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Background: Bayesian regression models provide a robust framework for com-
plex data analysis, which is particularly advantageous in scenarios with small 
sample sizes, common in psychology or medical research. However, specifying 
appropriate prior distributions that incorporate existing knowledge to regularize 
model parameters remains a challenge for many researchers. This can lead to 
unstable or implausible estimates. This study aims to demonstrate the impact 
of different prior distributions on regression models and to provide a practical 
guide for choosing and justifying informative priors to produce more stable and 
credible results.
Methods: The study involved two parts. First, a simulation study was conducted 
to systematically assess the sensitivity of Bayesian linear regression models to 
prior specification. We systematically varied the sample size, prior location, 
and prior scale to observe their impact on posterior estimates for a known true 
effect size. Second, a case–control study using real-world patient data (N = 526) 
demonstrated the practical application of choosing informative priors. Bayesian 
logistic regression models were used to analyze the relationship between severe 
dementia and fall incidence, comparing results from priors based on existing 
literature (“believer”), conservative priors (“agnostic”), and priors assuming an 
opposite effect (“skeptical”).
Results: The simulation study showed that strongly informative priors had a sub-
stantial influence on posterior estimates, particularly for smaller sample sizes. As 
the sample size increased, the influence of the data increased, and the estimates 
converged toward the true effect. In the case–control study, a standard fre-
quentist logistic regression produced an odds ratio of 8.87 with a very wide and 
unstable confidence interval (1.66–165.19), likely due to data sparsity. In contrast, 
a Bayesian model using a moderately informative “believer” prior derived from 
existing research yielded a more stable and plausible odds ratio of 4.01 with a 
substantially narrower credible interval (1.99–8.78).
Conclusion: Careful and transparent specification of informative priors is a criti-
cal tool in Bayesian analysis, especially when data are sparse. By incorporating 
justified evidence-based assumptions, researchers can regularize models to pre-
vent implausible outcomes and produce more stable, interpretable, and credible 
results. This approach enhances the robustness of statistical inference in fields 
where small sample sizes are a frequent challenge.
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1 Introduction

Bayesian methods present a robust framework to address more 
intricate research questions, proving particularly advantageous in sce-
narios where conventional frequentist approaches encounter inherent 
difficulties and limitations. These limitations include the inability of 
models to converge to a stable solution, lower accuracy in noisy data 
and small samples, and proneness to type-I errors (Etz and 
Vandekerckhove, 2016; Dienes and Mclatchie, 2018). This is especially 
relevant in fields such as patient studies or randomized controlled 
trials (RCTs), often characterized by small sample sizes 
(Nikolakopoulos, 2016), leading to, for instance, challenges in reliably 
determining the true efficacy and safety of new interventions.

Bayesian regression models, offer solutions to these common 
issues, namely robust sampling techniques and particularly the pos-
sibility of incorporating prior knowledge (Siddique and Aghabazaz, 
2023; Gelman et al., 2014). Modeling intricate data characteristics 
such as heteroscedasticity, individual differences within multilevel 
models, and obtaining credible intervals for random effects becomes 
more straightforward within this framework (Rouder and Lu, 2005). 
This deserves to be highlighted, because multilevel models with 
random effects are a powerful and important strategy for many study 
designs in psychology, medical and public health research. For 
instance, when analyzing patient data from RCTs, these techniques 
explicitly account for and quantify the variability observed between 
individual patients. Indeed, certain models prove practically intrac-
table when such analyses are approached using frequentist methods, 
where the reliance on frequentist p-values—especially when strictly 
focusing on ‘statistical significance’—becomes increasingly difficult to 
interpret and prone to misleading conclusions (Gelman et al., 2014; 
McNeish, 2016).

Yet, Bayesian methods remain simple to interpret through their 
resulting posterior distributions. Posterior distributions are probability 
distributions that show the plausibility of different parameter values 
given the data and prior beliefs (Kruschke, 2015). This allows for 
straightforward summaries like mean or median (“point estimate”), 
and quantiles (“uncertainty intervals”) and enables intuitive and easy-
to-understand probability statements for (almost) any quantity of 
interest, like strength and direction of treatment effects or differences 
between treatment and control groups (Gelman et al., 2014; Makowski 
et al., 2019).

