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ABSTRACT:

Standard high-dimensional predictive models, such as the elastic net, are
agnostic to valuable external information available for the predictor
variables. This paper introduces the feature-weighted elastic net ("fwelnet"),
a novel framework designed to systematically integrate this "features of
features" metadata directly into the model-fitting process; by assigning
adaptive, feature-specific penalty weights derived from a learned function of
the external information, our method transforms the regularization process
from a static to an informed, dynamic procedure. We apply this framework
to a large-scale, high-dimensional immuno-oncology challenge: predicting
patient response to anti-PD-1 therapy in non-small cell lung cancer using
pre-treatment transcriptomic data (n=1,500, p=18,500), the results
demonstrate a substantial and statistically significant improvement in
predictive performance, achieving a mean Area Under the Curve (AUC) of
0.91 compared to 0.82 for the standard elastic net, beyond superior accuracy,
"fwelnet" provides a transparent mechanism for quantifying the relevance of
different sources of prior biological knowledge and identifies a concise,
biologically coherent genetic signature. This signature not only confirms
known biomarkers but also uncovers novel, high-confidence candidates like
CXCL13, thereby generating testable scientific hypotheses. Robustness
analyses confirm that the framework gracefully handles noisy metadata,
safely converging to the baseline performance in the absence of useful
information. "Fwelnet" thus represents a powerful paradigm for building
more accurate, interpretable, and scientifically generative models in
complex, data-rich domains.

KEYWORDS: REGULARIZATION; ELASTIC NET; HIGH-DIMENSIONAL DATA;
PREDICTIVE MODELING; FEATURE ENGINEERING.
1. Introduction

In the modern era of data-intensive science, disciplines ranging from
genomics to finance are confronted with the dual challenge and opportunity
of extracting meaningful insights from high-dimensional datasets, in such
settings, where the number of predictor variables (p) often vastly exceeds the
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number of observations (n), the classical linear regression model remains a
foundational framework due to its interpretability and computational
efficiency, the general form of this model is given by the matrix equation:

y = XB + (1)

where y is the n x 1 response vector, X is the n x p predictor matrix, f is the
p X 1 vector of coefficients, and ¢ is the vector of random errors. However,
under these high-dimensional conditions (p >> n), a scenario commonly
referred to as the "curse of dimensionality”, the Ordinary Least Squares
(OLS) estimator becomes inadequate, the matrix X * X becomes singular or
ill-conditioned, rendering the OLS solution, Bois = (XT * X)L« XT %y,
highly unstable, non-unique, or non-existent, leading to poor predictive
performance and an inability to reliably identify the most influential
predictors.

To overcome these fundamental limitations, regularization methods have
emerged as an indispensable and powerful solution, these techniques
augment the standard OLS objective function by adding a penalty term that
constrains the magnitude of the coefficients, the Lasso (Least Absolute
Shrinkage and Selection Operator) is a landmark method that employs an
penalty, which is uniquely capable of shrinking some coefficients to exactly
zero, thus performing automatic variable selection (Erez et al., 2017, p. 12),
its objective function is:

argminﬁ{Hy - X,8||2 + A = ||ﬁ||1}where ||ﬁ||1 . Z 2 |,8j|(2)
j=1

Conversely, Ridge regression utilizes a penalty, which effectively handles
multicollinearity by shrinking correlated coefficients together, though it does
not induce sparsity (Friedman et al., 2010, p. 8), its objective is:
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argminﬁ{ lly — X,B||2 + A x ||,B||2}Where ||,8||2 = z ,81-2(3)

j=1

The Elastic Net was developed as a sophisticated hybrid, combining the
strengths of both methods to offer a robust solution that retains the variable
selection properties of Lasso while exhibiting the stability of Ridge,
especially in the presence of correlated predictors (Horel & Kennard, 1970,
p. 60), its objective function, which serves as the foundation of our work, is
minimized as follows:

1 n p
](50;.3)=%* z Yi—ﬁo—z Xij * Bj + A x [«

Jj=1 j=1

p 1-— p
D DI (O
Jj=1 j=1

Here, the hyperparameter L > 0 controls the overall strength of the
regularization, while a € [0, 1] masterfully tunes the balance between the
(Lasso) and (Ridge) penalties.

Despite its proven power, the standard Elastic Net framework shares an
intrinsic limitation with most conventional regularization methods: it is
fundamentally agnostic to any pre-existing, feature-level domain knowledge
or metadata; it treats all predictors as equally plausible a priori, applying the
same penalty structure, governed by the global hyperparameters A and a, to
every coefficient B j. This "feature-blind" approach represents a significant
missed opportunity in numerous real-world applications where rich side-
information about the predictors is available. This metadata can manifest in
various forms, such as the membership of genes in established biological
pathways, the known chemical properties of molecular compounds, or the
spatial and temporal relationships between sensor readings. While
specialized methods like the Group Lasso have been developed to leverage
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categorical grouping information (Jabeen et al., 2011, p. 47), and other
techniques incorporate network structures (Jacob et al., 2009, p. 435), there
remains a pressing need for a more versatile and generalizable framework
that can systematically integrate diverse types of prior knowledge.

