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EVIDENCE-BASED MEDICINE

BACKGROUND

Linear regression is one of  the most widely-used
statistical techniques in biomedical research. It is
concerned with the study of  the dependence of  an
outcome on one or more covariates (also known as
explanatory variables or predictors). To study the
pattern of  dependence, one estimates the coefficients
(b) which indicate the variation in the outcome with
changes in the covariates. Data for regression analysis
may be obtained from observational (retrospective,
cross-sectional or prospective) or experimental studies.

The most distinguishing feature of  conventional
statistics is that researchers attempt to estimate the
unknown b, considered to be non-random (constant
over all observations), with no prior knowledge. The
argument is that if  the coefficients were known, there
would be no need to make inferences about them.
While it adheres to the objective principle of  scientific
investigation, such a framework might fail to provide
a realistic and adequate approach in research. In certain
applications, b is not totally unknown. For example, a
large number of  clinical trials, case-control analyses
or cohort studies might have been conducted on a topic
of  similar nature. With such a large volume and
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ABSTRACT

Background. Primarily aimed at researchers with limited exposure to advanced statistics, this paper advocates the
use of  Bayesian linear regression analysis in biomedical research. Unlike the conventional approach, the Bayesian
model allows analysis be conducted with prior information (i.e. expert opinion or published results) combined with
sample information.

Methods. The regression coefficients (b) are treated as random and all statistical inferences are based on the posterior
distribution. The posterior mean b* is a vector-weighted average of  the prior estimates b0 and the conventional
estimates   (based on maximum likelihood or ordinary least squares), with weights proportional to the precision and
data matrices. In the case where there is no prior notion about b, a non-informative prior is fixed and it is not
surprising that b*=   .

Results. Based on the simulated and selected real-life data sets, the properties of  the Bayesian regression were illustrated.
If  the data shows a consistent pattern, the posterior will be dominated by the likelihood. The posterior, however, is
strongly influenced by the prior if  the likelihood is weak.

Discussion. Bayesian regression offers an alternative perspective to statistical modelling. When the prior information
is a direct result of  previous studies, or when it reflects no knowledge about the problem, Bayesian analysis becomes
objective.

Conclusion. In evidenced-based biomedical research, expert opinion and published results form a rich source of
information. By allowing such information be incorporated into analysis, the Bayesian model is found to be more
versatile than the conventional model.
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researcher may not necessary carry out a specific
investigation with a blank mind. Through literature
reviews, the researcher might have acquired some
useful knowledge about the topic before launching the
study. Another major source of  prior information
comes in the form of  expert opinion. Through years
of  professional practice, many researchers might have
accumulated a large amount of  knowledge useful for
making intelligent guesses and providing solutions for
problems that are not completely understood. Though
subjective in nature, such expert opinion is helpful in
planning for research studies. Statistically speaking, it
is costly to ignore prior information, if  available, as it
may serve as a useful guide for conducting studies.

Motivated by the current need for evidence-based
medicine, this paper aims to provide an introduction
to Bayesian l inear regression � an alternative
modelling strategy � for biomedical researchers who
have limited exposure to advanced statistical theories
but are comfortable with running data analysis on
commercial  stat ist ical  software. As such,  the
mathematical properties of  Bayesian regression are
discussed with the aid of  simulated data and 2 real-
life examples drawn from published works.

Loosely speaking, the proposed Bayesian framework
provides a mechanism for analysts to combine prior
information with sample observations. Statistical
analyses are based on the combined information
embodied in a posterior distribution. An immediate
implication of  the Bayesian philosophy is that b
becomes random. This idea is new to many biomedical
researchers and is very much at odds with the
conventional framework that b is a fixed quantity that
can be accurately estimated with replicable procedures.
Though widespread,  this  notion about b  i s
contradictory to the way biomedical research is
conducted. It is simply not possible to repeat
experiments under identical conditions or re-expose
clinical subjects to the same stimuli. This paper also
addresses several issues related to the foundation of
Bayesian analysis, including the perception that it is
solely a subjective theory. Most controversies
sur rounding Bayesian analysis  are caused by
misunderstandings of  the role of  priors in data analysis.

