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Parametric models widely used in estimation often violate assumptions in practical
research. As flexible alternatives, machine learning methods, especially tree ensembles and
deep neural networks, impose fewer prior assumptions on functional forms for parameter
estimation. This paper systematically examines eight estimation methods—ordinary least
squares, ridge regression, lasso, random forest, XGBoost, LightGBM, multilayer perceptron
(MLP), and deep neural networks—across four simulation regimes (linear, semiparametric,
nonlinear, and high-dimensional sparse) and two real-world datasets: the Home Credit
Default Risk dataset (307,511 samples) and the PIMA Indians Diabetes dataset (768
samples). This study evaluate model bias, mean squared error (MSE) and computational
overhead to determine the applicable scenarios for each method category. Experimental
results demonstrate that tree-based methods perform steadily across various scenarios.
Although deep neural networks incur higher computational overhead, they achieve the
minimal MSE when facing strong nonlinearity with moderate or large sample sizes. These
findings provide actionable guidance for selecting estimation methods based on data
characteristics, bridging theoretical advances in machine learning and practical estimation.
The results verify that no single estimator outperforms all others across all data scenarios.
The optimal selection relies on the joint effects of data nonlinearity, dimensionality and
sample size, which highlights the necessity of diagnosis-oriented method selection in
empirical studies.

statistical inference, machine learning, parameter estimation, tree ensembles,
deep learning

Arameter estimation is a fundamental task in both natural and social sciences. Classical methods,
notably ordinary least squares (OLS) and generalized linear models, offer consistency, normality,
and exact inference under correct specification [1]. Nevertheless, these favorable properties will no
longer hold once model assumptions are violated. Empirical data often contain nonlinearities, high-
dimensional spaces, and complex interactions that parametric models cannot capture without
extensive manual specification [2].

Machine learning (ML) approaches, including tree ensemble models (e.g., random forests (RF)
and gradient boosting (GB)) and deep neural networks (DNN), can learn flexible functional forms
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directly from raw data [3-5]. Nevertheless, their applicability to formal statistical inference still
remains an open research problem [6, 7]. Existing comparisons focus on narrow method subsets or
data regimes; few studies benchmark classical and ML estimators across controlled nonlinearity,
dimensionality, and sample-size conditions within a unified framework [1, 2]. As a result, applied
researchers lack clear guidelines for model selection. Three core research questions are addressed:
whether ML estimators achieve comparable reliability to classical methods, what types of data
scenarios can benefit from the flexibility of ML models, and how much computational overhead
these methods introduce.

This work addresses these questions through a controlled simulation framework spanning four
data-generating processes and two real-world datasets, with a practical discussion of computation-
performance trade-offs. The findings help researchers judge whether the increased complexity of
ML models is worthwhile for improving estimation accuracy.

2. Preliminaries and literature review
2.1. Classical estimation framework
The study first introduces the standard linear regression model as follows:
y=XB+e (1)

where y € R" is the response vector, X € R™P is the design matrix, B € RP is the coefficient
vector, and 8~N(O, 021) represents independent and identically distributed (i.i.d.) Gaussian noise.

According to the Gauss-Markov theorem, the OLS estimator is derived by solving the following
objective function:

Bows = (XTX) 'XTy# (2)

which is the best linear unbiased estimator [8]. The lasso extends this framework by adding [
regularization for simultaneous estimation and variable selection in high-dimensional settings [9].
The Lasso estimator solves:

ming ||y — XB|12 + A||B]; 3)

where A governs the penalization intensity. These estimators enjoy +/n -consistency and
asymptotic normality under correct specification, but degrade under nonlinearity or heavy-tailed
errors. Ridge employs L2 penalization to control variance at the cost of bias without variable
selection. Lasso enables automatic feature selection via [; penalization yet can be unstable under
high multicollinearity. These limitations motivate the exploration of flexible ML methods.

