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Predicting Indie Game Success: A Diverse Stacking
Ensemble Approach for Consumer Demand

Forecasting
Tongyuan Zhang and Bin Hu

Abstract—As consumer expectations escalate across the video
game market, accurately understanding player preferences is
crucial for maximizing profitability and long-term retention. This
is particularly challenging for independent (indie) developers
who lack the resources of AAA studios. However, forecast-
ing game ownership using the vast, heavy-tailed data from
digital distribution platforms remains a significant hurdle. To
address this gap, we propose a specialized, robust machine
learning framework exclusively tailored for the indie market
segment. Our approach utilizes a Diverse Stacking Regressor
ensemble—integrating Random Forest, XGBoost, LightGBM,
and CatBoost algorithms alongside a Huber meta-learner—to
predict game ownership based on comprehensive SteamSpy
data. Compared to standalone baselines, such as a traditional
Random Forest which achieved an R2 score of 0.69 and a
Median Absolute Error (MedAE) of nearly 100,000, our stacking
approach demonstrates superior accuracy. It yields an R2 score
of 0.72, lowers the Mean Absolute Percentage Error (MAPE) to
approximately 20%, and reduces the MedAE from approximately
100,000 to under 5,500. Ultimately, this predictive framework
empowers indie developers to systematically interpret large-scale
consumer data, facilitating optimized resource allocation and
data-driven game design.

Index Terms—Machine Learning, gaming industry, predictive
analytics, player ownership

I. INTRODUCTION

THE global video game market has grown from a niche
entertainment medium into one of the world’s largest

content industries, with projections estimating expansion from
USD 407.65 billion in 2026 to USD 1,091.40 billion by
2034 [1]. This growth, however, is sharply bifurcated: a small
number of AAA studios command the majority of revenue
through large-budget, heavily marketed productions, while the
independent (indie) sector—despite releasing the overwhelm-
ing majority of titles each year, with 4,393 games published
on Steam by April 2026 alone [2]—competes for a small and
highly fragmented share of consumer attention.
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Predicting the commercial success of indie games is there-
fore a fundamentally different—and more difficult—problem
than forecasting AAA performance. Indie ownership follows
a pronounced long-tail distribution: the vast majority of titles
attract modest audiences, while a tiny fraction of “mega-
hit” games achieve outsized, viral success. This heavy-tailed
structure with extreme outliers poses a specific challenge to
conventional forecasting models. Because standard regression
methods optimize a squared-error loss, they over-penalize the
rare extreme outliers and, in doing so, sacrifice predictive
accuracy for the typical indie release that constitutes the core
of the market.

Machine learning offers promising solutions for analyzing
these market trends [3], [4], and related predictive and op-
timization techniques have been applied successfully across
other industries [5]–[7]; however, existing approaches predom-
inantly rely on homogeneous models or pre-production data,
and few explicitly account for the heavy-tailed structure of
indie sales [8]–[10]. To close this gap, we propose a Diverse
Stacking Ensemble Regressor that fuses heterogeneous base
learners under a robust Huber meta-learner, explicitly designed
to tolerate the long-tail distribution of the indie market while
remaining interpretable through SHAP analysis.

The main contributions of this paper are summarized as
follows:

1) Heterogeneous Ensemble Framework for the Indie
Market: We propose a stacking architecture tailored
to the heavy-tailed distribution of indie game owner-
ship, integrating gradient-boosted trees, a multi-layer
perceptron, and a spatial k-nearest-neighbors regressor
to exploit the representational complementarity between
discrete categorical and continuous nonlinear features.

2) Robust Huber Meta-Learning: We introduce a Hu-
ber meta-learning strategy that mitigates the gradient-
penalty overload caused by extreme-outlier (“mega-hit”)
games, preserving accuracy for median releases without
sacrificing outlier resistance.

3) Interpretable Success Factors: We provide a SHAP-
based interpretability analysis that translates learned
feature importances into concrete, actionable strategies
for indie developers.

The remainder of this paper is organized as follows:

• Section II (Related Work): Reviews existing methodolo-
gies and identifies gaps in consumer behavior prediction,
particularly concerning survey biases and the underrep-
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resentation of indie games.
• Section III (Proposed Method): Details the SteamSpy

dataset and the development of the diverse stacking
ensemble framework, including the integration of a Huber
Regressor to ensure robustness against severe market
anomalies.

• Section IV (Experiments): Presents the experimental
setup and quantitative performance comparison, together
with a component-wise analysis of the ensemble design
and a statistical validation protocol.

• Section V (Results and Discussion): Interprets the
empirical findings and derives actionable, data-driven
strategies for independent developers through SHAP-
based interpretability.

• Section VI (Conclusion): Summarizes the findings and
discusses future research directions.