METHODS

Linear Regression Model

A linear regression model with k covariates based on a
sample of  n observations is usually written as:
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u the error term and b=[b0, b1, b2, � , bk]� the set of
unknown coefficients to be estimated. The subscript i
refers to the i-th observation (i=1,2,..,n). There are
altogether k+1 coefficients (b0: intercept; b1, b2, �,
b
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: slopes) in the model. A slope coefficient, say b
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measures the effect of  a 1 unit change of  X
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 on Y,

while holding other covariates constant. This is possible
because the model takes the movements of  X

2
,�,X

k

into account when it estimates b
1
. Note that the

coefficients do not change from observation to
observation, but the values of  Y, X and u do.

While Y is a continuous outcome, X may be categorical,
ordinal or continuous. The error term u, usually
assumed to be normally distributed with constant
variance s2, specifies that the relationship between Y
and X is not exact. The normality assumption is
justified in many situations because the er rors
frequently represent the effects of  the less important
covariates omitted from the model. As such, u may
also be thought of  as a surrogate for all these covariates
that collectively affect Y non-significantly. The term
s2 is an important quantity in determining the precision
of  the estimated coefficients.

Combining all n observations, it is more illuminating
to express the model in matrix form: Y = Xb + u.1 A
great advantage of  such presentation is that it provides
a compact and convenient way for handling regression
models involving any number of  covariates. In fact,
all commercial statistical software read the entered data
in this format.

There are 2 popular conventional methods for
estimating b. To facilitate discussion, let the estimator
of  b be   . In ordinary least squares (OLS), the default
method employed in all commercial statistical sofware,
  is  obtained with the sum of  squared er rors
minimised.2 On the other hand, the maximum
likelihood method (ML) generates estimates that are
most likely to have caused the data to occur.3

It can be easily proved that both OLS and ML methods
give   =(X�X)-1X�Y in the context of  normal error linear
regression.4 Solely determined by observed data X and
Y, this is an unbiased estimator of  b, i.e., its average
value is equal to the true value b. Since the OLS and
ML estimators of b are identical, no explicit difference
between OLS and ML is made in this paper. While
more restrictive than OLS, the ML method ensures
that    possesses some desirable properties. With a large
sample,   approaches the true value of  b and its
distribution also becomes normal with the highest
possible precision.5,6 These properties help to facilitate
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inferences about   . While regression analysts are usually
more familiar with OLS, the ML principle is the
cornerstone of  most statistical methods. A ML
estimator is one that is best supported by the data
embodied in a likelihood function

The likelihood is a measure of  the support provided
by the data for particular coefficient values of  a
probability model. It is useful for the development of
many complicated regression models, including the
proposed Bayesian model to be introduced next.

Bayesian Setup

The conventional estimation techniques treat b as a
fixed quantity. The underlying principle of  the
proposed Bayesian framework is conceptually different.
The available prior information of  b is used in the
estimation process and the immediate implication of
such an approach is that the unknown b is viewed as
the value of  a random variable. The problem of
estimating b is thus changed to the estimation of  the
value of  the random variable b.7

Following the Bayes� theorem, the proposed Bayesian
model may be implicitly formulated as:8

P[b, s2 | data]  µ L[b, s2 | data] ´ g[b] ´ g[s2]

where L[b, s2 | data] is the likelihood of  observing
the data (X, Y) given b and s2; g[b] and g[s2] are the
prior distributions concerning b and s2 before
observing the data and P[b, s2 | data]  is the posterior
distribution of  b and s2 after observing the data. The
post-data inference for b is a compromise between
prior information and the information provided by the
observed data (likelihood). In conventional statistics,
b  is  est imated by the value that maximises
L[b, s2 | data]. Bayesian estimation, on the other hand,
is based on the posterior which includes both the prior
information and the data captured in the likelihood.
All information required for Bayesian analysis is
described by the posterior distribution.

The basic paradigm of  Bayesian stat ist ics is
straightforward. Initial information concerning the
coefficient of  interest (b), which could be based on
objective evidence (past studies) or subjective
judgement or a combination of  both, are expressed as
a prior distribution. Summarising what has been learnt
about b, the prior carries important information about
the coefficients. Evidence from further data is then
summarised in the likelihood function for b. By
combining the prior and the likelihood, one generates
the posterior of  which inference of  b is drawn. Thus,
one may view the Bayesian set-up as the posterior-

generating process based on a revision of  prior
information with observed data. Beginning with some
prior information of  b, one revises the knowledge of
b with collected data. Intuitively, this reflects how
knowledge is accumulated.

