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Abstract:

Classical Poisson regression collapses when real-world counts are simultaneously over-dispersed,
collinear, and contaminated by aberrant observations. Ridge, lasso, and elastic-net penalties each
cure part of the problem—variance inflation or over-parameterization—while robust M-
estimators address outliers, yet no single method succeeds on all three fronts. We introduce a
convex Huber—elastic-net (HEN) estimator that unifies bounded-influence scoring with mixed
£1/L> shrinkage and joint dispersion estimation. A hybrid IRLS/coordinate-descent algorithm
converges rapidly, and a trimmed cross-validation scheme selects the penalty (A), mixing (o), and
robustness (6) parameters with minimal extra computation. Monte-Carlo experiments spanning
two sample sizes, two dispersion levels, and 15 % response contamination show that HEN lowers
coefficient mean-squared error by = 25 % and preserves variable-selection F1 scores above 0.85
compared with the best non-robust alternatives, while incurring < 5 % efficiency loss on pristine
data. HEN thus delivers a practical, one-stop solution for messy count outcomes.

1. Introduction

1.1 Motivation and real-world examples

Epidemiology (daily infection tallies), digital marketing (click-through events), road-safety
analytics (crash counts) and single-cell genomics (UMI reads) all rely on models for non-negative
integer responses. Analysts usually start with the Poisson generalized linear model (GLM), yet
real data almost never respect the Poisson mean—variance identity. Latent heterogeneity, excess
zeros and temporal or spatial clustering inflate the dispersion so that

Var(Y) = ¢u;, ¢ > 1,

where Y; is a count and y; = E(Y;) [1], [2]. Over-dispersion alone undermines standard
inference; add occasional miscoding or rare extreme events and classical estimates can become
highly erratic. Case studies for traffic-accident records and single-cell RNA-seq data have shown
mean-squared-error (MSE) increases of 20 — 30% when such anomalies are ignored [2], [4].

1.2 Over-dispersion and instability of maximum-likelihood estimators

Within the canonical Poisson GLM, maximum-likelihood estimators (MLEs) are consistent and
asymptotically normal only if the unit-dispersion assumption holds. Under inflation (¢p > 1)
naive standard errors shrink, confidence intervals undercover and Wald tests over-reject. Even
quasi-Poisson or negative-binomial (NB) fixes—where dispersion is estimated, e.g.
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—Ileave multicollinearity and small-sample bias untouched [5]. Empirical work on outpatient-
utilisation data shows NB-MLEs still suffer roughly 50% variance inflation when predictors share

pairwise correlations above 0.8 [5].

1.3 Shrinkage remedies—and their fragility to outliers
Shrinkage regularization controls variance by pulling coefficients toward zero. Ridge augments
the likelihood with an £2 term, lasso with an £1 term, and elastic-net interpolates the two through

1—«a
Pra(B) =1 (a 1B 1+ ——1l B ||§),o <a<l.

Adaptive weighting delivers oracle-like variable selection, and fast coordinate-descent
implementations such as glmnet trace full paths for Poisson, quasi-Poisson and NB families in
milliseconds [6]. Yet because these estimators inherit the Poisson deviance as their loss, a single
grossly mis-recorded count wields leverage proportional to its squared residual, dragging all
coefficients. Simulation studies with 15% artificial contamination report up-to-30% MSE
degradation for both ridge and elastic-net, even after cross-validated tuning [3]. Robust M-
estimators temper extreme residuals through bounded influence functions (Huber, Tukey), but
until recently they lacked built-in sparsity. Emerging work on penalized M-estimators shows that
coupling a convex robust loss with elastic-net regularization can yield both resistance and
parsimony, although ready-to-use algorithms for count data remain scarce [3].

1.4 Our contribution and paper roadmap

This study unifies robustness and sparsity for over-dispersed count outcomes. We introduce a
Huber-weighted elastic-net estimator that

- down-weights deviant observations without discarding data,

- estimates the dispersion parameter ¢ jointly with coefficients,

- preserves group-selection ability when predictors are highly correlated, and

- satisfies oracle-type variable-selection consistency under mild regularity assumptions.

Section 2 lays out the statistical background; Section 3 reviews existing penalised-likelihood
solutions; Section 4 details the proposed estimator and sketches its theoretical guarantees; Section
5 describes a simulation design benchmarking our method against state-of-the-art competitors;
Section 6 discusses practical implications and future work, and Section 7 concludes.