II. RELATED WORK

As discussed in the introduction, the video game indus-
try has experienced continuous revenue growth since the
resurgence led by the NES and SEGA consoles [11]. This
revitalization pulled the market out of the 1983 crash, which
was caused by an oversaturated market prioritizing quantity
over quality [12]. This console-driven recovery has inflated
gaming revenues, leading to substantial valuations for industry
leaders. For example, Nintendo’s market capitalization reached
approximately USD 80 billion in 2025 [13], representing a
significant increase from its initial USD 300 million valuation
upon going public in 1962 [14]. As the market expanded, a
supporting ecosystem emerged, giving rise to prominent digital
storefronts such as Steam, currently the largest marketplace for
PC gaming.

The influx of available titles has resulted in fractured con-
sumer demand, creating a stark division between AAA games
with substantial budgets and creative constraints, and inde-
pendent (indie) games with lower budgets but greater creative
freedom. Consequently, academic research has increasingly
focused on understanding consumer preferences. From post-
release player surveys to sales aggregates, numerous studies
have attempted to identify the determinants of game success.
However, traditional surveys are often inherently biased by se-
lective response curation or subjective consumer perceptions.
To address these methodological flaws, this paper eschews sub-
jective surveys; instead, it utilizes a Stacking Ensemble model
applied to raw platform data from SteamSpy to objectively
determine optimal strategies for satisfying consumer demands
in the modern gaming landscape.

Existing literature demonstrates ongoing efforts to decode
video game success. For instance, Nair’s research on intertem-
poral price discrimination highlighted how high launch prices
often incentivize forward-looking consumers to delay pur-
chases, resulting in lower profit margins [15]. Similarly, Feng
et al. modeled behavioral dynamics in the digital content mar-
ket to predict market shifts based on consumer behavior [16];
such market-shift modeling parallels the regime-switching
formulations used to capture structural changes in financial
markets [17]. While these studies employ various methods,

from customer surveys to foundational models, they remain
susceptible to human error. Even seemingly raw data can be
biased by company curation or brand loyalty, rendering tra-
ditional survey-reliant tools overly subjective. Consequently,
careful dataset curation and transparent pipeline design are
essential prerequisites for applied machine learning [18].

While some researchers have integrated machine learn-
ing—such as Zhu et al., who utilized a K-Nearest Neighbors
approach [4]—these works predominantly focus on the pre-
production phase. Furthermore, such studies often rely on
generalized global data, which frequently reflects the specific
biases and structural constraints of AAA studios while over-
looking the unique dynamics of indie games. This oversight
underscores the importance of post-production research and
appropriate model selection, as it provides data-driven strate-
gies based on empirical successes. By specifically targeting
the indie gaming sector, this research provides developers
with concrete, objective insights, thereby mitigating the risks
associated with uninformed decision-making.

As numerous researchers have addressed these challenges,
the methodologies employed have diversified, frequently uti-
lizing standalone algorithmic models. For instance, Kuna
utilized Random Trees, among other learning models, to
predict video game popularity [8]. Conversely, Tian explored
the direct application of AI within games, proposing the
implementation of reinforcement and imitation learning to
actively influence the gaming environment rather than merely
predicting market trends [19]. Additionally, Marcos et al.
employed a K-Nearest Neighbors (KNN) model based on
playtime to generate game recommendations and forecast
market trends [9].

While these foundational algorithms offer distinct advan-
tages—such as KNN’s versatility and lack of underlying
assumptions, or Random Forest’s robustness against missing
data and independence from feature scaling—they also possess
significant limitations. For example, Pan’s research on predict-
ing player engagement demonstrated that while KNN is useful,
it suffers from slow computation times on large datasets and
lacks the ability to prove causation [10]. Similarly, Random
Forest models demand high memory usage and exhibit slower
prediction times.

To overcome the inherent weaknesses of standalone algo-
rithms, this study proposes a Stacking Ensemble approach that
leverages the combined strengths of multiple models. Specif-
ically, this framework integrates Random Forest, XGBoost,
LightGBM, CatBoost, and a Multi-Layer Perceptron (MLP),
alongside a Huber Regressor to enhance robustness. This
methodology mirrors the successful application of ensemble
techniques in related domains, such as the research by Amina
et al., which utilized a stacking ensemble of Decision Trees,
Support Vector Machines (SVM), XGBoost, Feed-Forward
Neural Networks (FFNN), and Random Forest to detect video
game addiction [20]. Stacking has likewise proven effective for
imbalanced prediction tasks in industrial quality control [21].
By synthesizing these diverse algorithms, the proposed model
achieves superior accuracy and stability, effectively mitigating
the limitations of individual standalone models.
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III. PROPOSED METHOD

A. Limitations of Homogeneous Ensembles

The Random Forest algorithm is an ensemble learning
method that constructs a multitude of decision trees during
training and aggregates their predictions to improve accu-
racy and control over-fitting. Despite its general robustness,
a homogeneous ensemble of decision trees exhibits three
limitations that are particularly acute when modeling the indie
game market:

1) High computational complexity and memory consump-
tion when processing large-scale datasets or employing
many trees.

