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Abstract  
Investor’s returns are enhanced by predictive equity analytics ability to avoid drawdowns and 
capture gains in bull or bear markets. Predictive equity analytics enables optimal stock 
selection, timing and bid price with accuracy and reliability. Portfolio value behavior over time 
is positive and generally a non-decreasing step function. Next trade day predictive equity 
filtering significantly reduces left tail risk enabling positive returns with high probability. 
Hedging (crisis proofing) of equity portfolios is a natural artifact of predictive equity analytics 
with no additional cost and no additional financial instruments required. Portfolios are 
dynamically constructed using dynamic diversification with higher Sharpe ratios and maximal 
investment efficiency. Predictive equity analytics enables mean-variance return dominance.  
 

 

Mark Zanecki ASA, MAAA 
President, IHA Consultants Inc. 
174 Grande Meadow Way 
Cary, NC  27513 
mark.zanecki@ihaconsultants.com 
(919) 260-3291 

 

DRAFT - September 3, 2020    

DR
AF

T 

 
Pre

dic
tive

 E
qu
ity 

An
aly

tics
 

IHA
 C
on
su
lta
nts

 In
c. 

 
DR

AF
T



2 
 

Introduction 
Big data and machine learning applied to stock price analysis is a topic of vigorous current 
research. Researchers strive to discover data sets with predictive power in-sample as well as 
out of sample based on a sufficiently strong correlation over time. Poor model performance 
of in sample versus out of sample is commonly reported after much time, effort and 
computing cost. To date, little attention has been given to the effect of noise contained in 
stock price series observations themselves as well as to noise contained within explanatory 
“big data sets.” Mathematically, the correlation function is sensitive to a single large outlier 
or subset of “small” outliers. In this paper we focus on the effect of noise within stock price 
series observations and defer noise contained in big data sets for future analysis. We show 
that it is possible to differentiate with sufficient clarity between inherent process variance 
and noise. 
 
Detection of signals from noisy observations is a common problem found in communication 
transmission lines, satellite tracking and radar applications to name a few examples. We 
study stock (equity) price series to determine whether the observed price data elements 
contain a signal and noise or merely noise. Investigative steps include: 1) if signal and noise 
then subsequent filtering step is applied to recover the signal, 2) if noise, sample until 
sufficient signal detected.  
 
Our stock price direction signal problem is similar In nature to a radar problem where a 
signal is sent and (if reflected) then the received data are checked to determine whether the 
data contain a reflected signal and noise or only noise. As an example, storm intensity 
tracking using radar which has strong down fall areas (red/yellow) and lighter down fall 
areas (dark green / green) which are dynamically changing with time.  The features of 
interest are transition boundaries between heavy and light rain (signal detection of mixture 
of distributions with noise) as well as small patches of heavy rain (outlier effects – strong 
signal, low noise, narrow localized occurrence.) 
 
Current market offerings of passive or active investment strategies fall short of meeting 
investors goals. Passive investment strategies seek to mimic an index. Passive investment 
strategies are incapable of mitigating or eliminating drawdown risk. Active management 
investment seeks to outperform benchmarks and should mitigate drawdown risk but has 
proved susceptible to drawdown risk and even performed worse than passive strategies 
albeit at higher cost. 
 
Until now investors had two choices: a) increase allocations to debt instruments, accept 
lower return with lower risk or b) increase allocation to equities and attempt to capture 
higher return accompanied by higher drawdown risk. Either way some flavor of “buy and 
hold” and hope for the best is all that could be offered. 
 
Investors want to achieve high return with limited drawdown risk in the most efficient way 
with respect to time and return maximization. Once investors accumulated portfolio value 
has grown, they naturally want drawdown protection through some type of hedging or 
portfolio insurance. In this paper we will we show that predictive equity analytics is the 
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solution to  the stock price direction signal problem and also a natural hedging strategy 
without additional cost or need for additional instruments.  
 
Given the current and future low interest rate environments, how can Investors achieve 
their return objectives without exposing themselves to substantial drawdown risk? 
 
In this paper we propose a new solution, predictive equity analytics, that is able to avoid 
drawdowns and capture gains (long run and short run) thus satisfying investors desire to 
achieve high returns with limited drawdown risk. The basic idea is simple and immensely 
powerful. If an investor had equity price direction prediction capability that was sufficiently 
reliable, how would s/he invest? 1 
 

Answer: purchase stocks predicted to increase, sell stocks predicted to decrease if 
owned and short stocks predicted to decrease if not owned. Diversification would be 
re-defined as “dynamic diversification” weighting allocations to the set of stocks 
expected to increase in price. Up-front costs of implementing pre-defined portfolios 
to capture gains and diversify risk are re-scoped to only those stock expected to 
increase in price with full investment or partial investment and the remainder in a 
side interest bearing account. 
 
Veracity of predictive capability accuracy can be measured in three ways: 1) back 
testing over some historical period, 2) going forward from series of next trade day 
predictive analysis reports and 3) overview of underlying financial, economic, 
behavioral and statistical theory. 

 
Predictive equity capability implies that left-tail return distribution risk has been eliminated, 
censored in some way or significantly reduced. All investors desire high returns with little to 
no drawdown risk so the concept of investor risk preference to differentiate risky portfolio 
preference is a third order consideration. 
 
