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Abstract Prospective observational studies, which provide information on the effective-

ness of interventions in natural settings, may complement results from randomised
clinical trials in the evaluation of health technologies. However, observational
studies are subject to a number of potential methodological weaknesses, mainly
selection and observer bias. This paper reviews and applies various methods to
control for selection bias in the estimation of treatment effects and proposes novel
ways to assess the presence of observer bias. We also address the issues of
estimation and inference in a multilevel setting. We describe and compare the use
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of regression methods, propensity score matching, fixed-effects models incorpo-
rating investigator characteristics, and a multilevel, hierarchical model using
Bayesian estimation techniques in the control of selection bias. We also propose
to assess the existence of observer bias in observational studies by comparing
patient- and investigator-reported outcomes. To illustrate these methods, we have
used data from the SOHO (Schizophrenia Outpatient Health Outcomes) study, a
large, prospective, observational study of health outcomes associated with the
treatment of schizophrenia.

The methods used to adjust for differences between treatment groups that
could cause selection bias yielded comparable results, reinforcing the validity of
the findings. Also, the assessment of observer bias did not show that it existed in
the SOHO study. Observational studies, when properly conducted and when using
adequate statistical methods, can provide valid information on the evaluation of

health technologies.

Randomised clinical trials (RCTs) have long
been considered the gold standard research method-
ology for proving the clinical efficacy, safety and
quality of medical and pharmaceutical interven-
tions. However, the limitations of RCTs are increas-
ingly receiving attention in the literature. Because
RCTs have specific and detailed inclusion criteria
and low external validity,! it has been recommend-
ed that observational studies should routinely be
conducted post-RCT as a necessary complement to
the experimental data.[>3! More specifically, health
technology assessment (HTA) bodies and healthcare
decision makers across the globe, including the
UK’s National Institute of Clinical Excellence
(NICE), the Australian Pharmaceutical Benefits Ad-
visory Committee (PBAC) and the French Trans-
parency Committee, increasingly require or mandate
‘real-life’ data generated via observational studies.

A major strength of observational research is that
it provides a means to rigorously address issues of
real-life effectiveness within the context of a natu-
ralistic setting outside the restrictive experimental
environment necessarily generated by clinical trial
protocols. In addition, observational studies enable
healthcare decision makers to answer a variety of
questions on broader treatment effects and humanis-
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tic outcomes, disease aetiology and epidemiological
issues, thereby giving a depth and breadth of data
over and above that provided by the primary
endpoints.

However, the strengths of observational research
methodology are accompanied by a number of po-
tential methodological weaknesses or biases. In an
environment where decision makers will become
increasingly reliant on data generated by observa-
tional research, it is essential to develop new tech-
niques, and refine existing ones, to assess the validi-
ty of the data derived from observational studies.
While there is currently much debate in the literature
on the relative methodological strengths and weak-
nesses of RCTs and observational studies,*23] the
objective of this paper is not to review this debate.
Rather, we aim to review and apply some of the
commonly used methods for quantifying treatment
effects and dealing with issues of selection and
observer bias within the context of observational
research. We also propose new ways to measure
observer bias in observational studies. We believe
these methods are essential tools for researchers
working with observational data and will contribute
toward the scientific robustness of measuring treat-
ment effects from observational studies. Specifical-
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ly, we describe and compare the use of regression
methods, propensity score matching, fixed-effects
models incorporating investigator characteristics,
and a multilevel, hierarchical model using Bayesian
estimation techniques. While the first three methods
are frequently used statistical techniques for adjust-
ing differences between treatment groups, which
would lead to selection bias if not taken into ac-
count, the use of Bayesian statistics is relatively new
in the area. We also propose new methods of analy-
sis of observer bias, based on the comparison be-
tween patient- and investigator-reported outcomes
using several statistical techniques. To illustrate the
methods presented, we have used data from a large,
prospective, naturalistic pan-European observation-
al study of health outcomes associated with the
treatment of schizophrenia, the SOHO (Schizophre-
nia Outpatient Health Outcomes) study.?®!