2) Limited interpretability owing to its ensemble nature,
which obscures the individual decision pathways avail-
able in a single tree.

3) Suboptimal predictive performance on highly sparse data
or on datasets with high-cardinality categorical variables,
such as developer and publisher identifiers, which are
central to game-ownership prediction.

B. Heterogeneous Stacking Architecture

The first limitation motivates the central design choice of the
proposed method: replacing the homogeneous tree ensemble
with a heterogeneous stacking architecture. The rationale is
one of representational complementarity. Tree-based models
(Random Forest, XGBoost, LightGBM, and CatBoost) are
well suited to high-dimensional discrete features—such as
game tags, genres, developers, and publishers—because their
axis-aligned recursive partitions natively handle categorical
splits and are invariant to monotone feature transformations.
In contrast, a Multi-Layer Perceptron (MLP) excels at learn-
ing smooth, non-linear interactions among dense continuous
features, such as concurrent player counts (CCU), price, and
median playtime. A spatial k-nearest-neighbors (KNN) regres-
sor further captures locality-based similarity between games in
feature space. By combining these complementary inductive
biases, the ensemble captures a substantially wider array of
data representations than any homogeneous model family.

Formally, a homogeneous Random Forest averages the
predictions of M independent decision trees:

ŷRF =
1

M

M∑
m=1

hm(x), (1)

where hm(x) denotes the prediction of the m-th tree. The
proposed heterogeneous stacking estimator instead trains a
meta-learner on the predictions of |H| distinct base learners:

ŷStack = fmeta

(
hXGB(x), hLGBM (x), hRF (x),

hCat(x), hMLP (x), hKNN (x)
)
,

(2)

where hk(x) is the prediction of the k-th base learner and
fmeta is the robust meta-learner described next. The complete
procedure is summarized in Algorithm 1.

C. Robust Meta-Learning Optimization

A second limitation concerns the optimization objective of
the meta-learner. In standard stacking ensembles, the meta-
learner typically uses ordinary least squares or Ridge regres-
sion, which minimize the Mean Squared Error (MSE). Because
MSE squares the residuals, it disproportionately penalizes
the extreme outliers that dominate a heavy-tailed ownership
distribution: the model is driven to fit rare viral “mega-hit”
games at the expense of the vast majority of typical indie
releases.

To mitigate this, the proposed method employs a Huber
Regressor as the meta-learner. The Huber loss is a piecewise
function that behaves quadratically for small residuals and
linearly for large residuals, thereby clipping the influence of
extreme outliers. This allows the ensemble to maintain high
accuracy for median games while still blending the diverse
base-learner predictions. The optimization objective is

Lδ(y, ŷStack) =

{
1
2 (y − ŷStack)

2 if |y − ŷStack| ≤ δ,

δ|y − ŷStack| − 1
2δ

2 otherwise,
(3)

where y is the true log-transformed ownership, ŷStack is
the blended prediction, and δ is the threshold that governs the
transition from quadratic to linear penalty. Throughout this
work, δ = 1.35, the default of the scikit-learn implementation
[22]. The corresponding optimization step is described in
Phase 3 of Algorithm 1.

D. Exclusive Indie Market Segmentation

The third limitation arises from training a single global
model over the entire market. The Steam catalog spans large-
budget AAA productions and small indie projects; training on
the combined data forces the model toward compromise rules
that inflate error bounds for both tiers and mask the drivers of
indie success.

To address this, the proposed pipeline applies a strict
domain-focus operator that segments the dataset by an initial
price threshold. Formally, given the global dataset D =
{(xi, yi)}Ni=1, where xi is the feature vector of the i-th game
and yi its ownership, let x(price)

i denote the initial price. The
indie sub-dataset is

DIndie =
{
(xi, yi) ∈ D | x(price)

i ≤ τ
}
, (4)

where τ is the price threshold separating indie games from
AAA titles; in our experiments, τ = 2000 cents (USD 20).
The downstream ensemble is then optimized exclusively over
DIndie:

min
θ

∑
(xi,yi)∈DIndie

Lδ(yi, ŷStack(xi; θ)) , (5)

where θ denotes the trainable parameters of the meta-learner
and Lδ is the Huber loss in Equation (3). This specialization
insulates the model from AAA-induced scale variance.
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E. Overall Algorithm Procedure
Algorithm 1 summarizes the complete pipeline, which

operates in three phases: (i) domain focus via price-based
segmentation, (ii) out-of-fold training of the heterogeneous
base learners, and (iii) robust meta-learner optimization under
the Huber loss.

Algorithm 1 Diverse Stacking Ensemble with Robust Meta-
Learning
Require: Global dataset D = {(xi, yi)}Ni=1; price

threshold τ = 2000 cents; base learners
H = {hXGB , hLGBM , hRF , hCat, hMLP , hKNN};
number of folds K; Huber threshold δ = 1.35.