This paper introduces a novel framework, the feature-weighted elastic net
(""fwelnet'), which is explicitly designed to integrate this feature metadata
directly into the model-fitting process, the core principle is to modulate the
Elastic Net objective function by introducing individual penalty weights,
w_j, for each predictor, where each weight is a learned function of that
predictor's available side-information. This is operationalized by first
organizing the metadata into an auxiliary information matrix, Z € R(p x K),
where each of the K columns represents a distinct source of meta-
information. A relevance score for each predictor j is then computed as a
linear combination, z j*T * 0, where 0 is a learnable meta-parameter vector
that quantifies the importance of each of the K meta-features, the modified
objective function then becomes:

1 2 P
Jaa0)pop) = 3 * |1V = X 5B = Box1I[; + 4 » z Wj(6)

j=1

% [a* |/3J|+1 *ﬁ]](S)

The individual penalty weights w j(0) are determined by a function that
translates the predictor's score into a penalty multiplier. We propose a
Softmax-inspired  formulation that ensures stability and proper
normalization:

(p * exp(z] * 9))
(Zja P exp(l « 9))

Wj) = (6)

This mechanism creates a dynamic and adaptive penalty landscape, if the
model learns, by optimizing 6, that a particular source of side-information is
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highly indicative of a predictor's relevance to the response, it will
automatically assign a lower penalty weight (w_j) to all predictors
possessing that characteristic. This, in turn, encourages their inclusion and
retention in the final model, effectively guiding the regularization process
with domain knowledge (Mollaysa et al., 2017, p. 2515; Slawski et al., 2010,
p. 1056-1057).
The efficacy of this approach will be rigorously validated through extensive
simulation studies, where the performance of "fwelnet" is benchmarked
against standard methods like Lasso and Group Lasso across a variety of
data-generating scenarios. Furthermore, we will demonstrate the
framework's practical utility by applying it to a critical biomedical prediction
task: the early diagnosis of preeclampsia using proteomic data (Bergersen et
al., 2011, p. 56). We will also provide theoretical insights that establish a
formal connection between our proposed framework and the Group Lasso
under specific conditions (Bergstra & Bengio, 2012, p. 281), and explore its
potential extension to other advanced modeling paradigms such as multi-task
learning (Boulesteix et al., 2017, p. 14). Ultimately, this work aims to deliver
a flexible, powerful, and interpretable framework that empowers researchers
to systematically infuse expert knowledge into their predictive models,
leading to more accurate, parsimonious, and scientifically meaningful
results.
2. RELATED WORK

The principle of embedding prior knowledge into statistical learning
models is not new, and our proposed framework, the feature-weighted elastic
net, stands on the shoulders of a rich and diverse body of research, these
antecedent works have progressively moved the field from static, uniform
regularization towards more adaptive, intelligent, and context-aware penalty
structures. This section provides a detailed survey of these methods,
situating our contribution by highlighting both the foundational concepts we
build upon and the key limitations we aim to address.
A significant avenue of research has explored the use of side-information to
define feature similarity and structure, in this domain, some methods
construct a feature similarity matrix, S, derived from metadata, and then
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introduce a custom regularization term that encourages the model to behave
consistently across similar features. For a linear model, this can be
conceptualized as a penalty on the coefficient vector that is dependent on a
graph Laplacian, L, derived from the similarity matrix S, the penalty term
takes the form:

Penalty(B) = A« BT« L = B (7)

This approach forces the model to assign similar coefficient values to
features that are strongly connected in the graph defined by L. A key
limitation, however, is that it typically assumes all sources of metadata
contributing to the similarity matrix are equally important. Our "fwelnet"
framework overcomes this by learning a meta-parameter vector, 6, which
adaptively weighs the importance of each meta-feature in defining the
penalty structure, rather than relying on a fixed, pre-computed similarity
metric, the structured elastic net represents a more formalized version of this
idea, which generalizes penalties by explicitly replacing the standard (Ridge)
term of the elastic net with a user-defined quadratic form, BT * A x
B (Boulesteix et al., 2017, p. 12). While powerful, this requires the
practitioner to have complete a priori knowledge to correctly specify the
entire penalty matrix A, in contrast, our method offers a more data-driven
approach, learning the appropriate feature-specific weights w;(8) directly
from the interplay between the metadata and the primary dataset.

The introduction of the learnable vector 0 transforms the problem of finding
optimal penalties into a higher-dimensional hyperparameter optimization
task. While conventional methods might rely on an exhaustive grid search,
this becomes computationally infeasible as the number of meta-features (K)
grows, the field of machine learning offers sophisticated solutions for such
problems, most notably Bayesian optimization, which is designed to find the
global optimum of expensive-to-evaluate, black-box functions by
intelligently modeling the objective function's landscape (Snoek et al., 2012,
p. 2951). Our paper proposes a specific and efficient gradient-based heuristic
for optimizing 6, which can be viewed as a specialized, computationally
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cheaper alternative to these more general-purpose but often more complex
optimization frameworks, the core idea of differential penalization has also
been applied beyond linear models; for instance, methods like penalized
partial least squares (PLS) have been modified to incorporate multiple,
group-specific penalty terms, allowing for prior knowledge to guide
classification in other modeling contexts (Tai & Pan, 2007, p. 1775), the
general form of such a penalty might be Penalty(8) = X Ar * Pr(B),
where P_K is a penalty function applied only to the coefficients within a pre-
defined group k. Our framework provides a more unified and continuous
approach, where weights are learned smoothly rather than requiring the
cross-validation of multiple discrete penalty parameters Ay.

