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Abstract
In this research methods tutorial of clinical anesthesia, we will explore techniques to estimate the influence of a myriad 
of factors on patient outcomes. Big data that contain information on patients, treated by individual anesthesiologists and 
surgical teams, at different hospitals, have an inherent multi-level data structure (Fig. 1). While researchers often attempt 
to determine the association between patient factors and outcomes, that does not provide clinicians with the whole story. 
Patient care is clustered together according to clinicians and hospitals where they receive treatment. Therefore, multi-level 
regression models are needed to validly estimate the influence of each factor at each level. In addition, we will explore how 
to estimate the influence that variability—for example, one anesthesiologist deciding to do one thing, while another takes a 
different approach—has on outcomes for patients, using the intra-class correlation coefficient for continuous outcomes and 
the median odds ratio for binary outcomes. From this tutorial, you should acquire a clearer understanding of how to perform 
and interpret multi-level regression modeling and estimate the influence of variable clinical practices on patient outcomes 
in order to answer common but complex clinical questions.
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Clinical scenario

We previously published another tutorial, which described 
how to determine associations with regression models [1]. 
Therefore, we presented the unfortunate case of a woman 
with peri-partum multi-organ failure who was transferred 
from an outlying hospital to an emergency room and inten-
sive care unit (ICU). While this woman had a history of 
obesity, hypertension, and gestational diabetes mellitus, we 
wondered whether there were other non-patient factors that 
influenced her outcome, for example, the care she received 
during her pregnancy, how far she lived from her referring 
hospital, and whether her referring hospital had an ICU and 
a health care team experienced in managing high-risk preg-
nancies. How can we estimate the influence of these factors 
at different levels, specifically, at the level of the (1) patient, 
(2) provider(s), (3) hospital and (4) health region (Fig. 2)? 
What is the influence of variability in clinical practice—say 
criteria for admission to the ICU—on patient outcomes? To 
address this question with more than speculation, we typi-
cally need data on a lot of patients, including information 
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on the care they received, care providers, and the healthcare 
settings involved. This introduces the relevance of evaluating 
patient outcomes and studying different potential predictors 
in a multi-level setting.

Determining associations with regression 
models

We begin with estimating the influence of patient factors 
on clinical outcome only at the patient level. During this 
procedure, bias, which is any systematic error occurring in 
the design or conduct of clinical research that should be 
accounted for. We should also account for confounding, 
which is when variables are related to the predictors yet 
have their own association with the outcome [2]. While one 
approach to mitigate confounding is to design a randomized 
clinical trial [3], another approach, using observational stud-
ies, is regression [1, 2]. When the outcome is continuous, a 
linear regression equation establishes a relationship between 
the outcome variable and the exposure variables, or predic-
tors. Logistic regression is used when the outcome is binary. 
The association of multiple exposure variables with the out-
come variable can be assessed simultaneously, by assigning 

relative magnitudes of associations in a “multivariable” 
regression model. Here, we employ regression to evaluate 
the association between an exposure and an outcome of 
interest, accounting for potential confounding.

Multi‑level modeling

Multi-level or hierarchical regression has different names: 
hierarchical linear regression models, random coefficient 
models, or mixed-models [4]. Herein, we use the term 
‘multi-level regression’, which assumes a hierarchical struc-
ture to the data, with the outcome measured at the ‘lowest’ 
level of the hierarchy (usually patient level), and predictors 
measured at different levels (Fig. 3) [4–6].

When should we consider multi-level regression? A key 
consideration is the need to search for an association across a 
range of factors at different levels, and all of which may have 
some relation to the unit of analysis—typically an individual 
patient, though it could also be a hospital, clinic, provider 
specialty, or region [4–10]. We have two major approaches to 
using multi-level regression models: generalized estimating 
equation (GEE) and mixed-modeling [4]. Both are employed 
to adjust for hierarchical effects, or clustering effects. GEEs 
are known as population average models because they esti-
mate a non-varying (i.e., average) coefficient among clusters. 
Although GEE can model variables up to two levels, mixed 
models can incorporate more than two levels. Mixed models 
estimate aspects of the model that vary by cluster; it can 
quantify variability among clusters and explore associations 
of such variability with the outcome at different levels, for 
example (Table 1). A detailed explanation of each approach 
is in literature [6]. Since one aspect of our research question 
seeks to quantify variability among clusters, we will employ 
mixed models for our multi-level regression and focus on 
mixed models in this paper.

