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Abstract: This paper contains material that is empirical, and exploratory in nature which is 

collectively referred to as “predictive equity analytics.” Predictive equity analytics’  focus is 

the understanding of equity time-series close return dynamics resulting from point-wise 

deviations of the standard independent and identically distributed “(i.i.d.”) assumption. A 

goal of predictive equity analytics is to measure the effect of point-wise deviation of “i.i.d.”  

Our ML and AI-enabled analysis is underway  building  new  tools to measure time-varying 

dynamics, which lead to new results that are so significant that at this juncture we would like 

to share. The new findings are supported by linear algebra (row space, column space), 

principle component analysis (pca), statistically robust T-tests, and random matrix theory. 

Predictive equity analytics holds the potential to significantly transform many aspects of 

current asset pricing by fundamentally altering the risk return trade-off paradigm. Depth and 

breadth includes  concepts such as the pricing of systemic risk, Q-measure, mutual fund 

theorem, portfolio optimization, efficient frontier,  efficient portfolio static diversification. 

Sharpe ratio and risk aversion.  

Significant findings: 

1) When volatility level is nominal, the eigenvalues and eigenvectors of proxy drift/meu 

𝑝𝑟𝑜𝑥𝑦(µ𝑡
̌ )  and   ∆𝑝𝑟𝑜𝑥𝑦(µ𝑡

̌ ) are predictive statistically with significance(alpha = 0.05, 

0.1) and time varying in intensity for equities, ETFs, mutual funds and target date funds. 

2) Retrospective detection of change-point occurrence in as little  as 1 – 3 trade days using 

new finding that the coefficients for each element of principle eigenvector are 

simultaneous multiplied by “-1” relative to prior measurement indicates change-point 

with 100% accuracy for sufficient differential for equities, ETFs, mutual funds, and target 

date funds. 

3)  When volatility is “heavy or extreme, forecast of a change-point occurrence in next 1 – 3 

trade-days is highly likely  for equities, ETFs, mutual funds, and target date funds. 

Evidence in support only change-point is common  point with forward -time signal set 

and time reversed signal set. We conjecture (3) holds for time reverse principle 

eigenvector. 

Keywords: Predictive  equity analytics,  portfolio optimization, Sharpe ratio, time-varying 

stochastic diffusion with drift, discrete Fokker-Planck approximation. 
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1. Introduction 

Predictive equity analytics, at its core, concerns inference  methods for diffusion processes 

observed at discrete points in time. First attempts focused on the feasibility of creating sufficiently 

accurate discrete approximations using Gaussian distribution assumption. (See Florens-Zmirou, 

D. (1989, 1993).) Research continued along two paths: a) optimal maximum likelihood 

approximation techniques and b) non-parametric techniques. (See Poulsen (1999).) The majority 

of research has since focused on various versions of dispersion coefficient estimation. In this paper, 

we focus attention on and is our main contribution, to the predictive use of a sufficiently accurate 

discrete approximation for the unobservable  µ𝑡, referred to as 𝑝𝑟𝑜𝑥𝑦(µ𝑡)̌  as well as ∆𝑝𝑟𝑜𝑥𝑦(µ𝑡) 

for portfolio  investment purposes.1 

Building on core capabilities, predictive equity analytics seeks to predict change-point 

likely occurrence in next 1 - 3 trade days that has a “buy action” ( expected mean > 1, negative 

skewness) as indicators of 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1) > 0  and if owned, a “sell action” (expected mean < 1, 

positive skewness) as indicators of 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1) < 0. Predictive equity analytics extends 

Markowitz (1952, 1959) (expected return, volatility) to (expected return, volatility, skewness, and 

predictive signals of future 1 – 3 trade day change-point occurrence). One can point to  Wald’s 

theorem which states that a stationary time-series must decompose into a predictable component 

and an unpredictable component must apply to equity close return time- series for the period 

commencing after market close and prior to market open on the next trade day. Also, French and 

Roll 1985, found that variance per unit of time of markets over periods when they exchanges were 

closed is smaller than when open. To my knowledge, no formal proof has been put forward 

asserting impossibility of predicting short-run close return time-series and convincing 

demonstrating it.2  

 
1 Signal set creation of a discrete approximation for the unobservable  µ_t and referred to as 𝑝𝑟𝑜𝑥𝑦(µ𝑡)̌  is 
found at Zanecki (2020, 2021). 
2 Short-run equity close return prediction problem has been characterized as “exceedingly difficult.”  Merton 
(1980, 1992  )points to measurement with error of the drift/meu term as an obstacle since drift/meu Note: 
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Predictive equity analytics at the highest level, is a multi-faceted framework that seeks 

predictive signals in a) close price return series 𝑟𝑡, b) investment factors vector 𝛳𝑡 , c) micro-

economics, and d) macro-economics for all major global exchanges such as NYSE, Nasdaq, TSE, 

LSE, Euronext, etc. See Figure 1. 

The scope of this paper is restricted to uses of private predictive signals for the sign of the 

close return process 𝑟𝑡 for equities, ETFs, and mutual funds. In a future paper, firms with favorable 

private signals are analyzed in terms of  investments factor that best explain the change in sign of 

the favorable return process and using these identified active investment factors other firms are 

identified for possible investment.3  Figure 2 depicts 5 equities (stock, ETF, mutual fund) where 

when favorable sign prediction prior to market open purchase and when unfavorable sign 

prediction prior to market open sell. This process is called dynamic diversification and has 

significantly less risk than static diversification with faster and higher wealth accumulation. 

Market downturns or single equity downturns are predicted in advance and updated daily prior to 

market open each trade day  with accuracy exceeding 95% excluding news events. 

 A natural starting point is the next trade day sign of a time-varying close return process 

which is in the spirits of (Christoffersen and Diebold 2002) and (Kelly, Malamud, and  Zhou 2022 

paper albeit with changes.4  

𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1) = 𝑓(𝛳𝑡) +  Ɛ𝑡+1   (1) 

 
although the drift/meu magnitude is exceedingly small, proxy drift/meu  signals are detectable, time varying 
in intensity and statistically significant. 
3 This is the familiar APT model, only market analytics using machine learning techniques identify likely 
investment factors correlated to the predicted change-point. 
4 This setup is slightly different from Kelly, Malamud, Zhou paper where 𝑅𝑡+1 = 𝑓(𝐺𝑡) + ∊𝑡+1 , 𝐺𝑡  is a vector of 
predictive signals  derived from investment factors and the focus of the paper is complexity and ML focused. 
Our starting point is 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1), 𝑎𝑛𝑑 𝑓(𝛳𝑡), where 𝛳𝑡 is a vector of variables representing investment factors. 
We look for discovery of predictive signals directly from the left-hand side of (1), (𝛺𝑡 , 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1)) as first step 
and in second step use machine learning to identity factors , factor levels and changes in factor levels that 
explain 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1) in the principle component sense using first conditional mean dependence and second 
by variance dependence. The scope of this paper is signal discovery of left-hand side of (1). 
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where 𝛳𝑡 is a vector of variables representing investment factors, 𝑓(⬚) is an unknown continuous 

function that can be approximated by piece-wise linear framework or modeled by a sufficiently 

wide neural network e.g., (Hornik, Stinchcombe, White (1990)). Each factor in 𝛳𝑡is measurable 

and effect on 𝑅𝑡+1 is known or supported by subjective beliefs. So, measure 𝛳𝑡 , then infer effect 

on future 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡+1)  behavior. The analysis typically proceeds in  cross-sectional form focusing 

on the eigenvalues and eigenvectors of the variance-covariance matrix. Predictive equity analytics 

will show that at nominal volatility levels, the eigenvalues and eigen vectors of proxy drift/meu 

are tier 1 predictive and  when volatility is “heavy” the eigenvalues and eigenvectors of variance 

process are tier 1predictive.5 Change-points occur at epochs of heavy volatility and are predicted 

1 – 3 trade days in advance with high reliability. 

