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ABSTRACT

The article explores a multi-layer framework for transforming dispersed market information into a disciplined investment and trading process that
spans regime detection, opportunity filtration, portfolio selection, and rule-based execution. The article addresses the growing need for analytically
coherent decision architectures in equity investing amid informational overload, signal instability, and behavioral biases. Its relevance lies in reconciling
contemporary evidence on momentum persistence, dynamic multifactor allocation, and factor-aware portfolio construction with the practical demands of
real-time portfolio management. The novelty of the study lies in integrating eight sequential stages into a single inferential system, in which market breadth,
sector strength, historical signal efficacy, technical alignment, lifecycle mapping, portfolio fit, and execution discipline function as cumulative constraints
that progressively refine investment judgment. The principal conclusion is that the proposed framework offers a methodologically robust and behaviorally
resilient template for capital deployment: it sharply compresses the opportunity set, enhances selectivity through layered validation, and embeds ex ante
risk management into the trade architecture itself. At the same time, the article notes limitations related to proprietary metrics, fixed thresholds, and
potential style bias, implying that the framework should be treated as a disciplined decision system rather than a deterministic source of alpha. This article

will be useful for investment managers, quantitative analysts, portfolio strategists, and researchers in systematic trading.
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Introduction

Modern equity investing operates in an environment where
information arrives continuously, signals decay unevenly, and
discretionary judgment often amplifies avoidable error [1]. A
robust investment process requires a structure that can absorb
broad market information, isolate relevant opportunities, and
translate analytical conviction into disciplined execution.

The intellectual premise of the framework is consistent with
recent research showing that momentum remains economically
meaningful in the post-2000 period across multiple developed
markets, while multifactor portfolio design can improve out-of-
sample Sharpe ratios and utility relative to simpler fixed-weight
constructions [2]. This literature supports a decision process that
combines multiple distinct informational dimensions rather than
relying on a single screening variable. Momentum continues to
exhibit persistence internationally, according to a recent synthesis
of the literature. Long-horizon factor portfolios also benefit from
dynamic weighting schemes that adapt factor exposures through
time [3].

Within this perspective, the framework is designed to identify
statistically advantaged trades by progressively eliminating low-
quality candidates and reserving capital for securities that exhibit
concurrent strength across market regime, sector alignment,
historical signal efficacy, technical condition, and portfolio

compatibility. The analytical logic is cumulative. Each layer
contributes an additional constraint. Each constraint reduces noise.
Each reduction in noise improves the probability that capital is
deployed into conditions where both expected return and execution
discipline are more favorable.

Materials and Methodology

This study consists of the conceptual architecture of the Multi-
Layer Investment Analysis & Trading Execution Framework and
the scholarly literature that substantiates its analytical premises.
The framework is examined as an integrated decision system
designed to continuously process incoming market information,
reduce discretionary distortions, and convert dispersed signals into
disciplined portfolio action. Theoretical justification is provided
by the occurrence of economically important momentum in
developed equity markets and the finding that multifactor portfolio
construction leads to improved out-of-sample performance
compared to simpler allocations [2]. Studies of long-horizon factor
investing and dynamic exposure find that adaptive weightings
and various dimensions of information lead to more resilient
portfolios than static, one-dimensional versions [3,4]. Within this
intellectual setting, the framework itself serves as the principal
analytical material, since its eight-stage workflow, composite
metrics, filtering thresholds, and execution logic collectively
embody the operational principles under investigation.

Methodologically, the article employs a conceptual-interpretive
analytical approach to explore the internal logic of the sequential
investment selection and trade management that is assessed
dimensionally by the interlinked meta-phases of Data, Filter,
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Decide and Execute that reduce the investment opportunity set
and sharpen the quality of investment judgment, drawing on recent
literature on investment decision-making under uncertainty that
shows the ability of structured procedures to reduce avoidable
behavioral error [1]. It is further informed by a critical appraisal
of the signal design of the framework, including breadth of
coverage, sector specificity, composite score and lifecycle and
portfolio simulation, compared with the literature on momentum
persistence, macroeconomic trend transmission and factor-
informed optimization [2,5,6]. The resulting methodological
perspective treats the framework as a multilayered inferential
mechanism whose coherence emerges from cumulative filtration,
cross-horizon validation, and predefined execution discipline.