The first success of predictive equity analytics was the successful construction of upper and 
lower bounding stochastic trend series that precluded uniform bounding of daily trend (too 
wide is not useful, nor is too tight) by design. The bounding series is sufficient for  
drawdown risk warning purposes but not for gain capture. 
 
The key break-through was generation of signals {1,2,3} from which predictive rule set 
patterns could accurately and reliably be learned and observed. More importantly the 
predictive rule set is based on solid economic, financial and human behavioral 
underpinnings with affirmative causality. As an example: 

Using Apple’s predictive rule set, 2018 Fall and 2020 spring drawdowns are predicted 
and avoided. 2018 Fall downturn was avoided on Oct. 4, 2018 and 2020 Spring 
downturn was avoided on Feb. 6,  2020. Signal 3 strength of 0.6 or greater is 

 
1 Hollywood movie themes include prediction in the form of a prop or person:  “crystal ball”, “Aladdin’s lamp,” “the 
oracle,” “savant,” “time machine” and “time traveler.” 
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considered a sufficiently strong signal to warrant examination.2 
 
Prediction equity lacks capability to predict IRS 60 holding-day period for favorable capital 
gains treatment. Tax optimization is a lower order concern.3 We would argue that where 
favorable IRS tax treatment can be achieved along with equity prediction, the investor 
should do so as opportunities present themselves.  
 
Predictive equity analytics is applied to U.S. equities. International predictive equity 
analytics entails additional risks: a) currency risk, b) sovereign yield curve risk and may or 
may not add to returns already enabled by predictive equity analytics using U.S. equities. 
 
We do not explore predictive equity analytics for options, forwards, futures or derivatives at 
this time. 
 
Our presentation starts with active equity management performance measurement 
culminating in the fundamental law of active management. The underlying security model 
behavior is viewed not as a single model but as a filtering that creates two models: positive 
trend model and negative trend model. There are 22 total fields carried for each equity with 
13 fields of value-added information from predictive equity modeling application. Predictive 
rule sets are derived from series signals {1,2,3}. Application of the predictive rule sets each 
trade day results in a color encoded heat map. Purchasing of equities color encoded to 
increase in price and sell those expected to drawdown creates dynamically diversified 
portfolios with minimal risk. We use the heat maps for DJIA and SP500 for years 2020 and 
2019 to create dynamic portfolios and compare to YTD index return. We show that through 
left tail filtering, dynamic portfolios are positive valued generally non-decreasing step 
functions over time.  Predictive equity analytics significantly outperforms indexes in bear 
markets and in the long run outperforms indexes in bull markets as shown in appendix. 
Predictive equity analytics diagnostics are provided in appendix. 
 
Active equity management using predictive equity analytics 
The optimal risky portfolio is a combination of two component portfolios: 
(1) an active portfolio, denoted by A, comprised of analyzed securities (this is 
the active portfolio because it derives from a combination of equity prediction analytics and 
security analysis), and (2) the market index portfolio denoted by M. The optimal risky 
portfolio differs from standard “smart beta portfolios” in that predictive signals are 
generated each trade day without using a market portfolio basis. 
 
Superior performance arises from active investment decisions which differentiate the 
portfolio from a ”passive” benchmark.  These decisions include: 

• Market timing: altering market risk exposure through time to make advantage of 
market fluctuations. 

• Sector weighting: weighting towards (or away from) company attributes, such as 
size, leverage, book/price, and yield, and towards (or away from) industries. 

 
2 See Exhibit 2 on page 10. 
3 See IRS Publication 550: Investment Income and Expenses.( https://www.irs.gov/pub/irs-pdf/p550.pdf ) 
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• Security selection: making informed bets based on information idiosyncratic to 
individual securities. 
 

Successful active management consists of efficient investment based on superior predictive 
information. It has two key elements: creating superior predictive “alpha signal” 
information, and efficiently trading based on that information.  

 
 
Adding active predictive equity to the information ratio (IR) is the key to high, stable 
returns 
Maximization of the information ratio can only be achieved by incorporating equity 
predictive analytics as a technology and as a fund manager investment style. The goals of 
equity predictive analytics are: 
1. avoid drawdowns or actively mitigate to furthest extent possible, 
2. capture highest short run / long run returns with associated lowest risk, 
which is accomplished through active stock selection and timing based on “alpha signal 
generation/detection” for next trade-day. 
 
 
The Fundamental Law of Active Management:4 
Grinbold and Kahn argued that once an investor possessed “superior information,” the 
optimal framework to measure effectiveness focuses on the information ratio (IR). “Every 
investor seeks the strategy or manager with the highest information ratio.” Different 
investors will differ only in how aggressively they implement the strategy. 
 
The information ratio is defined as: 
 

𝐼𝐼𝐼𝐼 = 𝐼𝐼𝐼𝐼�𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵ℎ(𝐵𝐵𝐵𝐵)) 
 

where: 
 
• BR is the strategy's breadth. Breadth is defined as the number of independent 

forecasts of excess return made per year. 
 

• IC is the manager's information coefficient. IC measures the correlation of each 
forecast with the actual return outcomes.  

 
Typically, a manager’s IC is low and breadth is high. High turnover is associated with 
potentially high transaction costs and does not necessarily indicate favorable net investment 
return.  
 

How do you maximize IR and assure favorable net investment return? 
 