Conceptually, predictive equity analytics (PEA)  reverses  (1) by finding the inverse 

function, 𝑓−1(⬚) ,"at a sufficiently sensitive level to be predictive but overall coarse level to 

mitigate any measurement with error effects."  Next, classify 𝑟𝑡 in terms of next trade-day sign 

prediction for each equity time series and then associate first at the firm, then sector, and industry 

levels the set of factors as well as changes in the factor levels that are responsible for the close 

return time-series price behavior.6 In this way, the market points out which factors, factor levels 

and changes in factor levels are relevant which removes subjective opinion and renders the 

process 100% data analytics. As a result, the value of security research is significantly increased 

and also is now focused on “securities on the move” as first order priority and general research 

as a secondary priority. Accuracy assessment moving in each direction provides the fullest 

information set available.7 

 
5 Scope is at single equity level, cross-sectional analysis is out of scope for this  paper. The effect of news 
events subsequent to market close is also out of scope. 
6 There is no pre-conceived list of factors as found in the literature and testing of the standard factor list via 
machine learning would yields new insights. 
7 Predictive equity analytics predicts sets of equities with favorable/unfavorable change-points. Identifying 
the factors, factor levels and change in factor levels is performed by machine learning using neural nets and 
data lakes. In this way predictive equity analytics sharpens the value-add of ML, AI, and data lakes. 
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The inverse function is assumed to be an unknown continuous, time-varying, multi-variate 

function that generates a finite set of signals {𝑺𝒊𝒈𝒏𝒂𝒍𝒕(𝟏), 𝑺𝒊𝒈𝒏𝒂𝒍𝒕(𝟐), 𝑺𝒊𝒈𝒏𝒂𝒍𝒕(𝟑)} against an 

overall noisy background and is private information not known to other investors or the public  

due to complexity, cost and operations resource requirements.  We will refer to time-varying public 

information set, 𝛺𝑡 , which contains both close return time-series and factor information. The 

signal set at time t will be used as a filter to partition the noisy time-varying information set 𝛺𝑡 

into 3 partitions {𝐴𝑡= Poisson point process, 𝐵𝑡= heavy variance point process, 𝐶𝑡= filtered close 

return point process}.8 The noisy time-varying information set 𝛺𝑡 is recovered as {𝐴𝑡𝐵𝑡𝐶𝑡}. The 

framework is applied separately to the close return time-series and to factor investment set 𝛳𝑡. For 

the purposes of this paper, we will focus on the close return process and partitioning and leave the 

investment factors as a future paper. 

The rest of this paper is organized as follows. Sections 2 and 3 introduce more precise 

definitions for time-varying measurement involving signal sets. Section 4 informs of the signal set 

details including 3 x 3 series of matrices and mapping of data points. Section 5 discusses validation 

of the signal sets using random matrix theory, robust t-test, and principle component analysis. 

Section 6 outlines using time-reversed signal set is different from time forward signal set for all 

points except change-points. This is further supported by linear algebra row space and column 

space arguments. Section 7 contrasts single distribution vs matrix 𝐴𝑡𝐵𝑡𝐶𝑡 view of same sample 

data. Section 8 is a refinement to (Christoffersen and Diebold 2002) finding that sign dynamics 

follows from volatility dynamic. Section 9 uses principle component analysis to specify a new 

retrospective test for change-point occurrence. Section 10 gives examples of signal sets for 

selected  ETFs, mutual funds and target date funds include retrospective eigen analysis detection. 

Section  11 considers 9 different input sources that can be used to predict expected return for the 

next trade day distribution. Section 12 describes the discrete approximate Fokker-Planck available 

information and how time 0 signal of highest strength is detected. Section 13 is a refinement to 

 
8 This follows in spirit Merton’s 1971, 1976 and 1980 papers and is also found in Continuous -time Finance, 
chapters 1 – 5. 
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prior findings. Section 14 highlights the impact of introducing predictability into the classic 

riskless and risky asset portfolio allocation. Section 15 Applies predictive equity analytics to fund 

manager portfolio optimization. Relevant extensions are listed in Section 16. Section 17 concludes 

with a summary of discussion and results. In the Appendix are additional stock illustrations and 

robust T-tests. 

  

2.  A More Precise Stationary Distribution Definition 

An augmented stationary distribution concept is needed to address presence or absence of 

predictive signals generated by continuous stochastic process: 

𝑟𝑡 = µ𝑡 + 𝑓(𝜎𝑡
2) +  Ɛ𝑡                                          (2) 

where µ𝑡 represents instantaneous drift/meu and 𝑓(𝜎𝑡
2) instantaneous dispersion/volatility. A 

discrete approximation consisting of a proxy for drift/meu, µ𝑡 and volatility is utilized. The 

framework is needed to address time-varying signals for proxy drift/meu, changes in proxy 

drift/meu level, volatility and stability of maximal eigenvalue and associated eigenvector. The first 

component is filtering of the raw close return process into three components: a) Poisson outlier 

point  process, b) heavy variance, and c) filtered close return process. Each of the three components 

is represented by a 3 x 3 matrix with columns representing thee levels of proxy drift/meu signal 

level (Signal(3)): {Signal(3)<0.95, Signal(3) ∊ [0.95, 0.97], Signal(3)>0.97}. Rows represent three  

levels of change in proxy meu signal level (drift/meu  momentum): {momentum(-), momentum(0), 

momentum(+)}. Volatility is measured by Signal(1) at three levels: {Signal(1)<0.6, Signal(1) ∊ 

[0.6, 0.99], Signal(1)=1} which are referred to as nominal volatility, heavy volatility and Poisson 

outlier point process. The original noisy close return process, 𝐴𝑡𝐵𝑡𝐶𝑡 is recovered as sum of 

matrices:  {𝐴𝑡= Poisson point process, 𝐵𝑡= heavy variance point process, 𝐶𝑡= filtered close return 

point process}. In all there are 27 cells a.k.a. “states” with descriptive statistics: counts, average, 

standard deviation, skewness, kurtosis with drill-down to sample set data points. 
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 Signal(3)<0.95 Signal(3) ∊ 

[0.95, 0.97] 

Signal(3)>0.97 

momentum(+)    

momentum(0)    

momentum(-)    

Figure 3 – Original Noisy Close Return, Matrix 𝐴𝑡𝐵𝑡𝐶𝑡 

 

 Signal(3)<0.95 Signal(3) ∊ 

[0.95, 0.97] 

Signal(3)>0.97 

momentum(+)    

momentum(0)    

momentum(-)    

Figure 4 – Poisson Outlier Point Process, Matrix 𝐴𝑡  

 

 Signal(3)<0.95 Signal(3) ∊ 

[0.95, 0.97] 

Signal(3)>0.97 

momentum(+)    

momentum(0)    

momentum(-)    

     Figure 5 – Heavy Volatility, Matrix 𝐵𝑡 

 

 

 

 

Signal(1) = 1 

Signal(1) ∊ 
[0.6, 0.99] 

Signal(1) ∊ 
[0, 1] 
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 Signal(3)<0.95 Signal(3) ∊ 

[0.95, 0.97] 

Signal(3)>0.97 

momentum(+)    

momentum(0)    

momentum(-)    

   Figure 6 – Filtered Close Return, Matrix 𝐶𝑡 

 

Predictive equity analytics concept of stationary distribution is as follows: an equity close return 

time series such that: 

1. Signal(1) – Volatility < 0.6 for all samples, 

2. Signal(3) – Proxy meu signal strength is unchanging for all samples, 

3. Meu momentum – Change in proxy drift/meu signal strength is unchanging for all 

samples, 

4. the original noisy close return matrix 𝐴𝑡𝐵𝑡𝐶𝑡 = Filtered close return, Matrix 𝐶𝑡 

(Matrices 𝐴𝑡 = 0, 𝐵𝑡=0),  

5. the (
3
2

) row combinations all fail to reject 𝐻0 , no difference in means under robust 

Yuen-Welch T-test,  

6. the (
3
2

) column combinations all fail to reject 𝐻0 , no difference in means under robust 

Yuen-Welch T-test,  

7. the set of eigenvalues (eigen spectrum) is constant for all samples, 

8. and the associated set of eigenvectors is component-wise constant for all samples. 

Succinctly said, “the predictive equity analytics framework produced no new additional predictive 

information to the original equity close return time-series.” This referred to “predictive equity 

analytics graceful fallback to standard  theory property." 