2.2. Machine learning for estimation

Random forests (RF) construct an ensemble of B decision trees trained on bootstrap samples and
average their predictions [3]. The random forest predictor is given by:

f(x) =13 2Ty (%) (4)
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where T}, denotes the b -th tree. Gradient Boosting (GB) constructs additive ensemble models
in a stage-wise manner [4]:

fm (%) = fn—1 (%) +v - hu (x) (5)

where hy, is a weak learner fitted to the negative gradient of the loss at step m and v is the
learning rate. XGBoost (eXtreme Gradient Boosting) and LightGBM (Light Gradient Boosting
Machine) are optimized implementations with level-wise and leaf-wise tree growth, respectively
[10, 11]. Random forests reduce variance through averaging, whereas boosting iteratively reduces
bias. Deep neural networks (DNN) approximate the regression function through L compositional
layers:

f(X) = WLG (WL_lc (W1X+b1) +bL_1) +bL (6)

where o is a nonlinear activation function (typically ReLU). DNNs have achieved state-of-the-
art performance on image and text processing tasks. However, their high optimization variance and
heavy computational overhead restrict their application to medium-scale tabular datasets.

Numerous studies have investigated the statistical properties of ML-based estimators. Scornet et al.
established L2 consistency of random forests under the additive regression model [12], Mentch and
Hooker derived a central limit theorem for random forest predictions under subsampling [14], and
Biau and Scornet provided a comprehensive survey of consistency, convergence rates, and variable
importance [19].

For statistical inference, Wager and Athey developed honest random forests that yield
asymptotically normal estimates of conditional average treatment effects [6], and Lei et al.
constructed quantile regression forests with asymptotically valid prediction intervals [18]. In causal
inference, Athey and Imbens extended random forests to generalized causal forests for
heterogeneous treatment effect estimation [16], Kiinzel et al. proposed an ensemble-of-metalearners
framework that adaptively selects the optimal combination of base learners [17], and Chernozhukov
et al. introduced double/debiased machine learning for using flexible ML methods in nuisance
function estimation while preserving 4/n -consistency for the target parameter [7].

For deep learning theories, Farrell et al. proved the asymptotic normality and semiparametric
efficiency of DNN estimators under standard regularity conditions, laying a solid foundation for
neural network-based statistical inference [13]. Regarding uncertainty quantification, Angelopoulos
and Bates proposed conformal prediction, a distribution-free framework with few assumptions on
data distribution [15].

The above research indicates that ML models are mainly applied as first-stage estimators, and
statistical inference is implemented via second-stage approaches that are robust to the approximation
errors from the first stage. Different from prior literature that primarily derives asymptotic properties
theoretically, This work provides a systematic empirical comparison across controlled simulation
regimes spanning linearity, mild misspecification, strong nonlinearity, and high-dimensional
sparsity, thereby complementing theoretical results with practical guidance for method selection.
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3. Experimental design and methodology
3.1. Simulation framework

This study designs four simulation scenarios with increasing complexity, ranging from ideal
conditions for classical estimators to challenging settings where ML methods are supposed to
achieve superior performance. Each scenario follows the general regression model:

y=f(X)+e (7)

where X;~-N(0,1) for j=1,...,p, &-N(0,0%) with 6 =1, and f varies by scenario. All
simulations use n = 500 observations repeated 100 times with independent draws to obtain stable
Monte Carlo estimates. The linear scenario adopts f(X) = Xp with p = 10 and all coefficients non-
zero, serving as the baseline where classical methods are optimal.

The  semiparametric  scenario  introduces a mild sinusoidal  perturbation:
f(X) = XP + 0.3sin(X1) with p = 10, representing mild misspecification where the true functional
form deviates locally from linearity.

The nonlinear scenario incorporates trigonometric, logarithmic, and product interactions:
f(X) = sinX; + log(1 + |X3|) + X3X4, with p = 10, producing strong nonlinearities that linear
models cannot approximate without explicit basis expansion.