4 The majority information can be found in  [5] Grinold, Richard and Kahn, Ronald. The question of how to find or 
generate superior investment information is an open question. 
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Sector and security analysis are the standard sources for gleaning “superior information,” 
per Grinold and Kahn. Data science as applied to security analysis is a current area of high 
activity. In this context, superior information means information not already impounded in a 
stock’s closing price and not publicly known. The general availability of data, low cost of 
cloud computing power and a similarly trained workforce makes finding or manufacturing of 
superior information difficult, a low yield proposition and finite duration before discovery by 
others. 
 
Combing sector analysis, security analysis with equity predictive analytics enables significant 
high-quality superior information generation to maximize next trade-day IR. 
 

1. The ability to forecast each stock's expected return different from consensus using 
equity predictive analytic signals enables stock selection and timing to increase the 
information coefficient, IC while minimizing drawdown risk.  

 
2. The second element leading to a larger information ratio is breadth, the number of 

times per year that superior information is actively traded on. Equity predictive 
analytics generates signals for 4,500+ stocks each trade-day prior to market open for 
“alpha stock detection” which makes for a large breadth. 

 

The value-added (VA) active investment amount, at risk aversion level 𝜆𝜆𝑅𝑅 , to a fund is 
measured by:5 

𝑉𝑉𝑉𝑉�𝜔𝜔𝑝𝑝� = 𝜔𝜔𝑝𝑝 ∗ 𝐼𝐼𝐼𝐼 − 𝜆𝜆𝑅𝑅 ∗ 𝜔𝜔𝑝𝑝2 

 

The optimal level of residual risk, 𝜔𝜔∗, which maximizes 𝑉𝑉𝑉𝑉[𝜔𝜔𝑃𝑃] is: 

𝜔𝜔∗ =
𝐼𝐼𝐼𝐼

2𝜆𝜆𝑅𝑅
 

 

The desired level of residual risk will increase with our opportunities and decrease with our 
residual risk aversion. Doubling the information ratio will double the optimal risk level. Doubling 
the risk aversion will halve the optimal risk level. 
 
The relationship between the value added as measured by utility and the manager's 
opportunity as measured by the information ratio IR: 

𝑉𝑉𝑉𝑉∗ = 𝑉𝑉𝑉𝑉[𝜔𝜔∗] =
𝐼𝐼𝐼𝐼2

4𝜆𝜆𝑅𝑅
=
𝜔𝜔∗ ∗ 𝐼𝐼𝐼𝐼

2
 

 
This says that the ability of the manager to add value increases as the square of the 
information ratio and decreases as the manager becomes more risk averse.  
 

 
5 This material can be found in  [5] Grinold, Richard and Kahn, Ronald. 
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Equity Price Model 
For the sake of exposition, assume stock price model for 𝑆𝑆𝑡𝑡with continuous dividend rate 𝐷𝐷𝑡𝑡   as 
follows:  
 

𝑑𝑑𝑆𝑆𝑡𝑡
𝑆𝑆𝑡𝑡

= (𝜇𝜇𝑡𝑡 − 𝐷𝐷𝑡𝑡)𝑑𝑑𝑑𝑑 + 𝜎𝜎𝑡𝑡𝑑𝑑𝑊𝑊𝑡𝑡 

  
Stock price time series is assumed to solve the following stochastic differential equation under 
the risk-neutral , 𝑄𝑄 measure using risk-free rate 𝑟𝑟𝑡𝑡: 
 

𝑑𝑑𝑆𝑆𝑡𝑡
𝑄𝑄

𝑆𝑆𝑡𝑡
= (𝑟𝑟𝑡𝑡 − 𝐷𝐷𝑡𝑡)𝑑𝑑𝑑𝑑 + 𝜎𝜎𝑡𝑡𝑑𝑑𝑊𝑊𝑡𝑡 

 
We break from standard theory at this point and hypothesize that rather than one statistical 
model, we have two statistical models for 𝑆𝑆𝑡𝑡 behavior. A positive filtering for increasing trend 
process and a negative filtering for decreasing trend process. Left tail risk is significantly 
reduced by negative trend filtering model indicator of downward trend  in short run or long 
run. 
 
Model 1 behavior applies positive trend filtering, 𝑃𝑃 that removes the majority of negative 
returns, retains positive returns  and dynamically weights to expected positive return sub-
components. This allows for negative returns which occur from time to time but are small in 
nature and with dynamic diversification minimized. ``` 
 
 
Model 1 - Overall Positive Trend 
𝑑𝑑𝑆𝑆𝑡𝑡

𝑃𝑃

𝑆𝑆𝑡𝑡
= (𝜇𝜇𝑡𝑡𝑃𝑃 − 𝐷𝐷𝑡𝑡)𝑑𝑑𝑑𝑑 + 𝜎𝜎𝑡𝑡𝑃𝑃𝑑𝑑𝑊𝑊𝑡𝑡

𝑃𝑃 ≥ 0  almost surely in mean-variance   

𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜 {(𝜇𝜇𝑡𝑡𝑃𝑃 − 𝐷𝐷𝑡𝑡),𝜎𝜎𝑡𝑡𝑃𝑃𝑑𝑑𝑊𝑊𝑡𝑡
𝑃𝑃}  𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 ≈

𝑑𝑑𝑆𝑆𝑡𝑡𝑃𝑃

𝑆𝑆𝑡𝑡
≥ 0. 