Signal(1) < 0.6 
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Additionally, if the set of original data points is retained but the order altered even by 1 

transposition the signal set {(𝑠𝑖𝑔𝑛𝑎𝑙𝑡(1),  𝑠𝑖𝑔𝑛𝑎𝑙𝑡(2), 𝑠𝑖𝑔𝑛𝑎𝑙𝑡(3))} would require regeneration 

starting at point in time of the earliest of the two transposed data points and for all subsequent 

points. If any set of original data points is excluded, the original signal set 

{(𝑠𝑖𝑔𝑛𝑎𝑙𝑡(1), 𝑠𝑖𝑔𝑛𝑎𝑙𝑡(2), 𝑠𝑖𝑔𝑛𝑎𝑙𝑡(3))} is predictively uninformative to the transformed original 

data set. In this sense, predictive equity analytics is “rather precise” and sets it apart from 

distributional or time series which are informative even if have missing or transformed points at 

sufficiently low levels. 

3. Quantifying Independent and Identically Distributed 

Assumption on Sample Data 

 
Our focus is on testing identically distributed and assume independence. We will 

characterize identically distributed to mean that matrix 𝐴𝑡𝐵𝑡𝐶𝑡 = matrix 𝐶𝑡 and perform robust 

Yuen-Welch T-tests for all ( 
9 
2

) cell combinations +  ( 
3
2

 ) row combinations + ( 
3 
2

) row 

combinations + ( 
6 
2

) row vs column combinations + 6 total matrix vs columns and rows = 54 and 

neglect the remaining combinations since that will be of lower magnitude. Ideally  identically 

distributed means that all robust T-tests failed to reject null hypothesis 𝐻0: means are similar or 

were not performed pairwise due to insufficient data, but it is sufficient that all row combinations 

and all column combinations fail to reject the null hypothesis. 

 

4. Signal Set Description and Generation 

We desire to discover the existence of predictive signals for the sign of the discrete 

approximation to the standard continuous stochastic diffusion: 

𝑠𝑖𝑔𝑛𝑡(𝑟𝑡) =  µ𝑡 + ℎ(𝜎𝑡
2)   (3) 
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commencing just after exchange close through just prior to market open of the subsequent trade 

day. This is the only epoch available to apply Wald’s Theorem for a slowly evolving or semi-

stationary/stationary time-series combined with French and Roll (1980) low variance while 

exchange is closed observation. If Wald’s predictive component can be calculated in sufficient time 

to act prior to subsequent exchange open, then a dominating investment strategy with comparative 

advantage is created with superior returns and mitigated risk e.g., significantly higher Sharpe 

ratios. If successful, we would then proceed to the creation of discrete, time-varying Fokker-Planck 

approximation. 

The critical issue centers on the concept of the “standard finding of conditional mean 

independence and validity thereof.”  The standard finding of variance conditional mean 

dependence is assumed. We find that conditional mean behavior using  𝑝𝑟𝑜𝑥𝑦(µ𝑡)̌   is dynamic, 

at times independent and at other times dependent with light intensity or dependent with 

significant intensity. Now, we seek a proxy µ𝑡̌ for the unobservable µ𝑡 based on  µ𝑡̌ = 𝑀(µ𝑡). We 

are hoping for the existence of a discrete linear algebra transform upon a sufficiently slowly 

evolving / semi-stationary close return time series. Said another way, we do know of the 

existence of a discrete approximation to the Fokker-Planck equation? Answer: ”yes. See Lo 

(1988).” 

Now a significant new insight, the proxy µ𝑡̌ and variance are used in a classification data 

tagging framework that allows complete mapping of each data point to a unique state space 

spanned by {𝐴𝑡= Poisson point process, 𝐵𝑡= heavy variance point process, 𝐶𝑡= filtered close 

return point process}. The mapping will consist of twenty-seven unique states derived from a 

base class of 9 base states and further refined by 2 additional states of variance: heavy and 

Poisson point process. Visually we have a 3D filter in the form of 3 x 3 x 3 cube. See Figure 7. 

What follows concerns measurability of the proxy µ𝑡̌ which is of exceedingly small 

magnitude with an error in measurement issue. The second new insight is intentionally making 

coarse partitions to mitigate measurement error but sufficiently predictive for each of the three 
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levels in each of the planes. This was also necessitated by the need to control the number of 

states to a manageable number. In trying for ever more precise measurement of proxy µ𝑡̌, the 

state space expands as the square for the probability transition matrices. Moreover, as the number 

of states increases the matrix becomes sparse. Through clever ordering of states, collapsing from 

sparse matrix to a dense full rank matrix is utilized. 

Sample size was motivated by considerations of 27 unique collapsed states and option pricing 

horizons which typically are 60 trade days, so a 60 trade-day sliding window is utilized starting 

from t - 120 which means 121 tagged data points with daily update of most distant close return 

rolling off and t = 0 close return rolling on. 

Our interest lies in conducting analysis of the combined signal plus noise view which consists of 

{𝐴𝑡𝐵𝑡𝐶𝑡} versus filtered signal view {𝐶𝑡} caused by combined  variance matrix 𝐴𝑡𝐵𝑡.  

 

 

Figure 8 

Apple (AAPL) 120 trade days ending 8/16/2024 matrix filtering representation of original time-series counts and average 

trends with 120 and sliding 60 trade day window. The original series(signal + noise) is label ABC and shown as first entry 

on left. Filtered close return is label matrix C and is the middle entry. Combined Poisson point process  matrix A and heavy 

variance matrix B is show on right hand side. 
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Figure 8 (continued) 

Apple (AAPL) 120 trade days ending 8/16/2024 matrix filtering representation of original time-series counts and average 

trends with 120 and sliding 60 trade day window. The original series(signal + noise) is label ABC and shown as first entry 

on left. Filtered close return is label matrix C and is the middle entry. Combined Poisson point process  matrix A and heavy 

variance matrix B are show on right hand side. 

5. Signal Set Validation 

How do you determine if the {volatility, proxy µ𝑡̌, ∆proxy µ𝑡̌} is valid? The first thing to 

note is that each of the 60 or 120 trade day data points is mapped into one of the 27 state spaces. 

Using a view from the top of our 3 x 3 x 3 cube we view the time series {𝐴𝑡𝐵𝑡𝐶𝑡} in two 

dimensions (  proxy µ𝑡̌, ∆proxy µ𝑡̌ ). We know the mapping is bijective and a matrix with non-

zero determinant is the result. For each state space (cell), we can calculate all the descriptive 

statistics such as counts, average, standard deviation, skewness, and kurtosis provided sufficient 

sample size. A first test is visual inspection and seeks to answer the question, “is there a coherent, 

persistent structure to the matrices?” Answer: “yes,” there is definite structural pattern around 

column(1) and also around row(1) for all time offsets. A second test would assess the presence of 

a random matrix which uses the spacing between eigenvalues and is known as Wigner’s surmise. 

Eigenvalues of a random matrix repel each other. We find no evidence of eigenvalue repulsion. 

Moreover, a series of random matrices would not have a similar maximal eigenvalue and 

eigenvector in common across five iterations. See Figure 9. 
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The third test is a robust Student T-test where care is taken to adjust for outliers and 

check normality assumptions. A Yuen-Welch with Tukey outlier removal was implemented at 

significance levels 0.10 and 0.05. We apply the robust T-test to the rows and columns: all row 

combinations taken 2 at a time, all column combinations taken 2 at a time. The robust T-test is 

performed on the sliding 60 trade day window for offsets { t-60, t-40, t-10, t-5, t-3, t-2, t-1} and 

well as for complete 120 trade day sample set. The results conclusively support the filtering 

using {proxy µ𝑡̌, ∆proxy µ𝑡̌} for {𝐴𝑡 , 𝐵𝑡 , 𝐶𝑡} and { 𝐶𝑡} produces row states with statistically 

different means for at least 1 out of 3 trials and likewise produces column states with statistically 

different means for at least 1 out of 3 trials. (See Tables 1,2 with time offset 20 and Tables 3,4 

with time offset 10.). This is evidence in support of 𝑟𝑡 and  𝑠𝑖𝑔𝑛𝑡(𝑟𝑡+1) conditional dependence 

proxy µ𝑡̌, ∆proxy µ𝑡̌ which means 𝑠𝑖𝑔𝑛𝑡(𝑟𝑡+1) is statistically predictable under Wald’s Theorem. 

Moreover, the signals vary over the rows and columns as we slide through the 60-trade day  

window. The same holds true for filtered signal {𝐶𝑡} 60- trade day sliding matrices. See Figures 

10 and 11. 