We first introduce a basic two-level regression model to 
better understand the concept. For a binary outcome like 
occurrence of preeclampsia (occurs or not), we use a mul-
tivariable logistic regression model to determine the rela-
tive contribution of different variables at different levels. 
Suppose we have a dataset from j hospitals, with a differ-
ent number of pregnant patients, nj, in each hospital. The 
outcome is preeclampsia, measured at the patient (‘lowest’) 
level. In addition to considering the only patient-level pre-
dictor (presence of obesity), we wondered if hospitals having 
a dedicated obesity-in-pregnancy and birth center (modeled 
as a hospital-level predictor) would influence the risk of 
preeclampsia. To analyze these data, we could theoretically 
establish separate equations for each separate hospital to 
predict preeclampsia using obesity. We could next see how 
consistent the measures of association are across these hos-
pital-specific equations to get a qualitative sense of whether 

Fig. 1   Infographics
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differences may exist among hospitals. However, if we want 
to advance this further, and gain a quantitative estimate of 
the association of ‘hospital’ on the risk of preeclampsia, we 
can create the following model:

In a fixed-effect logistic regression model, the β’s are 
fixed parameters with β0 representing the model intercept 

log

(

P
(

Preeclampsiaij
)

1 − P
(

Preeclampsiaij
)

)

= �0j + �1 ∗ obesityij

(the log-odds of preeclampsia when obesity is not present) 
and β1 representing the model slope which quantifies the 
effect of obesity on the outcome. In the above model, the 
additional subscript j represents different hospitals (j = 1 
…… J) and the subscript i represents individual patients 
(i = 1……nj). What differs from the fixed-effect model is 
that each hospital has a different intercept, β0j, but shares 
a common fixed slope, β1. We assume the intercept varies 
randomly across hospitals, hence they are random vari-
ables and are called “random intercepts”. These random 

Fig. 2   Conceptual framework of 
multi-level factors

How do I determine the influences
of multiple factors, at multiple levels,
that may influence outcome of interest?

This is a conceptual framework that
helps us to visualize associations

between the outcome of interest and
factors from different levels.
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intercepts are hospital level, which implies individuals 
within the same hospital share the same intercept, but 
intercepts are different for individuals at different hospi-
tals. The next step might be to clarify the degree of vari-
ation of the random intercepts, β0j, at the hospital level:

This equation predicts the likelihood of preeclampsia, 
without obesity, in a hospital with an obesity-in-pregnancy 
and birth center (specifically, the jth hospital) using a com-
mon intercept γ00 and a hospital-specific error term u0j. 
The error term is normally distributed with mean being 0 
and variance being σ2.

Then, our multi-level model can be expressed with a 
slightly more complicated, but more appropriate equation:

�0j = �00 + u0j The key questions we would address are: (1) in addition to 
how the patient-level predictor affects the patient-level out-
come, is there variability across different hospitals (which 
are associated with ‘clusters’ of patients), whether its effect 
on the patient-level outcome is clinically important (of a 
substantial magnitude that we think matters) and (2) whether 
the variability is statistically significant (that we have suf-
ficient evidence that the relation is not due to chance alone)? 
To answer these, we need to use multi-level regression, or 

log

(

P
(

Preeclampsiaij
)

1 − P
(

Preeclampsiaij
)

)

= �0j + �1 ∗ obesityij

= �00 + �1 ∗ obesityij + u0j

Level 3:
Health region
(Highest level)

Level 2:
Hospital
(Higher level)

Level 1:
Pregnant woman
(Lowest level)

Fig. 3   Diagram of hierarchical structure

Table 1   Key differences 
between generalized estimating 
equations and mixed models

