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A B S T R A C T  

Evaluating hospital pe rforma nce a nd its r ela tionship to patie n ts’ cha racte ris tics is of utmos t importa nce to ensure t imely, effect ive, and opt imal 
tr ea tme n t. Thi s i s pa rticula rly releva n t in a reas a nd situations whe re the healthca re sys te m m us t deal with a n unexpe cte d s urge in hosp itali zations, 
such as heart failure patie n ts in the Lombardy Region of Italy during the COVID-19 pa nde mic . Motivated b y thi s i ssue, the pa pe r in troduces a 
nov el multilev el log i s tic clus te r-wei gh ted model for predicting 45-day mortality following hosp itali zation due to COVID-19. The me thodo lo gy 
flexibly ac c ommodate s de pe nde nce patte rns a mong con tin uous a nd dichotomous va riables; effe ctiv ely ac c ounting for group-spec i fic effects in 

d istinct subgrou ps showing d iffe re n t a t tribute s. A t ailored cl as sifica tion expecta tion-maximiza tion algorithm is developed for pa ra mete r es ti - 
mation, a nd exte nsive sim ulation s tudies a re c onducte d t o evaluat e its pe rforma nce agains t c ompeting models . The nov el a pproach is a pplied 

to administra tive da ta fr om the Lombar dy Region, with the aim of profiling heart failure patie n ts hosp itali zed for COVID-19 a nd inves ti gating 
the hospit al-leve l impact on their overall mortality. A sce na rio a nalysis de mons trate s the mode l’s efficacy in m an aging multip le s ources of he t- 
e roge neity, the reb y yielding promising results in aiding healthcar e pr ovide rs a nd policymake rs in the ide n t ificat ion of pat ie n t-spec i fic tr ea tme n t 
pa th ways. 

KEY W OR DS : clus te r-wei gh te d models; expe ctation-m aximization alg orithm; he althcar e system; hierar chical da ta; I sing mode l; multileve l 
models. 
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1 I N T R O D U C T I O N 

edical data often prese n t a hie ra rchical s tructure a nd e ncom-
ass hidden clusters of patients. To evaluate the effectiveness
f the healthcare system or as s es s the impact of a tr ea tme n t or
atho lo gy on patie n t outcomes, cl as sical techniques are often in-
apab le of j ointly taking into ac c ount the he tero geneity given
y the a dmittin g fa cility and the intr insic character istics of the
atie n t. Thi s hold s si gnifica nce as failing to sepa rate the hospi -
al effect from the individual patie n t’s factor s l imits the pol icy’s
racticability. Con s eque n tly, the re is a growing ne e d to adopt
dvanc e d an alytical pipe line s th at can effe ctiv e ly addre ss the se
 omplexities . Utilizing s uch me thodo lo gies enab les the med-
cal field to deriv e de epe r insi gh ts, ca pturing the in tricate in-
erp l ay of v ari ab les that collectively influe nce patie n t outcomes
Amme nwe rth et al., 2003 ; Committee et al., 2012 ; Berta et al.,
016 ). 
Drive n b y the pote n tial of healthca re adminis tra tive da ta, this

tudy aims to profile and categorize heart failure (H F) pat ie n ts
e c eiv e d: June 26, 2024; Revised: February 21, 2025; Accepted: April 2, 2025 
The Author(s) 2025. Published by Oxford University Press on behalf of The In te rn ation al Bio

ommon s A t tribution-NonCommer c ial L icen s e ( https://creativ ec ommons .org/lic enses/by-
e dium, provide d the origin al w ork is properly cite d. For c ommer cial r e-us e, p leas e contact j o
rom the Lombardy Region of Italy who were hosp itali zed for
OVID-19. The importance of studying this population arises

rom the o bs erv e d c orr ela tion betw e e n COVID-19 a nd HF,
hich w as as s oci ated with a si gnifica n tly hi gh mortality rate
uring the pa nde mic . The coexis te nce of these conditions of-
 en complicat es the re c ov ery proc ess for patie n ts infe cte d with
he virus (Rey et al., 2020 ; B a der et al., 2021 ). Moreo ver, the
irus itself can also tri gge r H F in pat ie n ts who h av e c ontracte d

t (Ade gh ate e t al., 2021 ). Con s eque n tly, the o bj e ctiv e of the
rese n t work is mult ifold . First, it aims to dise n ta ngle the com-
ine d influenc e of hospital fea tur es and individual patient factors

o impr ove pa tie n t profiling, pa rticula rly for vulne rable popula-
ions such as those affe cte d by COVID-19, and to as s es s hospital
ffe cts ac c ordingly. Se c ond, the study seeks to examine and ana-
yze the impact of r espira tory i l lnes s es on the clinical outcomes
 nd ove ral l wel l-being of patie n ts within this de mogra phic . This
nde rs ta nding wi l l be crucial in deve loping t ailored in te rve n-
ions to improve patie n t outc omes . 
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From a me thodo lo gical perspe ctiv e, the propose d approach
origina tes fr om the ge ne r al fr ame work of mixture mode ling,
spec i fically within the realm of clus te r-wei gh ted models (CWM,
Ge rshe nfeld, 1997 ; Ingras si a e t al., 2012 , 2014 ). CWMs a re e m-
ployed to r epr ese n t the join t dis tribution of a ra ndom v e ctor, in-
cluding a respon s e v ari ab le and a s e t of cov ari a tes, in situa tions
in which the data can be naturally divided into clusters. 

We introduce ML-CW Md , a novel me thodo lo gy that inte-
grates and extends CWM with logistic mixe d-effe cts models . 

This innovative approach is designed to ac c ommodate m ulti -
ple types of depe nde nce, ca pturing not only r ela tionships among
o bs erv ation s within the same cluster and group but also enabling
the inclusion of dichotomous depe nde n t cova ria tes thr ough the
Ising model (Cheng et al., 2014 ; Ghosal and Mukherjee, 2020 ).
This aspect is pa rticula rly impactful in the medical domain as
it facilit ate s the analysis of r ela tionships betw e e n the prese nce
or absence of various diseases (r eferr ed to as comor bid ities)
a nd dis tinct risk factors o bs erv e d in hospital-groupe d patie n ts.
The novelty introduced in the pa pe r is ther efor e 2-fold: First,
it ge ne r aliz e s the multileve l log i s tic clus te r-wei gh ted fra mework
(Be rta a nd Vinciott i , 2019 ), contributing to the me thodo lo gi-
cal adva nce me n t of hie ra rchical modeling in a comp lex s e tup;
se c ond, it addre sse s a critical public health challe nge b y uncov-
ering group-spec i fic mortality pa t terns tha t ac c oun t for depe n-
de n t comor bid it ies in COVI D-19 H F pat ie n ts . Notic e th at the
efficacy of multilevel models in this context is r einfor c e d by their
s uc c es sful app l ication to d iver s e COVID-19 d atas e ts, as demon-
stra ted in r ece n t s tudies (Ve rbe e ck et al., 2023 ; Berta et al.,
2024 ). 