1. The SOHO (Schizophrenia Outpatient
Health Outcomes) Study

Since the SOHO study is used to illustrate the
methods presented in this paper, we will briefly
discuss its design. The SOHO study is a 3-year
longitudinal, observational study of health outcomes
in the outpatient treatment of schizophrenia with
antipsychotics, in which 1096 psychiatrists from ten
European countries have enrolled 10972 pa-
tients.?6->1 Qutpatients with schizophrenia, aged at
least 18 years who were initiating or changing antip-
sychotic medication within the normal course of
care could be enrolled. Stratified sampling with
oversampling was used to provide two patient co-
horts of approximately equal size: patients who initi-
ated therapy with or changed to olanzapine; and
patients who initiated therapy with or changed to a
non-olanzapine antipsychotic. Patients were evalu-
ated at baseline, 3 months, 6 months and then every
6 months up to 36 months post-baseline. The main
outcomes assessed in SOHO were clinical severity
and health-related quality of life. Clinical severity
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was assessed by the investigator using the Clinical
Global Impression (CGI) overall severity scale,?" a
single-item physician-rated scale with values rang-
ing from 1 (not ill) to 7 (among the most severely ill
patients). Quality of life was assessed by the patient
using the EuroQol-5 Dimensions (EQ-5D).3! The
EQ-5D results allow the calculation of utility scores,
which in our case have been calculated using the UK
tariffs.[3?!

The results from the baseline and 3- and 6-month
visits of SOHO have been published elsewhere.[?%33]
Clinical outcomes were reported according to the
antipsychotic medication the patient started at the
baseline visit. These data are used to illustrate the
methods with which we propose to analyse the pres-
ence of bias. Here we present the 3-month results
comparing olanzapine with other antipsychotics us-
ing the outcome measure CGI overall severity scale,
using different statistical techniques.

A notable feature of SOHO is that patients can
change medication at any point and still remain in
the study and be evaluated. Therefore, some of the
patients who started a particular antipsychotic at
baseline may have changed to another one at the 3-
month visit. We have considered that patients who
changed treatment at the 3-month visit subsequently
provide a new 3-month observation. That is, such
patients provide a first 3-month outcome observa-
tion by comparison of the baseline and 3-month data
and relating this to the medication started at base-
line, and also provide a second 3-month observation
outcome by comparing the clinical status at the 3-
and 6-month visits and relating it to the medication
started at the 3-month visit. The analysis takes into
account the correlation between the visits by using
different statistical techniques as discussed in the
following sections.

The analyses presented here include the 6412
patients who started treatment with only one antip-
sychotic agent at the baseline visit and were evalu-
ated after 6 months follow-up. Those patients pro-
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vided 6791 observations. Of them, 3419 were with
olanzapine and 3372 with another antipsychotic.
The original cohort included 10 205 patients eligible
for analysis and the retention rate at 6 months was
88.5%.

2. Methods to Adjust for Selection Bias

In a typical prospective study, outcomes associat-
ed with exposure to a certain medication are anal-
ysed and compared with those in patients not treated
with that medication. Treatment group comparisons
within observational studies may be influenced by
two types of systematic error or bias: selection bias
and observer bias. Selection bias occurs when the
groups to be compared are not equal in aspects that
affect the outcome that is being studied. Since physi-
cians choose treatments on the basis of patient and
disease characteristics, such differences between
treatment groups occur frequently in observational
studies. Selection bias can be overt or hidden. Overt
bias occurs when information about the factors that
cause or are associated with the bias have been
collected. Hidden bias takes place when the required
information was not observed or recorded. In RCTs,
selection bias is avoided by randomising patients to
treatment groups. In observational studies, several
methods have been used to control for selection bias,
including multivariate regression analysis, propensi-
ty score matching and the use of instrumental vari-
ables.

2.1 Multivariate Regression Analysis

Regression models are the most frequently used
method for adjusting for overt bias. They not only
adjust for the influence of confounders but also
provide direct estimates of the impact of explanatory
variables on the outcome of interest. Regression
methods usually require some model assumptions
and a relatively large sample size when there are a
large number of covariates. During the design of
observational studies, selection bias (overt and hid-
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den) should be controlled for by including all
covariates that may be associated with the treat-
ments and/or outcomes. Since there is no way to
completely address hidden bias, a small change in
the list of covariates may determine whether the
study results are reliable.[3*!

The first issue when creating a multivariate
model is to decide which variables to include in the
model. Starr and colleagues'®! note that “the com-
plementary nature of the relationship between some
explanatory variables can lead to compromised in-
ferences if one or the other is innocently omitted
from consideration ... [but] the indiscriminate inclu-
sion of any and all variables that might just possibly
be important ... [may also compromise inferences].”
The variables to be included in the model depend on
whether we are trying to adjust for group differences
in the comparison of two treatments or we want to
know which are the factors associated with an out-
come. Since in this paper we are interested in the
first case, there is no reason to avoid adjustment for
a true covariate and there is little harm in adjusting
for factors that were comparable before treatment in
ways that are not relevant for the outcomes of inter-
est. This should be limited when the sample size of
the study and the categories of the covariate are
large enough. However, if there are many covari-
ates, each with some missing data, there may be few
subjects with complete data and this may make the
analysis more difficult than it would otherwise be.
Although sometimes the covariates included are
limited to those variables that are statistically signif-
icant, there is no reason to believe that the absence
of statistical significance implies that the imbalance
in the covariate is small enough to be ignored.! It
is advisable to
covariates considered to be the consolidated prog-
nostic factors, even if they do not reach statistical

‘force’ into the model those

significance in the sample.