Generalized estimating equations Mixed models

Estimate an average coefficient among clusters Estimate aspects of the model that vary by group
Accommodates variables at up to two levels Accommodates variables at more than two levels
Specifies a covariance structure to account for 

within-cluster correlation
Quantifies variability among clusters

Distributional assumption of observed data and 
random effects

Absence of assumptions for how the coefficients vary



138	 Journal of Anesthesia (2025) 39:134–145

a comparable model, like GEE. If we determine that there 
are important differences across hospitals, and that they are 
influential on patient outcomes, then the following question 
is how influential the observed variability of certain prac-
tices or treatments across hospitals on patient outcomes is. 
This introduces a related, but distinct, concept of estimat-
ing the influence of ‘cluster-level variability’ on outcomes, 
which we can also assess using regression. In our example, 
we may be interested in (1) the fixed effect of obesity on 
preeclampsia, where cluster-variability is a secondary con-
cern yet essential for accurate calculations of the standard 
errors of fixed effects or (2) the variability between clusters 
itself may be of primary interest, with fixed effects being a 
secondary consideration.

Estimating the variability in a “clustered” 
outcome

Variability is a measure of dispersion around a number—
how tight a distribution might be around a certain effect 
size; for example, the relative risk of preeclampsia when 
being cared for at one hospital or another. Variability can 
be observed in measurements within and across individuals 
(in this case, each individual acts as a cluster), and within 
and between clusters. Assessment of variability is impor-
tant in health services research, allowing for understand-
ing the associations between patient-level and cluster-level 
factors with individual health outcomes. We can use multi-
level regression to estimate [5, 7–10]: (1) how much of the 
variability is attributed to the clusters’ characteristics; (2) 
how much of the variability is attributed to the differences 
between patients (i.e., within clusters); and (3) whether dif-
ferences in outcomes among patients be explained by varia-
bility in clinical practice at cluster level. First, we will refine 
our aforementioned clinical question to a focused research 
question that seeks to quantify cluster-induced variability, 
and the variability-incorporated association of cluster-level 
variable with patient-level outcomes.

In the clinical scenario described above, provoked by the 
tragic death of both the mother and fetus, the research ques-
tion might be: what factors are associated with mortality 
among critically ill pregnant and post-partum women in 
acute care hospitals. The association can have multi-facto-
rial components at different levels; for example, in hierar-
chical order of bottom to top: the patient, the hospital, the 
health system (Fig. 2) [1]. We could even add another level, 
like the physician providing care, between the patient and 
the hospital, which could consequently reflect the reality 
of healthcare delivery. These factors suggest a hierarchical 
structure; yet researchers have often only considered varia-
bles at patient level. In our scenario, the primary outcome of 
interest is mortality, measured at patient level. Suppose the 

predictor of interest is the number of ICU beds, the type of 
ICU physician (e.g., an anesthetist, internist, or surgeon), or 
variability in ICU-admission practices. Variability in ICU-
admission practices is expressed as the proportion of preg-
nant and post-partum women admitted to the ICU among all 
pregnant and post-partum women admitted to each hospital 
(i.e., as a hospital-level variable) [11]. There are reasons 
why a certain threshold for ICU admission may exist among 
providers: there may be hospital-specific ‘priority’ and advo-
cacy for certain patient populations (e.g., trauma patients, or 
those recovering from surgery). Because we want to measure 
the influence of the predictor variables at the hospital level, 
other than the patient level, we must use multi-level regres-
sion to correctly estimate the effects corresponding to the 
association, and the potential causation between ICU admis-
sion practice and mortality of pregnant and postpartum 
women. Thus, a more nuanced research question might be: 
what are the patient- and hospital-level factors associated 
with mortality among pregnant and postpartum women?

Estimating the influence of variability 
on outcomes using multi‑level linear 
regression

When the outcome is continuous (e.g., blood pressure), 
there is an intuitive way to characterize variability in 
multi-level linear regression—the Intra-class Correlation 
Coefficient (ICC)—also referred as the Variance Parti-
tioning Coefficient (VPC) [4, 5, 7–10, 12]. The ICC rep-
resents the degree to which individuals share a common 
experience due to “cluster” effects, i.e., the proportion of 
total variability from differences among (many) clusters. 
Equivalently, the ICC is the ratio of Between-Cluster Vari-
ability to Total Variability (variability from both between 
and within clusters):

The ICC is, therefore, a measurement of the proportion 
of Between-Cluster Variability relative to total variability. 
In addition, “1 – ICC” represents the proportion of Within-
Cluster Variability out of the total variability. When the 
ICC is minimal, the Between-Cluster differences are much 
smaller than the within cluster differences, demonstrat-
ing most of the variability is within the clusters (between 
patients). A large ICC means there is little variability 
within clusters and large variability between clusters. In 
such situation, we do not need multi-level regression, and 
instead can use simple regression, though it is good prac-
tice to still account for the hierarchical structure.

