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Abstract

Background

Hospital performance, presented as the comparison of average measurements, dismisses
that hospital outcomes may vary across types of patients. We aim at drawing out the rele-
vance of accounting for patient heterogeneity when reporting on hospital performance.

Methods

An observational study on administrative data from virtually all 2009 hospital admissions for
Acute Myocardial Infarction (AMI) discharged in Denmark, Portugal, Slovenia, Spain, and
Sweden. Hospital performance was proxied using in-hospital risk-adjusted mortality. Multi-
level Regression Modelling (MLRM) was used to assess differences in hospital perfor-
mance, comparing the estimates of random intercept modelling (capturing hospital general
contextual effects (GCE)), and random slope modelling (capturing hospital contextual
effects for patients with and without congestive heart failure -CHF). The weighted Kappa
Index (KI) was used to assess the agreement between performance estimates.

Results

We analysed 46,875 admissions of AMI, 6,314 with coexistent CHF, discharged from 107
hospitals. The overall in-hospital mortality rate was 5.2%, ranging from 4% in Sweden to
6.9% in Portugal. The MLRM with random slope outperformed the model with only random
intercept, highlighting a much higher GCE in CHF patients [VPC = 8.34 (Cl95% 4.94 to
13.03) and MOR = 1.69 (CI95% 1.62 t0 2.21) vs. VPC = 3.9 (CI95% 2.4 to 5.9), MOR of
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1.42 (CI95% 1.31 to 1.54) without CHF]. No agreement was observed between estimates
[KI =-0,02 (C195% -0,08 to 0.04].

Conclusions

The different GCE in AMI patients with and without CHF, along with the lack of agreement in
estimates, suggests that accounting for patient heterogeneity is required to adequately char-
acterize and report on hospital performance.

1. Introduction

The growing availability and use of administrative data are resulting in a profusion of health-
care performance assessment initiatives worldwide. Either institutionally framed or developed
under the umbrella of research projects, the wealth of administrative data offers the opportu-
nity to access larger samples of patients, covering virtually all providers in a health plan, allow-
ing cross-country comparisons and most importantly, enabling the systematic and continuous
monitoring of providers’ performance. Many institutional-based [1-7] and research-oriented
examples [8-15] illustrate this enormous potential. On the other hand, as performance assess-
ment is increasingly deemed to be the basis for different value-based initiatives (e.g. bench-
marking strategies, pay for performance schemes, patient choice programs, etc), decision
makers are increasingly calling for trustworthy measurements and reliable reporting [16].

In this respect, analytical methods play a critical role. Once the use of ordinary (single level)
regression models were shown to be inappropriate, as they circumvent the interdependence of
patient outcomes within a hospital (i.e. patient risk within a hospital is more alike than patient
risk from a different hospital) [9, 12, 15-19], and are at risk of the Yule-Simpson paradox [20],
marginal models (Generalized Estimating Equations, GEE) or multilevel modelling (MLRM)
have become increasingly popular, although their approach and interpretation are clearly dif-
ferent; while the use of GEE focus on the estimation of the population-averaged risk of death
adjusting hospitals’ heterogeneity, MLRM assumes that each hospital has their own underlying
risk of an event, and this risk varies across hospitals (i.e. the probability of an event is condi-
tional to the place where the patient is treated). Accordingly, MLRM has been suggested as a
more appropriate approach when hospital-specific interpretations are needed [21].

But most importantly, variations in hospital performance are usually presented as the com-
parison of adjusted average measures, excluding the possibility that hospital performance may
also be conditioned by patient heterogeneity, for example, determining the care responses to
specific subgroups of patients [22]. One fundamental feature of MLRM in hospital perfor-
mance assessment is that MLRM can drop the assumption that the underlying risk for an indi-
vidual is the same for all hospitals, allowing this risk to vary at hospital level; therefore, the
hospital effect also becomes a function of patient heterogeneity [23]. In practical terms, this
property, which implies the inclusion of random slopes, allows the development of specific
performance measurements for subgroups of patients. Therefore, the observation of better or
worse performance will refer not just to the hospital outcome obtained for the regular patient
but also to the hospital achievement for specific subgroups of individuals. This well-known
property of MLRM has scarcely been exploited in the assessment and reporting of hospital
performance.

In this paper, we use MLRM to draw out the relevance of accounting for patient heteroge-
neity when reporting on hospital performance, using in-hospital mortality in acute myocardial
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infarction as a case study. Including a random slope for AMI patients with coexistent CHF will
show the relevance of accounting for patient heterogeneity in hospital performance reporting.

2. Methods
2.1. Design, population and setting

An observational cross-sectional study utilising administrative data representing virtually all
hospital admissions for AMI in patients aged from 40 to 80, treated in 434 hospitals from 5
European countries (Denmark, Portugal, Slovenia, Spain and Sweden) in 2009, totalling
73,812 potential discharged episodes. Hospitals accounting for fewer than 250 AMI episodes
in 2009 (discretionary threshold) were excluded from the sample in order to reduce structural
heterogeneity across hospitals and gain robustness in the estimations (Fig 1). The final sample
accounted for 107 hospitals, accounting for 46,875 AMI episodes (63.5% of all assisted epi-
sodes), from which 5.2% deceased (2,451 case-fatalities). CHF coexisted in 13,5% of the sample
(6,314 AMI episodes).

2.2. Endpoints

Our work comprised two consecutive endpoints; firstly, the variation in the hospital effect (i.e.
GCE) when including a random slope for CHF patients in the MLRM; and, additionally, the level
of agreement in hospital outcomes, contrasting both types of hospital GCE (i.e. under the assump-
tion that the underlying risk for an individual level association is the same for all the hospitals or
under the assumption that the underlying risk for CHF patients varies across hospitals).