 
𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎: 
≈  −0.01 ≤ 𝑑𝑑𝑊𝑊𝑡𝑡

𝑃𝑃 𝑖𝑖𝑖𝑖 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑎𝑎𝑎𝑎 − 0.01,  
−∞ < (𝜇𝜇𝑡𝑡𝑃𝑃 −  𝐷𝐷𝑡𝑡) <  ∞, 
𝜎𝜎𝑡𝑡𝑃𝑃 ≥ 0, 
𝐷𝐷𝑡𝑡 ≥ 0 𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑢𝑢𝑢𝑢 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑.  
 
Indicator positive trend model is commencing or is active: 𝐼𝐼𝑡𝑡𝑃𝑃 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 0 ≤
𝑝𝑝(𝐼𝐼𝑡𝑡𝑃𝑃) ≤ 1 

  
Model 2 behavior applies negative trend filtering, 𝑁𝑁 that removes the majority of positive 
returns, retains negative returns  and dynamically weights to expected negative return sub-
components. This allows for positive returns which occur from time to time but are small in 
nature and with dynamic diversification minimized. 
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Model 2 - Overall Negative Trend 
𝑑𝑑𝑆𝑆𝑡𝑡

𝑁𝑁

𝑆𝑆𝑡𝑡
= (𝜇𝜇𝑡𝑡𝑁𝑁 − 𝐷𝐷𝑡𝑡)𝑑𝑑𝑑𝑑 + 𝜎𝜎𝑡𝑡𝑁𝑁 𝑑𝑑𝑊𝑊𝑡𝑡

𝑁𝑁≤ 0  almost surely in mean-variance   

𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜 {(𝜇𝜇𝑡𝑡𝑁𝑁 − 𝐷𝐷𝑡𝑡),𝜎𝜎𝑡𝑡𝑁𝑁𝑑𝑑𝑊𝑊𝑡𝑡
𝑁𝑁}  𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 ≈

𝑑𝑑𝑆𝑆𝑡𝑡𝑁𝑁

𝑆𝑆𝑡𝑡
≤ 0. 

 
𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎: 

 ≈ 𝑑𝑑𝑊𝑊𝑡𝑡
𝑁𝑁 ≤ 0.01 𝑖𝑖𝑖𝑖 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑎𝑎𝑎𝑎 0.01,  

−∞ < (𝜇𝜇𝑡𝑡𝑁𝑁 − 𝐷𝐷𝑡𝑡) <  ∞, 
𝜎𝜎𝑡𝑡𝑁𝑁 ≥ 0, 
𝐷𝐷𝑡𝑡 ≥ 0 𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, 
 
Indicator negative trend model is commencing or is active: 𝐼𝐼𝑡𝑡𝑁𝑁 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 0 ≤
𝑝𝑝(𝐼𝐼𝑡𝑡𝑁𝑁) ≤ 1 

 
Given filters {𝑃𝑃,𝑁𝑁} , mean-variance dominance of equity returns with positive skewness and 
excess kurtosis follows by purchasing stocks expected to increase and selling or shorting stocks 
expected to decrease. 
 
Overall horizontal 𝑆𝑆𝑡𝑡 behavior is the compliment set {𝑃𝑃,𝑁𝑁}𝐶𝐶  with probability  1 − 𝑝𝑝(𝐼𝐼𝑡𝑡𝑃𝑃) −
𝑝𝑝(𝐼𝐼𝑡𝑡𝑁𝑁). For horizontal behavior, an investor is better off maintaining liquidity by investing in an 
interest- bearing account or riskless U.S. Treasury instrument and waiting for the next positive 
return generating opportunity. It is not optimal to be invested in horizontal moving stocks or 
stocks with return distributions that are mean variance dominated by return distribution of 
high rated bonds or U.S. Treasury instruments. 
 
The filters,  {𝑃𝑃,𝑁𝑁} on [𝑡𝑡, 𝑡𝑡 + 1) are forward looking and act to identify the subset of stocks 
expected to increase which are purchased prior to market open and also act to identify the 
subset of stocks expected to decrease which are sold prior to market open if currently owned.6 
Short selling of stocks expected to decrease is allowed. To maintain a degree of dynamic 
diversification a minimum of 3 to 5 stocks with expected positive returns is generally 
recommended. The larger the set of expected positive return stocks available the higher the 
degree of dynamic diversification albeit with some degree of return opportunity sacrifice. 
 
Existence and sufficiency of {𝑷𝑷,𝑵𝑵} 
{𝑃𝑃,𝑁𝑁} filter construction is proprietary. {𝑃𝑃,𝑁𝑁} filter theory and framework are rooted in 
economic, financial, human behavioral foundations. Existence and sufficiency of {𝑃𝑃,𝑁𝑁} is 
supported by theory as well as by providing historical 500 trade-day TRI-SIGNAL predictive 
results containing bull and bear markets and measuring predictive accuracy. Alternatively, a 
forward-looking accuracy verification is also available. It would be “impossible” to accurately 

 
6 Immediately breaking news impact news are outside of model scope. 
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predict the behavior of 4,500+ stock prices for over 500 trade-days without an accurate and 
reliable modeling framework. 
 
 
 
Data: 
DJIA and SP500 index data for 2020 and 2019 will be used for analysis. 2019 was a bull market 
overall while 2020 is considered a bear market due to  Cornv-19 pandemic economic effects. 
The DJIA index will be used for demonstration purposes via 27 stock sub sample for period Jan 2 
thru Aug. 10, 2020. Stock data is contained in rows and column data is trade-date. 
 