ICC =
Between-Cluster Variability

Between-Cluster Variability + Within-Cluster Variability
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Challenges in estimating between‑cluster 
variability using multi‑level logistic 
regression

The ICC is a way to understand the variability of individual 
outcomes in the multi-level context, but only when the out-
come is continuous. If the outcome is binary (e.g., alive or 
dead), we employ multi-level logistic regression [8, 9]. In a 
multi-level logistic regression model, between-cluster vari-
ability and within-cluster variability are not directly compa-
rable, as described below.

Unlike multi-level linear regression, in multi-level logis-
tic regression the scale of variability at the lowest level (i.e., 
patient level) is different from that at higher levels (i.e., 
hospital level) [4, 5, 7–10, 12]. As explained previously, 
while the lowest-level variability is on the probability scale 
[e.g., mortality rate (p)], the higher-level variability is on 
the logistic scale because of the use of natural log on the 
odds of the outcome [e.g., log (odds of mortality) = log (p/1-
p)]. Consequently, variability at both levels is not directly 
comparable due to different scales. Thus, it is not easy to 
fully “partition” variability at different levels in multi-level 
logistic regression; it is difficult to separate total variability 
into within-cluster and between-cluster variability.

To address this challenge, alternative statistical 
approaches have been developed to calculate ICC using 
multi-level logistic regression, including both simulated 
and linear threshold methods [9]. The simulated method 
converts the logistic scale of higher-level variability to the 
probability scale of the lowest-level variability. The linear 
threshold model method takes the reciprocal approach and 
converts the probability scale of the lowest-level variability 
to the logistic scale of higher-level variability. With a com-
mon scale for different levels of variability, the ICC can now 
be computed. In the latter case (the linear threshold model), 
the ICC is calculated with the following equation:

where π2/3 is the variance of the standard logistic distribu-
tion [8, 9]. There is inherent difficulty in interpreting vari-
ability at multiple levels with either the logistic- or probabil-
ity-based approach given the complexity and non-linearity 
of these methods. The most common alternatives include 
median odds ratio and interval odds ratio.

ICC =
Between-Cluster Variability

Between-Cluster Variability +�2∕3

The median odds ratio and the interval 
odds ratio to estimate and interpret 
between‑cluster variability in multi‑level 
logistic regression

The median odds ratio (MOR) quantifies the variability 
between clusters (e.g., hospitals) using multi-level logistic 
regression [8, 9]. The main purpose of the MOR is to trans-
late this variability between clusters into the odds ratio scale, 
which aids in easier interpretation of variability. The MOR’s 
definition is the median value of the distribution of the odds 
ratio between the cluster at higher risk and the cluster at 
lower risk selected randomly from two clusters (e.g., hos-
pitals). For example, we randomly select two persons with 
same patient-level characteristics (say, present obesity) from 
two different hospitals and compute the odds ratio for the 
person with the higher risk of having the outcome versus the 
person with the lower risk. We then calculate the odds ratio 
from all pairs of persons to obtain a distribution of such odds 
ratios. The median OR is the median of this distribution. 
Alternatively, the MOR might be interpreted as the increased 
odds of an event when moving from a lower-risk cluster to a 
higher-risk cluster. The MOR is relatively easy to compute 
because it depends directly on the variability between clus-
ters. The formula is the following [8, 9]:

where 0.675 is the 75th percentile of the standard normal 
distribution. Note that the MOR is always greater than 
or equal to 1, because the formula exponentiates a num-
ber greater than or equal to 0. An MOR of 1 indicates no 
between-cluster variability. It is insightful to compare the 
magnitude of the MOR, which quantifies the between-cluster 
variance, with the magnitude of the ORs for the fixed effects 
to understand the relative contribution of the random inter-
cepts to the outcome’s overall variability, versus the fixed 
predictors.