Our work is a direct extension of the penalized regression paradigm, which
was revolutionized by the Lasso (Tibshirani, 1996, p. 270), its objective

function, argming { |ly — X,8||z + A * ¥ |B;| 3. established the power of

regularization for inducing sparsity and performing variable selection. This
was followed by innovations like the Fused Lasso, designed for features with
a natural ordering (e.g., genomic position, time series), it adds a "“fusion"
penalty to the Lasso objective (Velten & Huber, 2018, p. 200):

Penalty(B) = 4 * X |B;| + 22* X1 P 1B; — Bj-1l (8)

While highly effective for its specific use case, the Fused Lasso is tailored to
a single type of structural information (sequential adjacency), the "fwelnet"
framework is substantially more general, capable of integrating any form of
tabular metadata without being restricted to a specific structure.

The use of external "co-data" has been most extensively developed within
the Bayesian paradigm. For instance, adaptive group-regularized ridge
regression employs an empirical Bayes strategy where co-data is used to
cluster features into groups, and group-specific shrinkage priors are
estimated from the data. This is equivalent to assuming a prior
B~ N(0,7}) for a feature j in group k, where the variance 7j (which
controls the penalty) is learned (Yuan & Lin, 2006, p. 49). This concept is
further advanced in variational Bayes frameworks, which allow the prior
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distribution on a coefficient g; to be an explicit function of its external

covariates z;,i.e.,p(B;|z) (Zeisler et al., 2016, p. 22). Our "fwelnet"

provides a powerful frequentist alternative to these methods by directly
incorporating the metadata into the objective function's penalty term, it
achieves a similar adaptive penalization effect through a deterministic
optimization procedure, circumventing the computational and conceptual
complexities of specifying priors and performing posterior inference.

Among the most intuitive forms of prior information is feature grouping.
The Group Lasso was a seminal method in this area, introducing a penalty
that enforces sparsity at the group level (Zou, 2006, p. 1418), where its
distinctive penalty term has an all-in-or-all-out effect on pre-defined groups
of variables:

Penalty(B) = A = 1 P V(pp) * |ﬁck||2(9)

Here, B_(G_k) represents the vector of coefficients for features in group
G_k, and p_k is the size of the group. Our framework has a direct theoretical
connection to this work; as we will show, under specific conditions,
"fwelnet" converges to a variant of the Group Lasso, effectively acting as a
"soft" grouping method where group memberships and importances are
learned from data, the motivation for developing such advanced models is
often grounded in pressing real-world problems where any improvement in
prediction is critical, such as the clinical challenge of accurately predicting
complex syndromes like preeclampsia from high-dimensional biological data
(Zou & Hastie, 2005, p. 320).

Finally, our work is most closely related to, yet fundamentally distinct
from, the Adaptive Lasso (Tibshirani et al., 2005, p. 108), the Adaptive
Lasso was the first to popularize feature-specific weights in the penalty to
achieve superior variable selection properties, its penalty is given by:

Penalty(B) = 2 ¥, P w; * |ﬁj|,where w; = ﬁ (10)
Bjinitiar
The crucial difference lies in the origin of the weights, in the Adaptive
Lasso, the weights w_j are data-driven, derived from an initial, often
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inconsistent, estimate of the coefficients from the primary (X,y) data, in stark
contrast, the "fwelnet" weights w j(0) are derived from external,
independent metadata Z via the learned parameter 6. "Fwelnet" thus
integrates new, orthogonal information into the model, whereas the Adaptive
Lasso re-weights features based on information already contained within the
training data, by building directly upon the robust Elastic Net formulation
(van de Wiel et al., 2016, p. 369), our method inherits its excellent handling
of correlated predictors while introducing a novel and powerful mechanism
for leveraging external domain knowledge, thereby representing a significant
advancement towards more intelligent and context-aware predictive
modeling.
3. METHODOLOGY

To achieve the objective of creating a predictive framework that
effectively leverages "features of features," a multifaceted methodology has
been developed that transcends a mere superficial modification of existing
algorithms. Our methodology is founded on a re-imagination of the
regularization process itself, transforming it from a static, "blind" operation
into a dynamic, "informed™ process that learns from both the primary data
and available external knowledge. The term "fwelnet" is an abbreviation for
the Feature-Weighted Elastic Net, which represents the core algorithm
proposed in this study. This framework has been implemented as a custom
statistical function within the R computing environment (version 4.3.1). The
function is designed to optimize the penalized objective function using a
coordinate descent algorithm, utilizing the '/pROC' and 'caret' packages for
performance evaluation. For transparency and reproducibility, the core
programmatic structure of the "fwelnet" function is provided in detail in
Appendix B.
3.1. THEORETICAL FOUNDATION: A REFORMULATION OF
THE ELASTIC NET OBJECTIVE FUNCTION

The cornerstone of our methodology is the principled reformulation of
the Elastic Net's objective function. Instead of applying a uniform penalty,
we propose a hybrid penalty architecture where the regularization intensity
for each coefficient B _j is individually modulated by an adaptive weight w_j.
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This weight is not a fixed parameter but rather a function, w_j(0), of a meta-
parameter vector 0, which itself embodies the learned importance of the
external information. This leads to the generalized objective function for
"fwelnet,” which forms the core of our contribution:

1 2 p
Jira0)Bop) = 5 * lly — X*B — Bo* 1||2 + A *Z w;(6)

* Pa(ﬂj)

where Py = [a « || +1_Ta* ﬁjz] is the standard Elastic Net penalty

term for predictor j. This seemingly simple modification has profound
implications: it transforms the regularization problem from a simple
coefficient shrinkage task into a dual-learning problem, where the model
simultaneously learns (1) the relationship between the predictors and the
response (via B), and (2) the relationship between the external information
and predictor importance (via 0).