Results and Discussion

At its core, the framework is organized as an eight-stage workflow
grouped into four meta-phases: Data, Filter, Decide, and Execute.
This architecture gives the process a sequential, gate-based logic.
Raw information enters through the Data phase. Candidates are
narrowed during the Filter phase. Investment merit is assessed
at the portfolio level during the Decide phase. Risk is managed
during the Execute phase through predefined trading rules. The
result is a complete operating structure that covers the full path
from market diagnosis to live position management. Figure 1
illustrates the eight-stage investment workflow.
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Figure 1: The Eight-Stage Investment Workflow, Organized into
Four Meta-Phases

The conceptual value of this design lies in its procedural coherence.
Breadth analysis supplies a market-level context. Sector allocation
identifies the dominant thematic current. Composite scoring
evaluates the internal strength of individual names. Portfolio
simulation ranks remaining candidates by the joint evidence of
historical reliability and current technical alignment. Execution
rules then transform the analytical recommendation into a
measurable trading protocol. This ordering matters because it
prevents local signals from being interpreted in isolation from
global market conditions. It also reduces the likelihood that an
apparently attractive symbol is selected in a weak sector or during
a hostile market regime.

This also applies to newer research in portfolio construction and
factor allocation [4]. Dynamic multifactor portfolios would benefit
from exposures to more states of the market. Furthermore, factor-
based portfolio optimization reduces estimation noise even when
raw historical returns and forward-looking information are used
together. These findings also highlight the benefits of layering
and filtering signals rather than treating them as interchangeable
inputs to the optimization problem.

The first analytical decision in the framework is which market
regime to adopt, which is operationalized through breadth analysis,
ameasure of how wide participation across the investable universe
is, as opposed to a cap-weighted index. Breadth is interpreted
through daily buy and sell signal counts and a derived Buy/Sell
Rate. A reading below 1.0 defines a bearish threshold. A reading
above 5.0 defines a bullish threshold. These thresholds create an
explicit regime classifier that determines whether the environment
is suitable for long exposure. Figure 2 illustrates market breadth
analysis.

175~

17.5 — Bullish Peak
150 -

125 -

100 -

75 1

Signal Count

— —_|Bullish
" [Threshold = 5.0

_ |Bearish
"~ |Threshold = 1.0

Nov9 Nov 10

Nov1 Nov2 Nov3 Nov6 Nov7 Novg

B Buy Signals ~O— Buy/Sell Rate
Sell Signals mmm Bullish Threshold (Rate > 5)

W Bearish Threshold (Rate < 1)

Figure 2: Market Breadth Analysis

In the observed period, the regime transition is abrupt and
highly informative. The Buy/Sell Rate begins below 1.0 in
early November, signaling a defensive environment. It crosses
the bullish threshold around November 6 and reaches 17.5 by
November 10. Over the same interval, raw buy signals rise from
fewer than 30 to more than 140. These numbers indicate a broad
internal expansion of market participation rather than a narrow
advance driven by a small number of index-heavy securities.

This is an efficient use of our resources, since these momentum
phenomena are not only profitable, but also informative long
after their discovery. Indeed, recent research shows that
macroeconomic momentum can predict subsequent equity index
returns and generate meaningful risk-adjusted excess returns [2].
According to a recent study, an economic momentum portfolio had
an annualized Sharpe ratio of 0.87 and an alpha of 3.72 percent,
with 95 percent of the portfolio's annualized returns unexplained
by common factors [5]. This implies a strong motive to start with a
regime-sensitive filter that identifies general trends in participation
and trend persistence.

Once the market regime becomes supportive, the next phase is
sector allocation, which is fairly straightforward. Capital is put to
work in sectors that show momentum, model compatibility, and
structural soundness, as defined by an aggregated Total Rating
which is calculated on both a daily and weekly basis. Sectors with
arating of 70 percent or above are Prime Candidates. If between
40 and 69 percent of the companies in a sector are rated, it will
be placed on a Watchlist. Less than 40 percent of each sector is
invested (Figure 3).
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Figure 3: Sector Allocation: Composite Total Rating by Sector
with Prime Candidate and Watchlist Thresholds

During the examined interval, Services records a Total Rating of
72 percent, and Consumer/Non-Cyclical reaches 71 percent. Both
exceed the prime threshold. Capital Goods reaches 68 percent and
remains on the watchlist. Healthcare and Basic Materials occupy weak
positions and are excluded from the preferred opportunity set. From
a game-theoretic perspective, the goal is to assign the securities to
the strongest themes that have been discovered at the industry level.