Lastly, we found that the process is a balancing act. If the coarse thresholds are not 

appropriate you tend to have matrices that barely reject the random matrix test, have significantly 

varying maximal eigenvalues, and fail the robust T-tests for all time offsets. If you have too many 

states, the result will be spare matrices with determinant = 0 and usually not enough data to perform 

meaning statistical tests since the state space is larger than the sample size. This modeling 

balancing effect finding is significant in and of itself. 

Of note, predictive equity analytics possess a graceful fallback in that should no new 

additional information be revealed therefore all combinations of Yuen-Welch T-test are not 

significant , and fallback process is to revert to standard time series and distribution theory using 

any cell statistics since they have no significant statistical difference. 
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Predictive equity analytics is not limited to Apple(AAPL) and has been implemented for U.S. 

exchanges covering 11,000+ symbols since July 2018. Predictive equity data sets available prior 

to market open each trade day by symbol count include: 

- Equity:   3,650 

- ETFs:     2,100 

- Mutual Funds:  5,600 

- Total:     11,000+ 

Only equity symbols that have significant degree of structure for predictability purposes are 

included in daily prior to market open data sets. There are many stocks (low volume or illiquid  

and not included in any index) which are processed and fail to have persistent structure suitable 

for predictability. For instance, the starting US equity file symbol count is 6,000 of which only 

3,650 (60.8%) have significant persistent predictive structure. Mutual funds enjoy 93.3% 

significant persistent structure for prediction, ETFs have 70% persistent predictable structure. 
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Table 1 

AAPL Matrix ABC 120 Trade-day and sliding 60 Trade-day windows at time offsets{t-60, t-40, t-20, t-0} showing 

time-varying significant robust T-tests.  
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Table 2 

AAPL Matrix C 120 Trade-day and sliding 60 Trade-day windows at time offsets{t-60, t-40, t-20, t-0} showing time-

varying significant robust T-tests.  
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Table 3 

AAPL Matrix ABC 120 Trade-day and sliding 60 Trade-day windows at time offsets{t-30, t-20, t-10, t-0} showing 

time-varying significant robust T-tests. 
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Table 4 

AAPL Matrix C 120 Trade-day and sliding 60 Trade-day windows at time offsets{t-30, t-20, t-10, t-0} showing time-

varying significant robust T-tests. 
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The above argument strongly supports predictive equity analytics new findings that predictive 

signals exist and are significant for sign(conditional mean), conditional mean as well as for 

conditional variance. 

6. Sample Data Signal Set, Time Reversibility and Change-

Point Detection 

 
Significant new finding: the Signal set {(𝑠𝑖𝑔𝑛𝑎𝑙𝑡(1), 𝑠𝑖𝑔𝑛𝑎𝑙𝑡(2), 𝑠𝑖𝑔𝑛𝑎𝑙𝑡(3))} moving 

forward in time differs from reversing in time signal set 

{(𝑠𝑖𝑔𝑛𝑎𝑙−𝑡(1), 𝑠𝑖𝑔𝑛𝑎𝑙−𝑡(2), 𝑠𝑖𝑔𝑛𝑎𝑙−𝑡(3))} which is expected since the time reversed close 

return equity time series is the mirror image of the forward in time close return equity time series 

for all points except change-point occurrence. Later in the paper we show that retrospective 

change-point confirmation is shown definitely by the simultaneous -1 multiplication of all 

principle  eigenvector coefficients relative to prior measurement, we conjecture that time reversal 

principle eigenvectors likewise displays simultaneous  -1 multiplication of all principle  its 

eigenvector coefficients measure relative to most recent prior measurement. We know that the 60 

trade-day sliding window at offset t-1 rolls the most distant in time point off and rolls on the 

most recent for both moving forward in time and time reversal. From linear algebra there are 

only three types of movement: a) within row space, b) within column space, and c) using both 

row and column. This is further strong support that {volatility, proxy µ𝑡̌, ∆proxy µ𝑡̌} are 

predictive of change-point likely occurrence in next 1- 3 trade days. 

 



 
 

Figure 9 

Using AAPL average trends matrix series, the eigenvalue and eigen vectors are displayed for all sliding window offsets as well 

as static 120 trade day matrix. Note complex valued eigenvalues are displayed and must occur as conjugate pairs. The stability 

of the maximal eigenvalue and associated eigenvector for matrix ABC and for matrix C series is undeniable. There is no 

evidence of eigenvalue repulsion. 

Figure 10 

robust t-tests at significance level = 0.10 for APPL matrix series ABC and matrix series C are displayed. For ABC matrix series 

there were at least 2 pairs of tests which rejected null hypothesis of similar distributions  (shaded green). For filtered close return 

matrix series C, all but t-40 and t-60 have at least 1 significant test result. This is evidence in support of rejection of the 

assumption of independence and identically distributed (iid). 
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Figure 11 

Robust t-tests at significance level = 0.50 for APPL matrix series ABC and matrix series C are displayed. For ABC 

matrix series there were at least 1  test which rejected null hypothesis of similar distributions  (shaded green) except 

for t-60. For filtered close return matrix series C, 120 trade day, , t-40 and t-60 failed to have at  least 1 significant t-

test result. However, comparing t-40 to t- 60 there was a change-point in col(1) and a robust t-test performed over the 

joint matrices would have at least 1 or more significant tests. This is evidence in support of rejection of the assumption 

of independence and identically distributed (iid). 

 

7. Comparing Predictive Equity Analytics view to Standard 

Time-series/Distributional view 

Predictive equity analytics applied to original noisy close return process 𝐴𝑡𝐵𝑡𝐶𝑡 and to 𝐶𝑡 

is visually compared in Figures 13 – 19. Traditional time-series and descriptive distributional 

graphs are illustrated in Figures 13,14 where a single distribution is assumed. This is contrasted 

with predictive equity analytics noisy signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡 representing an amalgamation of 27 

state spaces into a 3 x 3 matrix with 9 combined state spaces with color coding of close return 

correlation by columns to Signal(3) level in Figure 15. There is a definitive correlation of APPL 



-22- 
 

close return price series up-behavior to a) epoch persistent Proxy Drift/meu signal(3) > 0.97 or b) 

presence of short epoch of Heavy Volatility matrix 𝐴𝑡𝐵𝑡. Changes in Proxy Drift/meu (meu 

momentum) depicted in Figure 17 are not as strong as Proxy Drift/meu signal(3) level. Prospective 

likely change-point occurrence is correlated with Heavy Volatility matrix 𝐴𝑡𝐵𝑡 signal(1) > 0.7 as 

shown in Figure 18. Figure 19 graphically depicts Predictive Equity Analytics new finding: 

retrospective detection in shortest amount of time of change-point occurrence using maximal 

eigenvalue and associated eigenvector analysis. The maximal eigenvalue varies little, but the 

coefficients of the associated eigenvectors are simultaneously multiplied by -1. See Figure 12. 

Significant T-test results are found in Figure 20. 

Figure 12 

AAPL 120 Trade-day ending 8/15/2024 Stock Price and Close Return time-series maximal eigenvalue and associated eigenvector 

analysis sheet. Predictive Equity Analytics NEW Findings: retrospective change-point detection occurs with “flipping of sign 

for each eigenvector coefficient relative to prior measurement.”  Presence of 𝐴𝑡𝐵𝑡 volatility alters the point in time of 

retrospective change-point detection as seen in filtered close return matrix 𝐶𝑡 as compared with noisy signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡.  
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The time-varying dynamics are fairly complex and range from high correlation to Proxy 

Drift/meu signal(3) level and low volatility 𝐴𝑡𝐵𝑡occurence which was the case from 2/25/2024 

thru 6/5/2024 with subsequent shift to Change in Proxy Drift/meu (meu momentum) and 

volatility 𝐴𝑡𝐵𝑡greater occurrence and a small intensity increase for trade dates starting 

6/20/2024.  