2.3. Variables in the models

As aforementioned, the hospital outcome in this study (i.e. proxy of performance measure) was
the adjusted in-hospital mortality risk in AMI patients who stayed for up to 30 days after admis-
sion; thus, inpatients with admission diagnosis code 410" in those countries using ICD-MC 9™
(Spain and Portugal) and 121* and I122* in those countries using ICD 10" (Denmark, Slovenia
and Sweden). Those admissions due to pregnancy, puerperium or childbirth were excluded
(codes ICD-MC 9™ 000*-099* or ICD10™ 630-677). [detailed in S1 Appendix]

The patient-level independent variables were: a) age, categorized as 40-49, 50-59, 60-69
and 70-80, using the youngest group as the reference group; b) sex, using male as the reference

73,812 AMI episodes within 434 hospitals
identified in patients aged 40 to 80, from the group of countries (Denmark,
year 2009 Portugal, Slovenia, Spain and Sweden)

|

Exclusion of 327 hospitals
which treat less than 250 AMI episodes/year

|

46,875 AMI episodes within 107 hospitals
in patients aged 40 to 80, year 2009, from the group of countries (Denmark,
finally assessed Portugal, Slovenia, Spain and Sweden)

Fig 1. Study population. Flow diagram showing the episodes with an Acute myocardial infarction diagnosis
according to hospital selection.

https://doi.org/10.1371/journal.pone.0228425.9001
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category; c) patient comorbidities, computed as an Elixhauser risk score [24, 25], obtained
from the predicted probability of death for each of the episodes modelled with a single level
logistic regression; and d) the coexistence of congestive heart failure (CHF) in the episode of
AMLI. Patients with CHF constituted the subgroup of patients of interest, being more fragile
than the regular patient and supposedly with the requirement for a higher intensity of care. A
CHEF was flagged when ICD9th codes 398.91 and 428%, and ICD10th code I50*, were found in
any secondary diagnosis recorded within the same episode. The definitions and corresponding
codes were developed and validated in the context of the ECHO project [26]. When it comes
to the hospital-level, no specific variables where included except the GCE captured as a ran-
dom-effect. Finally, a dummy variable identifying the country of admission was included
using Sweden as a reference in the comparisons.

2.4. Analyses

Upon the estimation of the basal risk of death associated to patient features and country of res-
idence (basal model) throughout a conventional single level logistic regression model includ-
ing age, sex, the Elixhauser score of risk, the coexistence of CHF, and the country of
“treatment” (see variable definitions above), two MLRM models were built to estimate the hos-
pital-specific risk of death for patients with AMI. For that purpose, we followed the methodol-
ogy described elsewhere in a two-stage process [15].

The first MLRM specification included a random intercept for the hospital level in a two-
level multilevel logistic regression model, so that each hospital got its own intercept (i.e. basal
risk of death) (Eq 1).

T N K
In (1 —J7r1.j> =Yoo T+ Zn:lyannj + Zk:ﬂijj + Vlszj + 72jCHFij +u, t+g; (1)

Where u,;+&;; is the random effect part of the model

u,; ~ iid N(0, a})

e, ~ iid N(0, %)

The second MLRM specification, as an extension of the previous one, included a random
slope, allowing each hospital to vary their risk slope according to a specific group of patients
(in our case, patients with CHF). In practice, we obtain a hospital variance for patients without
CHF and a different hospital variance for patients with CHF (see Eq 2).

1—m,

Yy

T,
l”( - ) = Yo T+ Zi]:ﬂnjxnj + ZkK:1ijDj + VljZij =+ szCHFi; +u, + quCHFij T E; (2)

Where

Xp; are the N variables characterising the gender and age of patients

Z;; is the probability of death for a patient according to the concurrence of Elixhauser
comorbidities, except CHF

Z,=In <1’%P> =Y t Zf:ﬁkoxki +g

D; are dichotomous variables which identify the countries where hospitals belong
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Ugit; CHFj+€; is the random effect part of the model

u. . 2
—) ~iid N(0,9%), Q, = <—2‘7“°2 )
Uy 0002

g; ~ iid N(0,0?)

2.4.1. Estimation of the general contextual effect. The GCE was estimated for both mod-
els, the random intercept model and the extended model which adds a random slope. For both
models, the hospital variance derivatives, the Variance Partition Coefficient (VPC) and the
Median Odds Ratio (MOR), were also calculated.

(i) We calculated the VPC based on the latent response formulation of the model as [21, 22,
271]:

2
Ju

VPC =

o2+

Where o2 denotes the hospital variance, and ’;—2 the variance of a standard logistic distribu-
tion (77 = 3.1416).

VPC is reported as a percentage that goes from 0% to 100%. If hospital differences (i.e. vari-
ance) were not relevant for understanding the individual differences in the latent propensity of
death, the VPC would be 0%. That is, the hospitals would be similar to random samples taken
from the whole patient population.

(ii) The median odds ratio (MOR) is an alternative interpretation of the magnitude of hos-
pital variance [28-30]. The MOR is defined as the median value of the distribution of odds
ratios (OR) obtained when randomly picking two patients with the same covariate values from
two hospitals with a different underlying risk of an event of interest, and comparing the one
from the hospital with the higher risk to the one from the hospital with the lower-risk. In sim-
ple terms, the MOR can be interpreted as the median increased odds of reporting the outcome
if a patient is treated in another hospital with a higher risk. The MOR is calculated as:

exp(y/202®7'(0.75))

where @'(-) represents the inverse cumulative standard normal distribution function. In the
absence of hospital variation (i.e. > = 0), the MOR is equal to 1. Theoretically, the MOR val-
ues may extend from 0 to oo and the higher the MOR value, the more relevant the hospital
effect in terms of patient outcome. The MOR translates the hospital variance estimated on the
log-odds scale to the widely used OR scale, making MOR values comparable to the individual
OR covariates in the model.