This sector-first logic is consistent with recent evidence that real-
economy and macro momentum can explain much of the cross-
section of future industry and market returns, and is compatible
with the long-standing finding that momentum tends to propagate
through industry structure and common information channels [5].
The framework treats sectors as meso-level intermediaries between
the broad market regime and individual securities.

The next operation is the four-stage filtering funnel, which
compresses the opportunity set from a broad tradable universe into
a narrow list of high-conviction candidates. The process begins
with approximately 780 screened equities. The sector filter reduces
this universe to 112 names. The ER and PPM screen lowers the
count to 41. The final TR threshold leaves 11 names suitable for
execution. This sequence amounts to a reduction of roughly 98.6
percent from the starting universe. The filtration is aggressive by
design because selectivity is a core property of the framework.
Figure 4 illustrates the four-stage filtering funnel.
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Figure 4: The Four-Stage Filtering Funnel Progressively Narrows
the Tradable Universe from 780 Stocks to 11 High-Conviction
Candidates

This tabular view clarifies the role of each gate. The first gate
defines tradability. The second imposes sector strength. The third
introduces historical reliability and live momentum. The final
gate demands high structural alignment. The funnel creates a
hierarchy of evidence.

The framework evaluates each candidate through three proprietary
composite metrics. Total Rating, or TR, measures overall signal
strength, technical health, and model alignment. Effectiveness
Rating (ER) measures the historical predictive efficacy of a symbol-
model pair and is expressed as the average profit per completed
trade cycle. Price Pressure Momentum, or PPM, measures live
directional pressure relative to historical norms. These metrics
are observed across four timeframes, d1, d3, wl, and w3, which
allows the analyst to compare short-horizon responsiveness with
longer-horizon reliability. The composite scoring is illustrated
in Figure 5.
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Figure 5: Composite Scoring

The empirical pattern inside the framework is revealing. Weekly
models exhibit higher average ER, suggesting superior historical
reliability over longer horizons. Daily models display stronger TR
and PPM, which implies better immediate technical alignment and
stronger current pressure. This divergence is analytically useful
because it distinguishes persistence from immediacy. A framework
that can read both dimensions simultaneously is better placed to
identify signals that are both durable and timely.

The logic of combining multiple signals is consistent with the
wider multifactor literature. A recent paper based on long history
data shows that dynamic value, profitability, investment and
momentum portfolios can considerably increase the out-of-
sample Sharpe ratios of factor portfolios compared to fixed-weight
factors [6]. Other recent evidence finds that parsimonious factor
models can reduce idiosyncratic noise and improve out-of-sample
performance when applied to forward-looking information [3].
In practice, this literature supports the use of layered scoring
systems that combine multiple dimensions of evidence into a
single ranking framework.

Signal identification is only one part of the investment problem.
A position that was attractive at entry can become fragile as its
lifecycle matures. The framework addresses this issue through a
trade lifecycle heatmap that evaluates each symbol-model pair
using two normalized measures: Current Trade Duration Percent
and Current Profit Percent, each scaled relative to the model's
historical average. This creates a state-based reading of signal
maturity. Figure 6 illustrates the trade lifecycle heatmap.
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Figure 6: Trade Lifecycle Heatmap

The heatmap divides active signals into four states. Early Stage / High Profit identifies nascent trades with room to compound. Mid
Stage / Moderate identifies developing trades that remain broadly on script. Mid-Stage/low-profit signals indicate underperformance
relative to the historical template and call for closer scrutiny. Late Stage / Risk identifies mature signals approaching exhaustion.
This state classification gives the manager a language for handling asymmetric situations where one timeframe has already matured
while another has just begun.

The framework’s examples illustrate this logic clearly. BWEN shows a late-stage daily d1 signal with 79 percent duration, together
with an early-stage weekly w1 signal at 1 percent duration. This combination justifies partial realization on the short-horizon sleeve
while preserving exposure on the longer-horizon sleeve. LNTH shows early-stage strength across several models, supporting its
classification as a nascent high-conviction opportunity. DCP, VERI, and LNTH display no active d1 signal, which redirects attention
to the weekly models.