 

Figure 20 

 
Predictive Equity Analytics: AAPL  120 Trade-day ending 8/15/2024 60 Trade-day sliding window at offsets t-60, t – 40, t -20 

and t-0. Predictive Equity Analytics NEW finding: time-varying Proxy Drift/meu Signal(3) level and Change in Proxy Drift/meu 

(meu momentum) using robust Yeun-Welch T-tests at significance levels 0.05 and 0.1. Also depicted is effect on T-test of 

inclusion of volatility matrix 𝐴𝑡𝐵𝑡 by contrasting results for noisy signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡 on the left with filtered close return 

matrix 𝐶𝑡. Starting at t-60, noisy signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡 has  Signal(3) columns with different means and morphs   over to time  to 

having Signal(3) and meu momentum (rows) with different means. Starting at t-60, filtered signal matrix 𝐶𝑡  has no significant 

column nor row effects and by t-20, there are both significant column and significant row effects.  
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8. Prospective Predictive Signals for 𝑺𝒊𝒈𝒏𝒕(𝑹𝒕+𝟏) 

For each coming trade-day, 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡) prediction is a weighted combination consisting of 

the current state, row level descriptive statistics, column level descriptive statistics, presence of 

heavy or Poisson outlier, 52-week boundary and which signal dominates the Fokker-Planck time 

dimension approximation at time 0.  Using the mean and standard deviation and the same basis an 

estimate of the complete return distribution is available including expected value. 

Optimally using 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡), we are interested in earliest prospective detection of a favorable future 

1 - 2 - 3 trade day change-point for an equity not currently owned. For owned equities we are 

interested in earliest possible future 1 - 2 - 3 trade day detection of unfavorable  change-point. If 

shorting is not ruled out, then short, predicted assets with unfavorable change points. 

Volatility signal is also used since when volatility spikes and clusters, the 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡) < 0 with 

100% accuracy this is correlated to 𝑆𝑖𝑔𝑛𝑎𝑙𝑡(1) with remarkably high significance. Signal(1) levels 

exceeding 80% predict future change-point occurrence is very, very probable. 

Predictive equity analytics revises (Christoffersen and Diebold 2002) finding that sign dynamics 

follows from volatility dynamics to “when volatility is high, this is sufficient for 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡) 

prediction, when volatility is nominal,  𝑠𝑖𝑔𝑛𝑡(𝑅𝑡) prediction follows conditional mean dependence 

of 𝑝𝑟𝑜𝑥𝑦̌(µ𝑡).” 

 

9. Earliest Possible Retrospective Change-Point 

Detection/Prospective Confirmation 

One of predictive equity analytics’ new findings is change-point detection with 100% 

accuracy in as little as 1 trade day. Using principle component analysis applied to each of the 

sliding windows matrices we found that retrospective change-points are detected by a unique 

pattern in that the signs of the coefficients of the principle eigenvector will all simultaneously be 

multiplied by ”-1” while the maximal eigenvalue did vary that much. Where the maximal 

eigenvalue varied, the eigenvector also varied. These two tests, when combined and time 

reversibility detection of change-point, renders predictive equity analytics retrospective and 

prospective almost surly 100% accurate. 
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When the matrix rows and columns have statistically significantly different means the change in 

current state from prior state is observed as moving among the rows or column or both via moving 

along  the diagonal or a pure jump from prior state to current state. 

A third confirming view of retrospective change point is found in discrete Fokker-Planck 

approximation in the time dimension where a signal change has occurred, or the signal average 

intensity x signal probability has degraded. 

In Figure 22 we see predictive signal(1)s: On July 12, 2024, Signal(1) level is 0.80 which is 

seldom seen. When combined with Signal(3) a significant drop from prior level is 98%+ for 

prospective change-point prediction. Retrospectively, the change point was detected on July 19, 

2024, after exchange close. On August 5, 2024, signal(1) spiked indicating a change-point. This 

was retrospective confirmed with eigen change point detection in Fokker-Planck state space  

recorded on August 5, 2024, and August 9, 2024. See Figure 23. 

Figure 23 

 
Predictive equity analytics new finding: discrete  Fokker-Planck time dimension detects change-points across   𝑝𝑟𝑜𝑥𝑦(µ𝑡̌)  

signal levels. Shown above multiple simultaneous change-points are taking place in the neighborhood/recent close to t = 0. 
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10. Predictive Equity Analytics Proxy Drift/meu Signal(3) and 

Change in Proxy Drift/meu (meu momentum) for ETFs, Mutual 

Funds and Target Date Funds 
 

Do predictive signals exist for ETFS, mutual funds, and target date funds? In this section, 

predictive equity analytic signals are generated and briefly discussed for ETF: Invesco QQQ, 

mutual fund: Fidelity FCNTX -Contra Fund, mutual fund: Fidelity FCPVX – Small Cap. Value 

Fund, and target date fund: Fidelity FIJOX (2035 class Z).  

 

Invesco QQQ 

QQQ has strong change-point prediction correlation with Signal(1) > 0.90 level. Signal(3) level is 

also predictive in that the closer to level 1 and the greater the time spent at or near level 1, the 

stock price time-series increases, as illustrated in Figure 24. 

  

Retrospective change-points confirmed by eigen analysis are illustrated in Figure 25. Predictive 

equity analytics optimal timing was purchase on 6/7/2024 @ $463.53 and sell on 7/15/2024 @ 

$491.93 for a gross return of 6.12%. Purchase on 8/8/2024 @ $446.07, with retrospective 

change-point confirmation made on 8/9/2024. All predictive signals are prior to market open. 

Time-varying statistically significant robust T-tests using sliding 60 trade-day window for offsets 

{t-60, t-40, t-20, t-0} are located in Figure 26. 

Fidelity FCNTX – Contra Fund 

FCNTX has strong change-point prediction correlation with Signal(1) > 0.80 level. Signal(3) level 

is also predictive in that the closer to level 1 and the greater the time spent at or near level 1, the 

stock price time-series increases. See Figure 27. 

Retrospective change-points confirmed by eigen analysis are illustrated in Figure 28. Predictive 

equity analytics optimal timing was purchase on 4/29/2024 @ $18.35 and sell on 7/8/2024 @ 

$20.71 for a gross return of 12.86%. Purchase on 8/9/2024 @ $19.55, with retrospective change-

point confirmation made on 8/9/2024. All predictive signals are prior to market open. Time-

varying statistically significant robust T-tests using sliding 60 trade-day window for offsets {t-15, 

t-10, t-5, t-0} are located in Figure 29.  
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Fidelity mutual fund FCPVX – Small Cap Value Fund 

FCPVX is 100% has strong change-point prediction correlation with Signal(1) >= 0.65 level. 

Signal(3) level is also predictive in that the closer to level 1 and the greater the time spent at or 

near level 1, the stock price time-series increases. See Figure 30. 

Retrospective change-points confirmed by eigen analysis are illustrated in Figure 31. Predictive 

equity analytics optimal timing was sell on 4/11/2024 @ $20.17,  purchase on 4/22/2024 @ 

$17.90 and sell on 5/20/2024 @ $20.64 for a gross return of 15.30%. Purchase on 6/5/24 @ 

$19.83, followed by sell on 8/1/2024 @ $21.37 for a gross return of   7.76%. Purchase on 

8/8/2024 @ $20.39 with retrospective change-point confirmation made on 8/9/2024. All 

predictive signals are prior to market open. Time-varying statistically significant robust T-tests 

using sliding 60 trade-day window for offsets {t-60, t-40, t-20, t-0} are located in Figure 32. 

Fidelity FIJOX (2035 class Z) 

FCNTX s 100% Proxy Drift/meu signal(s) > 0.97 and has strong change-point prediction 

correlation with Signal(1) >= 0.70 level which is due to change in meu momentum. Signal(3) level 

is also predictive in that the closer to level 1 and the greater the time spent at or near level 1, the 

stock price time-series increases. See Figure 33. 

No retrospective change-points were confirmed by eigen analysis and are illustrated in 

Figure 34. This is likely due to close price is narrow[$14.00, 15.00] Predictive equity analytics 

optimal timing was purchase on 4/15/2024 @ $14.07 and sell on 7/29/2024 @ $14.72 for a gross 

return of 4.61%. Purchase on 8/12/2024 @ $14.60 and hold through 8/16/2024. All predictive 

signals are prior to market open. Time-varying statistically significant robust T-tests using sliding 

60 trade-day window for offsets {t-60, t-40, t-20, t-0} are located in Figure 35. 