The re mainde r of the pa pe r is s tructure d as follows . In Se c-
tion 2 , we introduce the ML-CWMd model. In Section 3 , we
outline the algorithm ne c es s ary for model est imat ion, d isc ussing
infe re n tial aspects a nd mode l se lection cr iter ia. In Section 4 , we
showcase the application of our methodology to the Lombardy
Region healthcare administrative data, including a comprehen-
siv e sc en ario an alysis . A d isc ussion follows in Section 5 . Addi-
tionally, a n exte nsive sim ulation s tudy h as be en c onducte d and
is av ail ab le in Web A ppendix A . 

The proposed model has been implemented in R (Team,
2024 ), and the dev elope d r outines ar e fr eely av ail ab le. In addi-
tion, w e h av e dev elope d a Shiny app th at allows clinici an s to
ac c e ss mode l e stimate s by u pload ing their patie n ts ’ dat a. The
applica tion automa tically ge ne ra tes visualiza tions of r esults and
pre dictions, enh ancing usability and insights while serving as a
promising off-the-shelf tool for s eamles sly integrating the ML-
CWMd modelin g approa ch into clinical pra ctice. For more de-
tails on the dev elope d routines and the Shiny app, refer to the
Supple me n ta ry Mate rials. 

2 M ET H O D  O L O G Y  

Consider a dichotomous response variable Y and a set of cova ri -
ates X = ( U , V , D ), where U re pre se n ts a p−dime nsion al v e c-
tor of con tin uous va riable s, V re pre se n ts a q −dimensional vec-
tor of categor ical var iable s, and D re pre se n ts a n h −dime nsional
v e ct or of dichot omous v ari ab les th at m ay pos s es s s ome de gre e
of depe nde nc e. We c on sider d a ta points gr ouped in a known
2-level hie ra rchy, whe re units i , for i = 1 , . . . , n j , a re nes ted
within groups j, for j = 1 , . . . , J. X and Y are defined in a fi- 
nite space � with values in R 

(p+ q + h ) × { 0 , 1 } , which is ass ume d 

to be divided into C clus te rs, irrespe ctiv e of the known hier- 
a rchy, de noted as �1 , . . . , �C . Given this s e tup, we as sume 
that the joint probability across the clus te rs ca n be factorized as 
follows: 

p( ( x, y) | θ) = 

C ∑ 

c =1 

p( y| x, ξc ) φ( u | μc , �c ) 

ψ( v| λc ) ζ ( d | �c , νc ) w c . (1) 

In detail, θ denotes the v e ctor enc ompassing all model pa ra m- 
eters. The mixing proportion of o bs erv ation s within clus te r c is 
indicated with w c ( w c > 0 , ∀ c = 1 , . . . , C, 

∑ C 
c =1 w c = 1 ). Con-

tin uous cova riates U a re modeled as a m ultiva riate normal de n- 
sity φ(·| μc , �c ) , with clus te r-wise diffe re n t mea n v e ctors μc 
a nd cova ria nc e m atric es �c . The cate gorical c ov ari a tes V ar e as-
s ume d indepe nde n t a nd dis tributed as a q -va riate m ultinomial 
distribution ψ(·| λc ) with cluster-wise different parameter v e c- 
tor s λc . The d ichotomous depe nde n t cova riates D follow the 
Ising model prese n ted in Ghosal and Mukherjee ( 2020 ), char- 
acte rized b y dis tribution ζ (·| �c , νc ) , with clus te r-wise diffe r- 
e n t threshold v e ctors νc and interaction m atric es �c . U, V, and 

D are ass ume d locally independent within clusters. For each 

c , p(y| x, ξc ) r epr ese n ts a m ultilevel log i stic r egr ession model
where ξc are the cluster-spec i fic parameters for both fixed and 

random effe cts . W ithout los s of ge ne rality, we he reafte r d isc uss
the s e ttin g in which co v ari ates in the c ondition al and m argin al
distributions of ( 1 ) are ident ical , although in pract ical sc en ar- 
ios they mi gh t va ry pa rtially or e n tirely (se e Se ction 4 ). This
v ari a tion corr esponds to wha t is commonly r eferr ed to in the 
litera tur e as mixtur es of r egr e ssion mode ls with c onc omita n t 
v ari ab les (D ayt on and Ma crea dy, 1988 ). In ea ch clus te r, for ev-
ery o bs erv ation i within group j, the c ondition al distribution 

t ake s the form p(y i j | x i j , ξc ) = 

[
πi j 

]y i j 
[

1 − πi j 
]1 −y i j . Let π j = 

(π1 j , . . . , πn j j ) be the v e ctor of c ondition al probabilities rela- 
tive to group j. The mixed effects log i stic r egr e ssion mode l t ake s 
on the following form: 

logit ( π j ) = F j βc + R j b j,c , 

π j = 

exp { F j βc + R j b j,c } 
1 + exp { F j βc + R j b j,c } , (2) 

where logit ( π j ) re pre se n ts the odds associated with group j, 
indica ting the pr obability of an ev ent oc c urring d ivided by the 
probability of not occurring. The terms b j,c ∼ N ( 0 , D c ) , j = 

1 , . . . , J, r epr ese n t the ra ndom effects for group j in clus te r c .
The v e ctor βc c omprises the c oefficie n ts corresponding to the 
c −th clus te r fixe d effe cts . Matric es F j and R j r epr ese n t the de-
sign m atric es as s oci ate d with fixe d effe cts a nd ra ndom effects in
gr oup j, r espe ctiv ely. We denote the design matrix encompass- 
ing all types of cov ari ates as X j = (F j ∪ R j ) . All specifications 
r egar ding the other terms outlined in Equation 1 wi l l be detai led 

in s ubse que n t s ection s. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
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2.1 Mode l fo r categ o rical cova riates V 

onsider q categorical cov ari ates indexed by r = 1 , . . . , q .
n each clus te r, we model the categorical cov ari ates V with
 indepe nde n t m ultinomial dis tributions of pa ra mete r λcr =

