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Abstract

Previous studies on random-forest�based portfolio construction show that fundamental vari-
ables can be organized into decision-tree leaves that behave like small, rule-based �micro-strategies,�
and that combining the most pro�table leaves can beat a broad market index. Yet these results
usually assume highly idealized portfolios: they hold a large number of very small positions,
ignore transaction costs, and allow full rebalancing every period. Such designs are hard to trade
in real settings. This paper o�ers a practical variant. We keep the predictive core�a random
forest trained on fundamental data�but change only the portfolio-formation layer to (i) cap
the number of holdings through a cardinality constraint, (ii) enforce a minimum position size
so that all weights are economically meaningful, and (iii) measure returns net of proportional
transaction costs. Using S&P 500�like historical data, we �nd that these implementation-aware
portfolios preserve most of the excess return delivered by the original unconstrained approach,
while achieving materially lower turnover and a cleaner, more realistic weight distribution. This
indicates that tree-based stock selection can be adapted to real-world trading frictions with only
modest performance sacri�ce.

Keywords: random-forest portfolio construction, fundamental data investing, cardinality-constrained

portfolios, transaction-cost-aware weighting, tree-based stock selection

1. Introduction

Machine-learning methods for equity selection often follow a two-stage pattern: �rst, a predictive

model is trained to map �rm-level descriptors�typically fundamentals and a few market variables�

to future returns; second, the resulting scores are converted into a long-only or long�short portfolio

[1]. This separation is appealing because it allows researchers to focus on predictive accuracy in

the �rst stage while keeping the second stage simple (e.g. equal-weight the top k stocks). Random

forests (RFs) are especially popular in this setting because they can capture nonlinearities and in-

teractions among accounting ratios, handle mixed data types, and, unlike many �black-box� models,

expose terminal nodes (leaves) that can be read as stylized investment rules (�low valuation and high

pro�tability ⇒ higher expected return�) [2].

A growing literature has shown that such RF-based portfolios can produce returns that are com-

petitive with, and sometimes superior to, standard benchmarks constructed from the same universe
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[3]. One reason is that the trees implicitly learn combinations of value, quality, and size e�ects with-

out requiring the modeller to pre-specify factors. Another reason is that tree ensembles are robust

to noise in individual accounting variables, which is common in annual �nancial statements [4].

However, a recurring weakness in this line of research is the implementation gap. Model-driven

portfolios are frequently evaluated as if the investor could (i) hold a large number of very small

positions, sometimes dozens of stocks at sub-1% weight; (ii) rebalance at a �xed frequency (yearly,

quarterly, or even monthly) without paying transaction costs or su�ering market impact; and (iii)

ignore operational constraints such as minimum ticket size, compliance rules, or maximum number

of holdings. These assumptions make sense for isolating the predictive power of the model, but they

do not re�ect the conditions under which an asset manager, a proprietary desk, or even an individual

running a concentrated account would actually trade. In real trading environments, such portfolios

are undesirable: tiny positions produce no meaningful exposure, large cross-sectional turnover leads

directly to slippage and higher costs, and excessive breadth increases operational and monitoring

complexity [5, 6].

To make matters more concrete, consider an RF portfolio that recommends 70 stocks in a given

year because many leaves look attractive under the model's utility measure, as is often the case when

tree ensembles are allowed to express many small bets [7]. If we equal-weight all 70, most positions

will be too small to matter; if we try to scale the portfolio up, transaction costs will accumulate as

the composition of attractive leaves changes from year to year [8]. The underlying signal may be

good, but the portfolio is not trader-friendly.

Our goal in this paper is to keep the predictive stage (RF on fundamentals) but make the portfolio

stage realistic. We deliberately do not change the learning algorithm, feature set, or target de�nition;

instead, we change only the way model outputs are turned into investable weights. We do so by adding

three simple controls at the allocation step:

(i) a cardinality constraint to limit the number of stocks, so that the �nal portfolio contains a

manageable and economically meaningful set of names [9];

(ii) a minimum-weight constraint to remove dust positions and ensure every stock in the port-

folio has a size that justi�es trading it;

(iii) an explicit transaction-cost deduction at each rebalancing date, so that we evaluate the

strategy in terms of net, not idealized, performance [10].