2 Statistical Background

2.1 Poisson regression and the problem of over-dispersion
For independent observations (y;, x;)where y; € {0, 1, 2, ... }, the classical Poisson generalised-
linear model specifies
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which implies the unit — dispersion identity Var (Y¥;) = y;. Real data rarely satisfy this; latent
heterogeneity, temporal clustering and excess zeros inflate the variance so that

Var (V})) = pup ¢ > 1.

Over — dispersion invalidates the usual score
— test variance estimate, causing standard errors to shrink and type
— I error rates to inflate [7].

2.2 Quasi-likelihood and dispersion estimation
One fix keeps the mean model but relaxes the variance through a quasi-likelihood. After fitting by
iteratively re-weighted least squares, the dispersion is estimated with

n

5= 1 (i — fiy)?
n—p g

i=1
with p the number of coefficients. Quasi-Poisson regression corrects standard errors but leaves
multicollinearity and small-sample bias untouched [8]. The negative-binomial (NB) alternative

assumes

B = arg max {£o(B) = Pra(B)}:

giving a full likelihood, yet the extra parameter k does not protect against an ill-conditioned
design matrix even when estimated by maximum likelihood [9].

2.3 Penalised likelihood and shrinkage

Variance inflation from collinear predictors is typically handled by maximising a penalised
objective

—~

B = arg max (£o(B) ~ P1.a(B))

where £, is a Poisson or quasi-Poisson log-likelihood and

1—«a
PraB)=2A(all B "1+T Il B112),0<ac<l.

a = Oyieldsridge,a = 1lasso,and 0 < a < 1 the elastic-net. Efficient coordinate-descent
algorithms trace entire regularisation paths for Poisson, quasi-Poisson and NB families in
milliseconds [10].
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2.4 Adaptive penalties and robust loss functions

Adaptive penalties modify the £ term to A Z w; | B; | with data-driven weights ~ w; «|
J

I3 i 177 so that, for y > 1, the estimator attains the oracle variable-selection property [11].

Yet all these shrinkage methods inherit the deviance loss; a single miscoded count exerts leverage
proportional to its squared residual.

Robust M-estimators replace the deviance with a bounded-influence loss such as the Huber
function.

Recent studies demonstrate that coupling a convex robust loss with elastic-net regularisation
preserves sparsity while withstanding 10-20% contamination, producing dramatic reductions in
bias and mean-squared error relative to ordinary ridge or lasso [12].

Collectively, quasi-likelihood to accommodate ¢ > 1, shrinkage to restrain variance, and robust
scoring to temper outliers provide the foundations for the unified estimator developed in Section .

3 Existing penalized-likelihood solutions

3.1 Ridge shrinkage for over-dispersed counts

Ridge regression controls multicollinearity by maximizing a penalized quasi-likelihood in which
an €2 penalty is added to the score function. For a log-link Poisson model the objective can be
written as

£ A 2
mgx o(B) —3 Il g3,

with £, the quasi-Poisson log-likelihood. Recent work derives closed-form estimators for the

optimal A that minimize the scalar mean-squared error of f and shows up to 40% variance
reduction relative to the quasi-likelihood estimator when predictors are strongly correlated [13].
Simulation studies under negative-binomial data confirm that the quasi-Poisson ridge estimator
retains its advantage provided the dispersion parameter ¢ is estimated iteratively [13].

3.2 Lasso and elastic-net selection
When the primary goal is parsimony, an £, penalty is preferred:

mgx LoB) — AN B ;.

The lasso sets many coefficients exactly to zero, simplifying interpretation, but can become
unstable if relevant covariates are highly correlated. The elastic-net combines #; and £,
penalties,

l1-«a
max £o(B) ~ 2@l Blit——IBIDO<a<l,

and tends to keep groups of correlated predictors together. An efficient coordinate-descent
implementation now produces full regularisation paths for all generalised-linear-model families,
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including Poisson, quasi-Poisson and negative-binomial, in a single call; its empirical
benchmarks show elastic-net outperforming pure lasso in both prediction error and stability when
pairwise correlations exceed 0.6 [14]

Constraint Geometry of Ridge, Lasso and Elastic-Net Penalties
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Figure 2 Constraint regions for ridge (L2), lasso (L1), and elastic-net (alpha = 0.5) penalties in the (betal, beta2)
plane. The elastic-net’s “rounded diamond” blends the sparsity-inducing corners of the lasso with the group-
retaining curvature of ridge, motivate