For the estimation of the models, we used the Restricted Iterative Generalized Least Squares
(RIGLS) method to obtain the values needed to finally run the Markov Chain Monte Carlo
(MCMC) estimation method [31]. The goodness-of-fit of the models was assessed through the
Bayesian Diagnostic Information Criterion (BDIC).

We performed the analyses using MLwiN run on Stata™ statistical software: Release 13,
College Station, TX: StataCorp LP and MIwiN version 2.35, The Centre for Multilevel Model-
ling, University of Bristol [32].

2.4.2. Concordance in hospital performance. Finally, for the assessment of concordance
(i.e. agreement in hospital performance on patients with and without CHF), we compared the
residuals from both random parts in the extended model, the intercept [u,;] and the slope
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[uzj]. The level of concordance between both residuals was studied using a measurement of
agreement between observers for categorical variables. As the number of cases per country var-
ied substantially, a weighted Kappa Index was estimated [33]. The choice of this estimator
depends on how commonly performance measurements are reported through funnel plots, so
units of analysis are categorized as: hospitals with residuals which are statistically above the
average (i.e. exhibiting a higher risk of death than expected), hospitals with residuals which are
statistically below the average (i.e. exhibiting a lower risk of death than expected), and hospitals
that did not differ statistically from the expected risk of death, irrespective of their actual posi-
tion above or below (i.e. hospitals within the funnel boundaries). According to this approach,
hospitals in the sample were classified into three possible situations: better, neutral or worse
than the expected, this categorization becoming the subject of the concordance measurement.
As for interpretation purposes, the higher the Kappa Index, the higher the concordance
between the two estimated hospital effects, which could suggest that hospitals perform equally
in the patients without CHF as in the patients with CHF. Conversely, low concordance could
suggest that hospitals perform differently.

2.5. Data sources

Hospital admissions from Denmark, Portugal, Slovenia and Spain were extracted from the
database consolidated and validated during the ECHO project [30]. In turn, the Swedish
Patient Register [34, 35] provided the hospital data for Sweden. Both pseudonymised datasets
were linked into a single database, stored, validated and analysed in a secure server set up in
the premises of the Faculty of Medicine at Lund University (Malmo, Sweden), as foreseen in
the access policies of the Swedish Register.

2.6. Ethics statement

This study, observational in design, used retrospective anonymized, non-identifiable and non-
traceable data, and was conducted in accordance with the amended Helsinki Declaration, the
International Guidelines for Ethical Review of Epidemiological Studies, and Spanish laws on
data protection and patients’ rights. The study implies the use of pseudonymised data, using
double dissociation (i.e. in the original data source and once the data are stored in the database
for analysis) which actually impedes patients’ re-identification. The information supplied for
the European collaboration presented the same strong characteristics of confidentiality as the
other collaborating countries.

3. Results

The final sample was composed of 46,875 episodes with a primary admission diagnosis of
AMYI, discharged from 107 hospitals. Overall, 6,314 patients underwent a concomitant CHF.
By countries, Denmark treated 4,635 of those AMI episodes in 6 hospitals (9.9% of the epi-
sodes in the sample); Portugal accounted for 6,217 from 16 hospitals (13.3% of the episodes),
while Slovenia yielded 1,898 episodes in 3 of the hospitals (4.1% of the admissions analysed).
In turn, Spain treated 23,043 AMI episodes in 56 hospitals (49.2% of the episodes in the sam-
ple) while Sweden dealt with 11,082 of the AMI episodes in 26 hospitals (23.6% of the
episodes).

The sample had 38.2% of patients aged 70 to 80, varying across countries, with 33.2% in
Denmark and 42.5% in Sweden. Overall, 26.4% of the patients were female, ranging from
23.6% in Spain to 30.6% in Sweden. The average risk score (i.e. predicted probability of death
according to the Elixhauser comorbidities) for the whole sample was 5.2, ranging from 4.5 in
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Table 1. Description of the study sample, per country (2009).

DNK PRT SVN ESP SWE TOTAL

AMI patients (n) 4,635 6,217 1,898 23,043 11,082 46,875

Agedistribution e e e
_1075%

o 2120%

%patientsinage group 60-69 | 3302% | 28SS%|  2734% 27.6%% 3403% 29.80%
% patients in age group 70-80 33.23% 36.56% 35.46% 37.63% 42.48% 38.24%
Sex—Percentage of women 26.11% 28.57% 29.72% 23.65% 30.64% 26.44%
Risk Score (mean) 4.51 5.77 5.55 5.47 4.67 523
maximum 68.09 73.04 57.75 76.85 68.34 76.85
CHEF patients per hospital (mean)* 78 56 79 58 57 59

URIMUI oo 381 191 S S B BB 13
maximum 114 141 117 197 139 197
Deceased (n) 206 432 84 1,286 443 2,451
In-hospital Crude Mortality Rate (per 100 patients at risk in 2009) 4.82 6.91 4.16 5.63 3.99 5.34

minimum 28 372 L77) 046, . ML 046
maximum 10.30 13.09 7.17 9.68 7.12 13.09
HOSPITALS 6 16 3 56 26 107
Episodes per hospital (mean) 772 389 633 412 426 438
minimum 505 254 283 258 250 250
maximum 951 604 1015 753 1054 1054

* CHF stands for Congestive Heart Failure

https://doi.org/10.1371/journal.pone.0228425.t001

Denmark to 5.8 in Portugal. Finally, the overall proportion of AMI patients with congestive
heart failure was 59%, ranging from 56% in Portugal to 79% in Slovenia (Table 1).