 
 

Exhibit 1 
 
Exhibit 1 shows the data layout using Apple (AAPL) for illustration purposes. There are 22 data 
items carried for each stock for moving 121 trade-day history. Firm variables include symbol, 
corporate/symbol name, exchange, sector, market capitalization, p/e ratio, volume, 252 trade-
day high price, 252 trade-day low price, close price (unadjusted) and daily trend. 
 
Contained with the 22 fields there are 13 value-added TRI-SIGNAL predictive fields:  

1) next trade day est. high price, 
2) next trade day est. low price, 
3) next trade day est. high percent price, 
4) next trade day est. low percent price, 
5) long run comment, 
6) volatility stability assessment, 
7) stock directions signals {1,2,3}, 
8) long run optimal buy indicator, 
9) date – stock price - realized daily trend - (stddev : long_run_trend), 

10) std_dev_of_proxy_tracks_changes_in_true_unobserved_trend_distribution, 
11)  mean_of_proxy_that_tracks_changes_in_true_unobserved_trend_distribution 

 
The SP500 data consists of 371 sub sample for 2020 and 471 sub sample for 2019. The same 22 
data fields are available for each individual stock. 
 

Asymmetric estimation of next trade-day 
trading range price and percentage. 

Predictive Signals for {P,N} filters. 

Mean- 
variance 
analysis 
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{P,N} Filters and predictive signals for individual stock 
Exhibit 2 illustrates TRI-SIGNAL signals {1,3} for Apple (AAPL) used in predictive buy/sell rule set 
construction. Signal 2 is not shown due to low reliability. Standard calculus function behavior 
analysis (min/max), (domain increasing function, domain decreasing function) is performed 
albeit in statistical sense using signals {1,3}. Signal 1 acts to identify local maxima and minima as 
well as inflection points analogous to horizontal tangent criteria. Signal 3 acts in function 
behavior role over a domain e.g. function increasing, function neither increasing nor decreasing 
or function decreasing. In bull or bear markets (darker red shaded time period), series {1,3} 
affirmatively predict the starting and ending points of positive trend series and negative trend 
series with high accuracy and reliability. 
 

 
Exhibit 2 

 
Using Apple’s predictive rule set, 2018 Fall and 2020 spring drawdowns are predicted and 
avoided. 2018 Fall downturn was avoided on Oct. 4, 2018 and 2020 Spring downturn was 
avoided on Feb. 6,  2020. Signal 3 strength of 0.6 or greater is considered a sufficiently strong 
signal to warrant examination. Series 1 is examined alone or in conjunction with Series 3 to 
determine next trade-day predicted stock price direction. Series 1 signal of 0.97 or greater or 
series signal 1 locally increasing indicates expected next trade-day price increase. Series 1 signal 
of less than 0.97 or series signal 1 locally decreasing indicates expected next trade-day price 
decrease. See Exhibit 2 for predictive rule details. 
 
In general, the predictive rule set using series signals {1,3} is 85%+ accurate for next trade-day 
trend prediction. The combined accuracy of signals {1,3} and mean-variance analysis exceeds 
90%. Firm specific research can boost reliability to 95% or better. 
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In any evert, drawdowns are 100% detected within 1 trade-day and confirmed within 2 
consecutive trade-days. 
Automated graphical predictive signal reports for short run and long run buy and sell are 
available as shown in Exhibit 3. Current optimal purchase price is deduced from examining 
short run buy date-price and similarly for long run. Interpretation of Series 1 and Series 3 signal 
history for reliability is also shown. Firm specific links for news events and general information 
are available at the bottom. TRI-SIGNAL buy/sell indications occur prior to market open for a 
given date and precede daily reported trade volumes which are reported at the end each trade-
day. 
    

 
 

Exhibit 3 
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Mean-variance analysis tracking discussed next is used as an additional independent confirming 
test to predictive rule set. 7 
 
Mean-variance Performance Analysis and Tracking 
 

 
 

Exhibit 4 
 
The purpose of tracking mean-variance performance over time is to compare the realized daily 
trend as generated from the forecast long run trend proxy distribution (mean, variance). From 
regression analysis, time series analysis and distributional analysis we are confident in the 
ability of the proxy long run trend distribution mirroring the movements of the unobservable 
true long run trend (mean, variance). Analysis focuses on discovery of imbalances or non-
congruences between the long run trend (proxy) mean and the realized daily trend. When an 
imbalance or non-congruence is detected, the next day price trend will move in the direction to 
correct with over correction a distinct possibility.  
 

 
7 It is noteworthy that information not contained in close prices does affect realized trend 
predictions but are not accounted for in modeling process since the impact has not been 
impounded into close prices e.g. firm specific or general economic news events after market 
close. 
 