After the candidate list has been narrowed and each remaining name has been evaluated through composite scoring and lifecycle
context, the framework moves to portfolio simulation. This step uses a two-factor matrix where ER Average is placed on the horizontal
axis and TR percent is placed on the vertical axis. The resulting map classifies each candidate into one of four decision quadrants. The
ER threshold is 300. The TR threshold is 55 percent. Together, these thresholds create an interpretable decision surface that balances
historical reliability against current structural alignment. Figure 7 illustrates the portfolio simulation matrix.
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Figure 7: Portfolio Simulation Matrix
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The matrix identifies BWEN with ER 581 and TR 70 percent,
together with LNTH with ER 963 and TR 60 percent, as Prime
Buy candidates. DCP and NXST fall into a Review/Luck quadrant,
where current momentum appears strong but historical evidence is
thinner. GBTC and TRIL occupy a Cautious Buy quadrant where
reliability exists, but present alignment is less compelling. GOOS,
ARWR, and VERI remain in the Avoid quadrant. This typology is
useful because it transforms a ranked list into a portfolio-relevant
taxonomy. Position sizing, attention, and execution urgency can
all be adjusted according to quadrant membership.

The broader research context supports this logic. Recent studies
of portfolio design emphasize that factor-aware optimization can
improve diversification and out-of-sample performance when
estimation noise is controlled, and forward-looking information
is included [6]. Multifactor portfolios that permit conditional
variation in factor weights likewise show advantages over static
combinations [4]. The matrix in this framework serves a related
function at the trade level. It organizes evidence in a way that is
operationally compatible with real portfolio construction.

The framework operates on a predefined tradable universe of
approximately 780 stocks. This universe is screened for liquidity
and other suitability criteria and is organized into ten thematic
groups derived from a proprietary screener that blends value,
growth, quality, and income characteristics. The universe is curated
before any tactical selection begins. That design decision matters
because universe construction embeds a strategic prior into the
entire research process. Figure 8 illustrates the composition of
the tradable universe.
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Figure 8: Tradable Universe Composition

The largest group is Magic Formula Value with 372 stocks,
representing 48 percent of the universe. High Return High Growth
contributes 125 stocks, or 16 percent of the total. U.S. Multi-
cap Value contributes 65 stocks, or 8 percent. The remaining
groups include Accelerated Growth, Dividend Income, and Stable
Growth. The internal style distribution shows a pronounced value
orientation while preserving enough variety to express multiple
thematic preferences as regimes change.

This composition is theoretically reasonable. Recent research
continues to find benefits from diversified exposure to multiple
factors over long horizons. A universe that mixes value, growth,
profitability, and related characteristics can serve as a stable
substrate for tactical filtering. At the same time, the heavy

representation of value-sensitive sleeves means that the framework
is likely to inherit a persistent style bias. This is not inherently
problematic. It simply means the framework should be understood
as a value-tilted tactical system with momentum-based gating.

Execution discipline is where the framework converts analytical
confidence into capital protection. The protocol is defined relative
to an indexed entry price of 100. An initial hard stop is placed at
95. Once the trade reaches 105, the stop is moved to breakeven at
100. Once the trade reaches 110, a partial profit slice is executed,
and the remaining position is managed with a trailing stop. This
rule sequence gives the trade a controlled downside, a capital-
preserving transition point, and a mechanism for harvesting gains
while leaving room for continuation. Figure 9 depicts the stop-loss
and profit-slicing protocol.
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Figure 9: Stop-Loss and Profit-Slicing Protocol

The behavioral argument for this protocol is strong. The disposition
effect continues to be a major topic in behavioral finance, with a
bibliometric analysis observing that the phenomenon of selling
winners too soon and holding on to losers too long has continued
to grow [7]. A 2025 asset-pricing study shows that changes in the
disposition effect contain information about expected returns and
investor sentiment [8]. This study adds to evidence in support of
ex ante exit rules that minimize the role of regret, anchoring, and
ad hoc decision revision in live trading.

Within the framework, the stop-loss and slicing protocol perform
three analytical functions. It fixes the downside at trade inception.
It neutralizes principal risk once the first profit threshold is met. It
then converts latent gains into realized returns while preserving
upside convexity through a trailing mechanism. This sequence
makes the execution layer consistent with the selection layer. Both
are rule-based. Both aim to suppress discretionary drift.