Opverall, 5.3 per 100 AMI patients died in hospital (2,451 cases out of 46,875) in the period
of study; the crude mortality rate ranged from 0.5 to 13.1 per 100 patients at risk, for an inter-
quartile interval of 1.63. By countries, Sweden, Slovenia and Denmark showed the lowest in-
hospital mortality rates, 4, 4.2 and 4.8 per 100 patients at risk respectively, while Portugal
showed the highest with 6.91 per 100 patients at risk, followed by Spain with an in-hospital
mortality rate of 5.6 per 100 patients at risk (Table 1).

Table 2 shows the estimated adjusted-risks of death in the basal model, the basic GCE and
the extended RS model. As observed in the basal model, the AMI risk of death increased with
age (as compared to patients younger than 50), with the highest risk amongst the oldest (4.8
times more likely to die), the presence of comorbidities (2.1 times more likely), and the coexis-
tence of CHF (2.8 times more likely). As compared to Sweden, patients living in Portugal were
at 78% more risk of death, Denmark and Spain showing a 36% increased risk, while Slovenia
barely registered a 6% increase. Being female did not increase the risk of death. Patient-level
and country-level estimates were similar in both MLRM (second and third column in
Table 2).

Both MLRM models confirmed the existence of a GCE; thus, beyond individuals’ features,
we observed an increase in the risk of death associated to the hospital of treatment. Moreover,
in the specific case of the extended model with a random slope (the best model according to
BDIC), the GCE was much higher in CHF patients, [VPC of 8.34 (CI95% 4.94 to 13.03) and a
MOR value of 1.69 (CI95% 1.62 to 2.21)] than in those without CHF [VPC = 3.9 (CI95% 2.4 to
5.9), MOR of 1.42 (CI95% 1.31 to 1.54)].
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Table 2. Factors associated to in-hospital mortality in AMI patients (2009).

Basal model (single level) MLRM MLMR (random slope)
(random
intercept)
Gender
Male e Ref i Ref Ref o
Female 1.09 1.08 1.08
(0.99 1.19) (0.981.18) (0.98 1.18)
Age
B0799 e Ref i Ref i Ref .
50-59 1.68 1.71 1.70
(1.29 2.19) (1.332.25) (1.342.12)
60-69 2.61 2.63 2.63
(2.03 3.35) (2.08 3.44) (2.10 3.20)
70-80 4.84 4.84 4.87
(3.806.18) (3.87 6.24) (3.875.91)
Risk score
Healthierpatients i Ref i Ref i Ref o
More complex patients 2.07 2.11 2.12
(1.90 2.27) (1.93 2.30) (1.932.33)
Congestive heart failure (CHF)
2.80 2.88 2.84
(2.56 3.07) (2.643.14) (2.453.24)
Country
SWeden s Ref i Ref ol o S
Denmark 1.36 1.46 1.41
(1.14 1.61) (1.03 2.01) (1.00 1.96)
Portugal 1.78 1.83 1.88
(1.552.05) (1.37 2.31) (1.43 2.42)
Slovenia 1.06 1.01 1.07
(0.83 1.36) (0.61 1.85) (0.66 1.80)
Spain 1.36 1.42 1.38
(1.21 1.52) (1.14 1.73) (1.10 1.66)
Hospitals
____________________________ MORon patients w/o CHF | b A0 L
MOR on CHF patients 1.69
Variance
Hospital intercept 0.12 (0.08 0.13 (0.08 0.21)
(95% credible interval) 0.18)
CHF-mortality slope (95% credible 0.31(0.17 0.49)
interval)
Variance Partition Coefficient
Patients without CHF 3.59 3.9
Patients with CHF 8.34
Goodness of fit
Bayesian DIC 17384.88 17317.35

Models: Estimations in the basal model are obtained from single-level logistic modelling; estimations of the general
contextual effect are obtained from MLRM modelling hospitals as random effect, by first just modelling a random
intercept, then adding a random slope for patients with CHF. Figures represent Odds Ratios and 95% confidence
intervals, except in the case of hospital estimates where MOR and confidence intervals are used. Note that, while in
the random intercept model there is one value for MOR, in the model with random slope we obtain a different MOR

for patients with and for patients without CHF.

https://doi.org/10.1371/journal.pone.0228425.t1002
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Fig 2. Comparison of the hospital effect for the patient without CHF and the hospital effect conditioned to CHF
patients. Weighted Kappa Index -0,02 (CI95% -0,08 to 0.04).

https://doi.org/10.1371/journal.pone.0228425.9002

3.1. Is the hospital effect consistent between estimations?

Once was the existence of hospital variance and the observation of a better goodness-of-fit of
the model with random slope examined and proved, its residuals were compared. Fig 2 repre-
sents the comparison of the hospital effect for patients without CHF [u,;] and the hospital
effect conditioned to the coexistence of CHF [uy;].

Once hospitals were classified in accordance with their level of performance (high, moder-
ate or low), the agreement in the classification of hospital performance was non-existent
[weighted Kappa Index value of -0,02 (CI95% -0,08 to 0.04)] suggesting a distinct performance
in both groups of patients.

4. Discussion

Assuming the construct validity of AMI case-fatalities as a measure of hospital quality, this per-
formance assessment exercise, based on 46,875 hospital admissions from five countries, shows
that hospital outcomes differ when it comes to specific subgroups of patients, in our case,
patients with CHF. Indeed, the greater MOR for the model including a random slope (i.e.
assuming an interaction term for patients with CHF) reveals a greater influence of “hospital of
treatment” when it comes to the case mortality rates for CHF patients (from MOR 1.42 in
patients without CHF to MOR 1.69 with CHF).

Finally, the lack of correlation between the hospital effects on the non-CHF AMI patients
and AMI patients with CHF (weighted Kappa Index = -0.02), prompts the need for analysing
hospital effects on regular and specific subgroups of patients.

4.1. Caveats with regard to the lack of concordance

Despite the mathematical robustness of the results in terms of goodness-of-fit of the model
and precision, two questions might be challenging the lack of concordance between the hospi-
tal effect on non-CHF vs. CHF AMI patients.