(λcr1 , . . . , λcrs , . . . , λcrk r ) ( c = 1 , . . . , C, r = 1 , . . . , q ), iden-
ifying the v e ctor of probabilities for the k r categories of the rth
ov ari a te. Her e, we ar e making the assumption that every cat-
gor ical var iable t ake s on the k r categorie s across clus te rs c =
 , . . . , C. In this case, we can r epr ese n t each of thes e cov ari ates
sing a bin ary v e ctor v 

r = ( v r1 , . . . , v rk r ) such that v rs = 1 if
 

r = s (where s ∈ { 1 , . . . , k r } ), and 0 otherwise (Ingrassia et al.,
015 ). Ther efor e, the density ψ , given by the product of q condi-
ionally indepe nde n t m ultinomial dis tributions, ca n be writte n
s 

ψ(v| λc ) = 

q ∏ 

r=1 

k r ∏ 

s =1 

λcrs 
v rs 

, c = 1 , . . . , C, 

where λc = ( λc 1 , . . . , λcr , . . . , λcq ) . (3) 

2.2 Mode l fo r dic h otom ous depen dent covariates D 

onsider h dichotomous variables indexed by l = 1 , . . . , h ,
hich may pos s es s s ome de gre e of depe nde nce, a nd let d =

(d 1 , . . . , d h ) be an h −dimension al bin ary random v e ctor. The
orr esponding pr obability is spec i fied by the Ising model with
lus te r-spec i fic pa ra mete rs �c and νc : 

ζ ( d | �c , νc ) = 

1 

S ( �c , νc ) 
exp 

(
1 

2 

d 

T �c d + d 

T νc 

)
, 

c = 1 , ..., C, (4) 

νc = [ νc 1 , . . . , νch ] , �c = 

⎡ 

⎢ ⎢ ⎣ 

0 γc 12 . . . γc 1 h 
γc 21 0 . . . γc 2 h 

. . . 
. . . 

. . . 
. . . 

γch 1 γch 2 . . . 0 

⎤ 

⎥ ⎥ ⎦ 

. 

c ∈ R 

h x h is a symmetric matrix, and S is the normalizing
ons ta n t. The in te raction pa ra mete r �c depicts the in te rre la -
ion ships be tw e en all pairs of binary v ari ab les. Meanwhile, the
hreshold pa ra mete r νc hi ghli gh ts the propensity of a variable
o lean toward one state or the other when all interaction pa-
a mete rs r ela t ed t o that pa rticula r va riable a re equal to ze ro. The
sing model has formul ation s in 2 domains ({0,1} and { −1,1}),
a ch offerin g a diffe re n t in te rpretation of in te raction pa ra mete rs.

ithin the {0, 1} domain, augme n ting the in te raction pa ra mete r
etw e e n 2 va riable s (eg, γc 12 ) re sults in an increased l ikel ihood
f the state (1, 1) when c ompare d to the other feasible st ate s: (0,
), (0, 1), and (1, 0). Further details on the formulation of the
sing model can be found in Web Appendix B . 

2.3 Li keli ho o d of the model 
on sider a s amp le of N = n 1 + · · · + n J o bs erv ation pairs
 (x i j , y i j ) } j=1 , ... ,J, i =1 , ... ,n j drawn from model ( 1 ). To express the
 ikel ihood, w e introduc e a late n t va riable z , whe re z i jc = 1 if

(x i j , y i j ) belongs to the c th clus te r, a nd 0 othe rwi se. Al so, we
 ake the ass umption of indepe nde nc e betw e e n obse rvations

elon gin g to diffe re n t clus te rs a nd indepe nde nc e betw e en o bs er-
 ation s within the sa me clus te r but belon gin g to diffe re n t groups
hi ghes t-level units). With a sli gh t abuse of notation, we use the
 e ctor z jc to indicate that only o bs erv ation s within group j that
 re pa rt of clus te r c con tribut e t o the l ikel ihood as s oci ated with
lus te r c a nd th us we express the comp le te l ikel ihood and log-
 ikel ihood , respect ively, as 

L ( ( x, y, z ) ; θ) = 

C ∏ 

c =1 

J ∏ 

j=1 

[
p(y j | x j , ξc ) φ(u j | μc , �c ) 

ψ( v j | λc ) ζ ( d | �c , νc ) w c 

]z jc 
, (5)

l( ( x, y, z ) ; θ) = 

C ∑ 

c =1 

J ∑ 

j=1 

z jc log 
(

p(y j | x j , ξc ) 

φ( u j | μc , �c ) ψ( v j | λc ) ζ ( d j | �c , νc ) w c 
)
. (6)

The log-l ikel ihood can be factorized as 

l( ( x, y, z ) ; θ) = 

C ∑ 

c =1 

J ∑ 

j=1 

z jc log 
(

p(y j | x j , ξc ) 
)

+ 

C ∑ 

c =1 

J ∑ 

j=1 

n j ∑ 

i =1 

z i jc log 
(
φ(u i j | μc , �c ) 

)

+ 

C ∑ 

c =1 

J ∑ 

j=1 

n j ∑ 

i =1 

z i jc log 
(
ψ(v i j | λc ) 

)

+ 

C ∑ 

c =1 

J ∑ 

j=1 

n j ∑ 

i =1 

z i jc log 
(
ζ ( d i j | �c , νc ) 

)

+ 

C ∑ 

c =1 

J ∑ 

j=1 

n j ∑ 

i =1 

z i jc log 
(

w c 
)
, (7)

inc e w e take into ac c ount the dependenc e betw e en o bs erv a-
ions in the same cluster and group only in the regression com-
one n t. In pa rticula r, for the r egr ession compone n t, we assume

ndepe nde nce 

� betw e e n obse rvations ori gina ting fr om differ ent clusters; 
� betw e e n obse rvations ori gina ting fr om the sa me clus te r

but belon gin g to diffe re n t groups. 

The first assumption offers the advantage of simplifying the
og-l ikel ihood for m, fac ilitating its maximization as elaborated in
he next s ection . However, this as sumption comes with a draw-
ack, that is, it preclude s the mode l from capturing potential
s s oci ation s among o bs erv ation s belon gin g to the same group
eg, hospital) but to diffe re n t clus te rs. In the healthcare context,
hile it may seem reas onab le to as sume that individuals treated

n the same hospital ar e inter c onne cte d, it is important to rec-
gnize that patie n ts assi gned to diffe re n t clus te rs ofte n exhibit
i gnifica n tly diffe re n t health s t atuse s (se e Se ction 4 ), re ducing
he relevance of hospital-induc e d depe nde nc e. Conv ersely, the
s s oci ation s among individuals treated at the same hospital and
ithin the same cluster are effe ctiv ely capture d through the ran-
om effe cts inc orporate d into the re gression c ompone n t of the

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
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3 M O D E L  E ST I M AT I O N  

To estimate the model pa ra mete rs, we propose a tailored classifi- 
ca tion expecta tion-maximiza tion (C EM) alg orithm whose the- 
oretical gua ra n t ees of the monot onic increas e of the o bj e ctiv e 
function at each iteration and its c onv ergenc e to a stationary 
point h av e be en prov e d in Ce le ux and Go va ert ( 1992 ). In the 
fo llowing, we pres e n t the E, C, a nd M s teps . All c omputation al 
details c onc e rning the de rivation of the upda tes ar e pr ovided in 

Web Appe ndix C . Las tly, addition al details re garding the e stima - 
tion proc e dure s uch as init ializat ion, c onv e rge nce, mode l se lec - 
tion, and prediction are d isc ussed in Section 3.4 . 