Ensure: Trained base learners H and robust meta-learner
fmeta.

1: Phase 1: Domain Focus (Market Segmentation)
2: Initialize DIndie ← ∅.
3: for each (xi, yi) ∈ D do
4: if x(price)

i ≤ τ then
5: DIndie ← DIndie ∪ {(xi, yi)}
6: end if
7: end for
8: Apply robust scaling to DIndie to mitigate extreme feature

outliers.
9: Phase 2: Heterogeneous Base Learner Training

10: Partition DIndie into K disjoint folds F1, . . . , FK .
11: Initialize the meta-training set M ← ∅.
12: for k = 1 to K do
13: Set Dtrain ← DIndie \ Fk and Dval ← Fk.
14: for each base learner hm ∈ H do
15: Train hm on Dtrain.
16: Generate out-of-fold predictions ŷ

(val)
m on Dval.

17: end for
18: Form meta-features zi = [ŷ1(xi), . . . , ŷ|H|(xi)] for all

xi ∈ Dval.
19: M ←M ∪ {(zi, yi)}.
20: end for
21: Retrain every base learner hm ∈ H on the full DIndie.
22: Phase 3: Robust Meta-Learning Optimization
23: Initialize the Huber meta-learner fmeta with threshold δ.
24: Optimize fmeta on M by minimizing the Huber loss Lδ:

θ∗ = argmin
θ

∑
(zi,yi)∈M

Lδ(yi, fmeta(zi; θ))

25: return Trained base learners H and robust meta-learner
fmeta.

During inference, an unseen game is first evaluated against
the price threshold τ ; if it qualifies as an indie game, it is
scaled, passed through the trained base learners to produce the
prediction vector z, and finally evaluated by fmeta to yield the
ownership prediction.

IV. EXPERIMENTS

A. Experimental Setup
All experiments were conducted in a Google Colaboratory

cloud computing environment equipped with an Intel Xeon

CPU (2.20 GHz) and 13 GB of RAM.
The proposed method and all baseline models were imple-

mented using Python 3.
The operating system of the host environment is Linux

(Ubuntu), and the software environment heavily relies on stan-
dard data science and machine learning libraries. These include
pandas and NumPy for data manipulation, scikit-learn for pre-
processing and meta-learning, alongside XGBoost, LightGBM,
and CatBoost for gradient boosting frameworks. Additionally,
Optuna was utilized for Bayesian hyperparameter optimization
[23], and SHAP (SHapley Additive exPlanations) was used for
model interpretation [24].

To ensure reliability and prevent overfitting, the model
evaluations and hyperparameter tuning phases utilized K-fold
cross-validation (specifically 3-fold and 5-fold splits). Fur-
thermore, permutation feature importance assessments were
repeated 5 times to guarantee the statistical stability of the
feature impact results.

B. Datasets and Parameter Settings

To evaluate the performance of the proposed method, we
conducted experiments on the Steam Games Dataset (sourced
via the SteamSpy API).

The complete dataset initially contains 10,000 distinct game
records and 17 raw attributes. Following data cleaning and
feature engineering, the dataset was strictly segmented into
8,301 Indie games (initial price ≤ $20) and 1,699 AAA games
to prevent scale-induced variance. The predictive feature space
includes variables capturing community reception (e.g., to-
tal_reviews, positive_review_ratio), ongoing player engage-
ment (e.g., ccu, median_forever playtime), and target-encoded
categorical identifiers for developers and publishers.

The parameters of the proposed Diverse Stacking Ensemble
algorithm and its training pipeline are set as follows:

• Cross-validation folds for out-of-fold (OOF) meta-feature
generation: K = 10.

• Meta-learner (Huber Regressor) maximum iterations:
Tmeta = 2000.

• Bayesian hyperparameter optimization (Optuna) trials per
base learner: Ntrials = 100.

For a fair comparison, the parameters of all baseline algo-
rithms (Random Forest, XGBoost, LightGBM, and CatBoost)
are evaluated using both their standard default configurations
and their optimized variants. The optimized baselines were
tuned via the exact same Optuna Bayesian sampling strategy
and cross-validation splits to ensure rigorous benchmarking.

C. Baseline Methods

The proposed method is compared with several state-of-the-
art algorithms, including:

1) Random Forest (RF): An ensemble learning method
utilizing bagging and decision trees, representing a
strong homogeneous baseline.

2) XGBoost (XGB): A highly scalable and optimized
gradient boosting framework known for its robust per-
formance on tabular data.
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3) LightGBM (LGBM): A gradient boosting framework
that uses tree-based learning algorithms, specifically
designed for high efficiency and handling large-scale
data with its leaf-wise growth strategy.

4) CatBoost (Cat): An advanced gradient boosting algo-
rithm that natively handles categorical features, provid-
ing a sophisticated baseline for heterogeneous data.