We could hypothesize, for example, that systemic factors could affect the GCE estimations
distinctly, if the number of CHF patients per hospital is uneven across the sample (e.g. because
of biased coding practices, because more complex patients arrive at certain hospitals, or
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because of differential expertise in the treatment of more fragile patients between centres).
Although we have reduced this potential risk by excluding the smaller hospitals from the sam-
ple, if those phenomena are true they could have an influence on the estimations of the hospital
contextual effect in the specific subgroup of patients, resulting in a higher risk of death associ-
ated to the hospital of treatment in those hospitals with more CHF patients. Fig 3 showing the
potential correlation between the prevalence of high-risk patients (x axis) and the estimated
risk in terms of u,;(y axis) shows that this is not the case for the hospitals in the sample, ruling
out this possibility.

Another point that could eventually affect the hospital contextual effect differently on non-
CHEF vs. CHF patients is the surviving bias in those with no concurrent CHF. Indeed, AMI
patients with concomitant CHF (most of them STEMI cases) are supposed to be more likely to
die within the first 24 hours. In these cases, patients might die in the emergency room. After
analysing the survival curves for both groups of patients, the negligible differences observed in
the first 24 hours after in-hospital admission strongly suggest that under-recording is not likely
happened in our sample [S2 Appendix shows survival curves for each country]. However, as
patients who died in the emergency room are not part of our dataset, we cannot discard some
under-representation in those CHF patients. Whether this fact could imply any bias in the esti-
mation is unknown.

4.2. Implication of the use of random-slope MLRM in hospital
performance assessment

In contrast with single level estimations, MLRM takes into account the multilevel structure of
the variance existing in the data (e.g. patients nested within hospitals), accounting for the
interdependence of patient outcomes within a hospital and allowing a less biased estimation of
uncertainty, providing weighted estimations of average hospital risk (i.e. shrunken residuals)
and allowing a more reliable assessment of the units under study.

As compared to GEE, both MLRM and GEE assume the existence of a GCE assessing hospi-
tal performance. This contextual effect is termed “general” because it reflects the influence of
the hospital context as a whole, without specifying any contextual characteristics other than
the very boundaries that delimit the hospital [36]. This GCE expresses the joint effect of an
array of factors like, for instance, the skills and specialization of the physicians, the available
access to adequate technology as well as the quality of treatment and care in the hospital. In
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Fig 3. Correlation between the prevalence of CHF patients and the hospital effect conditioned to those patients
(u2j). This graph contrasts the possibility of a higher hospital contextual effect due to the higher prevalence of CHF
patients admitted in the hospitals in the sample. No positive correlation is observed.

https://doi.org/10.1371/journal.pone.0228425.9003
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such a way, the hospital context may condition patient outcomes beyond individual character-
istics; that is, the same patient might have a different outcome if he or she is treated in a differ-
ent hospital. However, while GEE modelling takes for granted that this GCE can be quantified
by measuring differences between hospital averages only, in MLRM the GCE is measured by
the share of the total patient variance that is between hospital averages; that is, the MLRM does
not dislocate the individual patients from the hospital averages, but rather considers that there
is a distribution of individual outcomes that can be decomposed into two levels of analysis, the
individual and the hospital [9, 12, 14]. Therefore, “hospital effects” (i.e. GCE) are not properly
appraised by studying the differences between hospital averages alone, but by quantifying the
share of the total patient heterogeneity (i.e. variance) that exists at the hospital level [37-39].
To do this, MLRM estimates the hospital variance and its derivatives partition coefficient as a
measure of the hospital GCE. Thus, when studying a specific quality outcome in patients from
different hospitals, the higher the hospital variance, the more relevant is the hospital context to
understanding the differences between patient outcomes [12].

More importantly, unlike other methods used to analyse clustered information (i.e. patients
nested within hospitals) MLRM considers individual-level associations to be hospital-specific
and drops the assumption that individual level associations are the same for all the hospitals.
Consequently, in an extended MLRM with RS, hospital variance, and thereby hospital GCE,
becomes a function of the patients” heterogeneity. In other words, by including a RS for a spe-
cific subgroup of patients, the hospital effect is not just a function of the very boundaries of the
hospital but also a function of patients’ features of interest (i.e. in our case having CHF). In prac-
tice, for a dichotomous variable, we obtain a hospital variance (i.e. a GCE) for patients without
CHEF and a different hospital variance for patients with CHF. This becomes, beyond consider-
ations of interpretation, the analytical advantage of MLRM as opposed to GEE modelling.

4.3. Implications for hospital performance reporting

Some authors have already suggested, while acknowledging the risk of using indirect standard-
ization in hospital performance assessment [20, 22] or in the context of social epidemiology
[23], that not considering patient heterogeneity could lead to an inappropriate assessment of
performance. This paper empirically underpins the need for exploring both the hospital effect
for patients with or without CHF.

Therefore, a clear message is conveyed to those interested in the public reporting of perfor-
mance measures. Beyond the assumption that performance assessment using administrative data
is not a firm diagnostic tool but rather an instrument for screening, reporting mechanisms, more
specifically league tables or funnel plots, [9, 18] should represent hospital performance according
to the results of the MLRM. If the model without a random slope prevails (which is not the case in
our example), a single representation for the average patient might be enough; however, if a
MLRM with random slope better explains the difference in hospital outcomes, then public report-
ing should represent hospital effects separately for specific subgroups of patients.

One last important implication for decision-makers is that MLRM provides a measure of
the effect of size (i.e. to what extent the hospital contextual effect is relevant to the differences
in health outcomes) through a number of statistics (hospital variance, variance partition coeffi-
cients, and MOR) not yielded by the popular indirect standardization methods or the GEE
models. This feature makes MLRM findings more actionable than other approaches.

