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Abstract. For time-to-event data in which units are nested within 
groups, the HazClust R package provides a likelihood-based framework 
that combines a parametric shared frailty model – suitable for hierar-
chical data – with spectral clustering through a penalization term based 
on a graph adjacency matrix. Building on the parametric shared frailty 
models implemented in the parfm R package, HazClust employs  an  iter-
ative algorithm to jointly estimate survival parameters and risk-driven 
clusters, extending existing methods by integrating clustering directly 
into the modelling phase. By stratifying units within groups according
to their risk of experiencing an event while accounting for group-level
effects, HazClust supports more informed decision-making in settings
with heterogeneous risk patterns – for example, clustering patients within
hospitals based on their time-to-event risk of adverse outcomes while
adjusting for hospital-level frailty.

Keywords: shared frailty models · clustering · hierarch ical data ·
penalization

1 Introduction 

Time-to-event data often involve units organized into groups, inducing depen-
dence in survival outcomes. While classical frailty m odels account for such group-
level correlation [1], they do not reveal latent subgroups; conversely, survival-
informed clustering methods capture heterogeneous risks but often ignore hier-
archical dependence.

In this work, we present HazClust, an R pac kage publicly available on
GitHub1 , built on the parfm R package for parametric shared frailty models
[2]. In our package, we simultaneously model group dependence and risk-based

1 Available a t https://github.com/alessandragni/HazClust. 
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clustering within a survival framework, and parameters and clustering structure
are learned jointly.

This is specifically addressed by integrating the negative marginal log-
likelihood of a parametric shared frailty model with an adaptive spectral clus-
tering penalty. Indeed, rather than specifying the clustering structure a priori, 
it is inferred from the data through a learned similarity matrix that depends 
on the model parameters. Joint estimation of survival parameters and c lustering
structure is achieved by solving iteratively an optimization problem. In this way,
clustering is driven by estimated log-hazards, allowing the similarity structure
to adapt to the underlying risk patterns.

The remainder of the paper is organized as follows. In Sect. 2, we introduce 
the proposed model; Sect. 3 describes implementation details and design c hoices;
and Sect. 5 concludes with a discussion and directions f or future research.

2 Methodology 

2.1 Notation and Data 

With focus on right-censored2 survival outcomes, let units i =  1,  .  .  .  ,  ng belong 
to groups g =  1,  .  .  .  ,  M . The overall sample size is N := M 

g=1 ng. Denote the 
observed dataset by Z = {(ygi,  δgi, xgi)  :  i = 1, . . . , ng, g = 1, . . . ,M}, where
ygi represents the observed time (either event or censoring), δgi is the event
indicator, and xgi ∈ Rd×1 denotes the vector of covariates.

2.2 Model Formulation 

We propose a framework that jointly estimates model parameters and cluster-
ing structure by combining the negative marginal log-likelihood of a parametric 
shared frailty survival model with an adaptive spectral c lustering penalty, where
the similarity graph is learned from the data, resulting in the following optimiza-
tion problem:

min 
β ,ψ ,θ,S,F 

− (ψ, β,  θ  |  Z) 

+ γ
M

g,h=1 

ng

i=1 

nh

j=1

dgi,hj(β,  θ,  Z) sgi,hj + µ  s2 gi,hj +  2λT r(F LSF)

s.t. 
M

h=1 

nh

j=1

sgi,hj = 1, sgi ≥ 0, ∀ i = 1, . . . , ng, g = 1, . . . ,M, (1) 

F F = I, F ∈ RN×C

2 Independent and noninformative c ensoring is assumed.
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Likelihood (ψ, β, θ |  Z). The marginal loglikelihood (ψ, β, θ | Z) in Eq. (1) 
is given by

(ψ, β,  θ  |  Z)  =  
M

g=1

ng

i=1 

δgi log(h0(ygi; ψ)) + xgiβ

+ log (−1)dgL(dg)

ng

i=1 

H0(ygi;ψ) exp(xgiβ) (2) 

where dg :=
ng 

i=1 δgi is the number of events in group g. This likelihood corre-
sponds to a shared frailty model [1] defined as 

hgi(t | ug)  =  h0(t; ψ)ug exp(xgiβ), (3) 

where β ∈ Rd×1 denotes the vector of fixed-effect coefficients, ug ∼ fU (·  |  θ)  is  
the frailty term associated with group g, h0(t; ψ) is a parametric baseline hazard 
function, and H0(t; ψ ) = t

0 h0(s;ψ) ds is the corresponding cumulative baseline
hazard. The marginal log-likelihood in Eq. (2) is further obtained by integrating 
out the frailty distribution over its support, employing the Laplace transform 
L(s)  (s ≥ 0) such that (−1)kL(k)(s) := (−1)k dk

dskL(s), see [3]. 
Penalization Depending on S. The similarity matrix S ∈ RN ×N represents a 
probabilistic neighborhood structure, where each entry sgi,hj measures the affin-
ity between two units and is constrained to lie on the probability simplex. 
The quadratic penalty t erm µ s2gi,hj regularizes the similarity matrix and avoids
degenerate neighborhood assignments, as discussed in [4]. The tuning param-
eter γ balances the contribution of the clustering component and the s urvival
estimation, following the idea proposed in [5]. 
Frailty-Adjusted Distance dg  i,hj  (β,  θ,  Z). Similarity between two units i and 
j, respectively, in groups g and h, namely (g, i) and (h, j), is quantified through 
the frailty-adjusted distance 

dgi,hj(β,  θ,  Z)  = (xgiβ + log ug) − (xhjβ + log uh)
2 
, 

which measures squared differences in log-hazard con tributions, where
log h0(t;ψ) cancels out in pairwise comparisons. Here, the frailty terms log ug

and log uh are computed by their conditional expectations given the observed
data.

