing the financial risk 
management and operation prediction models from various 
perspectives. This section reviews the crucial academic 
achievements focusing on financial risk management and issues 
in predicting unexpected economic changes.  

A. Wavelets executions in prediction models 

One empirical study examined the prediction performances 

by using a functional autoregressive model [13] as a robust 

predictor of cash flow. This model was specifically designed to 

assess the dynamic distributions of the transactions in a credit 

payment system. In this model, the wavelet bases were 

considered for smoothing data and a comparison was given 

between two linear wavelet methods for examining the 

prediction performances within an entire time interval. The 

findings of this research showed that both regularized wavelet-

vaguelette and projection type could provide similar prediction 

offerings.  

Another research focusing on using wavelets was proposed 

for dynamic systems’ predictions and identifications [14].The 

main technique used in this model is Fuzzy Wavelet Neural 

Network (FWNN), which derives from Akagi–Sugeno–Kang 

fuzzy system. This approach uses wavelet basis fucntions in 

fuzzy rules instead of using THEN. However, the evaluations 

were only based on past events, a fact that renders FWNN 

unusable in practice.  

Next, other researchers addressed a design for a richer data 

representation method for discovering patterns by executing 

time series applications [15]. This approach created a fuzzy 

candlestick pattern that is designed to connect the financial 

investors and system designers. The method employed fuzzy 

linguistic variables for forming fuzzy candlestick and 

transferred the financial time series data into fuzzy patterns for 

the purpose of pattern recognition. The fuzzy candlestick 

patterns derived from both imprecise and precise pattern 

sources. However, this research only provided a knowledge 

representation approach instead of increasing the precision level 

of the predictions. 
Moreover, applying ecosystem-oriented architeture was also 

proposed to improve the predicition accuracy [16] One proven 
approach was combining fuzzy refinements with ecosystem-
oriented architecture. The execution was utilizing the 
similarities between fuzzy system to modify the instances’ 
labels in prediction models. This approach was proposed for 
failure prediction in banking system, which could be efficient 
only when the data of the failure cases have different 
distributions from the training dataset. It implies that the 
weakness of this approach is that it strongly relies on the quality 
of the sample dataset.  

B. Time series pediction models 

Some prior research focused on time series prediction 

models. Early attempts used a generic multilevel architecture 

[17]. The operating principle of this approach is to cover a 

complete prediction pattern from feature extractions to 

combining different predictors. The main challenge of this 

approach is that requires a large amount of data, which implies 

that it is only feasible as a postprocessing solution. However, in 

financial risk management any delay in prediction can be 

unaccepted to practitioners.  

Another time series resarch approach is through chaotic time 

series prediction. For example, an approach [18] was proposed 

to use robust echo state network to implement chaotic time 

series predictions. This approach used the basic idea of echo 

state network by applying Bayesian framework, instead of using 

Gaussian distribution with Laplace formulations. The advantage 

of this approach is to gain efficient estimates of parameters. 

However, the approach is limited by the usage of robust echo 

state networks, as they mainly consider outliers. A thorough 

definition of “accuracy” has therefore been dificult to establish, 

and as such the performance of such a model remained 

unproven. 

Sun et al. [19] proposed an approach integrating the inflow 

of new data batches for financial risk prediction models with the 

process of time. The Support Vector Machine (SVM) was 

designed to continously change along with the status of the data 

batches and time. The merit of this approach was to gain 

information from a seemingly insufficient dataset. However, the 

data processing was complicated and computationally intense, 

limiting real-world application.  

Some other research avenues have invesitgated the cost-

benefit analysis framework to define the measurement criteria 

[20]. The criteria address different needs from different 

perspectives. For example, a profit-oriented criterion is used by 

most financial operators to predict transaction outcome. 

However, selecting parameters is a great challenge in forming 

efficient criterion since the problem is highly nondeterministic; 

any action taken will necessarily have little influence on the 

greater economy, while outside sources will have significant 
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impact. Additionally, the parameters themselves may have 

dynamic impacts. An ineffective selection of parameters can 

therefore impose constraints that are not immediately apparent 

to a practitioner. 

C. Market-oriented prediction models 

Market-oriented prediction models have been also explored 

by recent research, which were mainly based on executions of 

market design strategies. Slamka et al. [21] completed a study 

examining a few automated market maker documents and a 

comparison between the documents. The findings showed that 

logarithmic scoring rules and dynamic pari-mutual market 

performed better than other examined approaches in prediction 

accuracy.  