To clinically understand what the MOR represents, 
we return to our example of determining the influence of 
patient-level, hospital-level (say, ‘variability in ICU admis-
sion practice’) and perhaps region-level variables on mortal-
ity [11]. An MOR of 2 would indicate that for two pregnant 
women with the same characteristics, the odds of dying may 
be twofold higher in one hospital compared to the other, 
given that we have considered other factors that may con-
found this association in our multivariable model. There are 
a number of examples of this concept in other medical and 
surgical specialties to illustrate the importance of using the 
MOR to estimate the influence of variability on outcomes 
[13–15]. For example, Wijeysundera and colleagues inves-
tigated predictors of pre-operative medical consultation for 
patients undergoing surgeries across 79 hospitals in Ontario. 

MOR= exp
�

0.675 ×
√

2 × Between Cluster-Variability
�
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They concluded that patient-level factors are not meaning-
fully associated with pre-operative medical consult, yet there 
is variability of this practice among participated hospitals. 
Through multi-level logistic regression, they computed an 
MOR of 3.51, implying for two patients with very similar 
characteristics from different hospitals, one may be 3.51 
times more likely to receive pre-operative medical consul-
tation than another [15].

Both the ICC and MOR are tools to explore variability 
in multi-level regression. The ICC offers a more intuitive 
understanding of the variability in multi-level linear regres-
sion, while the MOR is more useful for multi-level logistic 
regression. While the ICC is chiefly a measure of between-
cluster variability, it is influenced, by definition, by both 
between- and within-cluster variability, while the MOR 
reflects only between-cluster variability.

In frequentist statistics, the odds ratio is reported with 
a 95% confidence interval (CI), because this parameter is 
“fixed” and would lie within this interval, say, on average 
95 times if the “experiment” was performed 100 times. The 
MOR, however, is random and has an associated distribu-
tion. Thus, the MOR should be reported with the Bayesian 
analogue of a 95% (CI), termed the 95% credible interval 
(Crl). When a parameter is “random” with a distribution 
around the MOR, the parameter lies in an interval of the 
distribution with a set probability. A 95% Crl of the MOR 
means that the MOR lies in this interval with 95% prob-
ability. Markov chain Monte Carlo methods are required to 
compute the MOR with a 95% Crl in multi-level logistic 
regression; however, further details are beyond the scope 
of this text [9].

The previous paragraph focused on MOR, we now con-
sider the impact of ICU admission practice (a cluster-level 
variable) on outcomes by incorporating between-cluster 
variability. The Interval Odds Ratio (IOR) is a measure that 
estimates the range in which the true odds ratio of a variable 
at cluster-level lies, considering between-cluster variability. 
It is another type of interval used for the quantification of 
the impact of a variable at cluster level (e.g., hospital) on 
the outcome by incorporating between-cluster variability, in 
multi-level logistic regression. Note that the IOR does not 
describe the interval around a MOR, it reflects the size and 
variation of the OR of a cluster-level variable. An 80% IOR 
(IOR-80) is defined as the interval centered on the median of 
the distribution that comprises 80% of the odds ratio’s val-
ues. An 80% IOR is often recommended, because it covers a 
large portion of the odds ratios [8, 16]; however, the percent-
age is arbitrary, and other percentages could be considered.

Suppose that ICU admission practice (expressed as an 
annual incidence of ICU admissions, i.e., the number of ICU 
admissions divided by total number of hospitalized pregnant 
and postpartum women) is dichotomized as high versus low 
with the median value being the cutoff. When we compute 

a common OR of this ICU admission practice, an OR is 
calculated based on the comparison of mean odds in each 
group (high versus low). To compute the IOR of ICU admis-
sion practice, we might think about all possible pairs of sub-
jects with the same covariates. For example, one woman 
is admitted to a hospital that more often admits pregnant 
and postpartum patients to the ICU (high group) and the 
other woman from a hospital that less frequently admits said 
patients to the ICU (low group). For each pair, we can cal-
culate the OR between these subjects by accounting for the 
admission practice and variability between the two hospitals. 
We obtain the distribution of these ORs from considering all 
possible pairs. The IOR-80 is centered at the median of this 
distribution and covers 80% of the distribution of the ORs. 
Using this, we can calculate the lower and upper bounds of 
the IOR-80 with the following formulas that are similar to 
formulas we use for CIs:

In the above formulas, β is the regression coefficient for 
the cluster-level variable (e.g., ICU admission practice), 
Between-Cluster Variability is the cluster-level variance 
(variability), and − 1.2816 and 1.2816 represent the 10th 
and 90th percentiles of the standard normal distribution, 
respectively. Again, the IOR-80 is not a “confidence inter-
val” around the MOR.