Although the prior is primarily used to combine with
a likelihood to generate the posterior, it has other useful
applications. Priors can be used in the design and
monitoring of a clinical trial.9 It is also useful for
reviewing the ethical aspects of a study as it documents
probabilistically the current knowledge and experts�
opinions concerning the proposed treatments. Priors
allow available information, say in the magnitude of
the effects of  a treatment, be stated in a form that
others can examine and compare with their own
assessment.10 Details about the various methods useful
for eliciting priors in the clinical setting can be found
in references.10-13

In conventional  stat ist ics,  the only source of
uncertainty admitted to analysis is sampling uncertainty.
A fundamental advantage for applying Bayesian
statistics to biomedical research is that both prior and
posterior estimates are described in probabilistic terms
and therefore offers a more realistic procedure for
dealing with the myriad sources of  uncertainty faced
by researchers in real applications.

Estimation of  Posterior Coefficients

It follows that the choice of  distributional forms for
priors and likelihood is a critical feature of  Bayesian
analysis. In normal error linear regression, the
likelihood is based on the familiar normal distribution.
Describing in probabilistic terms what information
gathered by the analyst before observing the data, the
prior contains �known� quantities along with the
normal likelihood to make inferences about the
unknown coefficients.

It is well known that the posterior distribution of  b
might not have an analytically tractable form if  the
priors are freely chosen. A way to guarantee that the
posterior has a calculable form is to specify a conjugate
prior. When the posterior has the same distributional
family as the prior, one says that the prior and the
likelihood distributions are conjugate. In a normal error
reg ression model ,  the most appropriate prior
distributions are multivariate normal for b and inverse
gamma for s2. In statistical terms, b~MN[b0, S] and
s2~IG[a, f] where b0 is the mean prior value for b, S
the covariance matrix of  b and a and f are the shape
and scale parameters of  the inverse gamma
distribution, respectively. In practice, specific prior
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values are assigned once the distr ibutions are
determined. The values may be elicited from a panel
of  experts or pre-existing scientific knowledge (such
as well-known published results and meta-analysis of
similar studies). In the latter case, the following
Bayesian analysis is �objectified� with the use of  an
objective prior.

Putting the priors and likelihood together, one obtains
the Bayesian posterior estimator b* = (S-1 + X�X)-1

(S-1 b0 + X�X   ), where X�X is the data matrix and S-1

(precision) is the inverse of  S.14 As readily seen, b* is
a weighted average of  the prior coefficients and the
conventional estimators, with weights provided by X�X
and S-1. If  one has reliable information concerning b,
a precise prior may be fixed.  In this case, the prior
distribution is highly concentrated. As the prior
precision increases, a greater posterior weight on prior
beliefs is placed relative to the data. The derivation of
the precision matrix for b* can be found in reference.14

While adequately elegant and computationally simple
for expressing an analyst �s opinion, i t  may be
worthwhile to point out that the use of  conjugate priors
has no real theoretical advantage. Before 1990s,
conjugacy was crucial to the ability to apply Bayesian
methods because non-conjugate priors usually lead to
posteriors that are not analytically tractable. With the
advent of  the Markov Chain Monte Carlo (MCMC)
techniques, this limitation becomes greatly reduced.15,16

However, conjugacy offers a framework that leads to
a systematic approach of  prior determination.
Consequently, conjugate priors can still be useful in
practice and they are an excellent expository tool.17

In situations where there is no prior information about
b and s2, one may use constants, i.e. g[b] µ c  and
g[s2] = 1/s. The former term, g[b] µ c, is a flat
distribution which may be thought of  as a normal
density with very heavy tails. Not surprisingly, the
estimator of  b is identical to  , produced by the
conventional linear regression model. This is because
with no prior knowledge about b, the posterior is solely
based on information provided by the likelihood. The
idea of  fitting a non-information prior is equivalent to
conventional  stat ist ical  analysis,  a l though the
interpretation is philosophically different. Thus,
Bayesian analysis is applicable in situations where there
is no available prior knowledge of  the regression
coefficients.

RESULTS

In fitting a Bayesian normal error linear regression
model, one needs to fix 4 sets of  prior quantities,

namely b0, S, a and f. There are 2 prior distributions
involved because both b and s2 are random. With
conjugate normal-inverse gamma priors, the resultant
posterior b* is a vector-weighted average of  the prior
mean b0 and the conventional estimator   . The weights
are proportional to the prior precision and data
matrices. If  the likelihood is strong, i.e. the data
suggests a consistent relational pattern between the
covariates (X) and the outcome (Y), then the posterior
will be dominated by the likelihood. Similarly, if  the
prior is non-informative, as in the case of  a flat
distribution, the likelihood again dominates. On the
other hand, the prior dominates if it is highly-
concentrated, while the likelihood is weak.