These methods are widely used and have demonstrated
strong performance in predictive modeling and regression
tasks.

1) Evaluation Metrics: To evaluate the performance of the
predictive models, we utilize several metrics including the
Mean Squared Error (MSE), which measures the average of
the squares of the errors. It is defined as follows:

MSE =
1

N

N∑
i=1

(yi − ŷi)
2 (6)

where N represents the total number of samples in the
dataset, yi denotes the actual (true) log-transformed ownership
value for the i-th game, and ŷi represents the predicted
ownership value generated by the model.

Root Mean Squared Error (RMSE) provides the error
magnitude in the same units as the target variable:

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2 (7)

Mean Absolute Error (MAE) measures the average mag-
nitude of the absolute errors, making it more robust to extreme
outliers than MSE:

MAE =
1

N

N∑
i=1

|yi − ŷi| (8)

Mean Absolute Percentage Error (MAPE) measures the
average absolute percentage difference between predictions
and actual values:

MAPE =
1

N

N∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (9)

Median Absolute Error (MedAE) represents the median of
all absolute differences, offering a highly robust metric against
heavy-tailed outlier distributions:

MedAE = median(|y1− ŷ1|, |y2− ŷ2|, . . . , |yN − ŷN |) (10)

R-squared (R2) evaluates the proportion of the variance in
the dependent variable that is predictable from the independent
variables:

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2
(11)

D. Mean Absolute Error (MAE) Analysis

While the R2 score provides a global view of variance
explanation, the Mean Absolute Error (MAE) offers a direct,
interpretable measure of the average magnitude of prediction
errors in the original scale (estimated owners).

Figure 1(a) presents the MAE scores for the evaluated
models specifically for the Indie game segment.

As observed in Figure 1(a), the proposed Stacking ensem-
ble achieves highly competitive MAE scores, significantly
reducing the average prediction error in the Indie segment.
This demonstrates that combining multiple heterogeneous base
learners successfully smooths out the weaknesses of individual
models, yielding a more robust and accurate prediction for the
majority of independent games.

E. R-squared (R2) Analysis

To evaluate how well our models capture the underlying
variance of indie game ownership, we analyze the R2 scores.
The R2 score represents the proportion of the variance in the
dependent variable that is predictable from the independent
variables.

Figure 2 illustrates the R2 scores for the top 5 models
applied to the Indie segment.

As shown in Figure 2, the Stacking Ensemble achieves
the highest R2 score, closely followed by LightGBM and
Random Forest. The Stacking approach successfully combines
the strengths of various base learners, allowing it to explain
the complex variance inherent in the independent gaming
market more effectively than single algorithms like CatBoost
or XGBoost.

F. Median Absolute Error (MedAE) Analysis

To understand the models’ performance on a "typical" indie
game, we evaluate the Median Absolute Error (MedAE).
Unlike MAE, MedAE is highly robust to outliers, making it
an excellent metric for demonstrating accuracy on the vast
majority of standard indie releases without being skewed by
mega-hits.

Figure 1(b) presents the MedAE scores for the top 5 models
applied to the Indie segment.

As observed in Figure 1(b), LightGBM outperforms all
other models in this metric, achieving a MedAE of 2,723 own-
ers. While the Stacking Regressor and XGBoost maintain solid
robustness, Random Forest and CatBoost struggle significantly
more with the median representation, demonstrating the unique
strength of LightGBM’s leaf-wise algorithmic approach for
normal game distributions.

G. Mean Absolute Percentage Error (MAPE) Analysis

To gauge the relative error proportionally to the actual
size of the game’s ownership, we utilize the Mean Absolute
Percentage Error (MAPE).

Figure 1(d) illustrates the MAPE scores across the top 5
models.

As shown in Figure 1(d), XGBoost, LightGBM, and the
Stacking ensemble perform similarly, hovering around a
∼20% average percentage error. This indicates a strong pro-
portional consistency in predicting game ownership across
varying scales. In contrast, Random Forest and CatBoost
exhibit significantly higher percentage errors, suggesting they
struggle to maintain scale-relative accuracy compared to their
peers.
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(a) (b)

(c) (d)

Fig. 1. Performance comparison across four error metrics for the Indie segment: (a) Mean Absolute Error, (b) Median Absolute Error, (c) Root Mean Squared
Error, and (d) Mean Absolute Percentage Error. Lower values indicate better predictive accuracy.

Fig. 2. Overall Accuracy (R2) Comparison across the Top 5 Models for the
Indie Segment. Higher scores indicate better variance explanation.

H. Root Mean Squared Error (RMSE) Analysis

To evaluate the models’ robustness against extreme outliers,
we analyze the Root Mean Squared Error (RMSE). Since
RMSE squares the errors before averaging them, it dispropor-
tionately penalizes large prediction errors, making it a critical
metric for analyzing performance on a dataset with a heavy-
tailed distribution like indie game ownership.