 

  



-28- 
 

11. Next Trade Day Close Return Distribution Estimation 

Prior to market open, predictive equity analytics is able to develop a forecast of return 

distribution by polling available metrics. Starting at the micro-level, we have two sets of inputs: 

noisy signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡 and filtered close return process matrix 𝐶𝑡. For each input we start at 

the current state space with descriptive statistics: mean, standard deviation, skewness, and 

kurtosis. The next level consists of Proxy Drift/meu signal(3) level (column effect) descriptive 

statistics and Change in Proxy Drift/meu signal(3) (meu momentum) (row effect) descriptive 

statistics. The highest aggregate level is noisy signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡 and filtered close return 

process matrix 𝐶𝑡. There is also a machine learning based next trade-day high and low range. In 

all there are 9 separate inputs available for weighting to form an estimate of the next trade day 

return distribution. 

At time 0, Friday August 16, 2024, the collapsed state is 23 which is contained noisy 

signal matrix 𝐴𝑡𝐵𝑡𝐶𝑡in filtered close return matrix 𝐶𝑡  (nominal variance) at middle row (no 

momentum), last column (high signal). We have 10 inputs to derive expected return and return 

distribution. 

Matrix ABC State 23 

Matrix C State 23 

mean 1.0051 

stddev 0.0095 

skewness 0.1928 

kurt -0.2547 

 

From 60 trade-day,  t=0 matrix 𝐴𝑡𝐵𝑡𝐶𝑡 row statistics: 

mean 1.0051 

stddev 0.0181 

skewness 1.3960 

kurt 5.4786 

 

From 60 trade-day,  t=0 matrix 𝐴𝑡𝐵𝑡𝐶𝑡 column statistics: 

mean 1.0046 

stddev 0.0102 

skewness -0.6990 
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kurt 0.0169 

 

From 60 trade-day,  t=0 matrix 𝐶𝑡 row statistics: 

mean 1.0040 

stddev 0.0188 

skewness 1.5590 

kurt 5.9698 

 

From 60 trade-day,  t=0 matrix 𝐶𝑡 column statistics: 

mean 1.0037 

stddev 0.0106 

skewness -0.6134 

kurt -0.2139 

 

From 60 trade-day,  t=0 matrix 𝐴𝑡𝐵𝑡𝐶𝑡 statistics: 

mean 1.0028 

stddev 0.0175 

skewness 0.4373 

kurt 3.9217 

 

From 60 trade-day,  t=0 matrix 𝐶𝑡 statistics: 

mean 1.0033 

stddev 0.0170 

skewness 1.0832 

kurt 4.6978 

 

From machine learning: 

High  $229.03   1.0131 

Low  $223.65   0.9893 

 

Fokker-Planck Approximation Time Dimension 

matrix 𝐴𝑡𝐵𝑡𝐶𝑡 medium signal    1.0083 

matrix 𝐶𝑡 medium signal        1.0078  
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12. Discrete Fokker-Planck Approximation with Poisson Jumps 

The sliding 60 trade-day matrix 𝐴𝑡𝐵𝑡𝐶𝑡 and matrix 𝐶𝑡 at offsets t-60, t-40, t-20, t-15, t-10, 

t-5, t-3, t-2, t-1 can partition to 𝑝𝑟𝑜𝑥𝑦 𝑠𝑖𝑔𝑛𝑎𝑙𝑡(3) over time by forming 3 x 3 matrices for each 

of the signals over the time dimension. Eigen analysis for principle eigenvector and change-point 

testing is conducted in the usual manner. By comparing results derived from matrix 𝐴𝑡𝐵𝑡𝐶𝑡 as 

compared to filtered close return matrix 𝐶𝑡, the effect of heavy variance and Poisson outliers may 

be estimated. As we move in time from distant to current time 0, we can deduce at  t= 0 the 

dominant signal using principle component analysis techniques and use the associated 

descriptive statistics as basis for return distribution forecast. Using the right-hand cross product 

rule an estimate of the average height is available and thus changes over time are recorded. When 

the estimated height decreases (increases), we know the state dimension curvature must decrease 

(increase). This is in contrast with Lo 1988, numerically solving Fokker-Planck partial 

differential equation or simulating a large number of paths. (See Pedersen 1995). 

 

13. Time-Varying Conditional Skewness and Kurtosis 

Predictive equity analytics confirms (Christoffersen and Diebold 2002),finding that 

predictability of  𝑠𝑖𝑔𝑛𝑡(𝑅𝑡) is related to time-varying skewness and kurtosis and points to drivers 

{proxy µ𝑡̌, ∆proxy µ𝑡̌} when volatility is elevated. When volatility is nominal then 𝑠𝑖𝑔𝑛𝑡(𝑅𝑡) 

predictable using {proxy µ𝑡̌, ∆proxy µ𝑡̌}. 

 

 

14. Implications for Optimal Consumer Asset Allocation 

What are the implications to an individual investor of using predictive equity analytics on 

the standard two assets, one risky and other riskless asset allocation. Using Ingersoll’s (1987),  p 

125 presentation as a starting point. 

For CRRA utility, 𝑣(𝑟) =  
(1 + 𝑟)1−𝛾

(1 −  𝛾)⁄  and 𝑏𝑛 =  (−1)𝑛−1(𝑛!)−1𝛾(𝛾 + 1). . (𝛾 + 𝑛 −

2), for 𝑛 ≥ 2.  There are two assets, a risk-free asset with return 𝑅𝑓𝑡
= 1 + 𝑟𝑓𝑡

𝑡 and a risky asset 
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with drift and gross returns 𝐻𝑡 and 𝐿𝑡 with probabilities 𝜋𝐻𝑡
 and 𝜋𝐿𝑡

. Define net realized rate of 

returns in excess of the risk-free rate and moments as follows: 

𝑥𝐻𝑡
≡  𝐻𝑡 −  𝑅𝑓𝑡

=  (µ𝑡 −  𝑟𝑓𝑡
)𝑡 + 𝜎𝑡√𝜋𝐿𝑡

𝑡 𝜋𝐻𝑡
⁄  and 

𝑥𝐿𝑡
≡  𝐿𝑡 − 𝑅𝑓𝑡

=  (µ𝑡 − 𝑟𝑓𝑡
)𝑡 − 𝜎𝑡√𝜋𝐻𝑡

𝑡 𝜋𝐿𝑡
⁄  

𝑥𝑡𝑡 = 𝐸𝑡[𝑥𝑡̃] =  𝜋𝐻𝑡 𝑥𝐻𝑡
+  𝜋𝐿𝑡 𝑥𝐿𝑡

 

𝜎𝑡
2𝑡 = 𝑣𝑎𝑟[𝑥𝑡̃] = 𝜋𝐻𝑡 𝜎𝑡

2  (
𝜋𝐿𝑡

𝜋𝐻𝑡

) 𝑡 + 𝜋𝐿𝑡 𝜎𝑡
2  (

𝜋𝐻𝑡

𝜋𝐿𝑡

) 

𝐸𝑡[(𝑥𝑡̃ −  𝑥𝑡𝑡)𝑛] =  𝜋𝐻𝑡 𝜎𝑡
𝑛 (

𝜋𝐿𝑡

𝜋𝐻𝑡

)

𝑛 2⁄

𝑡𝑛 2⁄ + 𝜋𝐿𝑡 (−𝜎𝑡)𝑛𝜎𝑡
𝑛 (

𝜋𝐻𝑡

𝜋𝐿𝑡

)

𝑛 2⁄

𝑡𝑛 2⁄   

=  𝜎𝑡
𝑛𝑡𝑛 2⁄ (𝜋𝐻𝑡

𝜋𝐿𝑡
)

1−(𝑛 2⁄ )
[𝜋𝐿𝑡

𝑛−1 +  (−1)𝑛𝜋𝐻𝑡

𝑛−1] =  ѡ𝑛
𝑥𝑡𝑛 2⁄  

where ѡ𝑛
𝑥 =  𝜎𝑡

𝑛(𝜋𝐻𝑡
𝜋𝐿𝑡

)
1−(𝑛 2⁄ )

[𝜋𝐿𝑡

𝑛−1 +  (−1)𝑛𝜋𝐻𝑡

𝑛−1] 

 

At beginning of time period 𝑡, the portfolio holds the fraction 𝑤𝑡 of the risky asset and (1 − 𝑤𝑡) 

of the risky asset. The portfolio time 𝑡 expected rate of return is 

[(1 − 𝑤𝑡)𝑟𝑓𝑡
+  𝑤𝑡(µ𝑡 −  𝑟𝑓𝑡

)]𝑡 

with portfolio higher moments or order 𝑛 defined by 𝑤𝑡
𝑛ѡ𝑛

𝑥𝑡𝑛 2⁄ . 