3.1 E-step 

At the (k + 1) th ite ration, the E-s tep inv olv es c omputing the 
expe cte d value of the log-l ikel ihood l( ( x, y, z ) ; θ) defined in 

Equation 7 , given the o bs erv e d data and the previous estimate 
ˆ θ

(k) 
, obtained fr om itera tion k. Ther efor e, the E-s tep e n tails 

calculating the expectation of the random v ari ab les Z i jc as s oci- 
at ed t o z i jc . In pa rticula r, for j = 1 , . . . , J, i = 1 , . . . , n j , c = 

1 , . . . , C, we have 

E 

[
z i jc | (x, y) , ̂  θ

(k) ] = P 

[
z i jc = 1 | (x i j , y i j , ) , ̂  θ

(k) ] = 

ˆ τ
(k+1) 

i jc ( ( x i j , y i j ) , ̂  θ
(k) 

) 

= 

p(y i j | x i j , ̂
 ξ
(k) 
c ) φ(u i j | ̂  μ(k) 

c , ˆ �
(k) 
c ) ψ(v i j | ̂  λ(k) 

c ) ζ ( d i j | ̂  �
(k) 
c , ̂  ν(k) 

c ) ̂  w 

(k) 
c ∑ C 

c =1 p(y i j | x i j , ̂
 ξ
(k) 
c ) φ(u i j | ̂  μ(k) 

c , ˆ �
(k) 
c ) ψ(v i j | ̂  λ(k) 

c ) ζ ( d i j | ̂  �
(k) 
c , ̂  ν(k) 

c ) ̂  w 

(k) 
c 

, (8) 
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which corresponds to the pos te rior pr obability tha t o bs erv a-
tion (x i j , y i j ) belongs t o the c −th clust er, using the current value

of θ, that is, ̂  θ
(k) 

(Ingras si a e t al., 2015 ). 

3.2 C-step 

The cl as sification step invo lve s hard-assigni ng each o bs erv ation
to a clus te r ac c ording to the expectation calculated in Equation 8 .
We compute the indicator v ari ab les ̃  z (k+1) 

i jc as follows: 

˜ z (k+1) 
i jc = 

{ 

1 if c = argmax t∈{ 1 , ... ,C} ˆ τ
(k+1) 

i jt ( ( x i j , y i j ) , ̂  θ
(k) 

) 
0 otherwise 

, 

(9)

where each o bs erv ation is uniquely allocated to the clus te r with
the hi ghes t es tim ate d pos te rior probability. 

3.3 M-step 

During the M-step, in the (k + 1) th iteration, the goal is to
maximize the conditional expectation of l( ( x, y, z ) ; θ) given
the o bs erv e d data, in which z i jc is rep l ac e d by ˜ z (k+1) 

i jc . Se e Web
Appendix C for the derivation of all formulas in the M-step. 

3.4 Addition al det ails on the estimation pr ocedur e 
Init ializat ion is a crucial factor for any de terministic algorithm .
Although various methods h av e be en s u gge st ed in the lit era tur e
(for an in-depth d isc ussion, see, eg, B ie rnacki et al., 2003 ; Ka rlis
a nd Xekalaki, 2003 ), e mpirical evaluation su gge sts that using
m ultiple ra ndom init ializat ions is both reliable and not overly
c omputation ally expensiv e in our c on text. Th us, we initialize the
C EM alg orithm by assigning o bs erv ation s to late n t clus te rs ra n-
domly, r epea ting this pr oces s s eve ral times, a nd selecting the re-
sult with the hi ghes t maximiz ed log-lik elihood for each poten-
tial n umbe r of clus te rs C ∈ { 1 , . . . , C max } , with C max being a pre-
spec i fied upper bound for the n umbe r of sough t clus te rs. Con-
ve rge nce is monitored by looking at the rel ative increas e of the
o bj e ctiv e function into 2 con s ecut ive iterat ions. Lastly, model
sele ction is performe d usin g the B ayesia n information crite rion
(BIC, Schwarz, 1978 ) to ide n tify the bes t C in a dat a -driven fash-
ion. In detail, the BIC for ML-CWMd is obtained as 

BIC = −2 · ln (L ) + k · ln (N) , 

k = C ·[1 + m ] ︸ ︷︷ ︸ 
k reg 

+ C ·
[

p(p + 3) 
2 

]
︸ ︷︷ ︸ 

k cont 

+ C ·
q ∑ 

r=1 

(k r − 1) 

︸ ︷︷ ︸ 
k cat 

+ C ·
[

l(l + 1) 
2 

]
︸ ︷︷ ︸ 

k dich 

+ C − 1 ︸ ︷︷ ︸ 
k wei gh ts 

, (10) 

where ln (L ) is the m aximize d log -l ikel ihood of the model, 
and m is the number of r egr es sion parame ter s. Add itionally, 
the formula for generating a prediction for a new o bs erv ation 

with our model, whose complete derivation is detailed in Web 

Appendix B , is as follows: 

E [ y | x; θ] = p(y = 1 | x; θ) 

= 

∑ C 
c =1 φ( u | μc , �c ) ψ( v| λc ) ζ ( d | �c , νc ) w c · p( y = 1 | x, ξc ) ∑ C 

c =1 φ( u | μc , �c ) ψ( v| λc ) ζ ( d | �c , νc ) w c 
. (11) 

4 M L - C W M D  F O R P R O F I L I N G COV I D - 1 9 H F  

PAT I E N TS  A N D  E VA LUAT I N G  H E A LT H  

P R OV I D E R S  

The proposed ML-CWMd model is now e mplo yed to profile 
H F pat ie n ts affe cte d by COVID-19 and evaluate the he tero gene- 
ity of healthcare providers effects on diffe re n t risk groups. A 

patie n t is cl as si fied as HF i f their re c ords ind icate hospital iza-
tions or contacts with emergency room under diagnosis- re lated 

group (DRG) code 127. The DRG 127 corresponds to the def- 
inition “Heart Failure and Shock” ac c ording to the version of 
the DRG grouping sys te m used in the administrative d atabas e 
of the Lombardy Region, which follows the MS-DRG v40 ver- 
sion. Thi s code i s assigned to hospital discha rges whe re the pri - 
mary or s econd ary di agnos e s (ICD-9-C M) indicate HF (ICD-9- 
CM: 428. ∗) or r ela te d c onditions s uch as hype rte nsion with HF 