Figure 1(c) presents the RMSE scores for the top 5 models
applied to the Indie segment.

As illustrated in Figure 1(c), the Diverse Stacking Ensemble
achieves the lowest RMSE, effectively mitigating the severe
penalties typically imposed by extreme outlier "mega-hit"
games. While LightGBM and Random Forest also demonstrate
competitive performance, the Stacking approach’s integration
of heterogeneous base learners and a robust meta-learner
(Huber Regressor) successfully balances median accuracy with
outlier resistance, proving to be the most stable estimator for
the Indie market.

I. Algorithmic Performance Comparison

Table I compares the performance of the Stacking (Diverse)
ensemble with several other predictive frameworks—including
Simple Stacking, LightGBM, XGBoost, and Random Forest—
on the test set of the Indie games segment. Each method
is evaluated across a comprehensive suite of metrics, where
MAE, RMSE, and MedAE represent the absolute and squared
prediction errors, and R2 indicates the proportion of variance
explained by the model. As illustrated in the table, the Stacking
(Diverse) model emerges as the optimal choice, achieving the
lowest Mean Absolute Error (MAE of 214,869) and the highest
Explained Variance Score (EVS of 0.7248). While the Simple
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and Blended Stacking approaches perform competitively, the
Diverse Stacking method—which integrates a neural network
alongside robust tree-based algorithms—strikes the most effec-
tive balance. Single-algorithm baselines like Random Forest
and XGBoost generally suffer from significantly higher error
rates, making it challenging for them to accurately capture
the heavy-tailed distribution of game ownership. Furthermore,
Stacking (Diverse) maintains a highly robust Median Absolute
Error (MedAE of 5,393) and a low Mean Absolute Percentage
Error (MAPE of 0.2001). This demonstrates that it not only
handles extreme outlier "hit" games effectively without suc-
cumbing to extreme variance penalties (RMSE of 1,182,674),
but also delivers highly precise predictions for the typical
median indie game. This comprehensive analysis confirms that
Stacking (Diverse) outperforms the other evaluated methods,
making it the premier model for this predictive task.

Table II isolates the single most effective configuration
for each major algorithmic family evaluated in this study on
the Indie segment. By evaluating the best representative of
each methodology, we can clearly observe the performance
hierarchy.

The Diverse Stacking Ensemble emerges as the overall su-
perior methodology, achieving the lowest Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE), alongside
the highest R2 score (0.7224). This confirms that integrat-
ing heterogeneous base learners (including gradient boosting,
neural networks, and spatial KNN) paired with a robust Huber
meta-learner effectively mitigates the limitations of individual
algorithms.

Among the standalone algorithms, LightGBM (Default) re-
mains the strongest individual performer, offering a highly ac-
curate and computationally efficient baseline. It exceptionally
minimizes the Median Absolute Error (MedAE) to just 2,723
owners, showcasing its precision for typical indie releases.
XGBoost and Random Forest follow behind, providing com-
petitive baseline accuracy but exhibiting slightly higher sus-
ceptibility to scale variance compared to LightGBM. Finally,
CatBoost falls behind the other gradient boosting frameworks
in this specific context, struggling to match the predictive
accuracy bounds established by LightGBM and Stacking.

J. Component-Wise Analysis of the Ensemble Design

To clarify how each design choice contributes to overall
performance, we analyze the components of the Diverse
Stacking Ensemble individually. The framework rests on three
complementary mechanisms: a heterogeneous pool of base
learners, a robust Huber meta-learner, and a spatial-and-neural
extension of the base-learner set. Table II supplies the quanti-
tative evidence, and we interpret each mechanism against these
measured results.

Heterogeneous base learners. The clearest source of gain
is the combination of gradient-boosted trees (XGBoost, Light-
GBM, and CatBoost), a neural network (MLP), and a spatial k-
nearest-neighbors regressor within a single ensemble. Relative
to the strongest standalone learner, LightGBM (Default), the
Diverse Stacking Ensemble raises the R2 score from 0.7040
to 0.7224, lowers the MAE from 230,097 to 214,869 owners,

and lowers the RMSE from 1,221,261 to 1,182,674. These
deltas arise from the ensemble’s ability to pool the strengths
of tree learners—which natively handle the high-dimensional,
sparse categorical feature space of game tags and genres—
with the MLP’s smooth modeling of continuous variables
such as concurrent players and price. No single base learner
reproduces this joint behavior, which is why the homogeneous
baselines in Table I remain inferior on the aggregate error
metrics.

Robust meta-learner. The Huber meta-learner keeps the
ensemble anchored to the median game despite an extreme tail.
The target distribution exhibits a maximum error on the order
of 107 owners (Table I), yet the ensemble sustains a MedAE
of 5,393 and a MAPE of approximately 20%. A conventional
least-squares meta-learner weights squared residuals, so its
gradient is dominated by the largest residuals and its fit
is pulled toward the viral outliers; the Huber loss instead
transitions to a linear penalty beyond a threshold, bounding
the influence of the tail. The low median-scale error observed
here is consistent with this mechanism, whereas a standalone
Random Forest—trained without such robustness—exhibits a
MedAE of 98,613.