In summary, most recent research has been dissimilar to our 

focus, even though much work has been done in prediction 

models using big data in financial industry.  

III. VOLATILITY AND BIG DATA 

Due to the volume, variety, and velocity of big data, we need 

to understand volatility. For some sources, the data will always 

be available; for others, this is not the case. Understanding what 

data is available and for how long can help to define retention 

requirements and policies for big data. 

As a consumer, big data will help to define a better profile 

for how and when to purchase goods and services. In medicine, 

big data will help to define a more customized approach to 

treatments and health maintenance. As a professional, big data 

will help to to identify better ways to design and deliver products 

and services. This will only happen when big data is integrated 

into the operating processes of companies and organizations 

[22]. 

A. Different types of volatility related to stocks and ETFs. 

The first type of volatility is Historical Volatility, or HV, 

which may also be referred to as Realized Volatility. Historical 

volatility is something that we can observe and measure based 

on the past price movements of a security. It is typically 

calculated as the standard deviation of the security daily returns 

over some lookback period. For example, the 30-day historical 

volatility, or HV(30), calculates the standard deviation of the 

daily gain or loss from each of the past 30 trading days. 

Volatility is almost always expressed in annual terms, regardless 

of the lookback period. Therefore, if a stock has an HV(30) 

value of 45, it means that if the stock continued to move as it has 

for the past 30 days, it would likely experience a total price 

change of 45% (up or down) over the next year. If we assume 

that daily returns are normally distributed, then we can infer that 

there is approximately a 68% probability of the price landing 

somewhere in this range. 

Although HV is an expression of how much a stock’s price 

may change in a year, it’s more typically used as a way of 

comparing the recent price behavior of two securities. If XYZ 

has an HV(100) value of 25 and PQR has an HV(100) value of 

75, then we know that PQR has experienced more extreme price 

changes over the past five trading months. Sometimes you will 

hear Beta used as a measure of Relative Volatility. From a 

mathematical standpoint, Beta is the correlation coefficient 

between two price series. The Beta value of a stock or ETF is 

most often computed relative to the market as a whole, which in 

most cases means the S&P 500 for the US market.  

A Beta value greater than 1 means that the stock generally 

moves more than the market, while a value of less than 1 means 

that the stock typically moves less than the overall market. 

Negative values, i.e. negative correlations, mean that the stock 

price has a tendency to fall when the market rises, and vice versa. 

The final type of volatility that we address is Implied Volatility, 

or IV. Implied volatility cannot be calculated from historical 

prices of the stock, but rather is the byproduct of an options 

pricing model. In simplest terms, IV is an expression of the 

market’s expectation of the future volatility of the stock price 

between now and the option expiration. Market participants 

“express” themselves via the prices they are willing to pay for 

option contracts. Like HV, implied volatility is always 

annualized to make comparison of values more straightforward. 
Each unique option contract, i.e. combination of put or call, 

strike price, and expiration date, will generate a different implied 
volatility value. These values are often combined to provide 
some sort of consensus opinion of the IV of the stock. For 
example, your trading platform may display an IV value for each 
expiration date, which was likely calculated with some type of 
weighted average of all the different strike prices for that 
expiration. The different IV values for each expiration date will 
indicate whether the market is expecting more volatility in a 
specific time-frame, like when quarterly earnings are announced 
[23]. 

B. Volatility Forecast 

We start with the comparison of the multi-step-ahead 
volatility forecasts for the model. The forecast is made at the end 
of the sample with 50 days ahead. The forecast volatility is on a 
daily basis. It can be converten to annualized volatility using 
formula 1:  

(1) ℎ =  √
𝜎

√252
 

Assuming there are 252 trading days in one year, h is the 
annualized volatility and σ is the daily volatility. For example, 
𝜎𝑡+1 = 0.83535  so ℎ𝑡+1 = 0.229395 = 22.94%.  Fig. 3 
shows the graph of forecast volatility on a daily basis with 
different quantiles. 