(ICD-9-CM: 402.01, 402.11, and 402.91), ac c ording to the cod- 
ing cr iter ia adopte d by the re gion. We focus on H F pat ie n ts who

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
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 av e be en hosp itali zed due to COVID-19 a nd who a ppea r in the
ealthca re adminis trative d atabas e of the L ombardy Reg ion in

taly. The purpose of thi s study i s 2-fold. On one hand, our aim
s to e nha nce comprehe nsion of the cha racte ris tics a nd r equir e-

e n ts of H F pat ie n ts in the region, pa rticula rly a mids t the ex-
 eption al circums ta nces following the onset of the COVID-19
a nde mic . On the othe r ha nd, we aim to inves ti gate the ca pabil -

ties of the proposed model in capturing he tero gene ous dyn am-
cs within hie ra r chical da ta . Spec i fically, b y a pplying the ML-

CW Md model , we explor e the pr es ence of l ate n t H F COVI D-19
atie n t subpopul ation s, he reafte r called pa t ient profile s , that d is-
 l ay unique s e ts of a t tributes a nd in trinsic cha racte ris tics. Next,
e evaluate and rank hospitals based on their perform anc e in

r ea ting pa tie n ts with diffe re n t profiles . Fin ally, w e de epen our
nde rs ta nding on the as s oci ation be tw e en r espira tory i l lnes s es
nd H F COVI D-19 pat ients death risk across diffe re n t patie n t
rofiles. This mi gh t offe r v aluab le in si gh ts in to the complex in-

erp l ay be tw e en patient ch aracteristics, hospital dyn amics, and
he impact of r espira tory i l lnes s es in the context of COVID-19
osp itali zat ions, ult imate ly re sultin g in a ction able m argins for
efining healthcare interventions to enh anc e the m an agement of
atie n ts with HF. 

4.1 Datas et des criptio n 

r om the healthcar e administra tive r ecor ds of the Lombardy Re
ion , we ide n t ify pat ie n ts who h av e be en di agnos ed with HF
as described in the previous par agr aph) in the period betw e en
a n ua ry 1, 2018 and D e c ember 31, 2020. Among them, we se-
ect the ones who have been hosp itali zed with COVID-19 in the
 ombardy Reg ion betw e e n Ja n ua ry 31, 2020 a nd June 18, 2021.
he hosp itali zat ion for COVI D-19 is ide n tified through a n ex-
 licit “COVID-19 flag” in the d atabas e. This flag is bas ed on the
oding cr iter ia e st ablished by the L ombardy Reg ion during the
a nde mic . The sa mple con tains 3193 H F COVI D-19 pat ie n ts
ithin 32 distinct hosp itals. Hosp itals with less than 50 cases
 ere exclude d . For each pat ie n t, we o bs e rve pe rsonal a nd clin-

cal cha racte ris tics, such as 

� Age: H F pat ie n t’s age at the mome n t of COVID-19 hospi-
talization. 

� Sex: ge nde r of the patie n t. 
� Respiratory dis eas es: binary v ari ab les indicating whether

the patie n t suffe rs or not fr om chr onic obs tructive pul -
monary dis eas e (COPD), pneumoni a (PNA), r espira tory
failure (RF), and bronchitis (BRH) at the mome n t of ad -
mis sion . 

� Modifie d multisourc e-c omorbidity sc ore ( MCS): T he
aim of this scoring sys te m is to offer a s uc cinct sn apshot of
the patie n t’s cl inical cond ition as described in Corrao et al.
( 2017 ). We customized the score to the curre n t s e tting (in-
dicating it as “Modified MCS”) excluding comorbidities
r ela t ed t o r espira t ory syst em . In doing s o, we aim at ev al-
uating the influence of thes e particul ar dis eas e s on a st an-
dalone basis with the adjus tme n t in the r egr e ssion mode l.
See Web Appendix D for a detailed bre akdo wn of patie n ts’
Modified MCS across 6 distinct ca tegories, r eflecting vary-
ing de gre es of health sev erity. 
Web Appendix D provides a c omprehensiv e ov erview of both
e rsonal a nd clinic va riables in the dataset. Additionally, it in-
ludes a description of the clinical variables along with their cor-
e sponding ICD-9-C M code s (Roma no et al., 1993 ). The e nd -
oint is the overall mortality within a spec i fic timeframe t fol-

owing hosp itali zat ion for COVI D-19. We ide n tify the 45-day
hreshold as a dequate, alignin g with our research o bj e ctiv es . We
ele cte d this timeframe for 2 main reasons. Firstly, 89.7% of the
e c ease d patie n ts pas s ed aw ay within 45 d ays . Se c ondly, this

imefra me e na bles us to e v aluate both the initi al s everity of the
 l lness and the potential influence of hospital tr ea tment on pa-
ie n t outc omes . A shorter duration might not offer ample time
or the effects of hospital tr ea tme n t to ma nifes t, while a longer
uration could introduce more confounding v ari ab les or uncer-
 aintie s. Ther efor e, we cr ea ted a respon s e encoded as a dichoto-

ous v ari ab le that t ake s the value 1 if patie n t i pas s ed aw ay
ithin t = 45 days s ta rting from the mome n t of hospital admis-

ion and 0 otherwise. More generally, given the c onsidere d time
rame t from admission, the regression model wi l l return predic-
ions about the l ikel ihood of a patie n t’s mortality within this spe-
 i fic time frame. This enables the cr ea tion of a risk score for each
ndividual patie n t. 

4.2 Mode l s etting a nd results 
e make use of a ge, MC S, ge nde r, COPD, a nd BRH to effec-

iv ely disc e rn late n t patie n t profiles b y including the m in the s e t
f ra ndom cova riates in the CMW framew ork. Conc erning res-
iratory dis eas es, w e inc orporate PNA and RF exclusively into

he r egr ession term of the model, since COPD a nd BRH a re pri -
ary dis eas es, whereas PNA and RF of ten result f rom other un-

erlying c onditions . Conse que n tly, we utilize COPD and BRH
s a driver for patie n t profiles whi le examining the impact of PNA
nd RF on the cluster-wise differ ent pr obability of patie n t mor-
al ity. Regard ing the d istributions of the c ovariates, w e model
 ge and MC S as con tin uous va riables using a m ultiva riate nor-
al distribution, while, gender, COPD, and BRH are modeled as

ichotomous depe nde n t cova riates using the novel Ising model
pec i fica tion intr oduced in the proposed ML-CWMd frame-
ork. In detail, for each patie n t i in hospital j and for each clus te r,
 e c onsider 

logit (πi j ) = αc + β1 c · PNA i j + β2 c · RF i j + b c j , (12)

here πi j is the probability of that patie n t to die within 45 days
rom admis sion . Fo l lowing a simi lar proc e dure as in Section 3.4 ,
e fit ML-CWMd models varying C ∈ {1, 2, 3, 4}. The optimal

esult in terms of BIC is associated with C = 3 clus te rs (for the
omp le te comparis on tab le a nd the visualization of the 3 clus te rs
n the space Age-MCS, see Web Appendix D ). 