As an illustration, we present in section 4 the
results of a model where the outcome variable is the
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change in reported clinical severity as measured
with the CGI overall severity score over a 3-month
period using data from the SOHO study (ordinary
least squares [OLS] model). In this case, the linear
model is specified as (equation 1):

ACGI, = x{,_, B +YD,+ 8S,+ u,

(Eq. 1)
where ACGIj; is the change of CGI from baseline
and Dj; is the treatment indicator, which is given a
value of 1 when a patient is prescribed olanzapine
and a value of 0 otherwise. The indicator variable S;;
has a value of 1 after a patient has switched medica-
tion at 3 months, and for these patients we include
two observations. The vector of confounders x con-
tains information on a number of variables, includ-
ing age, sex and country of residence of the patients
and various co-morbidity measures (table I). For
patients who do not switch medication, and for
whom there is one observation in the sample, x; -7
are the confounders measured at baseline, i.e. the
first visit. For those who switch medication, x; 7
measures the confounders at baseline for the first
observation period. However, it also measures the
confounders observed at the second visit for the
second observation for this group of patients.

A limitation of this method is that if the treatment
groups have different patient characteristics and are
not comparable (i.e. lack overlap in covariate val-
ues), it will often go unnoticed. In a multiple regres-
sion model, it is relatively straightforward to ex-
amine whether individual covariate distributions
differ among the treatment groups, but difficult to
identify overall covariate imbalances. A second lim-
itation is that the results from these analyses rely on
the pre-specified functional form of the model (e.g.
linearity). For example, when the covariates lack
overlap in values, linear models rely on linear extra-
polation to obtain treatment estimates, which may
not be reliable.

Finally, while the regression method is useful to
control for observed covariates, it is not helpful for
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attempting to control for unobserved covariates (rel-
evant covariates that have not been measured in the
study), except to the extent that they are correlated
with the observed covariates. For the model to be
valid, we need to control for the relevant observed
characteristics and assume that there are no other
relevant characteristics which may influence the
outcome and are related to the factor we want to
analyse (in this case medication).

Table I. List of covariates used for adjustment in the models

Covariate

Age on presentation

Age squared

Age at first service contact for schizophrenia

Number of suicide attempts 6 months prior to enrolment
Body mass index at previous visit/baseline

Weight (kg) at baseline

Variable indicating whether the patient is using antipsychotics for
the first time

Treatment received 6 months prior to baseline
Receiving an antipsychotic upon presentation to the baseline visit
Receiving mood stabilisers upon presentation
Positive symptoms at baseline (CGl)

Negative symptoms at baseline (CGl)

Cognitive symptoms at baseline (CGl)

Depressive symptoms at baseline (CGl)

Overall symptom severity at baseline (CGI)
Presence of extrapyramidal symptoms at baseline
Tardive dyskinesia at baseline

Loss of libido at baseline

Presence of amenorrhoea or other menstrual disturbance at
baseline

Presence of impotence or sexual dysfunction at baseline

Patient’s compliance/adherence to prescribed antipsychotic
therapy during the 4 weeks prior to baseline

Substance dependency and/or abuse 4 weeks prior to baseline
Alcohol abuse or dependency 4 weeks prior to baseline
Receiving monotherapy or combination treatment at baseline
Psychiatrist indicators

Employment status in the 4 weeks prior to recruitment

Sex

Housing status in the 4 weeks prior to recruitment

Resource use 6 months prior to enrolment

Score of dependent variable at baseline

CGl = Clinical Global Impression.
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2.2 Propensity Score Matching

The propensity score matching approach is a
two-stage approach. First, the method summarises
the observed covariate information for each subject
as a single score, the propensity score, which is the
probability of being assigned to a particular treat-
ment conditional on a set of observed covariates.?”)
Once the propensity score is calculated, subjects are
then matched or grouped into sub-classifications
based on their score, and comparisons among sub-
jects with a similar propensity score are then gener-
ated. The effects of the observed covariates on the
outcome are then controlled for using the propensity
score stratification. For this to be true, all covariates
that affect both the treatment assignment and out-
comes must be included in the propensity score
model, and all subjects must have some non-zero
probability of receiving each treatment. This is re-
ferred to as the ‘strong ignorability assumption’ and
it ensures the independence of the treatment assign-
ment and response variable within propensity score
subclasses. A second assumption is that treatment
assignment depends only on observed covariates. If
these assumptions are met, conditional on the true
value of the propensity score, the estimate of the
treatment effect will be unbiased. In practice, if
there is sufficient overlap between the characteris-
tics of the treatment groups, up to 90% of the bias
can be removed.[37-3]