 

Fig. 1. Sigma Forecast with Bootstrap Error Bands (q: 5%, 25%, 75%, 95%).  
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The Generalized Autoregressive Conditional 
Heteroscedasticity (GARCH) model is one of the most popular 
volatility models used by financial practitioners and academics. 
Since its introduction there have been many extensions of 
GARCH models that resulted in better statistical fit and 
forecasts. For example, TARCH or GJR-GARCH [7] is one of 
the well-known extensions of GARCH models with an 
asymmetric term which captures the effect of negative shocks in 
equity prices on volatility commonly referred to as a “leverage” 
effect. EGARCH introduced by Nelson [11] is an alternative 
asymmetric model of the logarithmic transformation of 
conditional variance that does not require positivity constraints 
on parameters. Different volatility regimes can be captured by 
Markov Regime Switching ARCH and GARCH models 
allowing for stochastic time variation in parameters. These 
models were introduced by Cai [4] and Hamilton and Susmel [9] 
correspondingly. 

 

Fig. 2. GARCH Bootstrap Forecast example 

GARCH is one of the most common used time series model. It 
has been widely used in risk measurement, such as in the Value 
at Risk and Expected Shortfall models discussed below. It also 
has some drawbacks, such as overfitting, long-term variance 
fixed, etc. It has a large number of extensions such as GJR-
GARCH, GARCH-M, TGARCH, Spline-GARCH. However, 
although time series is now a mature topic, some of its 
techniques can be combined with machine learning techniques 
for application to other fields such as wireless signal processing. 

IV. TIME SERIES ANALYSIS IN FINANCIAL RISK 

MANAGEMENT 

A. Overview 

There are three basic objectives in forecasting volatility in 

finance: risk management, asset allocation, and derivative 

pricing. Risk management is to measure the potential losses of a 

assts so that estimation should be made to forecast the volatilities 

in future decision making. Asset allocation is attempt to taking 

control of risk so that it will meet the requirement of expected 

return range. The ultimate goal for traders in industry is to 

develop models to predict volatility. Using such a model, they 

can price financial derivatives such as futures and options and 

compare their value with market prices.  Such “special 

knowledge” could result in consistently profitable trades.  

Because volatility will naturally cluster, asset squared 

returns are positively autocorrelated. That is to say, if an asset 

price, such as a stock price, changed drastically in one day, it is 

significantly more likely to also have a drastic change in the next 

trading day. Thus, anticipating such swings in time series 

models becomes the necessary task in financial predictions. 
Model specification is essential for risk management, such 

as tail risk measures use forecasts of volatility. Engle and 
Mezrich [6] introduced a way to estimate value at risk (VaR) 
using a GARCH model, while Hull and White [10] proved that 
a GARCH model has better performance than a stochastic 
volatility model in calculation of VaR. The TARCH or GJR-
GARCH model was used by Brownlees and Engle [3] among 
others for forecasting volatility and measurement of tail and 
systemic risks. Thus, in this section, we will test the 
effectiveness of GARCH model in estimation and prediction on 
the volatility of a stock market. 

B. Garch Models Algorithms 

1) Mean Equation: 

𝑟𝑡 =  𝜇 + 𝜖𝑡 
 

μ is the expected return, 𝜖𝑡  is a zero-mean white noise, t is time 
period. 

2) Variance Equation: 

𝜎2
𝑡 = 𝜔 + 𝑎𝜀2

𝑡−1 +  𝛽𝜎2
𝑡−1 

 
σt is the conditional volatility, ω, α, β are coefficients. It is easy 
to see that next period’s conditional variance is a weighted 
combination of the unconditional variance of returns, last 
period’s squared residuals, ε2

𝑡−1, and last period’s conditional 
variance σ2

𝑡−1with weights (1 − 𝑎1 − 𝛽1), 𝑎1  , 𝛽1  which sum 
to one. The next period’s forecast of variance is a blend of the 
last period’s forecast and last period’s squared return. 

3) Estimation Results for SPX 
We use daily data for S&P 500 (SPX) for the period 

1/2/1992-11/11/2015 from the Global Financial Database. 
There are 6,267 daily adjusted return observations[1]. In our 
experiment, we are using GARCH(1,1) with different mean 
specifications: ARMA(1,1), ARMA(0,0), ARMA(0,2), 
ARMA(1,2). The results of estimation of the four models for 
SPX are given in Table I and volatilities are given in Fig. 3. We 
compare the results with information criteria to determine which 
model has a better fit 
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Fig. 3  SP500 Index Price and Index Log Return  

In our experiment, we are using GARCH(1,1) with different 
mean specifications: ARMA(1,1), ARMA(0,0), ARMA(0,2), 
ARMA(1,2). The results of estimation of the four models for 
SPX are given in Appendices and volatilities are given in Fig. 3. 
We compare the results with information criteria to check 
wether which model has a better fit. The comparison table is in 
Table I. 