Results are subseque n tly reported in terms of cluster descrip-
ions, fixed and random effects interpr eta tion, and model pre-
 ictions. The fir s t clus te r compri ses 2722 individual s (85.2%)
ged 82.52 on average with a mean MCS of 9.87, that is, older
ndiv iduals w ith r ela tiv ely limite d oc currenc e of c omorbidities .

e label this profile as the cohort of elde rly patie n ts who a re in
 state of g ood he alth . W ithin this cluster, there is gender bal-
nc e (m ales 54.6% v ers us fem ales 46.4%), while patients with-
ut COPD (67.8%) and BRH (83.2%) pre domin ate. As w e can
ee from Figure 1 A, the in te raction pa ra mete rs, which ca pture

https://www.regione.lombardia.it/wps/portal/istituzionale/HP/DettaglioServizio/servizi-e-informazioni/Enti-e-Operatori/sistema-welfare/Accreditamento/accesso-db-covid/accesso-db-covid
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
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(A) (B) (C)

FIGURE 1 (A) Ising model in te raction pa ra mete rs �1 obtained from the novel multilevel log i s tic clus te r-wei gh ted model (ML-CWMd) 
est imat ion for the first cluster. (B) Ising model interaction parameters �2 obtained from ML-CWMd est imat ion for the second clus te r. (C) 
Ising model in te raction pa ra mete rs �3 obt ained from ML-CWMd e st imat ion for the third clus te r. 

TABLE 1 Pa ra mete r values ac quire d through the novel multilevel log i s tic clus te r-wei gh ted model (ML-CWMd) est imat ion across the 3 clus te rs. 

Pa ra me ter Cluster 1 Cluster 2 Cluster 3 

μ (82 . 52 ; 9 . 87) (59 . 67 ; 4 . 59) (74 . 65 ; 29 . 81) 

�

[
51 . 3 −3 . 8 
−3 . 8 36 . 9 

] [
91 . 6 −6 . 3 
−6 . 3 19 . 2 

] [
98 . 6 14 . 7 
14 . 7 35 . 9 

]
ν (0 . 11 ; −3 . 41 ; −1 . 37) (1 . 80 ; −2 . 10 ; −1 . 90) (0 . 28 ; −4 . 86 ; −1 . 40) 

Vari ab le Estimate Pr (> | z | ) Estimate Pr (> | z | ) Estimate Pr (> | z | ) 
PNA +0 . 18 0 . 09 −0 . 08 0.21 +0 . 27 0.47 
RF +0 . 10 0.37 +1 . 51 0.018 ∗ −0 . 90 0.046 ∗
The upper s ection disp l ays the values of the pa ra mete rs μ, �, a nd ν. The lower section shows the estimate of fixed effects pa ra mete rs βc ( c = 1 , . . . , C) and their corresponding 
P -values. 
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the r ela tionships betw e en pairs of binary v ari ab les, reveal a pos-
itiv e c orr ela tion. The in te raction betw e e n sex a nd the 2 re spira -
tory dis eas es remain s minim al, whereas the c orr ela tion betw e en
COPD and BRH emerges as very high. In this cluster, 35.6% of
individuals pas s ed aw ay within 45 d ays of bein g a dmitted. The
fixe d effe cts estim a tes, r eported in Table 1 , rev eal th at pneumo-
nia i s stati st ically significant, indicat ing a higher probability of
mortality a mong patie n ts with this condition. Whe n exploring
the random effects r ela t ed t o diffe re n t hospitals (Fi gure 2 A), we
disc ov er th at 15 out of 32 hospitals de mons trate a si gnifica n t in-
flue nce, eithe r in reducing or increasing the l ikel ihood of death
a mong patie n ts in this clus te r, with respe ct to the av erage. This
phe nome non ca n be exp l aine d sinc e these patie n t profiles com-
prise elder individuals who are sti l l in good health, making the
appr opria teness of hospital ins trume n ts a nd techniques particu-
la rly influe n t ial . Among the hospitals, those hi ghli gh ted in green
in Figure 2 A are the ones that si gnifica n tly lowe r the probability
of death, and thus can be r egar ded as the most proficient in tr ea t-
ing patie n ts belonging to Clus te r 1; c onv erse ly, hospit als high-
li gh te d in re d are the ones th at si gnifica n tly incr ease the pr oba-
bility of death. 

The se c ond clus te r comprises 321 patie n ts age d 59.67 on av er-
age with a mean MCS score of 4.59. This points toward a patie n t
profile c ompose d of young and middle-age d individuals who ex-
hibit favorable health condition s. W ithin this clus te r, the re is a
prevalence of males (82.2%) and a prevalence of patients with-
out COPD (84.4%) and BRH (93.5%). Figure 1 B i l lustrates
the in te raction pa ra mete r s, ind icat ing a notable posit iv e c orre-
l ation be tw e e n COPD a nd BRH, alongside a si gnifica n t nega-
tiv e c orr ela tion betw e e n BRH a nd sex. This su gge s ts a hi ghe r
prevalence of females with BRH. Within a 45-day period post-
hosp itali zation, the mortality rate among individuals in this clus-
te r s ta nds at 19.3%. Upon examining the fixe d effe cts (Table 1 ), 
we o bs erve that the presence of RF in patie n ts within this clus- 
te r subs ta n ti ally increas e s their risk of mort ality. This corre lation 

like ly arise s fr om the fact tha t RF implies impair ed lung function, 
resulting in diminished oxygen levels in the bloods trea m . G iven 

th at COVID-19 prim a rily ta rgets the r espira t ory syst em, the co- 
exis te nce of these 2 conditions further exacerbates respiratory 
dysfunction, making it challen gin g for the body to maintain ad- 
e quate oxygen lev els . Con s e quently, despite their ov erall good 

he alth, the severe oxyg en deficiency can lead to exc eption ally se- 
v ere c omp lication s. I n Figure 2 B , we o bs erv e th at only 2 hospi-
tals exhibit si gnifica n t as s oci ation s with an increased l ikel ihood 

of death in these patie n ts . The limite d impact of hospital va ri - 
a bility on C lus te r 2 is likely a t tributable to the fact that patie n ts
within this profile a re ge ne r ally y ounge r a nd consis te n tly health- 
ie r tha n the res t of the c ohort, m aking them less s usc eptible to
the overall quality of care provided by the treatme n t facility. 