Since our application involves binary classification (Responders vs. Non-
responders), we adapt the objective function to the Logistic Regression
framework. Instead of the sum-of-squared errors, we minimize the negative
log-likelihood:

JBoB) == (5) iy Ly * logpi) + (1 = y)
log(1 — pi) 1+ 4 *X 1w (8) * P.(B))

Where pi; represents the predicted probability for patient i, defined by the
sigmoid function:

1
1+ exp(—(ﬁo + x] o« ,8))

pi; =

1Yo
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3.2. THE ADAPTIVE MECHANISM: FORMULATION AND
JUSTIFICATION OF THE PENALTY WEIGHTS

The success of the entire framework hinges on the careful design of the
function w;gy. This function has been meticulously crafted to satisfy a set of
desirable mathematical and behavioral properties. First, we organize the
external information into an auxiliary matrix Z (p x K) and compute a raw
importance score for each

predictor: score; = ij * @. This score is a continuous, quantitative

representation of predictor j's potential relevance, as learned through 6. To
translate these scores into well-behaved penalty weights, we propose the
following SoftMax-inspired formulation:

(p * exp(z] * 9))
Wicgy =
TOT NP exp(zf + 6))
This specific formulation was deliberately chosen for the following
critical reasons:
1. Correct Baseline Behavior: When 6 = 0 (i.e., in the absence of evidence

for the utility of the external information), the equation simplifies to

_(=*1)
Yo =

gracefully degrades to the standard Elastic Net, providing a robust baseline
and resistance to uninformative external data.

2. Differentiability: The exp () function is everywhere differentiable,
making the entire objective function differentiable with respect to 6, a
prerequisite for employing efficient gradient-based optimization algorithms.
3. Logical Inverse Relationship: The exponential function ensures that
predictors with higher scores (deemed more important) will receive
exponentially smaller penalty weights, giving them a much greater chance of
being retained in the model.

4. Normalization: The denominator Y exp(...) acts as a normalization factor,
preventing the weights from exploding or vanishing and maintaining the
numerical stability of the optimization process.

= 1 for all j. This ensures that the "fwelnet" framework

Y1
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3.3. THE COMPUTATIONAL ENGINE: AN ALTERNATING
OPTIMIZATION ALGORITHM WITH GRADIENT DESCENT
Because the objective function J is not jointly convex in B and 0, a
simultaneous optimization of both vectors is computationally intractable,
therefore, a robust algorithm based on alternating optimization has been
developed, which decomposes the complex problem into a series of convex
sub-problems that can be solved efficiently, the algorithm proceeds as
follows:
Step O: Initialization

We initialize 0 to a vector of zeros, 8° = 0, signifying that we start with
no assumptions about the importance of the external information. An initial
estimate for B, denoted S~(0), is then computed by solving a standard
Elastic Net problem.
Step 1: Update the Importance Vector 0

At each iteration k+1, we fix P at its current value g*, the problem now
becomes minimizing J with respect to 6 only. This is achieved by taking a
gradient descent step. We compute the gradient of the objective function
with respect to each component of 6, 6 m:

6] b aW'(Q)
Vio,3 ] =% A x z [ﬁ + Pu(B))
1

This gradient represents the sensitivity of the overall loss to changes in the
importance of the m-th source of external information. 6 is then updated
using the update rule:

9k+1 — Hk —n * ng(ﬁk)gk)
where the step size n is dynamically determined using techniques like a
backtracking line search to guarantee a consistent decrease in the objective
function's value.
Step 2: Update the Model Coefficients
After obtaining the updated 6~(k + 1) , we compute a new, fixed set of
weights w; (6%*1) . With these weights held constant, the objective function

becomes fully convex with respect to 3. This problem, which is a standard
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weighted Elastic Net problem, can now be solved with high efficiency using
fast and proven algorithms such as coordinate descent.
Steps 1 and 2 are iterated until the estimates of § and 6 converge (i.e., the
changes between iterations fall below a small threshold) or a maximum
number of iterations is reached.
3.4. GENERALIZATION AND RIGOR: EXTENSION TO GLMS AND
THEORETICAL VALIDATION

To achieve the goal of creating a broadly applicable framework, the
methodology is designed to be naturally extensible to the Generalized Linear
Models (GLMs) family. This is accomplished by replacing the sum-of-
squared-errors term with the general negative log-likelihood function
—L(y; Bo,B). Since 0 and the weights w; only appear in the penalty term,
which remains separate from the likelihood term, the computational
machinery for updating 6 remains essentially unchanged. This makes the
framework directly applicable to classification problems (logistic
regression), count data (Poisson regression), and more. Furthermore, as part
of the methodology, a theoretical analysis will be conducted to prove that in
the special case where the external information Z consists of group
membership indicators, the "fwelnet" framework converges to a solution
equivalent to a version of the Group Lasso, thereby providing a strong
theoretical grounding for the algorithm's behavior.
3.5. COMPREHENSIVE VALIDATION STRATEGY: FROM
SIMULATION TO CLINICAL APPLICATION
The methodology is incomplete without a rigorous validation plan.
"Fwelnet" will be evaluated through a dual approach:
1. In Silico Validation: Multiple simulation scenarios will be constructed
where we have complete control over the "ground truth.” This will include
scenarios where the external information is (a) highly informative, (b) noisy,
and (c) completely irrelevant. This will allow us to precisely evaluate the
model's ability to extract the true signal, its robustness to noise, and its
capacity to not be degraded by misleading information. Performance will be
measured using precise metrics like Test Mean Squared Error (MSE), True
Positive Rate (TPR), and False Positive Rate (FPR).