5. Conclusions

The hospital contextual effect in 107 hospitals from five different European countries was dif-
ferent in non-CHF AMI patients and AMI patients with CHF, suggesting that accounting for
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patient heterogeneity should be a requirement for adequately characterising and reporting
hospital performance.

MLRM is flexible enough to allow the joint analysis of both overall effects and patient-spe-
cific hospital effects, providing accurate estimations of performance as well as a measure of the
actual relevance of the hospital contextual effect.
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episode selection.
(DOCX)

$2 Appendix. Survival curves testing differential underreporting in CHF patients.
(DOCX)

Acknowledgments

We are indebted to Mircha Poldrugovac as a member of the Slovenian team in ECHO and
Natalia Martinez-Lizaga for her support in the extraction and preparation of data from the
ECHO dataset for the purposes of this study, and also to the Spanish Health Authorities who
granted access to the hospital datasets.

ECHO Consortium: IACS’s team (Bernal-Delgado E, Garcia-Armesto S, Martinez-Lizaga
M, Comendeiro-Maalge M, Seral-Rodriguez M, Estupifian-Romero F, Angulo-Pueyo E,
Ridao-Lépez M, and Baixauli C, Librero ] as affiliated researchers), University of Southern
Denmark’s team (Christiansen T, Thygesen LC), University of Nova Lisboa’s team (Mateus C,
Nunes C, Joaquim I), National Institute of Public Health of Ljubljana’s team (Yazbeck AM,
Galsworthy M, Albreht T), UMIT’s team (Munck J, Giintert B) and EHMA’s team (Bremmer
J, Giepmans P, Dix O).

Author Contributions

Conceptualization: Micaela Comendeiro-Maalge, Juan Merlo, Enrique Bernal-Delgado.
Data curation: Micaela Comendeiro-Maalge, Francisco Estupifian-Romero, Juan Merlo.
Formal analysis: Micaela Comendeiro-Maalge.

Investigation: Francisco Estupiidn-Romero, Lau Caspar Thygesen, Céu Mateus, Enrique Ber-
nal-Delgado.

Methodology: Micaela Comendeiro-Maalge, Juan Merlo, Enrique Bernal-Delgado.
Project administration: Enrique Bernal-Delgado.

Resources: Francisco Estupifian-Romero, Lau Caspar Thygesen, Céu Mateus.
Supervision: Juan Merlo, Enrique Bernal-Delgado.

Validation: Micaela Comendeiro-Maalge, Lau Caspar Thygesen, Céu Mateus, Juan Merlo,
Enrique Bernal-Delgado.

Visualization: Micaela Comendeiro-Maalge, Francisco Estupifian-Romero.
Writing - original draft: Micaela Comendeiro-Maalge, Enrique Bernal-Delgado.

Writing - review & editing: Micaela Comendeiro-Maalge, Francisco Estupifian-Romero, Lau
Caspar Thygesen, Céu Mateus, Juan Merlo, Enrique Bernal-Delgado.

PLOS ONE | https://doi.org/10.1371/journal.pone.0228425  February 6, 2020 12/14


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0228425.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0228425.s002
https://doi.org/10.1371/journal.pone.0228425

@ PLOS|ONE

Acknowledging the role of patient heterogeneity in hospital outcome reporting

References

1.

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21,

Institute for Clinical Evaluative Sciences (ICES). Canada. http://www.ices.on.ca/Publications/Atlases-
and-Reports (10 January 2019, date last accessed)

Atlas of Variations. Public Health England. https:/fingertips.phe.org.uk/profile/atlas-of-variation (10
January 2019, date last accessed)

Agency for Health Research and Quality (ARQH). US Department of Health & Human Services, USA

Health Quality and Safety Commission, New Zealand. http://www.hgsc.govt.nz/our-programmes/
health-quality-evaluation/projects/atlas-of-healthcare-variation/ (10 January 2019, date last accessed)

National Institute for Public Health and the Environment, The Netherlands. https:/www.
volksgezondheidenzorg.info/onderwerp/atlas-vzinfo/inleiding (10 January 2019, date last accessed)

The Atlas of Variation in the Spanish National Health Service, Instituto Aragonés de Ciencias de la
Salud, IS Aragdn, Spain Available at: www.atlasvpm.org (10 January 2019, date last accessed)

OECD Health Care Quality Indicators Project, Paris http://www.oecd.org/els/health-systems/health-
care-quality-indicators.htm (10 January 2019, date last accessed)

The Dartmouth Atlas of Healthcare, The Dartmouth Institute, USA. Available at: http://www.
dartmouthatlas.org (10 January 2019, date last accessed)

Ohlsson H, Librero J, Sundquist J, Sundquist K, Merlo J: Performance evaluations and league tables:
do they capture variation between organizational units? An analysis of 5 Swedish pharmacological per-
formance indicators. Med Care 2011, 49(3):327-331. https://doi.org/10.1097/MLR.
0b013e31820325c5 PMID: 21263360

European project on healthcare outcomes, performance and efficiency. http://www.eurohope.info/ (10
January 2019, date last accessed)

Bernal-Delgado E, Christiansen T, Bloor K, et al. on behalf of ECHO Consortium ECHO: Health care
performance assessment in several European countries. European Journal of Public Health, Volume
25, Issue suppl_1, 1 February 2015, Pages 3-7, https://doi.org/10.1093/eurpub/cku219

Merlo J, Ostergren PO, Broms K, Bjorck-Linne A, Liedholm H. Survival after initial hospitalisation for
heart failure: a multilevel analysis of patients in Swedish acute care hospitals. J Epidemiol Community
Health. 2001; 55(5):323-9. https://doi.org/10.1136/jech.55.5.323 PMID: 11297650