The third clus te r comprises a total of 150 patie n ts aged 74.65 

on average along with a mean MCS score of 29.81. This pa- 
tie n t profile is pre domin a n tly c ompose d of individuals ch arac- 
te rized b y adva nc e d age a nd a si gnifica n t a moun t of comor bid i-
ties. Within this clus te r, the r e is a pr evalenc e of m ales (67.5%) 
and a higher oc currenc e of patients without COPD (62.6%) 
a nd BRH (79.3%). Fi gure 1 C depicts in te raction pa ra mete rs, 
revealing a subs ta n t ial posit ive corr ela tion betw e e n COPD a nd
BRH, as well as a si gnifica n t positiv e c orr ela tion betw e en BRH
a nd ge nde r. This implies a gr ea ter pr evalence of BRH among 
males within this clus te r. For this clus te r, the pe rce n tage of pa- 
tie n ts who died within a 45-day period following hosp itali zation 

a moun ts to 43.3%. In te res tingly, the prese nce of RF a ppea rs to 

si gnifica n tly re duc e the probability of death in patie n ts within 

this clus te r ( Ta ble 1 ). T his somewh at c oun te rin tuitive finding
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(A)

(B)

(C)

FIGURE 2 Random effects of the 32 hospitals in the first (A), se c ond (B) and third (C) cluster. Hospitals increasing the probability of death 

a re a re those with a c onfidenc e interval entirely above (highlighted in red), while hospitals that decrease the probability of death are those with 

a c onfidenc e in te rval e n tire ly be low 0 (hi ghli gh te d in gre en). 
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TABLE 2 Mean and standard deviation for all metrics across the 20 held-out data. Bold font denotes the best res ults . 

Evaluation type ML-CWMd GL M M GLM 

Train Prediction Accuracy 0 . 660 ± 0 . 01 0 . 639 ± 0 . 01 0 . 588 ± 0 . 003 
Test Prediction Accuracy 0 . 620 ± 0 . 02 0 . 610 ± 0 . 01 0 . 588 ± 0 . 01 
ECE 0 . 045 ± 0 . 009 0 . 048 ± 0 . 012 0 . 056 ± 0 . 012 
B rier sc ore 0 . 209 ± 0 . 005 0 . 212 ± 0 . 004 0 . 225 ± 0 . 003 
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is freque n tly o bs e rved a mong patie n ts of this profile (Wes t et al.,
2014 ). RF acts as a prote ctiv e factor; its oc currenc e in patie n ts al -
ready in critical condition prompts medical professionals to pri-
or itize their monitor ing and tr ea tme n t, the reb y e nha ncing their
ch anc es of s urvival. Re garding the random effects (Figure 2 C),
only 1 hospital shows a si gnifica n t decrease in the probability of
death for this profile. This further su gge sts that the health con-
dit ions of pat ie n ts in this clus te r a r e so critical tha t the spec i fic
hospital where they are treate d h as relativ ely little or no impact
on their outc omes . 

Whe n exa mining the ra ndom effects across clus te rs, a note-
worthy tre nd e me rges. For ins ta nce, Hospital H20 consis te n tly
retriev es positiv e ev aluation s in both Clus te rs 1 a nd 3, whe reas
Hospitals H13 and H15 re c eiv e unfav or able r atings in both Clus-
ters 1 and 2. This disc ov ery h as importa n t imp lication s for po li-
c ymaking, allow ing suitable monitoring and se c ond-lev el an aly-
sis of “out of control” situations. 

Fin ally, w e evaluate the pre dictiv e ac curacy and calibration
of the proposed model comparing it with the gener aliz ed lin-
ear mixed effects model (GLMM) and the gener aliz ed linear
model (GLM) under the same r egr es sion s e ttin gs usin g held-out
data . Spec i fically, we ge ne r ate 20 tr aining-tes t splits with a n 80-
20 pr oportion stra tifie d by hospitals . The models are traine d on
the training data and then used to predict death outcomes for
patie n ts in the test s e t. The results, including training and test
pre dictiv e ac curacy, expe cte d calibra tion err or (ECE), and Brier
scor e, ar e summarized in Table 2 , reporting the mea n a nd s ta n-
d ard devi ation acros s the 20 sp lits. The propos ed model con-
sis te n tly outpe rforms the alte rn ativ es, a chievin g supe rior pe rfor-
m anc e on all metrics. 

4.3 Sce na rio a nal ysis 
In this se ction, w e imple me n t a sc en ario an alysis to empha-
size the importance of considering both the clust er fact or and
the hospital effect to capture the real-world complexity. We de-
fine 3 new COVID-19 HF patie n ts, with cha racte ris tics closely
mirroring those ide n tified within the 3 clus te rs. From each of
these patie n ts, w e sele ct one with r espira tory dis eas es (PNA and
RF) and one without them, resulting in 6 pos sib le profiles. For
the comp le te tab le, including patie n ts’ cha racte ris tics, see Web
Appendix D . The o bj e ctiv e is to i l lus trate the diffe re nc e betw e en
predicting the li keli hood of mortality for these new patie n ts us-
ing the proposed model (Equation 1 ), a GLMM th at ne gle cts the
consideration of late n t patie n t clus te rs, a nd a GLM th at ne gle cts
both the consideration of late n t patie n t clus te r a nd hospital ef-
fect. For each patie n t, we delineate 3 distinct pre dictions, c or-
r esponding, r espe ctiv ely, to random effe cts e quivale n t to − ˆ σbc
(hospital with commend ab le pe rforma nce conce rning that spe-
c i fic patie n t profile), 0 ( hospital with negli gible influe nce on the 
outcome), and + ̂

 σbc (hospital with poor perform anc e). 
In Figure 3 , we show the predictions obtained with the 3 mod- 

els. For the GLM, we have only a single value since it does 
not take into ac c ount the hospital effect. The bar intervals on 

the graph sho w ho w the pre dicte d probabilities of death change 
when the hospital is c onsidere d beneficial for patient character- 
istics (at − ˆ σbc ) v ers us when it is c onsidere d detrimental (at + ̂