How do we interpret the IOR-80 in addition to a MOR? In 
our example, we explore the association of ICU admission 
practice for pregnant and postpartum women with mortality 
and measure variability induced by hospitals (cluster hetero-
geneity). We assess the MOR with the impact of the ICU 
admission practice among hospitals on mortality, in which 
simple odds ratios and 95% CIs and IOR-80 are used. We 
can employ multi-level logistic regression, to account for 
patient-level characteristics and the “clustering effect” of 
having many patients in a certain number of unique hospi-
tals. In our case, we can interpret the different measures as 
follows:

The Median Odds Ratio reflects the between-hospital var-
iability or heterogeneity with regard to mortality; the 95% 
CrI reflects an interval where this Median Odds Ratio 
lies, with 95% probability.
The Odds Ratio reflects the association of ICU admis-
sion practice with mortality; the 95% CI reflects the inter-
val where this Odds Ratio lies when this experiment is 
repeated on multiple samples.
The 80% Interval Odds Ratio (IOR-80) is a value centered 
at the median of the distribution of the ORs and covers 

IORlower = exp
�

� − 1.2816 ×
√

2 × Between-Cluster Variability
�

IORupper = exp
�

� + 1.2816 ×
√

2 × Between-Cluster Variability
�
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80% of the distribution, quantifying the association of 
ICU admission practice with mortality while accounting 
for “between cluster” (i.e., between hospital) variability.

How can we illustrate the importance of the above? Sup-
pose both results show that women admitted to low ICU 
admission hospitals, compared with high ICU admission 
hospitals, have a higher odds of dying (say, OR = 2.34, with 
a 95% CI 1.77–3.09).

Assume we found the MOR to be 4.4 and the IOR-
80 to be 0.14:39.4 (Fig. 4). This MOR is high, implying 
high variability among clusters. This is also reflected by 
the wide IOR. Since the interval includes 1, the IOR-80 
informs ICU admission practices may not be significantly 
associated with mortality. This illustration implies sub-
stantial unexplained variability exists, which could be 
patient level or cluster level, or both.

Fig. 4   IOR-80 of Example 1

What does the “distribution of odds”
of the outcome computed from all

possible pairs between two groups mean?

This distribution is wide and includes 1.
This wide range suggests a high degree of
variability of the predictor of interest among

clusters of centers/hospitals.
That the interval includes 1 mean that the

association between predictor and outcome of
your interest may not be ‘statistically’ significant.
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Suppose instead we found a MOR of 1.45 and IOR-80 
1.164.73 (Fig. 5). This is a rather small odds ratio, imply-
ing little variability between clusters. The IOR-80 seems 
to be narrower due to little variability between clusters, 
just as the MOR implied. Moreover, the interval excludes 
1, which means the influence of ICU admission practice is 
likely significantly associated with mortality.

Discussion

In addition to being able to determine and interpret the influ-
ence of patient-level variables on a patient-level outcome, 
for continuous and binary outcomes, we have mechanisms 
to assess the influence of variables on different levels, organ-
ized in a hierarchy, on the outcome. Finally, we explored the 
concept of how variability among clusters might influence 

Fig. 5   IOR-80 of Example 2

What does the “distribution of odds”
of the outcome computed from all
possible pairs between two groups

here mean?

The narrow range suggests not a lot of
variability of the predictor of interest

among clusters of centers/hospitals. That
the interval does NOT include 1 means

that the association between predictor and
outcome of your interest is likely

“statistically” significant.
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patient-level outcomes and investigated various methods to 
quantify and account for such influence. We have approached 
these topics with examples directly relevant to the field of 
anesthesia and with graphical visualizations to assist readers 
in accessing both fundamental and advanced concepts. We 
also wish to highlight an excellent, complementary hands-on 
tutorial that provides practical applications and instructional 
coding for foundational multi-level modeling [17].