Merlo J, Gerdtham UG, Eckerlund 1, et al. Hospital level of care and neonatal mortality in low- and high-
risk deliveries: reassessing the question in Sweden by multilevel analysis. Med Care. 2005; 43
(11):1092—-100. https://doi.org/10.1097/01.mIr.0000182484.14608.b9 PMID: 16224302

Ghith N, Frolich A, Merlo J. The role of the clinical departments for understanding patient heterogeneity
in one-year mortality after a diagnosis of heart failure: A multilevel analysis of individual heterogeneity
for profiling provider outcomes. PLoS One. 2017; 12(12):e0189050. https://doi.org/10.1371/journal.
pone.0189050 PMID: 29211785

Ghith N, Wagner P, Frolich A, Merlo J. Short Term Survival after Admission for Heart Failure in Sweden:
Applying Multilevel Analyses of Discriminatory Accuracy to Evaluate Institutional Performance. PLoS
One. 2016; 11(2):e0148187. https://doi.org/10.1371/journal.pone.0148187 PMID: 26840122

Ash AS, Fienberg SE, Louis TA, Normand SLT, Stukel TA, Utts J. Statistical issues in assessing hospi-
tal performance. Commissioned by the Committee of Presidents of Statistical Societies. The COPSS-
CMS White Paper Committee: 2011

Mohammed MA, Manktelow BN, Hofer TP. Comparison of four methods for deriving hospital standard-
ised mortality ratios from a single hierarchical logistic regression model Stat Methods Med Res. 2016
Apr; 25(2):706—15.

Goldstein H, Spiegelhalter D. League Tables and Their Limitations: Statistical Issues in Comparisons of
Institutional Performance. Journal of the Royal Statistical Society, SocA. 1996; 159:385-443.

Austin PC, Tu JV, Alter DA. Comparing hierarchical modeling with traditional logistic regression analysis
among patients hospitalized with acute myocardial infarction: should we be analyzing cardiovascular
outcomes data differently? Am Heart J. 2003; 145(1):27-35. https://doi.org/10.1067/mh;j.2003.23
PMID: 12514651

Marang-van de Mheen PJ, Shojania KG. Simpson’s paradox: how performance measurement can fail
even with perfect risk adjustment. BMJ Qual Saf 2014; 23:701-705. https://doi.org/10.1136/bmjgs-
2014-003358 PMID: 25118292

Sanagou M, Wolfe R, Forbes A, Reid CM. Hospital-level associations with 30-day patient mortality after
cardiac surgery: a tutorial on the application and interpretation of marginal and multilevel logistic regres-
sion BMC Medical Research Methodology 2012, 12:28 https://doi.org/10.1186/1471-2288-12-12

PLOS ONE | https://doi.org/10.1371/journal.pone.0228425  February 6, 2020 13/14


http://www.ices.on.ca/Publications/Atlases-and-Reports
http://www.ices.on.ca/Publications/Atlases-and-Reports
https://fingertips.phe.org.uk/profile/atlas-of-variation
http://www.hqsc.govt.nz/our-programmes/health-quality-evaluation/projects/atlas-of-healthcare-variation/
http://www.hqsc.govt.nz/our-programmes/health-quality-evaluation/projects/atlas-of-healthcare-variation/
https://www.volksgezondheidenzorg.info/onderwerp/atlas-vzinfo/inleiding
https://www.volksgezondheidenzorg.info/onderwerp/atlas-vzinfo/inleiding
http://www.atlasvpm.org
http://www.oecd.org/els/health-systems/health-care-quality-indicators.htm
http://www.oecd.org/els/health-systems/health-care-quality-indicators.htm
http://www.dartmouthatlas.org
http://www.dartmouthatlas.org
https://doi.org/10.1097/MLR.0b013e31820325c5
https://doi.org/10.1097/MLR.0b013e31820325c5
http://www.ncbi.nlm.nih.gov/pubmed/21263360
http://www.eurohope.info/
https://doi.org/10.1093/eurpub/cku219
https://doi.org/10.1136/jech.55.5.323
http://www.ncbi.nlm.nih.gov/pubmed/11297650
https://doi.org/10.1097/01.mlr.0000182484.14608.b9
http://www.ncbi.nlm.nih.gov/pubmed/16224302
https://doi.org/10.1371/journal.pone.0189050
https://doi.org/10.1371/journal.pone.0189050
http://www.ncbi.nlm.nih.gov/pubmed/29211785
https://doi.org/10.1371/journal.pone.0148187
http://www.ncbi.nlm.nih.gov/pubmed/26840122
https://doi.org/10.1067/mhj.2003.23
http://www.ncbi.nlm.nih.gov/pubmed/12514651
https://doi.org/10.1136/bmjqs-2014-003358
https://doi.org/10.1136/bmjqs-2014-003358
http://www.ncbi.nlm.nih.gov/pubmed/25118292
https://doi.org/10.1186/1471-2288-12-12
https://doi.org/10.1371/journal.pone.0228425

@ PLOS|ONE

Acknowledging the role of patient heterogeneity in hospital outcome reporting

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

39.