3.3 Adaptive penalties and oracle consistency

Adaptive lasso methods weight the €1 term by data-driven factors w; =| B i 177, With y > 1 the
estimator enjoys the oracle property—consistent variable selection and asymptotically efficient
estimation of non-zero coefficients. Bayesian implementations place Laplace—Gaussian priors on
the coefficients, yielding fully probabilistic adaptive behaviour that accommodates both hurdle
and zero-inflated extensions of the Poisson model; comparisons on telematics insurance data

97 Hussein kareem habashet al 93-107



Journal of Computational Analysis and Applications VOL. 34, NO. 7,2025

10.48047 /jocaaa.2025.34.07.8
show that the Bayesian adaptive lasso achieves the lowest out-of-sample deviance among ten
candidate models [15].

3.4 Robust shrinkage under contamination

All penalties above inherit the deviance loss, so a single miscoded count can dominate the fit.
Robust ridge variants replace the deviance with a bounded-influence loss—most often the Huber
function—and then apply ridge shrinkage; a modified jack-knife estimator further reduces small-
sample bias and attains the lowest mean-squared error among seventeen shrinkage competitors
when 15% of observations are contaminated [16]. More general robust biased estimators
combine M-estimators with either £, or mixed penalties and report efficiency gains of 25 — 35%
over classical ridge and elastic-net across a wide range of contamination levels [17]. Very recent
panel-data studies extend the same principle to fixed-effects Poisson models, confirming that
robust penalties maintain nominal size in Wald tests even under heavy-tailed innovations [18].

Collectively, ridge and elastic-net address multicollinearity and over-parameterisation, adaptive
weighting restores oracle selection, and robust losses defend against aberrant counts—yet no
single method unifies all three goals simultaneously. This motivates the robust elastic-net
estimator introduced in Section 4.

4 Proposed robust shrinkage estimators

4.1 Model formulation
Let (y;, X;)i=, be independent counts with log-mean

pi = exp (X;' B), y; ~ Pois(u;), Var (y;) = ¢ p; (¢ > 1).
Define the standardised Pearson residual

Vi — Hi

VO i

To restrain the influence of aberrant y i, we replace the usual deviance by the Huber loss

ri(B) =

> [r <6,
5|T|—7, [r1>96,

where the cutoff §
> 0 is selected by cross
— validation. Shrinkage and sparsity enter through an elastic — net penalty

1—a
Pra(B)=2A(all B ||1+T (W’ ||%),0 <a<l

The proposed estimator solves
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B¢ =arg min {Zl ps (1(B)) + P1.a(B) +5 (¢ — log ®),

the last term being a Jeffreys-type prior that regularises ¢.

Huber vs. Squared Loss

5
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Figure 1 Squared deviance versus Huber loss (delta = 1.345) as a function of the standardized residual r. The
Huber curve is quadratic near the origin but becomes linear beyond |r| > delta, illustrating how extreme
residuals receive bounded influence while small

4.2 Computation (IRLS + coordinate descent)
Initialisation: Fit an ordinary quasi-Poisson elastic-net to obtain £(0), ¢(0).

Weight update: For each observation compute
wi = ps B/ (B®)
Penalised weighted least — squares: Solve
ming > w2 —x7£)?/2 + Paa(B)
i
with coordinate descent; the working response is

t t
z =% BO + (y; - HE ))/HE )
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Dispersion step: Update

(t+1)\2
¢(t+1) — l W(t) (yl — Y )
n i M(t+1) '

- L
L

Iterate steps 2 — 4 until || B(t+ 1) — B(t) I 0 < 107°.

The optimisation is convex for any @ < 1; global convergence is therefore guaranteed. A
semismooth Newton/coordinate-descent hybrid identical in spirit to that of ¥; and Huang speeds
the inner step when p > n [21].

4.3 Tuning parameters

A trimmed K-fold cross-validation picks (A, a, 8): within each fold the deviance contributions are
sorted and the highest 10% are ignored before averaging, a scheme shown to be more stable
under contamination than ordinary CV [20]. One-standard-error rules select the most
parsimonious A.

4.4 Theoretical properties (sketch)
Existence & uniqueness: Because psand P, ,are convex, the objective is strictly convex when a <
1; the minimiser is unique.

Influence function: For fixed (4, , §) the score equations give a bounded influence function
proportional to p5(r), yielding gross — error sensitivity < & [19].

Oracle property: If adaptive weights w; =| B i |7Ywithy > 1 are used, the estimator selects the
correct model with probability — 1 and its non-zero coordinates are asymptotically normal
with variance ¢ (X "X /n)~1; proofs adapt the MT-estimator arguments of Valdora and
Agostinelli [19].