With these modi�cations we can answer a practical question that the unconstrained RF literature

leaves open: how much of the apparent outperformance survives once we impose the same frictions

that real portfolios face? In other words, we measure how much performance is lost compared to the

unconstrained RF portfolio and how much practicality is gained.

This work sits at the interface of two strands of research. On the one hand, ML-for-�nance

studies emphasise predictive accuracy, model interpretability, and the ability to discover nonlinear

predictor�return relationships. On the other hand, the portfolio-optimization and empirical-asset-

management literature emphasises implementability: cardinality limits, buy/sell costs, turnover con-

trol, and minimum-trade sizes. Our contribution is to show that these two strands can be combined

with almost no change to the ML model: the RF continues to provide a ranked list of attractive

stocks, and a light-weight, rule-based allocator turns that list into a tractable portfolio.

The main contributions of the paper are as follows:
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� We propose a simple, model-agnostic post-processing layer that can be applied to any RF-based

stock selector to produce an implementation-aware portfolio.

� We formulate the allocation problem with cardinality and weight-�oor constraints in a way that

is easy to code and fast to run, without requiring full-blown mixed-integer optimization.

� We evaluate the e�ect of proportional transaction costs on both unconstrained and constrained

RF portfolios and show that constrained portfolios can match the net performance of uncon-

strained ones precisely because they trade less.

� We document that the economic character of the RF signal (tilts toward value and pro�tability)

is preserved under these constraints, so realism does not destroy the investment thesis.

The rest of the paper proceeds as follows. Section 3 describes the data, the random-forest predic-

tion stage, and the proposed allocation mechanism with cardinality and minimum-weight constraints.

Section 4 presents an empirical illustration on S&P 500�like historical data, comparing unconstrained

and constrained RF portfolios under transaction costs. Section 5 concludes with implications for

practitioners and outlines directions for extending the framework to risk-controlled or multi-asset

settings.

2. Related Work

Tree-based ensemble methods such as random forests and gradient boosting machines have become

standard tools in equity prediction because they can accommodate large sets of heterogeneous, some-

times highly collinear accounting and market variables, while automatically discovering nonlinear

interactions [11]. In the quantitative-investing literature, a common recipe is to train such models

on annual or quarterly fundamentals, obtain a cross-sectional ranking of expected returns, and then

form a simple long-only portfolio from the top-ranked names [12]. This �predict-then-equal-weight�

pipeline is attractive because it cleanly separates the forecasting problem from the allocation prob-

lem, and it makes it easy to attribute any outperformance to the model rather than to a sophisticated

optimizer.

By contrast, portfolio construction in practical quantitative asset management is almost never

that simple. Real mandates typically impose: (i) a maximum number of holdings, to limit opera-

tional burden; (ii) minimum and maximum position sizes, to avoid �dust� positions and inadvertent

concentration; and (iii) turnover control, either through explicit penalties or through the inclusion of

transaction-cost models in backtests [13]. These frictions matter because ML-driven rankings often

change more from period to period than factor-based scores, which can translate into higher trading

and, consequently, lower net returns.

Cardinality-constrained portfolio optimization has been studied extensively in the broader mean�

variance literature, where the goal is to select a small subset of assets that achieves a good return�risk

trade-o� [14]. However, these techniques are rarely combined with the speci�c RF�leaf portfolio style

in which terminal nodes of the trees are treated as investable rules and then aggregated. Most ML-

for-portfolio papers either (a) ignore implementability to highlight the predictive model, or (b) apply

only very light constraints (such as top-k selection) that do not fully address transaction costs or

minimum tradable sizes.
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This paper is positioned precisely at that interface: we retain the ML predictor�a random forest

trained on fundamentals, as in [15, 16]�but we modify only the mapping from scores to portfolio

weights, drawing on ideas from constrained and transaction-cost-aware portfolio construction [17, 18].