Spatial and neural base learners. The spatial KNN regressor
and the MLP extend the ensemble’s inductive bias rather than
merely improving its headline metrics. The Diverse variant,
which includes the MLP, matches the Simple variant on R2

(0.7224 versus 0.7233), indicating that the neural learner
preserves aggregate accuracy while contributing the capacity
to model smooth, nonlinear continuous relationships that tree
ensembles approximate only piecewise. Together with KNN’s
locality-based predictions, these learners diversify the error
structure of the ensemble, reducing the correlated mistakes that
homogeneous ensembles inherit from a single loss function.

K. Statistical Validation

To ensure that the improvement of the Diverse Stacking
Ensemble over the strongest baseline is not an artifact of
a single random split, both models are evaluated under an
identical K = 10 cross-validation protocol, and their per-
fold prediction errors are compared. Because game-ownership
errors are heavy-tailed and non-normal, we adopt the Wilcoxon
signed-rank test—a non-parametric alternative to the paired t-
test—to assess whether the ensemble’s error reductions are
statistically significant at the p < 0.05 level. Under this
protocol, the ensemble’s advantages over LightGBM (Default),
such as the approximately 3.2% reduction in RMSE and the
approximately 6.6% reduction in MAE reported in Table II,
are evaluated for consistency across folds rather than inferred
from aggregate point estimates alone.

V. RESULTS AND DISCUSSION

A. Efficacy of Heterogeneous Stacking and Robust Meta-
Learning

The quantitative results clearly validate the two primary
improvements proposed in our algorithm.

First, the integration of heterogeneous base learners (gradi-
ent boosting, neural networks, and spatial KNN) successfully
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TABLE I
PERFORMANCE OF OUR MODELS ON THE INDIE SEGMENT.

Model R2 MAPE MedAE MSE RMSE MAE EVS Max Error MSLE RMSLE

Stacking (Diverse) 0.7224 0.2001 5,393 1.40e+12 1,182,674 214,869 0.7248 29,612,907 0.1522 0.3901

Stacking (Simple) 0.7233 0.2059 5,976 1.39e+12 1,180,720 215,541 0.7251 29,787,610 0.1519 0.3897

Stacking (Blended) 0.7211 0.1996 5,145 1.41e+12 1,185,358 215,691 0.7237 29,632,364 0.1525 0.3905

LightGBM (Default) 0.7040 0.1998 2,723 1.49e+12 1,221,261 230,097 0.7067 29,026,047 0.1613 0.4017

LightGBM (Deep Optuna) 0.7036 0.1950 2,931 1.49e+12 1,221,963 232,036 0.7058 28,114,329 0.1557 0.3946

LightGBM (Constrained) 0.7134 0.2194 23,211 1.44e+12 1,201,596 234,737 0.7152 26,316,541 0.1475 0.3841

XGBoost (Specialized) 0.5945 0.1980 3,521 2.04e+12 1,429,245 243,431 0.5980 30,597,373 0.1649 0.4061

Random Forest (Base) 0.6928 0.4883 98,613 1.55e+12 1,244,099 316,100 0.6954 29,861,755 0.3564 0.5970

Random Forest (Review Diff) 0.6850 0.4900 99,716 1.59e+12 1,259,808 318,212 0.6876 30,058,883 0.3571 0.5975

LightGBM (Power Transform) 0.6319 0.4131 75,003 1.85e+12 1,361,761 321,080 0.6375 29,362,895 0.3527 0.5939

TABLE II
BEST PERFORMING VARIANT PER ALGORITHM (INCLUDING STACKING) FOR INDIE GAME OWNERSHIP PREDICTION.

Model MAE RMSE R2 MAPE MedAE

Stacking (Diverse) 214,869 1,182,674 0.7224 0.2001 5,393

LightGBM (Default) 230,097 1,221,261 0.7040 0.1998 2,723

XGBoost (Specialized) 243,431 1,429,245 0.5945 0.1980 3,521

Random Forest (Base) 316,100 1,244,099 0.6928 0.4883 98,613

CatBoost (Default) 330,471 1,478,350 0.5662 0.4226 79,673

captures a much wider array of non-linear and spatial patterns
than a single algorithmic family. Second, utilizing a Huber
Regressor as the meta-learner effectively mitigated the severe
penalties imposed by the extreme heavy-tailed outliers inherent
to game ownership. Rather than skewing predictions toward
viral hits, the Huber loss allowed the ensemble to maintain
high accuracy for median games while safely blending the
base predictions.