To i l lustrate the proper ties of  Bayesian l inear
regression, 2 simulated data sets were generated.
Simulation is a very useful method for examining the
properties of  quantitative models.  Statisticians
frequently run simulated examples with desired
features so that the observed results can be compared
with the expected results. In addition, 2 well-known
published examples based on small samples were also
considered. The computations were carried out with
Stata 7.0 (Stata Corporation, Texas, USA).

A Simulated Example with Strong Likelihood

With Y as the outcome, the data matrix X consists of
2 covariates, namely X

1
 and X

2
. While X

1
 and Y are

continuous (admissible range: 0 to 100), X
2 
is a dummy

variable with 2 categories. The simulated data with 1000
observations were constructed such that the adjusted
R2 (measuring the explanatory power of  the model) is
close to 0.8. In addition, there is a strong correlation
between Y and X

1
, but X

1
 and X

2 
are mutually

independent. One may imagine the proposed simulated
example as a pre- and post-study design with Y and X

1

representing the post-intervention and baseline values
of  the outcome, respectively. The dummy variable X

2

indicates the type of  treatment received by the subjects
(1: Treatment A; 2: Treatment B). The objective is to
compare the difference in the average values of  Y for
the 2 treatments,  while adjust ing for basel ine
differences. Assume here that better prognosis is
characterised by higher values of  Y. A coefficient is
said to be precisely estimated if  its standard error is
small.

The results based on conventional regression model
are shown in Table 1. After adjusting for X1, the
difference in average values of  Y between Treatment
B and Treatment A is estimated to be about 8.8 units.
As such, there is sufficient evidence suggesting that
Treatment B is more effective than Treatment A. The
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errors are confirmed to be normally-distributed, so the
application of  normal error regression is appropriate.

The fol lowing Bayesian analysis  is  based on
s 2~IG[a=3, f=3] and b~MN[b 0,  S ]  where
S:=diagonal 3´3 (10) and b0=[0, 0, 0]�. The 3 elements
in b0 refer to the prior slope coefficients of X

1
, X

2
 and

the intercept coefficient, respectively. It suggests that
there is no difference between the 2 treatments. The
prior precision S is a 3´3 matrix with 10�s on the
diagonal and zeros elsewhere. The standard errors of
the prior coefficients can be computed by taking square
root of  the diagonal elements of  S. With heavy tails
(low precision with large standard errors), the prior
of  b resembles the non-informative distributions
suggested earl ier.  From Table 1, the posterior
coefficients and their respective standard errors are
identical  to those obtained from the
conventional model.

Next, suppose again s2~IG[3, 3], but S:=diagonal 
3´3

(0.01) and b0=[0, 0, 0]. The normal prior of  b may be
appropriately termed as �informative� as it is much
more concentrated than that of  the previous case. As
shown in Table 1, the prior only exerts some slight
pull on the posterior. This phenomenon can be again
explained by the presence of  a strong likelihood.

The above simulation confirms that when a strong
likelihood (partly due to a very large sample size) exists,
the prior�s inf luence is relatively insignificant.

Moreover, there is no practical difference between the
Bayesian and the conventional models if  non-
informative priors are specified.

A Simulated Example with Weak Likelihood

The next example differs from the previous one in 2
aspects. First, a simple regression model with one
predictor is fitted to the data. The concepts developed
for k-variable multiple regression can be easily
modified and applied in the simple case. Second, the
likelihood is relatively weak (with R2<0.01) and the
sample consists of  only 20 observations. Assume again
that a good prognosis is characterised by higher
values of  Y.

Assume that there is some prior information (possibly
provided by an expert through literature review or
meta-analysis) regarding the parameters, say b0=[40,
1]� and S:= diagonal 

2´2
 (10-3). This highly-concentrated

�enthusiastic� prior suggests that a 1 unit increase in
the predictor would lead to a 1 unit increase in the
outcome. The inverse gamma distribution for s2 is fixed
as IG[3, 3]. As shown in Table 2, the posterior
coefficients of  Bayesian Model A are closer to the
priors than the conventional estimates. Next, the
analysis is repeated with a �pessimistic� prior b0=[40,
-5]�, thus suggesting that a high value in the predictor
would lead to poorer prognosis. Again, the priors
dominate the posteriors (Table 2, Model B). In both
cases, the posterior coefficients are more precisely

Table 1. Linear regression models with strong likelihood.