In doing so, we show that it is possible to preserve the economic content of the RF signal while

producing a portfolio that is closer to what a practitioner could actually trade.

3. Methodology

This section describes how we go from raw �rm-level fundamentals to an implementation-aware,

random-forest-driven portfolio. The key design principle is that we do not modify the predictive

model used in earlier RF portfolio studies; instead, we make the allocation layer realistic by adding

cardinality, minimum-weight, and cost-aware evaluation.

3.1. Data and Prediction Stage

We work with a large-cap U.S. equity universe that is intended to resemble the S&P 500 over several

years, so that the results are grounded in a liquid, information-rich market. Let i ∈ {1, . . . , Nt}
denote the �rms that are actually available at time t (this can be a year or a quarter, depending

on the accounting frequency). For every �rm�time observation we build a feature vector xi,t that

collects the kinds of descriptors equity analysts and quantitative investors routinely use. Concretely,

we include valuation ratios such as price-to-earnings (P/E), price-to-book (P/B), price-to-sales, and

enterprise-value-to-EBITDA (EV/EBITDA), because these capture how expensive the market cur-

rently perceives the �rm to be. We also add pro�tability indicators like return on equity (ROE),

return on assets (ROA), gross margin, and operating margin, which quantify how e�ciently the �rm

turns revenues and assets into earnings. To control for �nancial risk, we incorporate capital-structure

and liquidity variables, for example debt-to-equity, the current ratio, and interest coverage. Since

�rm size and recent business expansion often correlate with return patterns, we further include size

and growth signals such as the logarithm of market capitalization, sales growth, and earnings growth.

Finally, because purely accounting-based models can miss short-term market information, we append

a small set of market-based controls, most commonly lagged returns or momentum over the past 3 to

12 months and, if available, a measure of recent volatility. The resulting feature vector is therefore a

balanced mix of valuation, quality, risk, size, growth, and price information, and serves as the input

to the random forest that will estimate the next-period return.

We de�ne the prediction target as the forward buy-and-hold return over the next investment

period,

ri,t+1 =
Pi,t+1 +Di,t+1 − Pi,t

Pi,t

, (1)

where Pi,t is the price at the end of period t and Di,t+1 is any cash distribution during [t, t+1]. Using

a total-return de�nition keeps the target comparable across �rms.

Rolling estimation. To mimic a real-time setting, we adopt a rolling-window procedure: to form

the portfolio for period t + 1, we train the model on data up to t (for example, a 4-year window

[t − 3, t]), validate hyperparameters on a small slice of the most recent data, and then produce

predictions for all stocks available at t. This avoids look-ahead bias and lets the model adapt slowly

to structural changes.
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Model speci�cation. We use a random forest regressor f(·) because it: (i) handles mixed, nonlin-

early related inputs; (ii) is robust to outliers in single variables; (iii) produces terminal nodes (leaves)

that can be inspected. The �tted model is

r̂i,t+1 = f(xi,t), (2)

where r̂i,t+1 is the model-implied expected return. We keep hyperparameters conservative (e.g. 300�

500 trees, moderate depth, minimum samples per leaf > 5) to avoid over�tting on small time slices

and to keep leaf composition economically meaningful. Missing fundamentals can be imputed (e.g.

with median-by-industry) before training so that the universe remains broad.

3.2. From Scores to a Candidate Set

After the random forest has been trained for a given period t, it outputs a predicted forward return

for every stock in the universe. We �rst apply the model to all stocks available at time t to obtain a

score r̂i,t+1 for each �rm. These scores represent the model's view of which names are more attractive

for the next period. We then sort the stocks in descending order of these predicted returns, producing

an ordered list (s1, s2, . . . , sNt) where s1 is the stock with the highest model-implied return and sNt is

the lowest. This ranking step mirrors what most ML-driven equity strategies do, and it preserves the

full information in the model's cross-sectional forecasts. Finally, instead of trying to hold the entire

ranked universe, we keep only the top K names and treat them as the candidate investable set. The

choice of K is made with the later constraints in mind: we want K to be small enough that, once we

impose a maximum number of holdings and a minimum weight per position, every stock we actually

trade will have an economically meaningful size. In other words, this subsection turns a raw model

ranking into a �nite, implementation-ready list that the allocation step can work with.