In our example, we wished to investigate, among other 
factors, the association between ICU admission practice 
(the proportion of all hospitalized pregnant or postpartum 
women at each hospital who were admitted to the ICU) and 
mortality among these women. Given the data’s hierarchi-
cal structure, multi-level regression is the most appropriate 
methodology [11]. Through combining clinical experience 
and knowledge of pertinent literature, we included factors 
that might confound the relationship of interest, which is 
ICU admission practices. However, unless we consider, 
measure, and include all relevant factors, we could errone-
ously conclude that variability in ICU admission practices 
has a significant association with the outcomes, while it 
could be that, for example, patients from one hospital are 
systematically at higher risk from being older, having co-
morbid conditions, having multiple gestations, etc. Unfortu-
nately, in the real world, we often do not have data on many 
hospital-level or provider-level factors that could be influ-
ential. These, however, represent perhaps an opportunity for 
modification to the analysis, should they be found important.

For our own clinical question, we must address a few 
considerations related to practicality and confounding. First, 
how can we measure ICU admission practices for pregnant 
and postpartum women across many hospitals? Next, how 
can we estimate the association of variability in ICU admis-
sion practices between hospitals with clinical outcomes of 
patients? A hospital with a high-risk pregnancy birth center 
may tend to admit sicker pregnant and postpartum women 
than the average hospital, potentially leading to a higher 
incidence of ICU admissions and higher mortality in the 
hospital [18, 19]. In addition, the incidence of ICU admis-
sion might depend on the patient’s condition or severity. 
We might also assume that due to the higher incidence of 
ICU admission, the ICU physicians and co-workers may be 
knowledgeable about such patients and more skillful at treat-
ing them, potentially reducing morality. To incorporate the 
rate of ICU admissions as a proxy of ICU admission prac-
tices, we should incorporate a risk adjustment tool so that a 
patient’s background medical condition (comorbidities, for 
example) and current illness severity can be accounted for—
i.e., their influence adjusted by including them as patient-
level variables in our multi-level model. A maternal comor-
bidity index has recently been described as a risk adjustment 
tool for hospitalized pregnant and postpartum women, and 
has been validated in second external dataset [20–22]. The 

use of a maternal comorbidity index in the multi-level 
regression may assist in isolating the potential influence of 
ICU admission practices on the outcome of interest among 
pregnant and postpartum women [11, 23].

Because our primary outcome is mortality (a binary 
variable), we have to employ a multi-level logistic regres-
sion. We can compute the MOR, which can help estimate 
between-cluster (hospital) variability. Anecdotally and from 
our research, we know hospitals often have different ICU 
admission rates for pregnant and postpartum women. There-
fore, we should understand how to estimate the effect size 
of this variability on the outcome (mortality). However, the 
MOR does not consider within-cluster (patient-level) vari-
ability. In this case, we could utilize multi-level models with 
an appropriate hierarchical structure to capture and account 
for within-cluster variability. We could also categorize hos-
pitals into several groups according to their ICU admission 
rates and compute the MOR of each group. Comparing the 
MORs across groups could inform whether between-cluster 
heterogeneity in mortality may change according to differ-
ent ICU admission practices. We could also use IOR-80 to 
measure the association between ICU admission practices 
and mortality, accounting for the “between cluster” (i.e., 
between hospital) variability. These approaches allow us 
to see how differences in ICU admission practices might 
explain variability in mortality [11].

Conclusion

It is important for clinicians and researchers to understand 
factors that are associated with and may influence patient 
outcomes. This enables us to better identify patients who 
are at risk for bad outcomes, which in turn may influence 
our patient care. This could also help us identify modifi-
able factors—for patients, for hospitals, for healthcare pro-
viders—that can be addressed to improve patient care and 
outcomes. Estimating the association of potential predictor 
variables with the outcome could be challenging as data and 
analyses are prone to different types of bias and confound-
ing. We reviewed regression as a common method derive 
the independent influence of variables and provided exam-
ples when multi-level regression is required. Finally, we 
presented methods to measure variability of care delivery 
between hospitals or providers or other clusters and estimate 
the influence of such variability on patient outcomes. By 
deepening our understanding of these techniques, we can 
enhance our ability to identify and target modifiable factors 
for improving patient care and outcomes.
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