Pouw ME, Peelen LM, Lingsma HF, et al. (2013) Hospital Standardized Mortality Ratio: Consequences
of Adjusting Hospital Mortality with Indirect Standardization. PLoS ONE 8(4): e59160. https://doi.org/
10.1371/journal.pone.0059160 PMID: 23593133

Merlo J, Yang M, Chaix B, Lynch J, Rastam L. A brief conceptual tutorial on multilevel analysis in social
epidemiology: investigating contextual phenomena indifferent groups of people. J Epidemiol Commu-
nity Health 2005, 59(9):729-736 https://doi.org/10.1136/jech.2004.023929 PMID: 16100308

Elixhauser A, Steiner C, Harris DR, Coffey RM. Comorbidity measures for use with administrative data.
Med Care 1998; 36:8-27 https://doi.org/10.1097/00005650-199801000-00004 PMID: 9431328

Elixhauser and Quan’s ICD-9-CM and ICD-10 Coding Algorithms for Elixhauser Comorbidity Index.
Med Care 2005 Nov; 43(11): 1130-9. https://doi.org/10.1097/01.mIr.0000182534.19832.83 PMID:
16224307

European Collaboration for Healthcare Optimization (ECHO) www.echo-health.eu. Zaragoza (Spain):
Instituto Aragonés de Ciencias de la Salud—Instituto Investigacion Sanitaria Aragdn; c2011. Estupifian
F, Baixauli C, Bernal-Delgado E on behalf of the ECHO consortium. Handbook on methodology: ECHO
information system quality report; 2014 Apr 27 [accessed: 10 January 2019]; Available from: http:/
www.echo-health.eu/handbook/infrastructure.html

Goldstein H, Browne W, Rasbash J. Partitioning variation in generalised linear multilevel models.
Understanding Statistics 2002, 1:223-232.

Merlo J, Chaix B, Ohlsson H, et al. A brief conceptual tutorial of multilevel analysis in social epidemiol-
ogy: using measures of clustering in multilevel logistic regression to investigate contextual phenomena.
J Epidemiol Community Health 2006, 60(4):290-297. https://doi.org/10.1136/jech.2004.029454 PMID:
16537344

Larsen K, Merlo J. Appropriate assessment of neighbourhood effects on individual health: integrating
random and fixed effects in multilevel logistic regressions. Am J Epidemiol 2005, 161(1):81-88. https://
doi.org/10.1093/aje/kwi017 PMID: 15615918

Larsen K, Petersen JH, Budtz-Jorgensen E, Endahl L. Interpreting parameters in the logistic regression
model with random effects. Biometrics 2000, 56(3):900-914.

Browne WJ MCMC Estimating in MLwiN v2.29. Center for Multilevel Modelling, University of Bristol
2013

Leckie G, Charlton C. runmiwin—A Program to Run the MLwiN Multilevel Modelling Software from
within Stata. Journal of Statistical Software, (2013); 52 (11):1-40]

Cohen J. A coefficient of agreement for nominal scales". Educational and Psychological Measurement
1960; 20 (1): 37—46. https://doi.org/10.1177/001316446002000104

https://www.socialstyrelsen.se/register/halsodataregister/patientregistret/inenglish

Ludvigsson JF, Andersson E, Ekbom A, et al. External review and validation of the Swedish national
inpatient register. BMC Public Health. 2011; 11:450. https://doi.org/10.1186/1471-2458-11-450 PMID:
21658213

Merlo J, Chaix B, Yang M, Lynch J, Rastam L. A brief conceptual tutorial of multilevel analysis in social
epidemiology: linking the statistical concept of clustering to the idea of contextual phenomenon. J Epide-
miol Community Health 2005, 59(6):443-44 https://doi.org/10.1136/jech.2004.023473 PMID:
15911637

Merlo J. Multilevel analytical approaches in social epidemiology: measures of health variation compared
with traditional measures of association. J Epidemiol Community Health 2003, 57(8):550-552. https:/
doi.org/10.1136/jech.57.8.550 PMID: 12883048

Merlo J. Invited commentary: multilevel analysis of individual heterogeneity-a fundamental critique of
the current probabilistic risk factor epidemiology. American Journal of Epidemiology 2014, 180(2):208—
212. https://doi.org/10.1093/aje/kwu108 PMID: 24925064

Merlo J, Ohlsson H, Lynch KF, Chaix B, Subramanian SV. Individual and collective bodies: using mea-
sures of variance and association in contextual epidemiology. J Epidemiol Community Health 2009, 63
(12):1043-1048. https://doi.org/10.1136/jech.2009.088310 PMID: 19666637

PLOS ONE | https://doi.org/10.1371/journal.pone.0228425  February 6, 2020 14/14


https://doi.org/10.1371/journal.pone.0059160
https://doi.org/10.1371/journal.pone.0059160
http://www.ncbi.nlm.nih.gov/pubmed/23593133
https://doi.org/10.1136/jech.2004.023929
http://www.ncbi.nlm.nih.gov/pubmed/16100308
https://doi.org/10.1097/00005650-199801000-00004
http://www.ncbi.nlm.nih.gov/pubmed/9431328
https://doi.org/10.1097/01.mlr.0000182534.19832.83
http://www.ncbi.nlm.nih.gov/pubmed/16224307
http://www.echo-health.eu
http://www.echo-health.eu/handbook/infrastructure.html
http://www.echo-health.eu/handbook/infrastructure.html
https://doi.org/10.1136/jech.2004.029454
http://www.ncbi.nlm.nih.gov/pubmed/16537344
https://doi.org/10.1093/aje/kwi017
https://doi.org/10.1093/aje/kwi017
http://www.ncbi.nlm.nih.gov/pubmed/15615918
https://doi.org/10.1177/001316446002000104
https://www.socialstyrelsen.se/register/halsodataregister/patientregistret/inenglish
https://doi.org/10.1186/1471-2458-11-450
http://www.ncbi.nlm.nih.gov/pubmed/21658213
https://doi.org/10.1136/jech.2004.023473
http://www.ncbi.nlm.nih.gov/pubmed/15911637
https://doi.org/10.1136/jech.57.8.550
https://doi.org/10.1136/jech.57.8.550
http://www.ncbi.nlm.nih.gov/pubmed/12883048
https://doi.org/10.1093/aje/kwu108
http://www.ncbi.nlm.nih.gov/pubmed/24925064
https://doi.org/10.1136/jech.2009.088310
http://www.ncbi.nlm.nih.gov/pubmed/19666637
https://doi.org/10.1371/journal.pone.0228425