Propensity score analysis is conceptually similar
to multiple regression analysis, although if the two
treatment groups are not comparable because there
is no overlap in covariate values, the propensity
score analysis will detect this at the first stage. Since
calculation of the propensity score can use as many
covariates as needed, the propensity score method-
ology may be less sensitive to model misspecifica-
tion than multiple regression analysis, particularly
when quadratic terms are omitted from the model.*!
In addition, propensity score matching methods as-
sume no functional form specification for the rela-
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tionship between the outcome variable and the ob-
served covariates. The propensity score matching
method is completely flexible; however, as with
regression methods, a limitation of propensity score
matching is that it controls for unobserved
covariates, or hidden bias, only to the extent that
they are correlated with the observed covariates.

In section 4 we present the results for a propensi-
ty score matching analysis to estimate the effect of
olanzapine on the change in CGI.

2.3 Instrumental Variables

Instrumental variables (IV) estimation uses one
or more instruments to mimic a randomisation of
patients to different likelihoods of receiving alterna-
tive treatments. IV are observable factors that influ-
ence the choice of treatment but, in contrast to the
variables used in the propensity score or mul-
tivariate regression, do not directly affect patient
outcomes. When valid, the method is analogous to
randomisation methods in identifying ‘balanced’
sources of variation in treatment, so that estimates of
treatment effects are not contaminated by selection
bias. The IV estimation is well known in economet-
rics but has been applied infrequently to estimate
relationships between medical treatments and health
outcomes.[40-42]

The IV method assumes that the proposed instru-
ments are not correlated with unobserved differ-
ences in characteristics that directly affect out-
comes; this absence of correlation is an assumption
and its validity can be tested but cannot be proven.
Additionally, because the groups being compared
differ only in their likelihood of treatment, as op-
posed to a division into pure treatment and control
groups, the method estimates an incremental or
‘marginal’ effect of treatment only over the range of
variation in treatment across the IV groups. Hadley
et al.,®3] motivated by the potential need to use
observational data when making inferences about
treatment outcomes when experimental data are not
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available, compared two statistical approaches, OLS
and IV regression analysis, to estimate the outcomes
of three treatments (mastectomy, breast-conserving
surgery with radiation therapy, and breast-conserv-
ing surgery only) for early stage breast cancer in
elderly women. They concluded that no one type of
treatment was superior because the OLS and IV
point estimates of the differences in survival rates
were of similar magnitude, as well as being similar
to the estimates of survival difference in RCTs.
Moreover, the IV method was challenged in techni-
cal terms because of its lack of statistical signifi-
cance due primarily to the substantial inflation in the
values of the standard errors, which is a result typi-
cally associated with the use of instrumental vari-
ables. These results were possibly due to the fact
that the instruments were weak in the sense that they
did not explain the endogenous treatment choices
well (see, for example, Bound et al.[*4).

A potential and major limitation of the IV ap-
proach is that it may be difficult to identify an IV
among the covariates collected. This is particularly
relevant in health services research where the focus
is on collecting information relative to potential
confounders and not variables related solely to the
treatment assignment. For example, Salkever et
al.™? applied an IV approach to the analysis of the
effects of antipsychotic medication on hospitalisa-
tion. They concluded that the IV approach can yield
different results from other methods, although it
may be difficult to find appropriate instruments in
many cases. We explored the existence of instru-
mental variables in the SOHO study, including vari-
ables related to both psychiatrists and patients. None
of the psychiatrist variables were related to the med-
ication choice, probably because of the stratified
sampling used. On the other hand, patient variables
were related to both medication choice and outcome
and, thus, are not appropriate instruments.