 σbc 
). The GLMM ge ne rates hi ghly simila r pr edictions acr oss the 
sa me patie n t with a nd without r espira tory dis eas es becaus e it 
does not ide n tify a ny r espira tory dis eas es as si gnifica n t cova ri -
ate s. Not ably, only age, sex, a nd MCS e me rge as si gnifica n t va ri -
ables in the fixed r egr ession compone n t of the GLMM. Con- 
seque n tly, GLM M fail s to capture the variability a t tribut ed t o 

r espira tory dis eas es, which could si gnifica n tly influe nce a pa- 
tie n t probability of death, pa rticula rly a mong COVID-19 HF pa- 
tie n ts. Ins tea d, usin g the ML-CWMd enables us to take into con- 
sidera tion the r espira tory dis eas es effects o bs e rving a si gnifica n t
change in the probability of death based on the presence or ab- 
sence of these diseases in the ML-CWMd pre dictions . For in- 
s ta nce, for the patie n ts in the green cluster (young individuals 
with low MCS), the probability of death in a hospital charac- 
ter ized as detr imental for the patient characteri stics i s approxi- 
mately 0.28 if the patie n t has no respiratory dis eas es. This pro b- 
ability increases to around 0.4 if the patie n t has both re spira - 
tory dis eas es . In c onclusion, the ML-CWMd provides more pre- 
cise est imat ions of pat ie n t surviv al pro babilities acros s diffe re n t
r isk categor ies. Add itionally, it offer s a val id too l for the as s es s-
me n t a nd monitorin g of hospital fa cilit ies ut iliz in g a dministra- 
tive d atabas es. 

5 D I S  C U S S  I O N 

This pa pe r has in troduced a novel me thodo lo gy for simulta- 
neously risk-stratifying patie n ts a nd conducting clus te r-spec i fic 
hospital ev aluation s. In de tail , a novel ML-CW Md i s devi sed, ex- 
tending previous works with the ability to effe ctiv ely capture the 
depe nde nce a mong o bs erv ation s within the s a me clus te r a nd hi -
e ra rchy; as well as among dichotomous v ari ab le s throu gh the in- 
clusion of the Ising model contribution . Res orting to maximum 

l ikel ihood est imat ion, we have imple me n ted a tailored CEM al- 
gorithm to perform mode l fitting, te s ting its pe rforma nce in a 
simul ated s e tting, a nd compa ring it with s tate-of-the-a rt alte r- 
n ativ es . Our proposal has de mons tra ted pr omising r esults when 

dealing with complex sc en arios enc ompas sing l at ent clust ers of 
o bs erv ation s, group effects, and the interdependence among bi- 
n ary c ov ari a tes. This r esear ch h as be en motivate d by the ch al-
len ge of developin g t ailored mode ls ne e de d for ac c ommodat- 
ing d iver se pa tient pr ofile s and hospit al-spec i fic effects. Spec i f- 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujaf046#supplementary-data
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FIGURE 3 Pre dicte d probabilitie s of mort ality for the 6 patie n ts acros s the 3 compe tin g models. B a r in te rvals i l lustra te the shift in pr e dicte d 

probabilities when the hospital is de eme d advantage ous v ers us detrimental. Solid bars r epr ese n t the novel multilevel log i s tic clus te r-wei gh ted 

model (ML-CWMd) introduc e d in the paper, dotted bars denote GLMM, and single points indicate GLM. 
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cally, w e h av e applie d our pr oposal to a r eal -world adminis tra-
ive d atas e t of L ombardy Reg ion, Italy, including information
bout H F pat ie n ts hosp itali ze d for COVID-19. The an alysis h as
ev eale d the exis te nce of 3 dis t inct pat ie n t profiles, each cha rac-
e rized b y clus te r-wise diffe re n t survival pa t te rns a nd comor bid i-
ies. On top of this, the model s e tting h as allow e d for v aluab le in-
i gh ts in to the ways r espira tory dis eas es and hospitals impact in-
ividual profiles of patie n ts. The a nalysis has th us de mons trated
r omising r esults in terms of action able m argins for defining
ealthca re in te rve n tions to e nha nce the te rr itor ial m an agement
f patie n ts with HF through the p l a nning of optimal ca r e pa th-
ays, the reb y reducing adverse clinical outcomes and impro vin g

ys te m efficie ncy. 
T he de vis ed me thodo lo gy als o pos s es s es limitation s. The in-

epe nde nc e ass umption among o bs erv ation s belon gin g to the
ame known hierarchy but different latent clusters may not al-
 ays be tenab le, as the grouping effe ct c ould pote n tially exhibit

h are d patterns across clus te rs. Furthe rmore, the res triction of
ode ling de pe nde nce a mong dichotomous cova riates only was

 o lely motiv ated by the type of cov ari ates av ail ab le within the
 ombardy Reg ion d atabas e. Spec i fically, the c onsidere d Ising
ode l re pre se n ts the simples t form of Mark ov r andom fields

Kinde rma nn a nd Snell, 1980 ), and future me thodo lo gical ad-
a nce me n ts could indeed extend the current proposal to allow
or more ge ne ral hi ghe r-orde r in te ra ctions. In a ddition, ta ck-
ing the well-known ove r-pa ra mete riza tion issue associa ted with
 ultiple con tin uous cova riates could improve both the flexibil-

ty a nd ada ptability of the pr oposed appr oach . So lution s to this
ssue are proposed in Ba nfield a nd Rafte ry ( 1993 ), Celeux and

o va e rt ( 1995 ), a nd Murphy a nd Murphy ( 2020 ), a mong oth-
 rs. Las tly, one aspect not addres s ed in this work is the evaluation
f unce rtain ty as s oci ated with pa ra mete r es tim ates . While non-
diffe re n ti ability is s ues m ay prev e n t the imple me n tation of a n in-
orm ation m atrix-base d approach in our s e tting, s amp ling-bas ed

ethods provide an altern ativ e and generalizab le s o lution for
st imat ing standar d err ors. Jackknife a nd boots tra p techniques
ould be adapted to our pro b lem, simil ar to the approaches pro-
osed by O’Hagan et al. ( 2019 ) and Berta and Vinciotti ( 2019 )

n the context of Gaus si an mixtures and ML-CWMds, re spec -
ively. Futur e r esear ch wi l l exte nd the curre n t pr oposal to addr ess
ts limitations and enh anc e its ability to model time-to-eve n t out-
omes, with several proposals already under study. 
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nclude (A) a c omprehensiv e simulat ion study, (B) addit ional
etails on the Ising Model, (C) comp le te ma thema tical deriva-
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ML-CWMd for COVID-19 heart failure profiling. The pro-
posed model has been implemented in R (Team, 2024 ), and the
dev elope d r outines ar e fr eely av ail ab le at the Biometrics web-
site on Oxford Academic and at the GitHub repository https:
//github.com/luca2245/ML-CW Md . In addit ion, w e h av e de-
v elope d a Shiny app that is av ail ab le at htt ps://mcdhmq - luca- ca
lde ra.shinyapps.io/app-ml -c w md/ . 
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