The high-dimensional sparse scenario uses f(X) = Xp with p =100 but only s = 5 non-zero
coefficients, representing settings where the signal is sparse relative to the feature space.

3.2. Methods and implementation

Eight estimation methods are compared across all scenarios. OLS, ridge regression ( A =1 ), and
lasso ( A selected by 5-fold cross-validation) represent classical linear estimators. Random forest
uses 200 trees with maximum depth 10 and default minimum samples per leaf, providing a balance
between bias and variance through ensemble averaging. XGBoost and LightGBM are configured
with 200 trees, maximum depth 6, and learning rate 0.1; LightGBM additionally employs gradient-
based one-side sampling to accelerate training without compromising accuracy. MLP employs one
hidden layer of 50 units with ReLU activation, trained for 500 iterations using the Adam optimizer.
DNN uses three hidden layers of 128, 64, and 32 units respectively, with ReLU activation and
dropout 0.2, trained for 200 epochs using Adam (Ir=0.001, batch size 64). A tuned DNN
configuration (wider 256-128-64 architecture, batch normalization, increased dropout, learning rate
scheduling, and extended training) was also evaluated. A supplementary grid search (max_depth
3/6/9, learning rate 0.05/0.1/0.2, n_estimators 100/200) over XGBoost and LightGBM on the
nonlinear scenario found default parameters near-optimal, consistent with reported robustness [10,
11]. All models are evaluated on 30 percent held-out test sets, with tree hyperparameters selected
based on recommended defaults from the literature.

3.3. Evaluation metrics

Three primary metrics are used for evaluation. The test MSE is calculated on hold-out test sets, and
the average results over 100 repeated experiments are reported with standard errors in parentheses..
Estimation bias is computed as:
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Bias(B) = [|E[B] — Bl|2 ()

This metric is applied to linear and semiparametric scenarios where the true coefficient vector is
available. For nonlinear scenarios, estimation bias cannot be separated from variance without a
predefined parametric target. Thus, we take test MSE as the major metric to evaluate model
accuracy.

In the linear scenario, OLS achieves the lowest MSE (1.02), followed closely by ridge (1.02) and
lasso (1.01). Tree-based methods exhibit higher MSE (RF: 1.92, LightGBM: 1.67) due to variance
inflation under correct specification. The DNN (1.21) falls between, approximately 19 percent above
OLS. Estimation bias is negligible.

Under mild semiparametric misspecification with a sinusoidal perturbation, OLS and ridge
maintain the lowest MSE (1.02), while tree-based methods (RF: 1.95, XGBoost: 1.85, LightGBM:
1.67) show modestly higher error. The DNN (1.22) performs competitively. The small perturbation
magnitude relative to the noise level ( 0 =1 ) limits the advantage of flexible methods in this
regime.

The nonlinear scenario produces the largest differentials. LightGBM achieves the lowest MSE
among tree-based methods (1.70), followed by XGBoost (1.91) and random forest (1.96). The DNN
(MSE = 1.46) outperforms all tree ensembles, and paired t-tests confirm statistical significance (p <
0.001). This advantage reflects the nature of the DGP: the sine, logarithmic, and product-interaction
components form a smooth global function that ReLU-activated DNNs can approximate with
relatively few parameters through their compositional structure, whereas tree ensembles must
partition the input space into many piecewise constant regions to achieve comparable accuracy. A
tuned DNN configuration did not yield improvement (MSE = 1.50; p = 0.011), confirming near-
optimality at this sample size. All linear methods exhibit substantially higher MSE (2.26).

A sample size sensitivity analysis shows that at n = 200, all methods exhibit similar mean MSE
(2.0-2.5), with the tuned DNN (1.99) marginally leading. At n = 500, DNN (1.46) separates from
tree ensembles (LightGBM: 1.70), and at n = 2000, DNN achieves MSE of 1.20 compared to
LightGBM at 1.39—a 14 percent advantage, indicating that the DNN function approximation
advantage is realized primarily at larger sample sizes.