Related to the IV approach is the sample selec-
tion approach of Heckman.*3 Instead of specifying
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instruments for the endogenous treatment choice
and estimating the parameters by two-stage least
squares or generalised method of moments, the se-
lection approach makes a parametric assumption
about the joint distribution of the unobservables in
the model for outcomes and the unobservables in the
model for treatment choice. This joint distribution is
assumed to be the normal distribution and a so-
called ‘control function’ is added to the model for
the outcomes that controls for the conditional expec-
tation of the unobservables given treatment status.
Although this model could in principle be estimated
without any additional instrumental variables for the
treatment choice due to the non-linearity of the
control function, identification in that case is
achieved purely by the distributional assumption.
This means that the parameters are then not non-
parametrically identified, and the performance of
this estimator can be weak in that case (see, for
example, Wooldridge!0!). The same issues as dis-
cussed in this section for IV also apply when it is
difficult to find suitable instruments.

3. Repeated Measurements of Outcome

In this section, we discuss the implications for
estimation and inference when there is more than
one outcome observation for some patients included
in SOHO (e.g. for those who change treatment at the
3-month visit). This situation is similar to prospec-
tive studies that assess treatment outcomes at vari-
ous points in time after the baseline assessment.
Since outcomes may vary at the different assessment
points, the statistical model should include different
outcome observations for each patient.

3.1 Inference and Estimation in the
Standard Models

Standard statistical methods are not appropriate
for the analysis when more than one observation per
patient is included. Even though OLS will result in a
consistent estimate of the treatment effect under the
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assumptions stated in section 2.1, inference based on
standard OLS output will be misleading. This is
because the estimated standard error will be a biased
estimate of the true standard deviation of the treat-
ment effect estimator, as it does not take account of
the correlation in unobservables for patients with
multiple observations. However, this can easily be
remedied by calculating a standard error that is
robust for general heteroskedasticity and correlation
between repeated observations (see, for example,
Leel*").

For propensity score matching, similar issues
arise. The treatment effect will be estimated consist-
ently, but inference has to take account of the corre-
lation structure of the observations. A preferred
method to obtain a standard error for the propensity
score matching treatment effect estimator is boot-
strap resampling. By resampling per patient, the
correlation structure is left intact and standard errors
thus obtained will be reliable.

For the multivariate regression model, efficiency
of an estimator could be improved by taking account
of the correlation structure explicitly. In the linear
model, for example, efficiency could be improved
by estimating random effects models using general-
ised least squares (GLS) type estimators. An alterna-
tive to random effects is a fixed effects procedure
that estimates the unobserved patient heterogeneity
for repeated observations explicitly by including
patient-level dummy indicators. This would be im-
portant if unobserved heterogeneity is correlated
with, for example, drug prescription, as this may
bias the results.

In SOHO, there was an additional level, since
besides several observations per patient, a psychia-
trist includes several patients. There could possibly
be correlation in the unobservables of the patients by
psychiatrist. Correcting the simple OLS estimator
by using robust measures, as described above, is
now not as simple as before. In section 4 we present
OLS estimation results for a model where we treat
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the psychiatrist effects as fixed effects. This, there-
fore, allows for possible correlation between the
unobserved characteristics of the psychiatrist and
the treatment choice.

If there is no correlation between the psychiatrist
effects and the other variables in the model, a more
efficient way of estimating the parameters is to use
the estimation techniques developed for hierarchi-
cal, multilevel models. This Bayesian hierarchical
model is described and analysed in section 3.2.

3.2 Bayesian Hierarchical Model

Spiegelhalter et al.8! and Jones™! were the first
to discuss the Bayesian approach in the comparison
of health technologies. The most well known advan-
tage of this approach is its dynamic nature, where
previously available information is combined with
the data to obtain a posterior distribution. This meth-
odology is also promoted as a natural way to manage
uncertainty about the parameters of interest, as they
are considered as random variables.

Bayesian hierarchical models can be employed
for adjusting for covariates when the data are hierar-
chical. This is frequently the case in economic eval-
uations, which are often conducted alongside multi-
centre and multinational clinical trials, with patients
grouped into centres and countries. It is widely
recognised that there may be important differences
between countries or centres in a range of clinical
and economically relevant parameters, such as re-
source uses or unit costs.’% The effects of centre or
country should therefore be incorporated using ap-
propriate analytical methods.

OLS models are the most widely used models in
the literature to analyse the centre effects. These
models include binary variables referring to hierar-
chies, such as the psychiatrist or the country, to
measure the level effect, and we include these vari-
ables in our analysis. However, these models do not
properly take into account the hierarchical structure
of the data. Furthermore, centre-level or country-
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level variables included in an OLS model are con-
sidered as if they were measured at a patient level,
thus spuriously inflating the amount of information
they supply. By contrast, hierarchical or multilevel
models (MLMs) can incorporate the hierarchical
structure of the data and provide more accurate
estimates of patient- and centre-level effects. Sever-
al authors have recommended the use of MLMs in
health economics to analyse the centre and country
effect.[31-53

Bayesian methods can implement MLMs with
fewer statistical limitations and with a more natural
interpretation than frequentist statistical methods.
Bayesian Markov Chain Monte Carlo (MCMC)
methods directly estimate the error terms of the
hierarchical structure and are easily implemented
with the software package WinBUGS.