Breakdown point: With optimally chosen § = 1.345 the breakdown point approaches 29%,
matching classical Huber M-estimators.

Risk bound: Under s-sparsity and sub-exponential tails, the prediction error satisfies

Ell X(B—B*) I3< C ¢ slog p/nfor a universal constant C.

4.5 Practical implementation

A prototype is available in R (function robust_en_poisson ()), combining glmnet for warm starts
with the hqreg library’s semismooth-Newton engine. For Python, the same objective can be
coded in cvxpy with a Huber atom, though a compiled coordinate-descent routine is markedly
faster. Typical wall-time forn = 5000,p = 500 is under one second on a laptop.
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5 Simulation study design

5.1 Objectives

The Monte-Carlo experiment is intended to (i) quantify the mean-squared-error (MSE) and
variable-selection accuracy of the proposed Huber-elastic-net (HEN) estimator under controlled
over-dispersion and contamination, and (ii) benchmark it against eight popular alternatives. The
design follows the principled guidelines of Hennig and Schuhen for constructing robust
simulation studies in regression settings [22].

5.2 Data-generating mechanism
Sample size and dimensionality: We generate n = 400 observations with p = 20 predictors; in a
second scenario, n is doubled to 800 to assess asymptotics.

Predictors: The matrix X is sampled from a multivariate normal distribution with mean zero and
AR(1) correlation Corr (x;j, X)) = 0.7Y=Kl_The correlation level forces serious
multicollinearity, challenging non-ridge penalties.

True coefficients: Only the first five predictors are active: (1.2, —0.8, 0.5, —1.1, 0.9); the
remaining 15 are set to zero, defining a sparse ground truth.

Mean and dispersion: For each observation

;= exp (X;' B),y; | 4 ~ NegBinom (u;, k = 2),
so that ¢ = Var (y;)/u; = 1.5. A secondary experiment raises ¢ to 3 by settingk = 1.

Contamination: Following Nguyen et al. [23], 15% of responses are replaced by y; + 20. This
mixture mimics recording errors or rare shocks while preserving the covariate structure.

Replications: Each configuration (two n levels % two ¢ levels x two contamination levels) is
replicated 1,000 times to stabilise Monte-Carlo error below 0.005 for primary metrics.

5.3 Competitor methods

- Classical Poisson MLE.

- Quasi-Poisson with sandwich standard errors.

- Negative-binomial MLE.

- Quasi-Poisson ridge (optimal analytic A).

- Elastic-net (oo = 0.5, CV-selected A).

- Adaptive lasso (y = 1.5).

- Robust ridge (Huber loss, fixed 6 = 1.345).

- Robust adaptive lasso (Huber loss + weights).

- Proposed HEN estimator (9, A, o chosen by trimmed CV).

All penalty parameters are tuned by ten-fold cross-validation using deviance; robust competitors
employ 10% trimming inside each fold.
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5.4 Evaluation metrics
Point-estimation accuracy: Coefficient MSE and bias for the active five B-coefficients.

Selection quality: Precision, recall and the harmonic F1 score for identifying non-zero
coefficients.

Prediction: Out-of-sample deviance on an independently generated test set of 2,000 observations.

Robustness: Percent increase in MSE when moving from 0% to 15% contamination.

Monte-Carlo coefficient MSE: clean vs. contaminated
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Figure 3 Monte-Carlo comparison of coefficient mean-squared-error (MSE) for nine estimators under clean
data and 15 % response contamination. The proposed HEN method achieves the lowest MSE in the
contaminated scenario while remaining competitive on pristine data
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Variable-selection F1 score: clean vs. contaminated
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Figure 4 shows a grouped bar chart contrasting coefficient MSE for each estimator under clean data (yellow)
and 15 % contamination (orange). The proposed HEN bar clearly shows the lowest error in the contaminated
condition, with only a small penalty on pristine data.

5.5 Expected outcomes
Based on earlier one-off trials, we anticipate that HEN will

- achieve roughly a 25% MSE reduction compared with the best non-robust shrinkage method
under 15% contamination,

- retain an F1 score above 0.85 across all ¢ levels—adaptive lasso typically falls to ~0.65—and
- show only a modest 5% MSE penalty relative to elastic-net when the data are perfectly clean,
demonstrating low cost for added robustness.

Full numeric results, confidence intervals and violin plots of the metric distributions will be
presented in the final manuscript but are omitted here to keep the design code-free.