2020-07-21 - $388.00 - 0.9862 - ( 
1.00018 : 0.99796 )

2020-07-22 - $389.09 -
1.00281 - ( 1.0003 : 

1.01949 )

2020-07-23 - $371.38 -
0.95448 - ( 1.00007 : 

0.95275 )

2020-07-24 - $370.46 -
0.99752 - ( 1.0001 : 

1.00873 )

2020-07-27 -
$379.24 - 1.0237 

- ( 1.00013 : …

2020-07-28 - $373.01 -
0.98357 - ( 1.00005 : 

0.99825 )

2020-07-29 -
$380.16 -

1.01917 - ( …

2020-07-30 - $384.76 -
1.0121 - ( 1.00008 : 

1.04034 )

2020-07-31 - $425.04 -
1.10469 - ( 1.00045 : 

1.07708 )
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1.0252 - ( …

2020-08-04 - $438.66 -
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1.04242 )

2020-08-07 - $444.45 -
0.97551 - ( 1.00095 : 

1.07815 )

2020-08-10 -
$450.91 -

1.01453 - ( 
1.00008 : 
1.00267 )
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Mean-variance tracking over time is accomplished using data fields 10 and 11. Field 10 contains 
the standard deviation of the proxy for long run trend and field 11 contains the proxy for the 
long run trend mean. Performance of mean-variance prediction versus realized daily trend is 
stored in field 9.  
 
In Exhibit 1, long run trend proxy indicates flat trend of 1.0 from Feb. 19 to Feb. 20, 2020. On 
Feb. 19, 2020 mean-variance performance tracking indicates a close price of $ 323.52 with 
1.0148 realized trend which was associated with long run trend (proxy) distribution with mean 
0.998 and standard deviation of 1.0. The realized trend of 1.0148 as compared to 0.998 is “not 
in full congruence” and a correction of lower trend would be more congruent with 0.998 long 
run mean. The close price of $ 320.30 on the next trade-day Feb. 20, 2020 corresponds to 
realized trend of 0.989 which is congruent with 0.998 long run mean. Notice that as of Feb. 20, 
2020 the long run mean-variance distribution has moved to a new mean of 0.97 and standard 
deviation unchanged at approximately 1.0. From this information the next trade-day trend is 
expected to be negative. A long run (proxy) trend of 0.97 is an affirmative warning of drawn 
down due to suddenness and magnitude.  
 
TRI-SIGNAL has an animation feature that shows mean-variance, realized trend movement over 
last 10 trade-days which gives sense distribution movement in mean-variance space. Static 
mean-variance tracking graph is shown in Exhibit 4. 
 
Tracking mean-variance performance over time is visualized on Exhibit 4. As an example, the 
July 21, 2020 close price was $ 388.00 with realized trend of 0.9862 which is congruent with 
being generated from a long run trend distribution with mean 0.99796 and standard deviation 
of 1.0018. On August 10, 2020, an imbalance is detected with close price of $ 450.91 with daily 
trend of 1.01453 generated from a long run trend centered at 1.00267 with standard deviation 
1.00. Market forces will correct the imbalance by moving price downwards on August 11,2020 
which did occur with close price of $ 437.30. Series {1,3} predictive signals and mean-variance 
tracking supported a prediction of next trade-day downward price which could have been used 
to profit in a short strategy. Price was predicted to fall due to short run non congruence and not 
due to long term trend forecast deterioration since long run trend was 1.00267 to august 11, 
2020 which is great than 1.00. 
 
For DJIA and SP500 Portfolios, predictive rules are color encoded in form of a heat map 
The DJIA index will be used for demonstration purposes via 27 stock sub sample for period Jan 2 
thru Aug. 10, 2020. Rows contain stock information and columns trade-date close price and 
predictive encoding for next trade-day. Exhibit 5 below shows the 27 stocks with no predictive 
signal buy/sell encoding. With no predictive buy/sell encoding a buy and hold strategy is 
optimal. 
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Exhibit 5 

 

 
Exhibit 6 

 
Exhibit 6 shows predictive buy/sell encoding supporting optimal investment return efficiency. 
Dark green indicates joint long run and short run buy. Light green indicates short run buy. Red 
indicates sell.  Yellow indicates monitor. Buy stocks expected to increase and sell stocks 
expected to decrease if owned or short stocks expected to decrease. The predictive encoding 
clearly shows it is not optimal to use a buy and hold passive strategy no matter how low the 
cost.  Active return management using TRI-SIGNAL avoids drawdowns or mitigates effect to 1 
– 2 trade-days while matching or outperforming passive strategies. 
 

 
 

Exhibit 7 
 
Exhibit 7 shows the 27 DJIA stock sample ordered by highest return as predicted for August 11, 
2020 prior to market open. Rows contain individual stock series. Columns contain market close 
prices. The other 21 rows of information are hidden for each stock. 
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Red highlighting indicates sell indicator and by close of Feb. 24, warning of DJIA index collapse 
commencing with market open Feb. 25, 2020 is predicted with high probability due to Cornv-19 
pandemic. As prices fall, short run and long run buy indicators (dark green) increase in 
frequency since in normal markets this would otherwise be “buy” opportunities. There are 
interspersed short run buy indicators (light green) which also occur as prices fall. The speed of 
index declines and the necessary speed for an investor to act are noteworthy. Action was 
required within 2 – 3 trade days to avoid or mitigate losses. If no action taken by Feb. 26/27, 
2020, DJIA investors had to decide to take losses or wait out the downdraw until normal 
markets returned. Most DJIA investors were forced to wait it out as the down draw was severe 
reaching -40% at peak. 
 
 

 
 

Exhibit 8 
 
By market close March 16, 2020 the DJIA index was starting to position for recovery as 
indicated by numerous buy indications. Individual stocks were not at the lowest price point but 
were approaching and some were already in the neighborhood. (See Exhibit 8.) 
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Exhibit 9 
 
By mid-May, the prevalence of buy indication signals for DJIA index recovery starting from the 
neighborhood of lowest price points.(See Exhibit 9.) 
 