Conventional Model Bayesian Model Bayesian Model
(Non-informative) (Informative)

Coefficient Standard Error Coefficient Standard Error Coefficient Standard Error

X
1

0.77 0.01 0.77 0.01 0.88 0.01

X
2

Treatment A � � � � � �
Treatment B 8.79 0.28 8.79 0.28 6.90 0.27

Intercept 5.80 0.91 5.80 0.91 1.80 0.47

n: 1000

Table 2. Linear regression models with weak likelihood.

Conventional Model Bayesian Model A Bayesian Model B

Coefficient Standard Error Coefficient Standard Error Coefficient Standard Error

X
3

-1.65 3.46 0.67 0.57 -4.19 0.67

Intercept 43.48 11.93 39.92 0.64 40.23 0.74

n: 20
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estimated. This could be explained by the dominance
of  the precise priors.

Testing Sulindac Effects in Reducing Polyp Size

The third example concerns a well-known randomised,
double-blind, placebo-controlled trial testing whether
or not sulindac, a non-steroid anti-inflammatory agent,
could reduce the size of colonic polyps in patients with
familial adenomatous polyposis (FAP).18 Caused by a
germ-line mutation in the adenomatous polyposis coli
(APC) gene, FAP is a colon cancer predisposition
syndrome characterised by the formation of  a large
number of  precancerous colonic polyps (also called
adenomas) and eventual colorectal cancer.18,19 The
mechanism by which sulindac causes polyp regression
is unknown.20

Altogether, 22 patients were randomised to receive
sulindac (150mg orally twice daily for 9 months) or
placebo in this trial. The complete listing of  data can
be found in reference.21 In the following analysis, only
the 12-month data are considered and the primary end-
point is polyp size (mm). As in the simulated examples,
baseline polyp size is included as one of the predictors
in the analysis.

The conventional model shows that sulindac treatment
was effective in reducing the polyp size at 12 months
(Table 3). The average polyp size for patients receiving
sulindac is 1.29mm lower than those receiving placebo,
after adjusting for the baseline measurements. The

analysis is based on 19 observations (sulindac: 9;
placebo: 10) as there are no data recorded for 3 patients
at 12 months.

However, there are mixed findings from other
studies. 19,20,22,23 To be conser vat ive,  consider
a �sceptical� prior b0=[0, 0, 0]� with S:= diagonal 3´3 (10-1)
for the following Bayesian analysis. This prior suggests
that sulindac is not effective in reducing polyp size.
Moreover, baseline polyp size is also not associated
with the subsequent measurements at 12 months. The
inverse gamma distribution for s2 is fixed as IG[3, 3].
As shown in Table 3, the posterior coefficients are
closer to the priors,  with s l ight ly smal ler
standard errors.

Thus, the Bayesian model shows that there could be
no sufficient evidence suggesting that sulindac is
effective in reducing polyp size for patients with FAP.
The drug may not have the colon cancer prevention
properties once hoped for.

Modelling Resting Metabolic Rate

The last example attempts to relate resting metabolic
rate (RMR; kcal/24 hr) with body weight (kg) in 44
healthy adult women based on published data.24,25 RMR
is the minimum level of  energy to sustain the body�s
vital functions, not including the energy cost of
digest ing and absorbing,  or engaging in
physical activity.

Table 3. Linear regression models on polyp size.

   Conventional Model Bayesian Model

Coefficient Standard Error Coefficient Standard Error

Baseline polyp size (mm) 0.21 0.24 0.60 0.16

Treatment
     0: Placebo � � � �
     1: Sulindac -1.29 0.51 -0.28 0.40

Intercept 2.42 0.88 0.31 0.44

n: 19

Table 4. Linear regression models on RMR.

Conventional Model Bayesian Model

Coefficient Standard Error Coefficient Standard Error

Body Weight (kg) 6.83 1.11 6.86 0.13

Intercept 816.12 82.96 851.97 0.14

n: 32
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As there was only one such study based on MEDLINE
search, a Bayesian analyst  might model the
observations with non-informative priors. However,
in order to illustrate the use of published results for
formulating priors, the example is modified with the
original sample randomly divided into 2 sub-samples.
Consisting of  only 12 observations, the first sub-
sample (training) is used to generate the prior
parameters required for the proposed Bayesian analysis.
Then, the results are combined with the remaining 32
observations in the second sub-sample (testing), which
forms the likelihood. This strategy is often used in data
analysis, especially for model evaluation and sample
size determination.26,27 However, it must be emphasised
that it is applied here for illustration only.