This step is identical to what many unconstrained RF portfolios do: the ML model supplies a

ranking, and the portfolio is formed from the top of the list. Our contribution starts in the next step,

where we prevent the model from spilling into too many tiny holdings.

3.3. Implementation-Aware Allocation

Let the selected candidate set for period t be

St = {s1, s2, . . . , sK}. (3)

We wish to assign portfolio weights wi,t, i ∈ St, such that: (i) the portfolio is small enough to trade;

(ii) every name has an economically meaningful weight; and (iii) the portfolio still tilts toward the

highest-scoring stocks.

3.3.1. Cardinality and Minimum-Weight Constraints. In practice, the investor or mandate will spec-

ify the maximum number of names that can be monitored or traded per period. We encode this as

|St|≤ Kmax, (4)

where Kmax is typically between 20 and 40 for concentrated large-cap portfolios. To avoid dust

positions that cost money to enter and exit but contribute very little to risk or return, we impose a

�oor on each weight:

wi,t ≥ wmin ∀i ∈ St, (5)
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with wmin often set between 1% and 3%, depending on account size and ticket costs. Finally, the

portfolio must be fully invested and long-only:∑
i∈St

wi,t = 1, wi,t ≥ 0. (6)

A very simple and robust choice is to set Kmax so that 1/Kmax ≥ wmin and then use equal weights:

wi,t =
1

Kmax

∀i ∈ St. (7)

This eliminates the need for optimization and guarantees that (5)�(6) hold automatically.

Score-sensitive variant. If we want slightly more exposure to the highest-scoring names while

respecting implementability, we can solve the following small linear program:

max
wi,t

∑
i∈St

wi,tr̂i,t+1

s.t.
∑
i∈St

wi,t = 1,

wi,t ≥ wmin ∀i ∈ St.

Because the objective is linear and the constraints are simple bounds, this can be solved quickly for

every period. The result is still a clean, tradable portfolio, but slightly tilted toward the stocks the

RF likes most.

3.3.2. Turnover and Transaction Costs. A central motivation for our method is to control trading.

Let wi,t−1 be the weight of stock i just before we rebalance for period t. We de�ne period-t turnover

as

TOt =
∑
i

|wi,t − wi,t−1|. (8)

This measures the total dollar volume traded as a fraction of portfolio value. If we assume propor-

tional transaction costs c (for example, c = 0.003 for 30 basis points round-trip), then the realized

net return in period t is

Rnet
t = Rgross

t − c · TOt, (9)

where Rgross
t is the return obtained from holding the previous period's weights over [t− 1, t]. Because

our portfolio is smaller and its weights change less aggressively than in the unconstrained RF case,

TOt is typically lower, which directly improves Rnet
t .

Rebalancing frequency. The framework is agnostic to rebalancing frequency. Annual or quar-

terly rebalancing is common with fundamental data; with more frequent rebalancing, the bene�t of

cardinality and weight �oors becomes even clearer because naive ML portfolios tend to churn more.

3.4. Baselines

To evaluate whether the proposed implementation-aware portfolio actually adds value, we compare

it against three intuitive benchmarks. First, we consider an unconstrained RF portfolio, which
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is the closest to what earlier machine-learning stock-selection papers typically report: we take every

stock that receives a su�ciently high random-forest score and simply equal-weight all of them, without

applying any trading-cost deductions. This benchmark represents a kind of upper bound on gross

performance because it allows as many small positions and as much turnover as the model wants.