First order condition satisfies 

𝜋𝐻𝑡
[(𝑊0 − 𝑐0)[𝑤𝑡𝐻𝑡 + (1 − 𝑤𝑡)𝑅𝑓𝑡

]]
−𝛾

(𝐻𝑡 − 𝑅𝑓𝑡
)

+ 𝜋𝐿𝑡
[(𝑊0 − 𝑐0)[𝑤𝑡𝐿𝑡 + (1 − 𝑤𝑡)𝑅𝑓𝑡

]]
−𝛾

(𝐿𝑡 − 𝑅𝑓𝑡
) = 0 

 

The exact time 𝒕 optimal portfolio risky asset weight  
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𝑤𝑡
∗ =  𝑅𝑓𝑡

[𝜋𝐿𝑡 (𝑅𝑓𝑡
− 𝐿𝑡)]

(−1 𝛾⁄ )
− [𝜋𝐻𝑡 (𝐻𝑡 −  𝑅𝑓𝑡

)]
(−1 𝛾⁄ )

 

𝜋𝐻𝑡

−1 𝛾⁄
⌊𝐻𝑡 −  𝑅𝑓𝑡

⌋
1−(1 𝛾⁄ )

+   𝜋𝐿𝑡

−1 𝛾⁄
[𝑅𝑓𝑡

− 𝐿𝑡]
1−(1 𝛾⁄ )

 

With the benefit of predictive equity analytics, the individual investor’s risky asset weighting is 

significantly increased as contrasted to the standard optimal risky weight. The asset allocation with 

the aid of predictive equity analytics affects the optimal weighting in many ways:  

1) Increased probability of 𝜋𝐻𝑡
 

2) Increase gross return 𝐻𝑡 

3) Decrease probability of 𝜋𝐿𝑡
 

4) Decrease gross return 𝐿𝑡 

5) Prospective prediction of future change-point 

6) Retrospective change-point confirmation in 1 to 3 trade days 

7) Introduction of re-investment compounding 

 

This is illustrated in  Figures 15-18. Scanning for initial favorable change-point occurs just 

prior to 5/29/2024 equity price approximately $190 and ABC, C and AB matrices report average 

trend > 1.003 for the first time. Using this predictive information starting 5/31/2024 through 

7/25/2024 the investor would buy more AAPL stock. Starting with 7/26/2024, the investor would 

decrease weight or liquidate position as the average return of matrix AB is now below 1.003. A 

change-point occurred on 7/19/2024 with price approximately $225 this was reinforcing signal. 

Return = 1.184 = 225/190 for 36 trade days is an exceptionally good return. See Figures 15-18. On 

8/5/2024, Signal(1) spiked indicating coming change-point price is $209 change-point eigenvalue 

confirmation is on 8/9/2024. On 8/16/2024 there is another change-point retrospective detection 

which means liquidate position at price =  $226 for return  of  1.081 = 226/209. Assuming full 

reinvest of funds compound gross return of 1.28 in 59 trading days was realized. No ETF or mutual 

fund can match this return or even come close.  



 
 

15. For Fund Managers Predictive based Dynamic 

Diversification is Superior to Static Diversification  

Given a set of stocks, without predictive equity analytics a static diversification based on 

highest Sharpe ratio is optimal. Static diversification drawback is that using historic data means 

that for success, the near future must be similar to the past sampling epoch. An optimal weight 

asset allocation is used that spreads 100% of initial funds over a broad swath of equities. Of course, 

static allocation can benefit by monitoring the eigenvalues and eigenvectors for matrices ABC and 

C and tactically re-weight. 

Contrast to predictive equity analytics framework. Prior to market open a search is made 

for stocks where a favorable change-point is predicted to occur in next 1-3 trade days. Use one-

half of initial funds and purchase a weight portfolio. Invest the remaining one-half of initial capital 

into an interest-bearing account. The result is “no dead money,” all initial funds are predicted to 

earn positive returns, and the portfolio level of risk is orders of magnitude lower than optimal static 

portfolio. The maintenance of a significant large liquid position acts like a reserve for random 

adverse events. Most importantly, the ability to predict and avoid downturns without options and 

their cost is priceless. If shorting stocks is permitted, then those stocks with predicted next 1 -3 

trade unfavorable change-point to add additional investment return is another significantly 

valuable feature. Predictive equity analytics when used to focus security research or equities on 

the run to identify factor casualty is a blueprint to identify other stock or sectors or/industries. Of 

course, could do full scan of 11,00 symbols but that takes time and being familiar with a set of 

stocks vs new unknown, take familiar every time.9 

With predictive equity analytics, fund managers will find it optimal in every respect to switch to 

dynamic diversification or lose out to competitors. 

 

  

 

 

 
9 Exception IPOs who are typically mispriced when first offered. 
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16. Extensions 

Predictive equity analytics extensions: 

1) Advanced option pricing techniques using predictive equity analytics. 

2) Retirement defined contribution plan 401(k)/403(b) prevention of account value 

downturn with market as well as faster accumulation rate that is superior to target date 

fund concept. 

3) Life variable annuity/ variable life  insurance policy holder - prevention of account value 

downturn with market as well as faster accumulation. 

4) Life variable annuity/ variable life: introduce  predictive equity analytics as tool for risk 

mitigation of  Equity Benefit Guarantee that can be used with options and other hedging. 

 

17. Conclusion 

In this paper we have put forth strong evidence that  𝑝𝑟𝑜𝑥𝑦(µ𝑡
̌ )  and   ∆𝑝𝑟𝑜𝑥𝑦(µ𝑡

̌ ) are 

predictive statistically with significance(alpha = 0.05, 0.1) and time varying in intensity for 

equities, ETFs, and mutual funds. Further support utilized  row space and column space 

combined with principle component analysis. Retrospective detection of change-point 

occurrence in as little as 1 – 3 trade days using new finding that the coefficients for each element 

of principle eigenvector are simultaneous multiplied by “-1” relative to prior measurement 

indicates change-point  is 100% accurate. Lastly time-forward signal set differs from time 

reversed signal set for all points except change-point is strong evidence. Finding that the time 

reversed principle eigen vector coefficients exhibit the same simultaneous multiplication by “-1” 

relative to prior measurement would “finish the proof,” and is being explored. 

 

Predictive equity analytics  effect on asset return predictability has nontrivial implications 

for finances core tenet: risk versus return trade-off, enabling significant increase in return with 

simultaneous reduction in risk that is almost costless. The concept of risk aversion plays only an 

indirect role rather than a required input through the use of dynamic diversification, prospective 

change-point occurrence and retrospective change-point confirmation. Dynamic diversification’s 
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natural re-balancing using predicted and retrospectively confirmed change-points makes for 

“extremely high Sharpe Ratios and very steep efficient frontiers. With the new view provided by 

predictive equity analytics of the true data generating process further  research is warranted that 

will yield more significant results. 
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Figure 1 

 

 

Figure 2 

Predictive equity analytics enables dynamic diversification by which purchase the set of stocks/equities with predicted 

change-points in next 1 – 3 trade days and sell with prediction of upcoming unfavorable change-point, all prior to market 

open. Allocation weights are on “hot stocks on the run” and no allocation to “dead money stocks.” 
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Figure 7 

Each close return data point is tagged with a unique combination of a) variance level on z-axis, b)  proxy (µ_t )  ̌level 

on x-axis and c) ∆  proxy (µ_t ) ̌ on y-axis. The data point would be assigned matrix B using volatility as first criteria 

then row(1) for no meu proxy momentum and col(1) proxy meu signal level [0.95, 0.97] and labeled as collapsed state 

space 13. 

 

 

Figure 13 

AAPL 120 Trade-day ending 8/15/2024 Stock Price and Close Return time-series. 
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Figure 14 

AAPL 120 Trade-day ending 8/15/2024 Close Return Histogram. 
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Figure 17 

Predictive Equity Analytics: AAPL Filtered Close Return Matrix 𝐶𝑡  Proxy Drift/meu Momentum 120 Trade-day ending 

8/15/2024 Stock Price, Close Return time-series with Volatility Matrix 𝐴𝑡𝐵𝑡 overlay. There is a definite Proxy Drift/meu 

Momentum effect but not as strong as Proxy Drift/meu Signal(3) strength. 