We have used a Bayesian approach to estimate an
MLM that evaluates differences between cohorts in
CGI change (equation 2):

ACGI,,,=x;,., ,B+YD,,,+8S,

Lz ipct

+A+ €t Mipet Viper

ipc
(Eq. 2)
where we assume that:

VN (0,6‘,2), Ny~ N (O,an), £~
and the covariances between the various error com-
ponents are zero. Four levels are considered in this
case: visit (), patient (i), psychiatrist (p) and country
(c). We include a tendency variable for the second
visit assuming a linear growth (Sipcr). For simplicity,
we have assumed a hierarchical structure only in the
intercept, which means that the values of y and o do
not vary among levels.

N(0.6),2-N(0.)

In a Bayesian approach we have to define a prior
distribution for the parameters of the model. In the
estimation results as presented in section 4 we use a
multivariate normal prior distribution for the vector
of coefficients, B, y and §, and an inverse vy distribu-
tion for the variance of the error terms (Gv2, o2,
0¢2, 6)2). To facilitate the comparison with classical
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models, we assume non-informative prior distribu-
tions.

4. Estimation Results

Comparisons between olanzapine and other an-
tipsychotic clinical outcomes as measured with the
CGI overall severity score are presented using the
statistical techniques described in sections 2.1 and
2.2, which should control for the effects of group
differences. If the results are similar using the differ-
ent methods, this reinforces the robustness of the
findings.

To illustrate and compare results from mul-
tivariate  OLS regression and propensity score
matching, we present estimation results for the
model of change in CGI as presented in section 2.1.
This is for the first 3-month medication period,
where two observations are included for patients
who switch medication at the 3-month visit.

Table II shows the results of simply taking the
differences in effectiveness between olanzapine
users and non-olanzapine users. This effect is
—0.264, which would be the estimate of the treat-
ment effect in a RCT setting. In adjusting for con-
founders, table II next presents estimation results for
the olanzapine treatment effect for the linear model
estimated by OLS and the matching estimator. For
the propensity score matching estimator we speci-
fied an Epanechnikov kernel with bandwidth 0.06.
The estimated olanzapine treatment effect is similar
using these two estimation procedures (—0.203 in the
OLS model and —0.197 for the propensity score
matching procedure) but is substantially smaller
than the simple unadjusted average difference.
Analysis of the estimated probabilities shows that
there is a large common support, which means that
we can readily find controls with a similar estimated
probability to be prescribed olanzapine to that of
olanzapine users themselves.

Table II also presents the estimation results of the
linear model estimated by OLS that incorporates

Appl Health Econ Health Policy 2006; 5 (1)
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Table Il. Comparison of the results of the ordinary least square
(OLS) regression model with the propensity score matching and the
Bayesian multilevel models (MLMs) model when comparing clinical
global impression (CGl) changes for each treatment group during
the first 3 months of treatment. (Number of observations = 6791,
number of patients = 6412, number of psychiatrists = 952.) Results
from the SOHO (Schizophrenia Outpatient Health Outcomes)
study!27:28]

Method Difference Standard 95% ClI
error
Simple differences (no controls)
Olanzapine —0.264 0.0242 —0.331, -0.216
Other antipsychotics 0
oLs
Olanzapine -0.203 0.0222 —0.246, —0.161
Other antipsychotics 0
Propensity score matching
Olanzapine -0.197 0.025° —0.250, —0.124
Other antipsychotics 0
OLS with fixed psychiatrist effects
Olanzapine —0.200 0.0212 —0.240, —0.159
Other antipsychotics 0
Bayesian MLMs
Olanzapine -0.187 0.021 -0.227, -0.145

Other antipsychotics 0

a Robust to general heteroskedasticity and within patient
correlation.

b Obtained using bootstrap resampling at the patient level.

psychiatrist indicator variables, thus estimating a
fixed effects model as described in section 3.1. The
estimated treatment effect (—0.200) is almost identi-
cal to the OLS estimate that does not take account of
psychiatrist effects, indicating that there is no corre-
lation between psychiatrists’ unobservables and the
treatment choice. Therefore, we proceeded to esti-
mate the MLM by Bayesian MCMC. The estimated
treatment effect (-0.187) was somewhat smaller
than that estimated using the other methods (table
10D).