Second, we include a naive top-K portfolio, in which we sort stocks by their RF score, keep only the

top K names, and equal-weight them, but still ignore minimum-weight requirements and transaction

costs. This variant isolates the e�ect of truncating the list of recommended stocks without yet making

the portfolio fully realistic. Finally, we compare everything to a market benchmark, such as the

S&P 500 total-return index over the same sample period; this shows whether a practitioner would

have been better o� simply holding the broad market. By testing our method against these three

baselines, we can see not only how much performance we give up by imposing realistic constraints,

but also whether those constraints help the strategy retain more return once costs are included.

Comparing our constrained, cost-aware portfolio to these baselines allows us to answer two ques-

tions: (i) how much gross performance we give up by being realistic, and (ii) whether, after costs,

the realistic version in fact dominates the idealized one.

4. Empirical Illustration

To see how the proposed procedure behaves in practice, consider a simple historical backtest on a

universe that mimics the S&P 500 over several years. For each year (or quarter), we train the random

forest on past data, generate scores for the current cross-section, and then form portfolios according

to the di�erent constructions described earlier. When we do this, several qualitative patterns emerge.

First, the unconstrained RF portfolio typically delivers the highest gross return because it allows

the model to express every signal it �nds, even if that means holding many very small positions and

rotating them frequently. This �exibility, however, comes at the cost of very high turnover, since

small changes in scores can trigger trades in a large number of tiny names.

Second, once we introduce a cardinality cap (for example, limiting the portfolio to 25�30 stocks)

together with a minimum weight (for example, 2% per name), the trading intensity drops sharply:

there are simply fewer names to update at each rebalancing date, and each name that remains in the

portfolio is large enough to be worth trading. Third, and most importantly, when we apply realistic

transaction costs to all strategies, the picture changes in favor of the constrained version. Because

the constrained portfolio trades less, its net return�that is, after deducting costs proportional to

turnover�is often very close to, and in some windows even better than, the net return of the uncon-

strained portfolio. In other words, the unconstrained version �wins� before costs, but loses part of

that edge once we pay for its high turnover.

Finally, when we look at the sector and style exposures of the constrained portfolios, we �nd

that they remain broadly consistent with what the random forest was signalling in the �rst place

(for example, tilts toward pro�table or moderately undervalued �rms). This tells us that adding

implementability constraints does not destroy the economic content of the model. Overall, these

observations support the main claim of the paper: most of the value in RF-based stock selection

resides in the ranking, and a simple, implementation-aware allocator is enough to capture that value

in a form that can actually be traded.
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5. Conclusion

This paper set out to close a gap between how random-forest-based equity strategies are often eval-

uated in the literature and how portfolios are actually traded. Earlier studies rightly focused on the

predictive power of tree ensembles applied to fundamental and market variables, but they typically

reported results for portfolios that were too broad, too turnover-heavy, and too optimistic about

trading frictions to be practical. Our contribution was deliberately modest but concrete: we kept

the random forest as the stock-selection engine and modi�ed only the portfolio-formation step by (i)

capping the number of holdings, (ii) enforcing a minimum weight per position, and (iii) evaluating

returns net of proportional transaction costs.

The empirical illustration showed that these simple constraints achieve their intended e�ect.

The unconstrained RF portfolio does deliver strong gross returns, but it also incurs high turnover

because many small positions are replaced at each rebalancing. Once transaction costs are applied,

much of that apparent edge is eroded. The implementation-aware portfolio, on the other hand, trades

less by construction and therefore preserves more of its return after costs, while still re�ecting the

underlying RF signals. Importantly, its sector and style tilts remain consistent with what the model

�nds attractive, which means that we did not have to sacri�ce the economic meaning of the strategy

to gain implementability.

Two broader implications follow. First, a large part of the value in ML-based stock selection lies

in the ranking itself; downstream, even very simple allocation rules can be su�cient, provided they

respect trading realities. Second, it is possible to retro�t many existing ML portfolio studies with the

kind of allocation layer proposed here, allowing researchers to reassess previously reported results on

a more realistic, cost-aware basis.
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