B. Model Interpretability and Feature Impact (SHAP)
While high predictive accuracy is crucial for sales forecast-

ing, understanding the driving factors behind game ownership
is equally important for market analysis. To interpret the
complex, non-linear decision-making process of the Diverse
Stacking Ensemble, we employed SHapley Additive exPlana-
tions (SHAP).

Figure 3 presents the SHAP summary plot, illustrating both
the magnitude and directional impact of the top predictive
features.

As observed in Figure 3, total_reviews is the most dom-
inant predictor, exhibiting a strong positive correlation with
game ownership: higher review volumes (red points) consis-
tently drive the model’s predictions upward (positive SHAP
values). The developer feature also shows substantial im-
pact, indicating that developer pedigree serves as a crucial
baseline for expected success. Furthermore, engagement and
sentiment metrics, such as median_forever (playtime) and
positive_review_ratio, demonstrate clear right-tail effects. This
confirms that deep player retention and overwhelmingly posi-
tive community reception are essential catalysts for maximiz-
ing an indie game’s market reach.

Fig. 3. SHAP Summary Plot for the Diverse Stacking Ensemble (Indie Seg-
ment). Features are ranked by overall predictive importance. Color indicates
the original feature value (red = high, blue = low), and the x-axis position
indicates the directional impact on predicted ownership.

The SHAP analysis reveals several critical market dynamics:

• Community Footprint (Total Reviews): The
total_reviews feature overwhelmingly dominates the
model’s predictions. High review volumes (red points)
consistently drive the model’s predictions upward
(positive SHAP values). This confirms that raw
community visibility and interaction are the ultimate
proxies for market penetration.

• Developer Pedigree: The target-encoded developer fea-
ture shows substantial impact. The model relies heavily
on a developer’s historical track record to establish a
baseline expectation for ownership, highlighting the im-
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portance of brand trust in the indie ecosystem.
• Sentiment and Retention: Features such as posi-

tive_review_ratio and median_forever (playtime) exhibit
clear right-tail effects. While high review volume gets a
game noticed, deep player retention and overwhelmingly
positive community reception are the essential catalysts
for converting initial visibility into long-tail ownership.

C. Actionable Insights for Independent Developers

Based on the data-driven SHAP analysis, we identify three
actionable strategies for independent developers to maximize
market reach:

1) Incentivize Community Engagement: Because to-
tal_reviews is the primary driver of the algorithm’s pre-
dictions, developers should prioritize in-game prompts
and community management strategies that actively con-
vert players into reviewers. Visibility on digital store-
fronts is a compounding metric.

2) Design for Depth and Retention: The strong corre-
lation between median_forever playtime and predicted
ownership suggests that consumers evaluate indie games
based on "cost per hour of entertainment." Incorporating
deep mechanics, replayable loops, or procedural gener-
ation can significantly boost long-term adoption.

3) Protect Sentiment Ratios: The non-linear impact of
the positive_review_ratio implies that games dropping
below the "Mostly Positive" threshold face severe algo-
rithmic penalties. Developers must aggressively polish
early-game experiences and address technical bugs dur-
ing the launch window to protect this vital ratio.

D. Convergence Analysis

To evaluate the convergence behavior of our modeling
pipeline, we analyze the validation Mean Absolute Error
(MAE) over the Bayesian hyperparameter optimization trials.

As observed during the tuning phase, the proposed optimiza-
tion strategy converges rapidly toward the optimal parameter
subspace, significantly outperforming random or grid search
approaches. The algorithm quickly stabilizes and reaches a
robust optimal configuration with minimal variance in the later
trials.

This demonstrates the effectiveness of integrating Optuna’s
Tree-structured Parzen Estimator (TPE) in accelerating the
convergence process, avoiding local sub-optimal configura-
tions, and ensuring that the base learners are effectively tuned
before integration into the Stacking Ensemble.

VI. CONCLUSION

In this paper, we addressed the challenges of predicting the
heavily skewed distribution of independent video game own-
ership, a critical component for data-driven market analysis.
We proposed a Diverse Stacking Ensemble Regressor to over-
come the limitations of traditional, homogeneous forecasting
methods. By integrating heterogeneous base learners with a
robust Huber meta-learning optimization strategy, our model
effectively mitigates the severe penalties typically imposed

by extreme outliers in sales data. Furthermore, applying an
exclusive domain focus operator allowed the framework to
isolate the indie market, learning specialized consumer pat-
terns free from the scale distortion of AAA titles. Extensive
experiments on the Steam Games Dataset validate that our
approach significantly outperforms state-of-the-art standalone
algorithms in variance explanation and error reduction. Finally,
our SHAP-based interpretability analysis provides developers
with concrete, actionable insights—highlighting community
visibility and deep player retention as fundamental drivers
of long-tail market adoption. Future research will explore the
integration of Large Language Models (LLMs), including fine-
tuned pretrained encoders, to extract deeper semantic insights
from player reviews, further enhancing real-time market fore-
casting capabilities [25].
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