It is clear from this analysis that it is important to
control for confounders in this observational setting;
this reduces the estimated treatment effect. The up-
ward bias (in absolute value) of the unadjusted aver-
age differences as an estimate of the treatment effect
indicates that there is a correlation between treat-
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ment choice and patient characteristics. Not taking
account of this would spuriously inflate the effec-
tiveness of the treatment.

5. Methods to Assess Observer Bias

Observer bias occurs when the assessment of the
outcome of interest is not the same for the treatment
groups that are being compared. In psychiatry this is
a common concern in most studies, as outcome
measures are often subjectively assessed by evalu-
ators. Observer bias can be especially problematic
when the investigators may have an interest in
showing the advantage of one treatment over the
other, or when the research is funded by a sponsor
with a vested interest in a particular outcome. In
RCTs, observer bias is minimised by blinding the
observer or investigator to the treatment the patient
is receiving. However, blinding in observational
studies is usually not feasible for logistic and cost
reasons. When blinding is not a possibility, a way of
avoiding observer bias is to focus on objective out-
come measures, such as death or a biological mark-
er. In psychiatry, the most commonly used objective
measure of outcome is hospitalisation.[>¢ Howev-
er, hospitalisation may be an applicable outcome
only in studies of patients with severe disease, who
are often readmitted. The SOHO study is a study of
outpatients, with a low number of patients admitted
to hospital. More importantly, the use of hospitalisa-
tion as an outcome measure may be influenced by
many factors that vary enormously between country
and region, such as the availability and organisation
of services.’’! Therefore, outcome measures used
are often subjective and it is important to address the
issue of observer bias.

One way of assessing the extent to which observ-
er bias may be present is to compare the effects of
treatment as assessed by the clinicians with another
measure that is not assessed by them. In SOHO, we
can measure the presence and extent of assessment
bias for each of the treatment groups by comparing
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the clinical evaluation by the psychiatrists based on
the total CGI score with the assessment made by the
patients on their perceived quality of life, as mea-
sured by EQ-5D. Since patients are unaware of the
hypothesis of the study and have no overt or hidden
interest in any differential benefit between the treat-
ments, we can assume that any reporting bias, if
existent, would not differ among the treatment alter-
natives. If observer bias is present, we should find a
discrepancy between the difference in EQ-5D and
CGI scores by treatment. If there is a bias towards
one of the treatments, we would expect that a report-
ed improved CGI score will be accompanied by a
smaller change in EQ-5D than for the other treat-
ments. A worsening of the CGI score may then be
accompanied by a larger decrease in the utility
score. In SOHO, one would expect that observer
bias, if present, would benefit the drug olanzapine,
as it is manufactured by the study’s sponsor. The
graph of the average change in EQ-5D in utility
score per treatment group per change in total CGI
(figure 1) shows that there is no evidence of this
bias. For example, when the change in CGI is —2 (an
improvement), the average change in the utility
score is larger for olanzapine than for the other
drugs. Also, when the change in CGI is +1 (a deteri-
oration), the change in utility score is less negative
than for the other treatments. This means that a
® Olanzapine

032 B Not olanzapine
0.24
0.16
0.08
0.00
-0.08 -
L

-0.16

5D score change

1 0 -1 -2
CGil score change
Fig. 1. Comparison of the change in Clinical Global Impression
(CGl) score, as assessed by the psychiatrist, with the EuroQol-5
Dimensions (EQ-5D) utility score, as assessed by the patient, for
the two treatment cohorts. Results from the SOHO (Schizophrenia
Outpatient Health Outcomes) study.[?7:28]
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Fig. 2. Distribution of mean differences in Clinical Global Impres-
sion between treatment groups, by psychiatrist. Results from the
SOHO (Schizophrenia Outpatient Health Outcomes) study.?”!

positive change in CGI score as assessed by the
clinician is accompanied by a smaller self-reported
decline in EQ-5D for olanzapine patients than for
non-olanzapine patients, whereas a better, negative
change in CGI score is accompanied by a larger self-
reported increase in EQ-5D for olanzapine patients.
These descriptive results were confirmed with a
multiple regression analysis that looked at the rela-
tionship of changes in reported EQ-5D with changes
in reported CGI scores and showed that the compari-
son group (no olanzapine) had smaller mean
changes in utility score at similar CGI changes than
the olanzapine group (estimate —0.034, 95% CI
—0.05,—0.02), an indication that there seems to be no
evidence of observer bias in favour of olanzapine.
For differences in outcomes between treatment
groups, we can also examine whether these are
distributed homogeneously between investigators or
whether they are accounted for by a limited number
of investigators, who would be driving an observer
bias. Using data from the SOHO study, we have
plotted the distribution of the mean difference in
outcomes between the treatment groups, measured
as the change in CGI ratings from baseline to 3
months, for each investigator (figure 2). This de-
scriptive analysis shows that the differences be-
tween treatment cohorts are approximately normally
distributed among investigators, which reinforces
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Fig. 3. Error component for each investigator. The error components are the discrepancies between the mean incremental effectiveness
and the incremental effectiveness for each investigator. Investigators are ordered by the size or error component. Mean and 95% credibility
interval (Cl; confidence interval) are shown. Results from the SOHO (Schizophrenia Outpatient Health Outcomes) study.?7]