TABLE I. COMPARING WITH THE INFORMATION CRITERIA, WE FOUND THE 

ARMA(1,1) HAS THE LOWEST VALUES WHICH INDICATE ARMA(1,1) HAS THE 

BEST FIT AMONG THESE FOUR. ALSO, IN RESULT OF PARAMETERS ESTIMATION, 
WE CAN SEE THAT ALL THE PARAMETERS ARE STATISTICALLY SIGNIFICANT IN 

1%. 

 ARMA(1,1) ARMA(0,0) ARMA(0,2) ARMA(1,2) 

Akaike 2.635007612 2.639498303 2.638298173 2.635174129 

Bayes 2.642542417 2.644880306 2.645832978 2.643785335 

Shibata 2.635005118 2.63949703 2.638295679 2.635170872 

Hannan-
Quinn 

2.637618542 2.641363253 2.640909103 2.638158049 

 

 

Fig. 4 Conditional Volatilities (%) (Daily Base) 

V. FORECASTING ALGORITHMS  

In this section, we review a few forecasting algorithms used in 

current financial risk predictions. Algorithm flowcharts are 

given to explain the main processes and operating principles.  

A. Moving Average Forecasting 

In statistics, a Moving Average (MA) is a calculation to 
analyze data points by creating a series of averages of different 

subsets of the full data set. We can forecast the time serial values 
by using MA. The flowchart is given as follows: 

 

Fig. 5 Algorithm flowchart of MA forecasting 

The input of this algorithm is the n items time serial values 
and the order of MA p. The output of this algorithm is the 
forecasting value at time n+T. 

The follows represent the main phases of an MA algorithm. 

Step 1: Input the original data set that has n items and the 

order of the MA p. 

Step 2: Calculate Single Moving Averages M1i, , where p≤

i≤n. 

Step 3: Calculate Double Moving Averages M2i, , where 2p-

1≤i≤n. 

Step 4: Calculate Smoothing Coefficient an and bn. 

Step 5: Calculate the forecasting value Yn+T. 

B. Exponential Smoothing Forecasting 

The input of this algorithm is the n items time serial values 
and the Smoothing Factor α. The output of this algorithm is the 
forecasting value at time n+T. 

The main phases of an exponential smoothing forecasting 
algorithm are: 

Step 1: Input the original data set that has n items and the 

order of the Smoothing Factor α. 

Step 2: Calculate Single Exponential Smoothing. 

Step 3: Calculate Double Exponential Smoothing. 

Step 4: Calculate Smoothing Coefficient an and bn. 

Step 5: Calculate the forecasting value Yn+T. 

 

Fig. 6 Algorithm flowchart of Exponential Smoothing Forecasting 

If the data (X1, X2,…, Xi) vary randomly around a quadratic 
regression line, we can introduce the Triple Exponential 
Smoothing, use Quadratic Exponential Smoothing Model to 
forecast the future value. The flowchart of using Quadratic 
Exponential Smoothing is given as follows: 
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Fig. 7 Algorithm flowchart of Quadratic Smoothing Forecasting 

The input of this algorithm is the n items time serial values 

and the Smoothing Factor α. The output of this algorithm is the 

forecasting value at time n+T (T = 1, 2, …). The main phases of 

this algorithm include: 

Step 1: Input the original data set that has n items and the 

order of the Smoothing Factor α. 

Step 2: Calculate Single Exponential Smoothing. 

Step 3: Calculate Double Exponential Smoothing. 

Step 4: Calculate Triple Exponential Smoothing. 

Step 4: Calculate Smoothing Coefficient an , bn and cn. 

Step 5: Calculate the forecasting value Yn+T by using 

Quadratic Exponential Smoothing Model. 

VI. EXPERIMENT AND THE RESULTS 

 We conducted our experiment on the S&P 500’s closing 

value between January 1, 1990 and November 27, 2015.  This 

dataset was divided into three periods of broad economic 

description.  The period 1/1/1990 – 1/1/2000 is termed the 

“early” 

period, 

and 

represents a period of generally sustained growth in the index.  