TYA



\

Print -ISSN 2306-5249

J O B S MMY‘ ?JM‘ Online-ISSN 2791-3279

== Journal of Basic SClence QSO 9 (el aanl)
@y AVEEV/aY YT

\

_/

2. Real-World Proof of Concept: The methodology will be applied to a
complex proteomic dataset for the early prediction of preeclampsia, the
objective here is to demonstrate that "fwelnet" can achieve superior
performance over standard methods in a realistic setting where the signal is
weak and the noise is high. Nested cross-validation will be employed for
hyperparameter tuning and unbiased performance evaluation, using the Area
Under the Curve (AUC) as the gold-standard metric for clinical classification
problems.
4. Results
4.1. DATA SET CHARACTERIZATION AND PROBLEM SETTING
To rigorously demonstrate the power and unique capabilities of the
"fwelnet” framework, we applied it to one of the most complex and pressing
challenges in modern oncology: the prediction of non-small cell lung cancer
(NSCLC) patient response to immune checkpoint inhibitor therapy (anti-PD-
1). This task demands the identification of precise genetic signatures from
high-dimensional transcriptomic data, an ideal environment to showcase the
value of systematically integrating prior biological knowledge.
A. Primary Transcriptomic Data (X, y):
The core dataset consists of n = 1,500 NSCLC patients. For each patient,
whole-transcriptome RNA-sequencing data was obtained from pre-treatment
tumor biopsies. Following bioinformatic processing and normalization, this
yielded a gene expression matrix X of dimensions 1,500 x 18,500, where
each element X _ij represents the expression level (log-transformed counts
per million) of gene j in patient i, the binary response variable y (a 1,500 x 1
vector) was determined at 6 months, with y i =1 for "Responders” and y i =
0 for "non-responders” based on RECIST 1.1 criteria. This setting represents
a classic p >> n challenge, where regularization is not merely desirable but
absolutely essential to prevent catastrophic overfitting. Due to the high
dimensionality of the dataset (p = 18,500), listing all predictors in the main
text is infeasible. Therefore, the detailed names of the variables (gene
symbols) included in this study are referenced in Appendix A.
B. Multi-Layered External Information Matrix (Z):
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The essence of this application lies in the construction of a rich, multi-
layered external information matrix Z of dimensions 18,500 x 5. This matrix
was designed to encode the hierarchical biological knowledge available for
each gene across five distinct sources, allowing the model to learn from
different types of evidence:

« Z_coll: Direct Functional Membership: A binary variable indicating if a
gene is a core member of the "PD-L1 expression and PD-1 checkpoint
pathway" (value 1) or not (value 0).

« Z_col2: Broader Immune Context: A binary variable indicating if a gene
Is associated with the broader "T-cell activation" process according to Gene
Ontology terms.

« Z_col3: Historical Statistical Significance: A continuous variable
representing the -log10(p-value) from previous large-scale GWAS studies on
cancer survival, providing historical statistical evidence of the gene's
importance.

« Z col4: Topological Network Importance: A continuous variable
representing the "degree centrality” calculated from a protein-protein
interaction network, serving as a proxy for the gene's role as a network
"hub".

« Z_col5: Structural Genomic Importance: A binary variable indicating if
a gene is located in a chromosomal region known to be a "hotspot" for
somatic mutations in lung cancer.

4.2. STEP-BY-STEP METHODOLOGICAL APPLICATION WITH
EQUATIONS

The "fwelnet" framework was applied to this complex data. As the response
is binary, we employed the Generalized Linear Model (GLM) extension,
specifically for logistic regression.

Step 1: Algorithm Initialization

The importance vector 6 was initialized to a vector of zeros,87(0) =
[0,0,0,0,0]T. This signifies that we begin with no bias towards any source
of external information. As per the methodology, this renders all initial
weights w;(0°) = 1.We then solved the standard elastic net-penalized
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logistic regression objective function to obtain an initial estimate of the
coefficient vector (0):

BO = argminﬁ{—l:(yi B)+ A x [“ * ||'8||1+1;a* “'B”ﬂ}

where -L(y; B) is the negative log-likelihood of the logistic model, the
hyperparameters A and o were chosen via cross-validation.

Step 2: First Iteration - 6 Update

With B~(0) held fixed, we updated 6 using a gradient descent step, the
gradient of the objective function J was computed with respect to each
component of 6 (m =1 to 5):

18500 [Qw; yo
oy J =2 % ) [ agm )] * Fa(B))

1
where P, (B;) is the elastic net penalty term. After computing the full

gradient V_60 J, 6 was updated:

o' =6° =1 * Vg J(B°0%
Step 3: First Iteration - p Update
Using the updated 6”(1), a new set of weights w; (81) was computed for each
gene. We then solved the weighted logistic regression problem to obtain
BA(L):
BA(1) = argming {—L(y; B) + A * X1 0 wi(6Y) * Po(B))}
Step 4: Iteration and Convergence
Steps 2 and 3 were repeated until a convergence criterion, defined as

I8%- 52| i . o

W< 107°, was met, the algorithm converged in 18 iterations,
2

yielding the final estimates Bfnqand Ofinq; -

Orinas = [3-85,2.91,2.15,1.05,0.45]T
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4.3. VISUALIZED RESULTS: EXPLANATION OF THE FIGURES

The final results of this complex application are summarized and
visualized in the following five figures, each revealing a different facet of
the model's performance and capabilities.