In the high-dimensional sparse setting, lasso achieves the best MSE (1.28), correctly selecting the
five non-zero coefficients. Tree-based methods exhibit elevated MSE (LightGBM: 1.81, RF: 2.32,
XGBoost: 2.30), and the DNN (MSE = 2.71) struggles without sparsity-inducing regularization.

In summary, classical linear methods are preferred under linear or near-linear processes, the DNN
excels under strong nonlinearity at moderate-to-large sample sizes, and lasso is optimal when the
model is sparse.

Two real-world binary classification datasets are examined. The Home Credit Default Risk dataset
(307,511 loan applications, 104 numerical features after removing variables with over 50 percent
missingness and imputing remaining missing values with the median) is evaluated via Brier score.
Random forest achieves the lowest score (0.0699), followed closely by XGBoost (0.0699) and
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logistic regression (0.0729), a 4 percent improvement over the linear baseline. DNN performance
(0.0702) is comparable but requires substantially more computation: 27 seconds versus 0.3 for
XGBoost and 0.7 for LightGBM. The PIMA dataset (768 observations, 8 numerical features, no
missing values, binary classification) represents a complementary small-sample setting.

On the PIMA Diabetes dataset (768 observations), random forest achieves the lowest Brier score
(0.159), followed by logistic regression (0.162) and DNN (0.164). The high variance of flexible
methods in small samples offsets any potential gains from capturing nonlinear structure.

A supplementary DNN tuning experiment confirmed that the tuned DNN (Brier = 0.164 on
PIMA, 0.070 on Home Credit) is statistically indistinguishable from the original configuration.
Across both applications, the performance gap depends primarily on the degree of nonlinearity and
sample size, rather than on the superiority of any single model class.

All runtime tests are performed on a standard computing device equipped with an Intel Core 17 CPU
and 32 GB RAM, without GPU acceleration. In the n = 500 simulation, tree ensembles train in 0.1-
0.2 seconds while DNN training requires 0.6—0.7 seconds. This gap widens substantially at scale: on
the Home Credit dataset (50K observations), DNN training takes 27 seconds versus 0.3 seconds for
XGBoost and 0.7 seconds for LightGBM. Tree ensembles thus offer the most favorable accuracy-to-
cost ratio for tabular data across sample sizes.

This paper conducts a systematic comparative analysis between classical estimation methods and
machine learning approaches for parameter estimation, based on four simulation scenarios and two
real-world applications. The principal findings are as follows. Under correct linear specification,
OLS and ridge regression remain optimal both statistically and computationally. Under mild
semiparametric misspecification, all methods perform similarly and OLS remains competitive.
Under strong nonlinearity, the DNN achieves the lowest MSE, with the advantage growing from
marginal at n = 200 to a clear 14 percent lead over tree ensembles at n = 2000 under the examined
SNR. In high-dimensional sparse settings, lasso achieves the optimal bias-variance trade-off through
automatic variable selection. These results indicate that method selection should be guided by data
characteristics rather than by the presumed superiority of any single model class. In practice, tree
ensembles offer a robust default for tabular data with unknown structure, while DNNs may be
preferred when strong nonlinearity is suspected and sufficient observations are available.

Several limitations suggest directions for future work. First, the scope is restricted to regression
with Gaussian errors; extension to classification tasks, survival analysis and heavy-tailed
distribution scenarios; Second, the nonlinear DGP (trigonometric, logarithmic, and product
interactions) represents one class of nonlinear structure; performance may differ under other forms
such as high-order polynomials, threshold effects, or periodic functions. Third, bootstrap uncertainty
for ML estimators is known to be anti-conservative [14]; future work should explore conformal
prediction and variational inference. Fourth, the threshold at which DNNs consistently dominate tree
ensembles depends on the regression function, signal-to-noise ratio, and feature dimensionality, and
warrants further investigation. Addressing these limitations would strengthen the evidence base for
principled method selection. Simulation code is available upon request.
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