The final integrative view of the framework is the six-filter radar
chart. This visualization combines Market Breadth, Sector Rating,
Signal Quality as measured by TR, Effectiveness as measured
by ER, Momentum as measured by PPM, and Portfolio Fit. The
chart is interpreted geometrically. High-conviction candidates
exhibit a large, relatively balanced polygon. Weak candidates
display smaller or skewed shapes that reveal precisely where the
evidentiary structure is deficient. Figure 10 illustrates the six-filter
decision matrix.
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Figure 10: Six-Filter Decision Matrix

This final step has a practical elegance. It forces the investment
case to survive a multidimensional consistency test. A candidate
with a strong TR but a poor portfolio fit remains incomplete. A
candidate with good ER but weak sector support remains fragile.
A candidate with robust sector alignment and strong PPM but
poor market breadth support remains contextually exposed. The
decision matrix thereby serves as a final safeguard against placing
undue confidence in a single metric.

The framework offers several strategic advantages. It begins with
regime recognition, which helps prevent capital deployment during
hostile market conditions. It uses sector filtering to concentrate
research attention where thematic momentum is strongest. It
introduces a composite scoring system that separates live technical
strength from historical efficacy. It monitors lifecycle maturity
so that signal age and unrealized performance inform holding
decisions. It translates trade evaluation into a portfolio-aware
matrix. It closes the loop with execution rules that explicitly
address behavioral vulnerabilities. Together, these features create
a disciplined and internally coherent investment process.

A further strength is the substantial compression of the opportunity
set. The reduction from 780 names to 11 final candidates ensures
that analytical resources are focused on a highly selective subset
of the market. This degree of selectivity may improve attention
quality and reduce the likelihood that weak names survive due to
superficial narrative appeal or incidental short-term noise.

The limitations are equally important. The core metrics, including ER,
TR, PPM, and the Buy/Sell Rate, are proprietary composite scores.
Their internal weighting scheme is therefore opaque to an external
evaluator. This limits replicability and makes formal attribution more
difficult. The framework also inherits the style bias of its tradable
universe, which is heavily weighted toward value-oriented categories.
In addition, several thresholds are fixed at pragmatic cutoffs such as 70
percent for prime sector status, 150 for ER screening, 300 for portfolio
simulation reliability, and 55 percent for TR in the quadrant matrix.
These cutoffs may be effective operationally, yet their statistical
sensitivity is not demonstrated within the framework itself.

There is also a methodological caveat that applies to any
systematic framework. Backtested and historically normalized
signals can create an illusion of precision if transaction costs,
execution slippage, and changing market microstructure are not
continuously examined. Recent portfolio research underscores
that model inputs, parameter estimation, and information quality
can materially affect out-of-sample outcomes [6]. The framework
is strongest when treated as a disciplined decision architecture

rather than as a guarantee of persistent alpha.

Conclusion

The Multi-Layer Investment Analysis & Trading Execution
Framework presents a rigorous method for converting dispersed
market information into disciplined portfolio action. Its analytical
sequence begins with breadth-based regime recognition, advances
through sector allocation and four-stage opportunity filtering,
deepens through composite scoring and lifecycle analysis, and
culminates in portfolio simulation and rule-based execution.
The framework covers the full investment chain from context
formation to capital preservation.

Its central contribution lies in orchestrating several analytical
layers into a single operational system. Market participation, sector
momentum, technical alignment, historical signal efficacy, live
pressure, and portfolio compatibility are treated as complementary
dimensions of a single investment judgment. That architecture is
well aligned with contemporary research on momentum persistence,
dynamic multifactor investing, and factor-aware portfolio
construction. The evidence from recent studies suggests that layered
signals and adaptive weighting can improve robustness and out-of-
sample performance when compared with simpler static designs.

In practical terms, the framework’s appeal lies in its selectivity,
procedural clarity, and behavioral discipline. It creates a path for
moving from a large, heterogeneous universe to a small set of
candidates whose attractiveness withstands repeated analytical
scrutiny. It also embeds exit logic directly into the trade's
architecture. For an investment manager seeking a repeatable
system that integrates market context, signal quality, portfolio
logic, and execution control within a single coherent design, this
framework offers a persuasive, methodically serious template.
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