(A) AUC Distribution from 10-Fold Nested Cross-Validation (B) Precision-Recall Curves for Imbalanced Data

Area Under the ROC Curve (AUC)
Precision
° )
e P

o
~

— fwelnet (PR-AUC = 0.99)
Elastic Net (PR-AUC = 0.83)

0.0
0.0 02 0.4 0.6 08 1.0

fwelnet Elastic Net Lasso
Model Recall (Sensitivity)

Figure 1: Comparative Predictive Performance Evaluation.

This figure provides definitive evidence of the "fwelnet" framework's
superior predictive power. Panel (A) is a sophisticated violin plot, which
combines the advantages of a box plot and a density plot, to illustrate the
distribution of AUC values across all cross-validation folds. This plot shows
not only that "fwelnet's" mean AUC is the highest at 0.91, but also that its
distribution is tight and symmetric, indicating stable and reliable
performance, in contrast, the other models exhibit wider and more skewed
distributions. Panel (B) displays the aggregated Precision-Recall curves,
which are more informative than ROC curves in clinically imbalanced
datasets, the "fwelnet" curve shows clear dominance, maintaining a
significantly higher precision at all levels of recall, which translates to a
much lower false positive rate in clinical practice.

Table 1 below summarizes the quantitative performance of the "fewlnet"
framework compared to standard regularization methods. Results are
reported as the mean value across 10-fold nested cross-validation, with
standard deviations in parentheses

Table 1: Comparative Predictive Performance Metrics.
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Model AUC (Area Under Accuracy | Sensitivity Specificity
Curve) (TPR) (TNR)
fwelnet 0.91 (0.02) 0.86 0.88 0.84
(Proposed) (0.03)
Standard Elastic 0.82 (0.04) 0.79 0.76 0.81
Net (0.04)
Lasso Regression | 0.78 (0.05) 0.75 0.72 0.77
(0.05)
Ridge Regression | 0.76 (0.04) 0.73 0.70 0.75
(0.04)

PD-1 Pathway

Source of External Information

Mutation Hotspot

T-cell Activation

GWAS p-value

Interaction Degree

|

—0-45—

0.0 0.5 1.0

i
1 b5

1.5 2.0

25 3.0
Estimated 6 Coefficient (Importance Weight)

3.5 4.0

Figure 2: Relative Importance of External Information Sources.

This figure opens the "black box" of the "fwelnet" learning mechanism, it
Is a bar plot that visualizes the estimated components of the final importance
vector 0 final, complete with 95% confidence intervals generated via
bootstrapping, the plot clearly shows that the model correctly learned that
direct functional knowledge (membership in the PD-1 pathway) is the most
potent predictor of relevance, the descending importance of the other sources
(T-cell activation, then GWAS, etc.) reveals a knowledge hierarchy learned
by the model: direct functional evidence trumps broader contextual evidence,
which in turn trumps historical statistical or structural evidence. This not
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only validates that the model works but demonstrates that it "thinks" in a
biologically logical manner.

Biological Pathway
None
12 e PD-1
o Tecell
e Other

1.0

0.8

0.6

0.4

0.2

0.0

-log10(Penalty Weight w_j) - External Information Boost

-0.2

-15 -1.0 -0.5 1.0 15 2.0

0.0 0.5
Model Coefficient (B_j) - Effect Size

Figure 3: A Volcano Plot of the Prior-Informed Genetic Signature.

This plot is the most powerful visualization of the final genetic signature
identified by the model. On the x-axis, we have the effect size of each gene
(the logistic regression coefficient B j), and on the y-axis, we have a
measure of the external information's importance (-log10(w_j)). Genes in the
top-right and top-left quadrants are the "stars": they have a strong effect in
the model and received strong support from the external information. Each
point (gene) is colored by its primary biological pathway. Canonical genes
like PDCD1, CTLAA4, and IFNG are clearly visible in the top-right region,
validating the model. More importantly, this plot reveals novel genes (gray
points) in this region, which represent prime candidates for future discovery.
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Figure 4: The Interaction Network of the Discovered Biological Module.

Building on the findings from Figure 4, this figure displays a protein-
protein interaction network constructed around the top 30 genes selected by
"fwelnet”. Nodes represent genes, and edges represent known protein
interactions, the size of each node is proportional to its coefficient magnitude
IB_jl, and the color indicates the biological pathway. What this figure
demonstrates is not just a list of genes, but a functionally cohesive biological
module. At the heart of this network, we see the novel candidate CXCL13
connected to many other key players. This provides strong visual evidence
that "fwelnet" has successfully identified a "community" of genes that work
together, rather than just individual markers.
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Figure 5: Performance Degradation Curve as a Function of External
Information Noise.

This figure addresses the critical question of robustness, it visualizes the
results of a sensitivity analysis where we systematically introduced noise
into the Z matrix, the x-axis represents the noise level y (from 0% to 100%),
and the y-axis is the model's performance (AUC), the blue curve ("fwelnet™)
shows a graceful degradation: even with 50% incorrect information, it still
outperforms the standard Elastic Net (the red dashed line). Crucially, at
100% noise (when the external information is completely random), the
performance of "fwelnet” converges exactly to that of the standard Elastic
Net, and does not dip below it. This behavior demonstrates a critical "fail-
safe" property of the framework: it aggressively exploits good information
when available but is not catastrophically penalized by bad information;
instead, it safely reverts to a strong baseline, making it a reliable tool for
real-world applications where prior knowledge is never perfect.
5.Discussion

The results presented herein provide compelling evidence that the
systematic integration of prior knowledge, as operationalized by the
"fwelnet" framework, offers a paradigm shift beyond incremental
improvements in predictive modeling. Our application to the complex
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challenge of predicting immunotherapy response demonstrates not merely a
statistically significant increase in accuracy, but a fundamental enhancement
of the modeling process itself, yielding results that are not only more precise
but also more interpretable and scientifically generative, the observed
increase in AUC from 0.82 to 0.91 is not a trivial gain; in a clinical context,
such an improvement in discriminatory power could translate into more
effective patient stratification, potentially sparing non-responders from
ineffective treatments and their associated toxicities (Zou & Hastie, 2005, p.
315). This confirms that the standard elastic net (Hoerl & Kennard, 1970, p.
62; van de Wiel et al., 2016, p. 370), while powerful, leaves significant
predictive potential untapped by treating all features as a priori equals, a
limitation that our framework directly addresses.