The period 1/1/2000 – 7/1/2009 is termed the “recession” 

period, and represents a period of great chaos in American 

economics.  The period from 7/1/2009 to present is termed the 

“modern” period, and represents a period of rapid, but sustained, 

growth.  

 

 The three aforementioned algorithms were applied to these 

datasets with varying orders (in the case of Moving Average 

Forecasting) and alpha values (in the cases of Exponential and 

Quadratic Smothing).  Orders were tested in the sequence 𝑝 =
 {2, 3, … , 100} , and alphas were tested in the sequence 𝛼 =
 {0.01, 0.02, … , 0.99}.  Each alpha or order value was used to 

calculate a forecasted closing of the stock market with variable 

time 𝑇 =  {1, 2, … , 120} .  For each data point, the absolute 

 
Fig. 17 Average delta vs. time for all algorithms for 

bottom quintile outcomes 

 
Fig. 14-16 Results of testing for Quadratic Smoothing Forecasting 

 
Fig. 11-13 Results of testing for Exponential Smoothing Forecasting 

 
Fig. 8-10 Results of testing for Moving Average Forecasting 
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value of the difference between the predicted and actual 

outcome were recorded and assigned to the variable 𝑑𝑒𝑙𝑡𝑎 .  

Sample graphs of the outcomes from our testing are supplied in 

Fig. 2. As delta is a measure of error from the expected result, 

low values of delta are desirable.  An optimal forecast would 

produce a delta of zero.  

VII. CONCLUSIONS 

 Our data supports the general observation during the 
recession that algorithms did a poor job of predicting the 
economy’s course.  Indeed, consider Figs. 9, 12, and 15, the 
experimental data from the chaotic period of 1/1/2000 – 
7/1/2009.  In particular, note the scale of the y axes in each; 
while the modern and early period graphs have averages in the 
low- to mid-hundreds, the recession curves are on a far larger 
scale, typically in the thousands. 
 To restate, the broad objectives of our analysis are to (A) 

identify scenarios in which these algorithms proved accurate and 

(B) identify the most successful coefficients for each algorithm.  

We can gather some information from our impressions of each 

graph.  We address comments to each algorithm in turn: 

 Moving Average is the better algorithm for very short-term 

predictions.  The order variable 𝑝 should be between 5 and 15.  

A 𝑝  value greater than 50 produced increasingly inaccurate 

results.  Moving Average also produced interesting long-term 

predictions, as it steadily gained accuracy until ~𝑡 = 50. 

 Exponential Smoothing provided highly inconsistent results.  

Its curves typically had more than one trough, a fact that would 

add challenge to a decision-making process.  In the modern set, 

Exponential Smoothing was steady, but most accurate only afor 

the first dozen or so days.  Performance in the chaotic period 

was highly inaccurate, with little predictability among the data 

points.  However, it is interesting to note that in the early period 

Exponential Smoothing showed increasingly accurate results as 

time went on, indicated by the strongly negative slope of the 

trendline.  It seems to demonstrate that Exponential Smoothing 

is the most appropriate algorithm for long-term predictions of 

economic performance in relatively stable situations.   

 Quadratic Smoothing is the most consistent algorithm, even 

though it did have the potential to produce very large values for 

delta.  It is most accurate in shorter time periods (𝑡 ≤ 25), the 

average estimate was never more than 200 away from the actual 

value in the best quintile set.  The reliability of the algorithm is 

evidence by the extremely dense concentration of points close 

to zero delta across the time graph.  However, note also that an 

enormous spread of values is present at high values of 𝛼 and 𝑡.  

This demonstrates that Quadratic Smoothing is susceptible to 

the selection of such variables, in addition to the quadratic 

regression precondition mentioned in section VB above.  

However, its curve in Fig.s 17 and 18 is both predictable and 

well within a reasonable margin of error for stock prediction.  

This indicates that the model will perform well even amid 

variable conditions, and that a range of values for 𝛼 and 𝑡 would 

still produce a healthy result.  Our data show that this algorithm 

is most accurate with small values of 𝛼 over shorter time spans. 
 A better expression of appropriate values for 𝑝, 𝛼, and 𝑡 is 
certainly obtainable.  Future studies would need to identify 
characteristics of outcomes with very large delta values, 
hopefully to classify and recommend more precise values  
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