Based on the observations randomly allocated to the
training sub-sample, the data-based prior b0 turns out
to be [851.97, 6.95]�. This suggests that the RMR would
increase by about 6.95 kcal/24 hr with a 1kg increase
in body weight. In addition, let S:= diagonal 

2´2
 (10-6)

and s2~IG[3, 3]. The priors are then combined with
the likelihood based on observations in the testing sub-
sample. As depicted in Table 4, the posterior coefficient
associated with body weight is  c loser to the
conventional estimate. However, it is more precisely
estimated with the presence of a highly-concentrated
prior distribution.

DISCUSSION

The Bayesian approach has begun to establish itself  as
a powerful and very practical tool for statistical analysis.
However, it must be emphasised that the central ideas
of  Bayesian statistics are not new. Looking back in
history, one realises that the development of  Bayesian
statistics actually parallels that of  the conventional
theories.  So why do the conventional statistics
dominate Bayesian usage in analysis?

There are several reasons for this. First, several
prominent figures in the development of  modern
statistics had strong prejudices against the Bayesian
ideas. This was largely caused by the misunderstanding
of  the nature of  priors. In the case where the prior
infor mation ref lects the personal opinions of
individual investigators conducting the research, or
possibly those of  an expert who has immense
knowledge of  the subject matter, Bayesian statistics is
subjective in nature. However, when the prior
information is a direct result of  previous studies, or
when prior information reflects no knowledge about
the problem at hand (non-informative), the Bayesian
analysis becomes objective. As such, it is unfounded
to allege that Bayesian theory is purely subjective. The

prior is also not deterministic in nature as it is described
in probabilistic terms.

Another important reason for the dominance of
conventional statistics lies with the complexity of
Bayesian analysis. The development of  a Bayesian
model requires complicated modelling specifications
and tedious computations. In the case of  linear
regression with conjugate priors, the estimators for
regression coefficients can be derived analytically after
some tedious mathematical manipulations. However,
this is generally not the case for most Bayesian analyses.
As described previously, the heart of  Bayesian analysis
lies with the posterior distribution which is derived
from the likelihood and the prior. Usually, such
posterior is very complicated and mathematically
intractable. Thus, analysts must reply on advanced
simulation techniques for finding the solutions.

As such,  there is  no accident that the recent
rejuvenation of  Bayesian statistics coincides with the
development of  computer-intensive statistics. With the
wide applicability of  high-speed computers, the new
ideas offered by both branches of  statistics have
captured the imagination of  researchers. These
methods have a wide range of  potential applications,
especially in biomedical research, as a result of  the
increasing complexity of  problems and data structures.
Their analysis and refinement will be a formidable
prospect for the statistical community in the coming
years. It must be emphasised that while computers can
never be as wise as people, they can explore a forest
of  possibilities faster than we can comprehend.

In practice, researchers may write their own computer
programmes or apply user-written macros or available
software (such as First Bayes and WinBUGS) for
conducting Bayesian analysis.28,29 One may write a
programme for conducting the above-mentioned
Bayesian linear regression with the aid of  Stata.30-32

However, a  more complete and user-fr iendly
commercial software is clearly needed to promote the
use of  Bayesian statistical methods. There is an urgent
need to develop a general-purpose software package
that incorporates most Bayesian models useful for
biomedical research. Its creation should thus be a high
priority for the statistical profession.

CONCLUSION

In evidenced-based biomedical research, expert
opinion and published results form a rich source of
information. As such, one expects the Bayesian
reg ression model to provide more insights to
biomedical problems with reliable prior information.
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As illustrated, it is very useful when prior information
regarding the unknown coefficients of  interest is
available. However, this paper also shows that when
such prior information is not available, the proposed
regression model is reduced to the conventional model
estimated by maximum likelihood (ML) or ordinary
least squares (OLS). As such, one may view the
conventional model as a special case within the broader
framework of  Bayesian stat ist ics.  Thus, the
revolutionary Bayesian model is found to be more
versatile than the conventional model.
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