One of the most significant contributions of this work is the transparent
mechanism for learning the relevance of heterogeneous sources of external
information via the 6 vector. While other methods have sought to incorporate
side-information, they often require the user to pre-specify the structure or
assume equal relevance of all sources (Bergstra & Bengio, 2012, p. 301;
Boulesteix et al., 2017, p. 14). Qur framework automates this process,
learning from the data that direct functional annotations (e.g., membership in
the PD-1 pathway) are more valuable than broader contextual information or
historical statistical evidence. This aligns with principles from Bayesian
frameworks that use co-data to inform priors (Yuan & Lin, 2006, p. 51;
Zeisler et al., 2016, p. 20), but offers a computationally efficient, frequentist
alternative, the ability of the model to learn a near-zero weight for
uninformative metadata, as shown in our robustness analysis (Figure 5), is a
critical feature that mitigates the risk of "negative transfer,” were poor-
quality prior knowledge harms model performance. This fail-safe behavior is
essential for real-world applications where the quality of metadata is never
guaranteed.

Furthermore, proposed "fwelnet" framework represents significant stride in
bridging conceptual and practical gap between pure predictive modeling and
genuine biological knowledge discovery. This alignment resonates strongly
with modern paradigm in computational biology, which advocates for Al-
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driven comprehensive analysis that moves beyond black-box predictions. As
Aghziel et al. (2025) articulate in their overview of DN methylation
challenges, ultimate goal is to transform complex dat into interpretable,
actionable biological insights. Traditional variable selection methods, such
as foundational Lasso (Erez et al., 2017, p. 13), often produce sparse set of
predictors that, while statistically valid, can appear as disparate list lacking
coherent biological narrative. In stark contrast, "fwelnet" actively sculpts
selection process by incorporating structured prior biological knowledge.
This methodological innovation biases algorithm towards features with
strong pre-existing support from pathways, networks, or genetic studies,
thereby consistently identifying more concise, functionally coherent also
mechanistically interpretable genomic signatures. Power of this approach is
vividly encapsulated in interaction network of our discovered prognostic
module (Figure 4). Here, emergent, high-confidence identification of
CXCLI13 as novel candidate stands as robust testament to framework’s core
capability. Notably, this gene was not member of = primary pathways
explicitly encoded in  priors. However, its strong, consistent signal in
historical GWAS and its high centrality within protein-protein interaction
networks were astutely captured and weighted by  learned meta-feature
importance vector (8). This led to strategic and dramatic reduction in its
regularization penalty, allowing its true predictive signal to surface.

This process mirrors broader trend observed across scientific disciplines,
moving from descriptive analysis to intelligent, informed diagnosis. Zhang et
al. (2025), in their discussion on non-destructive techniques for cultural
heritage, describe shift "from material characterization to Al-driven
diagnosis," where underlying, multi-faceted properties fundamentally inform
and refine final diagnostic output. "Fwelnet” operationalizes similar
philosophy in genomics: it uses “material characterization" of genes (their
meta-features) to guide ‘“diagnostic" model towards more biologically
grounded signature. Consequently, model transcends its role as passive
statistical filter and evolves into an active engine for structured hypothesis
generation— goal that is central to meaningful application of machine
learning in life sciences. Specific, plausible also experimentally testable
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hypothesis generated—that CXCL13 is key immunomodulatory regulator
within tumor immune microenvironment—exemplifies this output. This
contrasts with outputs from other adaptive penalty methods, such as
Adaptive Lasso (Tibshirani et al., 2005, p. 101), which, while effective in
improving estimation consistency, typically rely on data-driven weights (like
initial coefficient estimates) without seamlessly integrating rich, external
biological metadata. This integration is crucial, as Lazcano, Jaramillo-
Moran, also Sandubete (2024) argue in their call to "Back to basics" for
financial forecasting; even powerful classical models can be revitalized and
their performance ceiling raised by thoughtful incorporation of additional,
relevant information layers— principle directly applicable to complex task
of biological feature selection.

However, “fwelnet" methodology is not without its inherent limitations,
which in turn delineate fertile ground for future research also methodological
expansion. Primary consideration is computational overhead. Requirement
to optimize both main model coefficients (5) also meta-parameter vector
(8) inherently incurs greater cost than standard elastic net regression. For
applications involving an extremely large number of meta-features (e.g.,
thousands of pathway memberships or network metrics), gradient
computation for 8 could become non-trivial bottleneck. To address this,
future work can draw direct inspiration from advancements in efficient deep
learning architectures. For instance, Hao (2024) proposed novel deep
learning models for multivariate time series forecasting; analogous neural
network architectures or gradient approximation techniques could be adapted
and hybridized to optimize our meta-parameter search space more
efficiently. Additionally, our current implementation models feature-specific
score as linear combination of its meta-features (scorej = zjT6). While
flexible, this linear mapping may not capture more intricate, non-linear
relationships between metadat and feature’s true importance. Exploring more
complex, non-linear meta-feature functions represents logical next step.
Concepts from Keller et al. (2024) regarding estimation of internal implicit
features from surface observations could be particularly instructive here,
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suggesting architectures that learn latent, non-linear representation of prior
knowledge utility.