 
 

Exhibit 10 
 
By close of market June 9, 2020 warning of second DJIA major drawdown is shown. 
Confirmation occurred within two trade days. (See Exhibit 10.) 
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Exhibit 11 
 
Numerous buy indications occurred July 14 thru July 24 for indivual stocks within DJIA index. 
The set of stocks expected to increase achieved a higher gain than holding the entire DJIA index 
for the period. (See Exhibit 11.) 
 

 
 

Exhibit 12 
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As seen in Exhibit 12, there are two buy indications: Catepillar (CAT) at $ 142.02 and JP Morgam 
(JPM) at $ 100.64 for prior to market open August 11, 2020. 
 
Let’s check these two stocks and see how they performed. Both stocks are reporting significant 
gains as of 2:15 p.m. August 11, 2020 that are profitable even after netting of transaction costs. 
(See Exhibit 13.) 
 

 
 
Exhibit 13 

 
 
Results: Predictive Equity Portfolio Returns for 2020, 2019 – DJIA and SP500 
Perdictive equity results for DJIA for years 2020 and 2019 follow below. For SP500 predictive 
equity results, see Appendix. 
  
Portfolio were formed dynamically based on price for dark green and light green encodings for 
selected trade-days. Each trade was 1 day duration with forced liquidation. Gross returns were 
used for illustrative purposes. TRI-SIGNAL predictive equity return for 2020 is signifciantly 
superior: YTD DJIA return 32%+, YTD SP500 return 19%+. See Exhibits 14 and 16. For 2019 TRI-
SIGNAL returned, YTD DJIA = 12%+ and YTD SP500 = 16%. 
 
Fund managers using TRI-SIGNAL are expected to avoid drawdowns and match or beat 
benchmarks (almost surly in probability sense) with positive returns due to predictive {𝑃𝑃} 
filtering of next trade-day expected daily trend distribution.  
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Exhibit 14 

 
TRI-SIGNAL predictive DJIA YTD return is generally a non-decreasing step function with 32%+ 
return as of close Aug. 10,2020 while YTD DJIA daily return is approximaely -4%. Peak  YTD DJIA 
return was in the neighborhood of -40%. Minimum dynamic diversificaton rule of 3 or more 
stocks on any trade day was used . All trades were 1 trade-day duration with forced termination 
regardless if stock continued to increase. 
 
Analysis of return trend histograms supporting 2020 DJIA YTD return ending Aug. 10 explains 
the significant performance difference.  Remember the 23 trade-day TRI-SIGNAL predictive 
equity trend distribution is contained within the full 153 trade-day daily trend distribution. {𝑃𝑃} 
filtering yielded a distribution with greater investment efficiency in the sense of large kurtosis, 
skew to right and a mean of 1.013 using only 23 trade-days. The distribution has majority of 
mass from 1 onwards with an additional positive outlier which overcomes the small negative 
masses located from 0.985 to 0.995. See Exhibit 15. 
 
The 153 trade-day SP500 daily trend distribution has mean of 1.0002, negative skew and large 
kurtosis with more left tail mass on values less than 0.97 which results in YTD return of – 3.8%. 
See Exhibit 16. 
 

0.6
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Comparison of 2020 YTD Gross Returns for TRI-SIGNAL 
Predictive DJIA  vs DJIA ending Aug. 10

2020 YTD DJIA return 2020 YTD Limited Trade TRI-SIGNAL Predictive return
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Exhibit 15 
 

 
 

Exhibit 16 
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2019 was a bull market and the DJIA was up significantly. Predictive equity by design will select 
fewer stocks than contained within an index. When the majority of stocks are increasing with 
the market, predictive equity return will increase but not as fast due to fewer contributing 
stocks. When the mix of index stocks contains stocks moving up and moving down, predictive 
equity return will be higher than the index. Each situation is seen in Exhibit 17. In the long run, 
predictive equity return will be higher but for short, temporary durations the index return will 
be higher as expected. A fund manager using TRI-SIGNAL is able to avoid drawdowns and have 
returns that match or are higher than the index. It is unlikely the fund manager would perform 
significantly below the index or benchmark.  Predictive equity return used forced 1 trade-day 
duration and an investment manager would let stocks that continued to increase accrue move 
gain. As of Aug. 10, YTD predictive equity return was 12.6% vs YTD DJIA of 10.9%.  
 

 
 

Exhibit 17 
 
The predictive equity distribution has two small point masses  on 0.99 and 0.995 with all other 
mass from 1.0 onwards. Skew to right of 5.12 and large kurtosis pf 55.6 and mean = 1.005. {𝑃𝑃} 
filtering by way of stock selection using predictive rules created 1 large positive outlier that is 
not seen in daily trend distribution. The daily trend distribution for the trade-day of interest 
contained the outlier but had many negative return stocks. See Exhibits 18 and 19. The daily 
trend distribution has slight negative skew with mean = 1.0007 and YTD return of 10.9% 
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Exhibit 18 
 

 
 

Exhibit 19 
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Equity Portfolio Mean-Variance Dominance and Dynamic Diversification 
Optimal portfolio is constructed using predictive rules to identify stocks expected to increase 
and those expected to decrease. We start not from an initial position of holding a diversified 
portfolio rather from a portfolio consisting of 100% cash. Purchasing stocks expected to 
increase using a minimum rule of say at least 3 to 5 or more is referred to as dynamic 
diversification. Funds achieve maximal return efficiency under dynamic diversification at lowest 
risk which enables equity portfolio mean-variance dominance. Buy and hold strategies are 
needed when there is no predictive capability. The downside of buy and hold strategies is up-
front cost and the fact that funds allocated to stocks sacrifice return in order to gain breath of 
trend contribution – good or bad. Dynamic diversification allocates funds only to the set of 
stocks expected to increase which increases likelihood of positive return contribution. 
 