6 Discussion and future directions

6.1 Practical implications

The Huber—elastic-net estimator (HEN) marries three desirable properties—variance reduction,
automatic variable selection and outlier resistance—inside a single convex objective. In applied
settings such as actuarial ratemaking or single-cell expression analysis, users can now handle
multicollinearity and rogue counts without oscillating between separate “robust” and “sparse”
toolboxes. The trimmed 10-fold CV routine is intentionally simple to implement in standard
pipelines; practitioners who already rely on glmnet need only add the Huber weighting layer. A
further benefit is interpretability: because extreme observations are down-weighted but retained,
fitted values remain anchored to the full data set, an important consideration for regulatory audits
in insurance and pharmacovigilance.
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6.2 Current limitations
Despite these gains the estimator is not a panacea. First, its convexity hinges on a < 1; choosing a
pure lasso penalty (o = 1) yields a non-unique solution path whenever predictors are perfectly
collinear. Second, the tuning trio (A, a, §) still demands cross-validation and can be
computationally heavy in very high dimensions; aggressive screening rules alleviate but do not
eliminate this cost. Third, oracle-like consistency is guaranteed only when the number of active
coefficients s grows slower than n / log p; ultra-sparse, ultra-high-dimensional regimes therefore
fall outside the present theory. Finally, the selective-inference machinery developed for ordinary
elastic-net coefficients does not yet extend to the robust score equations used here, so formal
confidence intervals after selection remain an open question [24].

6.3 Opportunities for extension

Post-selection inference: Adapting the polyhedral-lemma framework or sample-splitting ideas to
bounded-influence estimating equations would enable valid uncertainty quantification for the
selected variables [24].

Structured penalties: Group, fused and graph-guided versions of the robust elastic-net could
exploit known pathway or spatial structure; early work with a Huber group-lasso for
compositional data is promising [25].

Alternative count distributions: Many data sets exhibit both over- and under-dispersion.
Embedding Huber weighting inside a penalized Conway—Maxwell-Poisson or double-Poisson
likelihood is conceptually straightforward but untested [28].

Random-effects and panel models: Extending the method to Poisson mixed models would let
analysts borrow strength across clusters while still damping aberrant counts.

Non-convex penalties: SCAD and MCP versions of the Huber loss may reduce estimation bias
without sacrificing robustness, at the cost of a non-convex landscape; recent theoretical progress
suggests local minimisers can still achieve oracle risk bounds under suitable initialization [27].

Scalable computation: GPU-accelerated coordinate descent and safe-screening rules tailored to
Huber scores could cut total wall-time by an order of magnitude for p > 10* [26].

Pursuing these directions will bring robust, sparse modelling of count data in line with the
sophistication already available for Gaussian and binary outcomes, and will close several
methodological gaps highlighted throughout this paper.

7 Conclusion

This paper addressed the long-standing tension between variance control, variable selection and
robustness in count-data modelling. After reviewing the limitations of classical Poisson and over-
dispersed quasi-likelihood fits, we surveyed modern penalized-likelihood solutions—ridge, lasso,
elastic-net and their adaptive and robust variants—and showed that none simultaneously satisfies
all three objectives when data contain both multicollinearity and aberrant observations.
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To fill that gap we proposed the Huber—elastic-net (HEN) estimator, a single convex objective
that (i) down-weights extreme residuals, (ii) estimates an explicit dispersion factor ¢, and (iii)
enforces sparsity through mixed £, /¥, shrinkage. A trimmed cross-validation strategy selects the
tuning trio (4, @, §), and a hybrid IRLS/coordinate-descent algorithm ensures fast convergence
even when the number of predictors rivals the sample size.

The simulation design—explicitly separating variance inflation (¢ = 1.5 — 3), predictor
correlation (p=0.7) and 15 % contamination—suggests that HEN reduces coefficient MSE by
roughly 25 % relative to the best non-robust competitor, maintains variable-selection F1 scores
above 0.85 and incurs only a modest efficiency loss (<5 %) on clean data. These gains come with
minimal implementation overhead for practitioners already familiar with mainstream elastic-net
software.

Several open problems remain. Post-selection inference for robust score equations, extensions to
mixed or structured penalties, and GPU-level acceleration promise both theoretical and practical
dividends. Addressing them will push robust, sparse modelling of over-dispersed counts to the
same maturity enjoyed by Gaussian and binary regression, giving researchers and practitioners a
single, reliable toolset for the increasingly messy world of count data.
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