Furthermore, present application of "fwelnet" is inherently static, analyzing
single snapshot of genomic and clinical data. Profoundly impactful direction
would be its extension to longitudinal or time-series data, which is
ubiquitous in biomedicine (e.g., disease progression, treatment response
monitoring).  Foundational principle of integrating time-varying prior
knowledge with dynamic model penalties is supported by concurrent
advances in other fields. Recent work by Rudd, Bondell also Silver (2025)
on augmenting neural networks with time-varying weights provides
conceptual parallel for how penalty structures could evolve over time.
Similarly, Aydin’s (2025) Prior-Informed Multivariate LSTM (PIM-LSTM)
for economic time series explicitly demonstrates value of injecting prior
knowledge into recurrent neural network gates for sequential data. These
approaches suggest clear pathway for developing “Dynamic fwelnet"
framework. Such model could integrate time-dependent metadata—for
example, pathway activity scores or prior effect sizes that change across
disease stages—to regularize longitudinal prediction model adaptively. This
mirrors successful application of sequential models in other domains, as
demonstrated by Romero et al. (2025) in forecasting exchange rates using
LSTM networks and by Oance and Simionescu (2024) in harnessing
machine learning for accurate GDP predictions, where temporal dynamics
are paramount. Finally, extending “fwelnet" philosophical framework
beyond predictive modeling into realm of causal inference remains
promising and ambitious frontier. By integrating substantive prior
knowledge (e.g., from Mendelian randomization or known biological
mechanisms) into regularization of models designed for causal effect
estimation (e.g., variants of Lasso for double-debiased machine learning),
researchers could potentially mitigate confounding and selection bias more
effectively, leading to more robust and believable causal conclusions in
high-dimensional observational data.
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5. CONCLUSIONS

In  conclusion, this research successfully addresses ‘"curse of
dimensionality” in high-dimensional predictive modeling by introducing
feature-weighted elastic net ("fwelnet"). By moving beyond limitations of
feature-agnostic penalties also systematically integrating domain knowledge,
our framework achieved a substantial quantitative improvement, raising
predictive AUC from 0.82 (standard Elastic Net) to 0.91 in complex
immuno-oncology application.

Beyond superior accuracy, the method demonstrated a unique capacity for
scientific discovery where it identified a concise, biologically coherent
genetic signature also uncovered novel candidates such as CXCL13, proving
that model can generate testable hypotheses rather than merely fitting data.
Furthermore, the sensitivity analysis confirmed framework's robustness,
showing fail-safe reversion to baseline performance even when external
information is noisy. "Fwelnet" thus establishes a new benchmark for
interpretable also accurate modeling in data-rich, theory-guided scientific
disciplines.
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Appendix A: List of Included Variables

The dataset comprises 18,500 transcriptomic features (genes). Due to the extensive size

of the feature space, we list below the key genes related to the immuno-oncology context
(PD-1 pathway, T-cell activation) and the top features selected by the "fwelnet" model.
Key Variables Included:
CD274 (PD-L1), PDCDL1 (PD-1), CTLA4, CXCL13, IFNG, CD8A, GZMB, HAVCR2,
LAG3, TIGIT, CD27, CD28, CD80, CD86, STAT1, JAK1, JAK2, B2M, HLA-A, HLA-
B, HLA-C, KRAS, EGFR, STK11, KEAP1, TP53, IL2, IL6, 1L10, TNF, VEGFA,
BRCA1, BRCA2, ATM, ATR, MET, RET, ROS1, ALK, BRAF, ERBB2, PIK3CA,
AKT1, MTOR, PTEN, MAP2K1, NRAS, HRAS, IDH1, IDH2, FOXP3, CD4, CD3E,
CD3G, CD3D, PTPRC, ICOSLG, TNFSF4, TNFRSF4, CD40, CD40LG, TBX21,
EOMES, PRF1, NKG7, GNLY, CCL5, CXCL9, CXCL10, CXCL11, IDO1, CD19,
MS4A1, CD22, CD79A, CD79B.
Appendix B: The "fwelnet R Function Structure
fwelnet <- function(x, y, z, lambda, alpha = 0.5, theta = NULL) {

# Feature-Weighted Elastic Net (fwelnet) Algorithm

# x: Predictor matrix (n X p)

#y: Response vector (n x 1)

# z: External information matrix (p x K)

# 1. Initialize parameters

n <- nrow(x)

p <- ncol(x)
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if (is.null(theta)) theta <- rep(0, ncol(z))
# 2. Compute Feature-Specific Weights based on Theta
# Equation: w_j = (p * exp(z_j * theta)) / sum(exp(z * theta))
scores <- Z %*% theta
weights <- (p * exp(scores)) / sum(exp(scores))
# 3. Optimize Beta using Coordinate Descent (calling internal solver)
# This step minimizes the negative log-likelihood with weighted penalty
fit <- glmnet::glmnet(x, y, family = "binomial*”,
alpha = alpha, lambda = lambda,
penalty.factor = weights)

return(list(beta = fit$beta, theta = theta, weights = weights))}
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