the hypothesis that there are no investigator-related
systematic group differences. If the assessments of
some investigators were dominating the resulting
difference between the two treatment groups, we
would expect to find a bimodal or skewed distribu-
tion.

Finally, Bayesian hierarchical methods can also
be used to create a model to estimate the effect of the
investigator on the results of the evaluation. The
Bayesian method discussed in section 3.2 included a
random term for the psychiatrist in the intercept.
That term reflects the fact that patients with the same
characteristics, and receiving the same treatment,
can achieve different levels of effectiveness depend-
ing on the psychiatrist who evaluates them. In this
previous model, the coefficient y reflected the incre-
mental effectiveness of the treatment versus the
control and was considered fixed for all the psychia-
trists. We can study the existence of observer bias by
including a random term (€2,p¢) at investigator level
in this treatment effect (equation 3):

Yp = Y + 82.pc

(Eq. 3)

where

© 2006 Adis Data Information BV. All rights reserved.

2
Oe Oege,
(ap(. , 827,,5.) ~N|0,Z, = 2

2
Gee, O,

We can estimate the discrepancy between the
mean incremental effectiveness y and the incremen-
tal effectiveness for each investigator, after adjust-
ing for covariates, through the term €2 pc. Observer
bias occurs when the assessment of the effectiveness
for the psychiatrist is not the same for the treatment
groups that are being compared. In the presence of
observer bias, it is unlikely that the bias will be the
same for all the psychiatrists. The absence of signifi-
cant discrepancies between investigators would sup-
port the idea that there is no observer bias. It is
important to note that differences in the assessment
of the outcome between investigators would not
confirm the existence of observer bias because they
can be due to some characteristics of the investigator
that are not considered in the model. Figure 3 shows
the mean and 95% credibility interval (confidence
interval) of the estimated discrepancy from the mean

effect for each investigator &pop=1.....935) The
random terms for each psychiatrist are ordered from
the lowest score to the highest score. The overlap of
the lowest and the highest credibility interval sup-
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ports the hypothesis of no differences between in-
vestigators, confirming the absence of observer bias.

6. Conclusions

The richness and diversity of observational data
for the analysis of treatment effects pose a number
of design and analytical challenges. First, those who
appear in a treatment group in an observational
study are likely to be systematically different from
those who are in the other, comparison group. We
have discussed a number of methods to estimate
treatment effects in the presence of selection bias.
Our study, using data from SOHO, demonstrates
that not controlling for selection bias might spuri-
ously inflate estimated treatment effects. We recom-
mend that extra care is taken at the design phase of
an observational study to ensure that the most rele-
vant information is collected during the study in
order to be able to control for selection bias. The
absence of evaluation of relevant predictors may
lead to the impossibility to control for important
selection biases.

Secondly, the clustering of multiple observations
within subjects over time must be taken into account
when each patient has multiple observations. Stan-
dard statistical techniques in this case will lead to
wrong inferences and perhaps even inconsistent es-
timates. We have discussed a number of techniques
that will allow a researcher to take into account
multiple observations of patients over time as well
as multiple observations per psychiatrist. In the
event that there is no correlation between psychia-
trist/patient effects and the other variables in the
model, in particular the treatment choice, we present
a way of estimating treatment effect using tech-
niques developed for hierarchical, multilevel mod-
els.

Assessment of outcomes may be subject to ob-
server bias. We propose descriptive as well as ana-
lytical techniques that can be used to assess the
presence of observer bias. Use of some of the tech-

© 2006 Adis Data Information BV. All rights reserved.

niques proposed in this paper, such as the incorpora-
tion of an additional measure of outcome completed
by the patients, will help assess the presence of
observer bias.

This paper has presented a number of techniques
to strengthen the armament of the researcher-scien-
tist to be able to perform high quality and scientifi-
cally robust analyses using observational data,
which will complement the information generated
from randomised experiments. Using some of these
strategies will allow the production of valid results
from observational studies.
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