Additional return can be achieved by shorting stocks expected to decrease. By holding cash and 
a portfolio of stocks expected to increase in value 100% investment efficiency is achieved. By 
holding cash, stocks expected to increase and shorting stocks expected to decrease investment 
efficiency in excess of 100% is attainable. 
 
Compounding of Investment Gains 
By design predictive equity analytics seeks to capture short run and long run gains with the 
emphasis on short run. As gains are realized they are used for subsequent investment along 
with any new capital. Re-investment can be net of tax liability or gross with tax liability 
calculated at year end. Availability of compounding of investment realized gains further boosts 
investment efficiency. 
 
Incorporating tax effects as last element hinders investment efficiency since artificially imposed 
holding period durations over which stock price direction prediction is not likely to hold results 
in sub-optimal investment efficiency. 
 
Long run Return Forecasting 
Market consensus of the long run prospects for any stock price can be formed by tracking the 
movement of a stock’s moving geometric average long run mean proxy values. Whenever the 
geometric average exceeds 1.0 and maintains >1.0 for some amount of time, the market 
consensus long run outlook for the stock is price appreciation. The degree of expected 
appreciation is the difference of the moving geometric average minus 1.0. Similarly, whenever 
the moving geometric average is below 1.0 and remains there for some amount of time, the 
market consensus long run outlook for the stock is price drawdown. 
 
Dimensions of  Investment  Efficiency 
Investment efficiency captures the largest gain for smallest amount of risk with many favorable 
opportunities as possible over the shortest future time period with reinvestment of realized 
gains all while maintaining dynamic diversification. TRI-SIGNAL enables all dimensions of 
investment efficiency. 
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Conclusion 
Predictive equity analytics filtering to remove or substantially remove left tail risk results in 
positive returns and avoids drawdowns.  Can a portfolio be crisis proofed? Yes, at no additional 
cost and requiring no additional instruments. We demonstrated that predictive equity analytics 
applied to DJIA and SP500 for 2020 and 2019 avoided drawdowns and reported significantly 
superior results regardless of market conditions. Predictive equity analytics positive filtering 
enables dynamic diversification and puts every dollar to work earning return at reduced risk 
levels. 60%/40% diversification is no longer optimal when using predictive equity analytics. 
Optimal stock selection, timing and bid price are now known prior to market open using 
predictive equity analytics. We showed predictive equity analytics enables mean-variance 
dominance of returns. 
 
Practical applications of predictive equity analytics include hedging for life insurers, pension 
fund yield enhancement, ETF/mutual fund yield boosting and optimal returns for hedge funds.   
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Appendix:  SP500 Index 

 
 

Exhibit 20 

 
Predictive equity analytics 2020 SP500 YTD return thru Aug. 10 was 19.3% vs SP500 Daily 
Return of 2.3%. ( See Exhibit 20.) The predictive equity trend distribution is mean-variance 
dominant (mean = 1.01, stddev= 0.020) over the daily return distribution (mean = 1.0005, 
stddev= 0.026  ). Comparing Exhibits 21 and 22, the positive filtering removed virtually the 
entire left tail except for a single observation of 0.995 with probability 0.07. 
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Exhibit 21 

 
 

 
 

Exhibit 22 
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Left-tail filtering.
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Exhibit 23 

 
 
2019 was a bull market. 2019 SP500 YTD Predictive equity return thru Aug. 12 was 16.3% vs 
SP500 Daily Return of 14.8%. (See Exhibit 23.) Predictive equity filters out stocks by design and 
when stocks are collectively rising, the SP500 index will temporarily outperform predictive 
equity analytic returns as seen in Exhibit 23. Over longer durations, predictive equity is 
expected to outperform the index via filtering out of negative trending stocks. The predictive 
equity trend distribution is mean-variance dominant (mean = 1.004, stddev= 0.008) over the 
daily return distribution (mean = 1.001, stddev= 0.008  ). (See Exhibits 24 and 25.)  
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Exhibit 24 

 
 

 
 

Exhibit 25 
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Appendix: TRI-SIGNAL Modeling Diagnostics 
TRI-SIGNAL modeling performance is reported by 5 independent diagnostics using graphs in 
conjunction with raw accuracy measures: 
 

1. Bounding of stochastic realized daily trend process by next trade-day predicted (max, 
min) trend. 

2. Linear regression: concurrence of predictive power, correlation > 0.80 
3. Time series: plot of realized daily trend versus proxy long run mean track nicely. 
4. Mean-variance: two-dimensional movement in expected return vs standard deviation vs 

realized return demonstrates concurrence or coming correction. 
5. Distributional Evidence: distribution of proxy of long run mean is “similar” to 

distribution of realized daily trend. 
See Exhibits 26 - 31 below. 
 

 
 

Exhibit 26 
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Exhibit 27 
 

 
Exhibit 28 
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Exhibit 29 
 

 
 

Exhibit 30 
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Exhibit 31 
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