Partition into C Clusters. Given that we interpret S as the adjacency matrix 
of a weighted graph with Laplacian LS, the trace term Tr(F LSF), weighted by 
λ, corresponds to a spectral relaxation that encourages a graph structure with
C well-separated connected components.

2.3 Estimation 

To solve Eq. (1), given the large number of unknown parameters, we adopt an 
iterative scheme that alternates the following three steps until convergence:
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– Update of F: With S, β, ψ,  and  θ fixed, this step reduces to a spectral decom-
position problem. The solution is obtained by selecting the C eigenvectors of
the Laplacian matrix LS associated with the smallest eigenvalues.

– Update of β, ψ,  and  θ: Keeping F and S fixed, we perform penalized frailt y
survival estimation following the approach of [2], augmented with an addi-
tional similarit y-based penalty.

– Update of S: With F, β, ψ,  and  θ held constant, S is updated by solving a 
constrained quadratic optimization problem. This problem separates across 
units and admits a closed-form solution for each row; sparsity is enforced by
retaining only the k nearest neighbors.

Further implementation details can be found in [6]. 

3 Implementation Details 

Initialization. The similarity matrix S is initialized uniformly (or supplied by 
the user), and the penalty λ starts large and is adaptively updated to enforce 
C connected components. Regression and frailty parameters are set from user
input or defaults as in parfm, with support for various baseline hazards and
frailty distributions.

Convergence. The algorithm stops when S stabilizes, the log-likelihood 
improvement is minimal, and the number of connected comp onents equals C, or
when maximum iterations are reached.

Parameters Tuning. As k sets the sparsity of S and influences graph con-
nectivity, small k can over-fragment the graph, while large k can over-connect 
it; thus, k should be selected by the user over a grid, in accordance with the 
target number of connected components C. The penalization parameter γ,  the  
number of clusters C, and the parametric specifications for the frailty distribu-
tion and baseline hazard must all be provided by the user; practical guidance
on their selection is discussed in Sect. 4. The parameter λ, instead, is adaptively 
tuned within the algorithm to enforce exactly C connected components, while µ
is determined analytically from the update of S (see Eq. (10) in [6] for further 
details).

4 Experiments and Guidance on the Model Fit 

Simulation Study. To assess the sensitivity of cluster recovery and parameter 
estimation to k and γ, we refer to the simulation study in [6], where survival times 
are generated from three well-separated latent clusters across 10 groups, using a 
Gamma frailty (with variance θ) and Weibull baseline hazard (with shape ρ and 
scale ξρ parameters), subject to administrative censoring. The model reco vers
the three clusters with at least 95% frequency across all tested values of γ,
achieving 100% for γ ≤ 0.1. As shown in Fig. 1, bias generally increases with γ, 
while parameter variability remains stable, with the exception of ξ.
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Fig. 1. Boxplots of parameter estimates (θ, ρ, ξ, β) across penalization levels γ (x-axis) 
k =  20  and  C = 3 . The true parameter values are shown as a piecewise-constant
horizontal line.

Model and Hyperparameter Selection. The selection of C, k, γ, and the 
parametric specifications for the frailty distribution and baseline hazard require 
careful evaluation. Clustering quality can be assessed via the mean silhouette 
coefficient, computed using survival-informed distances, or through the penalized 
log-likelihood; additional criteria such a s stability measures or the gap statistic
may further inform the choice, though these are not currently implemented and
their use is left to the user. In [6], we select the optimal configuration by max-
imizing the mean silhouette coefficient over a grid of candidate values for C , k,
γ, and distributions for baseline hazard and frailty.

Computational Aspects. The algorithm combines spectral decomposition, 
likelihood maximization, and constrained quadratic optimization. As sparsity 
enforced via k-nearest neighbors, in practice, the most computationally demand-
ing step is the estimation of (β, ψ,  θ), as it requires numerical maximization 
of the marginal likelihood (penalized), while eigendecomposition of the graph 
Laplacian may also become costly for large N . Convergence is typically achieved 
in a limited number o f iterations. If the maximum number of iterations is reached
before convergence criteria are satisfied, this is reported in the output. Memory
requirements may also become relevant for large N , due to the storage of the
similarity matrix.

5 Discussion and Future Work 

In this work, we present the HazClust R package, which jointly performs unit-
level clustering and survival modeling for hierarchical time-to-event data, incor-
porating shared frailty to account for within-group dependence. Limitations of 
the current approach include sensitivity to the choice of neighborhood size k, 
which affects cluster formation, as well as the need to pre-specify the number of 
clusters C. Misspecifying the number of clusters C affects both estimation and
interpretation. If C is too small, heterogeneous risk profiles are merged, masking
meaningful differences. If C is too large, the model may produce unstable or
weakly separated clusters, increasing estimation variability. Overall, selecting C
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involves a bias–variance trade-off, and data-driven criteria are recommended to
ensure a reliable clustering structure.

Future developments will focus on more flexible, potentially nonparametric 
formulations – such as cluster-specific baseline hazards and alternative simi-
larity measures – to better capture heterogeneous risk patterns across patient 
subgroups, as well as improved criteria for selecting C and supporting model 
selection. 
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