 

Figure 18 

Predictive Equity Analytics: AAPL Heavy Volatility Matrix 𝐴𝑡𝐵𝑡  120 Trade-day ending 8/15/2024 with Stock Price Close 

Return time-series. Notice Volatility Matrix 𝐴𝑡𝐵𝑡 Signal(1) > 0.7 indicates a change-point and change in 𝑠𝑖𝑔𝑛𝑡(𝑟𝑡). Signals 

are available prior to market open each trade-day so buy/sell prediction based on change-point likely occurrence is now a 

reality for most symbols. It is sufficient to have a suitably large number of symbols with known predictability than to 

attempt to discern every symbol. 
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Figure 19 

Predictive Equity Analytics: AAPL  120 Trade-day ending 8/15/2024 with Stock Price time-series, Close Return time-series, 

Signal(3)<0.95, Signal(3)>0.97, Volatility Matrix 𝐴𝑡𝐵𝑡 and (new finding) retrospective detection of change-points using maximal 

eigenvalue and associated eigenvector. Below is 8/1-8/15 Partition of close return time series. 
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Figure 24 

 
Predictive equity analytics signals{1,3} for Invesco QQQ. 
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Figure 25 

 
Invesco QQQ change points detected in the time dimension of the discrete Fokker-Planck approximation for Proxy 

Drift/meu over time,  𝑆𝑖𝑔𝑛𝑎𝑙𝑡(3) ∊ [0.95, 0.97] “medium signal” and for Proxy Drift/meu over time,  𝑆𝑖𝑔𝑛𝑎𝑙𝑡(3) > 

0.97 “high signal” for trade dates {08-02-2024, 08-09-2024, 08-14-2024}  
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Figure 26 

 
Invesco QQQ Sliding 60 Trade-day using offset 20, robust T-tests show time varying in Proxy Drift/meu signal(3) level 

(columns) and Change in Proxy Drift/meu (meu momentum) (rows) ranging from activity to disappearing and then reappearing 

starting from t-60 to t-0. 
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Figure 27 

 
Predictive equity analytics signals{1,3} for Fidelity FCNTX. 

 

 

Figure 28 

 
Fidelity FCNTX change points detected in the time dimension of the discrete Fokker-Planck approximation for Proxy 

Drift/meu over time,  𝑆𝑖𝑔𝑛𝑎𝑙𝑡(3) ∊ [0.95, 0.97] “medium signal” and for Proxy Drift/meu over time,  𝑆𝑖𝑔𝑛𝑎𝑙𝑡(3) > 

0.97 “high signal” for trade dates {08-02-2024, 08-09-2024, 08-14-2024}  
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Figure 29 

 
Fidelity FCNTX sliding 60 Trade-day using offset 5, robust T-tests show time varying in Proxy Drift/meu signal(3) 

level (columns) and Change in Proxy Drift/meu (meu momentum) (rows) ranging from activity to disappearing starting 

from t-60 to t-0  for noisy matrix 𝐴𝑡𝐵𝑡𝐶𝑡with filtered close return matrix 𝐶𝑡 active at t-60 and then disappears for all 

subsequent offsets. 
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Figure 30 

 
Predictive equity analytics signals{1,3} for target date fund: Fidelity FCPVX. 

 

Figure 31 

Fidelity FCPVX change points detected in the time dimension of the discrete Fokker-Planck approximation for Proxy 

Drift/meu over time,  𝑆𝑖𝑔𝑛𝑎𝑙𝑡(3) ∊ [0.95, 0.97] “medium signal” for trade dates {08-02-2024, 08-09-2024} 
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Figure 32 

Fidelity FCPVX sliding 60 Trade-day using offset 20, robust T-tests show time varying in Proxy Drift/meu signal(3) 

level (columns) and Change in Proxy Drift/meu (meu momentum) (rows) ranging from activity to disappearing starting 

from t-60 to t-0  for noisy matrix 𝐴𝑡𝐵𝑡𝐶𝑡 and close return matrix 𝐶𝑡. 

 

 

 

Figure 33 

 
Predictive equity analytics signals{1,3} for target date fund: Fidelity FIJOX. 
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Figure 34 

Fidelity FIJOX no retrospective  change points were detected in the time dimension of the discrete Fokker-Planck 

approximation for Proxy Drift/meu over time nor in the Fokker -Planck State space dimension. 
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Figure 35 

Fidelity FCPVX sliding 60 Trade-day using offset 20, robust T-tests show time no varying in Proxy Drift/meu 

signal(3) level (columns) and only Change in Proxy Drift/meu (meu momentum) (rows)  starting from t-60 to t-0  

for noisy matrix 𝐴𝑡𝐵𝑡𝐶𝑡 and close return matrix 𝐶𝑡. 
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Appendix 

This is a continuation of Section  8. Predictive Equity Analytics Proxy Drift/meu Signal(3) and 

Change in Proxy Drift/meu (meu momentum) for additional stocks: Goldman Sachs(GS) and 

Amazon (AMZN). Current coverage is 3,600 stocks, 2,100 ETFs and 5,600 mutual funds 

including target date funds, all available prior to market open each trade day. 

 

Goldman Sachs(GS) 

GS has strong change-point prediction correlation with Signal(1) > 0.90 level. Signal(3) level is 

also predictive in that the closer to level 1 and the greater the time spent at or near level 1, the 

stock price time-series increases, as illustrated in Figure 36. 

 

Figure 36 

 
Predictive equity analytics signals{1,3} for GS. 
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Retrospective change-points confirmed by eigen analysis are illustrated in Figure 37. Predictive 

equity analytics optimal timing was purchase on 4/23/2024 @ $424.00, sell on 5/21/2024 @ 

$470.41 for gross return of 10.94%. Purchase on  6/20/2024 @ $458.05 and sell on change-point 

detection 8/9/2024 @ $490.26  for a gross return of 7.03%. All predictive signals are prior to 

market open. Time-varying statistically significant robust T-tests using sliding 60 trade-day 

window for offsets {t-60, t-40, t-20, t-0} are located in Figure 38. 

 

Figure 37 

 
GS change points detected in the state dimension of the discrete Fokker-Planck approximation for Proxy Drift/meu 

over time,   for trade dates {08-09-2024, 08-13-2024, 08-14-2024, 08-15-2024} 
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Figure 38 

 
GS Sliding 60 Trade-day using offset 20, robust T-tests show time varying in Proxy Drift/meu signal(3) level (columns) and 

Change in Proxy Drift/meu (meu momentum) (rows) ranging from activity to disappearing and then reappearing starting from t-

15 to t-0. 

 

Amazon (AMZN) 

AMZN has strong change-point prediction correlation with Signal(1) > 0.85 level. Signal(3) 

level is also predictive in that the closer to level 1 and the greater the time spent at or near level 

1, the stock price time-series increases. See Figure 39. Retrospective change-points confirmed by 

eigen analysis are illustrated in Figure 40. Predictive equity analytics optimal timing was 

purchase on 4/30/2024 @ $175.00 and sell on 5/21/2024 @ $183.15 for a gross return of 4.65%. 

Purchase on 6/12/2024 @ $186.69 and sell on 7/17/2024 @ $187.93 for a gross return of  0.6%. 

Purchase pm 8/2/2024 or 8/5/2024 @ [$161, $158] with retrospective change-point confirmation 
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made on 8/2/2024. All predictive signals are prior to market open. Time-varying statistically 

significant robust T-tests using sliding 60 trade-day window for offsets {t-60, t-40, t-20, t-0} are 

located in Figure 41. 

 

Figure 39 

 
Predictive equity analytics signals{1,3} for AMZN. 

 

 

Figure 40 

 
AMZN change points detected in the state dimension of the discrete Fokker-Planck approximation for Proxy Drift/meu 

over time,   for trade dates {07-19-2024, 07-26-2024, 08-14-2024, 08-13-2024, 08-15-2024} 
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Figure 41 

 
AMZN Sliding 60 Trade-day using offset 20, robust T-tests show time varying in Proxy Drift/meu signal(3) level 

(columns) and Change in Proxy Drift/meu (meu momentum) (rows) ranging from activity to disappearing and then 

reappearing starting from t-60 to t-0. 