A fundamental aspect of Bayesian analysis is the incorporation 
of prior knowledge by employing prior distributions, in short priors. 
For many practical purposes, priors regularize parameters, effec-
tively excluding or reducing the influence of parameter values that 
are considered implausible based on existing knowledge or theoreti-
cal considerations (Van Erp et al., 2019). This regularization is par-
ticularly useful in complex models because it can prevent the model 
from exploring parameter space regions that are deemed unlikely, 
thereby averting convergence or singularity issues frequently 
encountered in non-Bayesian multilevel models. Additionally, in 
situations where data is scarce, priors provide a sensible range of 
plausible values, leading to more precise and stable estimates com-
pared with purely data-driven frequentist approaches (McNeish, 

2019; van de Schoot et al., 2021). Hence, a key feature of priors is to 
implicitly steer the model away from solutions that might fit the 
current data too closely but are likely to exhibit poor generalization 
to new, unseen data (Etz and Vandekerckhove, 2016; van de Schoot 
et al., 2021; Banner et al., 2020). Priors are also fundamental for 
certain types of Bayesian calculations, such as Bayes factors, which 
are used to quantify the evidence in favor of one statistical model 
over another. Proper specification of prior distributions is often a 
prerequisite for Bayes factors to be well-defined and interpretable, 
because the Bayes factor essentially measures the shift in belief 
about models from the prior to the posterior (Heck et al., 2023).

However, despite their importance, the task of specifying appro-
priate priors remains a challenge for many researchers (van de Schoot 
et al., 2021). This challenge can arise from a variety of factors, includ-
ing a lack of familiarity with the large number of different prior distri-
butions available and a lack of clear, universally applicable guidelines 
on how to select them effectively. The practical implementation of 
Bayesian methods is often perceived as complex, particularly concern-
ing the seemingly subjective nature of prior selection (Banner et al., 
2020; Stefan et al., 2022). Addressing this concern by transparent prior 
selection procedures and comprehensive sensitivity analyses, which 
allow for the assessment of the impact of different prior choices on the 
results, is crucial for gaining wider acceptance and adoption of 
Bayesian methods within the scientific community.

Thus, the present work aims to address two common issues 
encountered in Bayesian modeling. First, an illustrative simulation 
study will be carried out to systematically compare the impact and 
behavior of different types of prior distributions on the posterior 
distribution of regression models. This step demonstrates how vari-
ous prior specifications can influence the resulting inferences 
under controlled conditions. Second, utilizing real-world data from 
a case–control study, a practical tutorial will be presented to guide 
researchers through the process of choosing informative prior dis-
tributions. This tutorial will not only outline strategies for eliciting 
and specifying priors based on existing knowledge but will also 
demonstrate how these choices affect the results obtained from 
Bayesian regression models. This paper will conclude with concrete 
recommendations for defining prior information in statistical 
modeling.

2 Materials and methods

We conducted two studies to investigate the impact of priors on 
Bayesian regression models. First, a simulation study (Study 1) intro-
duces the core concepts of prior definition and demonstrates the rela-
tionship between prior influence and sample size. Second, a practical 
tutorial (Study 2) uses real-world data from a case–control study to 
illustrate, step-by-step, how to make informed choices for prior elicita-
tion. This tutorial component includes defining priors based on litera-
ture and performing a sensitivity analysis to test for potential 
misspecification or bias. For readers new to Bayesian statistics, the 
Supplementary file 1 offers a helpful overview of commonly used 
terms and their meanings.
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Due to the different natures of the two studies presented in this 
paper, the methods are described separately for each study. All com-
putations were based on Stan, a probabilistic programming language 
for specifying Bayesian models, using Markov Chain Monte Carlo 
sampling (in particular, Hamiltonian Monte Carlo; Gelman et al., 
2014; Carpenter et al., 2017) and its implementation in the statistical 
programming language R. Hence, all simulations and analyses for this 
paper were conducted in R, using the packages rstanarm (Bayesian 
modeling), bayestestR (simulation, posterior summaries), modelbased 
(prior predictive checks) and ggplot2 (visualization; Makowski et al., 
2019; Goodrich et al., 2024; R Core Team, 2025; Wickham, 2016; 
Makowski et al., 2025). Model diagnostics, such as MCMC conver-
gence, for all Bayesian models were assessed using the bayestestR and 
performance packages (Makowski et al., 2019; Lüdecke et al., 2021). 
No issues were detected (e.g., all R̂  values were < 1.01 and effective 
sample sizes were sufficient (for details on MCMC diagnostics, see 
Gelman et al., 2014; Vehtari et al., 2021). All code and data to repro-
duce the analyses are available from the osf-repository (Lüdecke and 
Makowski, 2025).

2.1 Study 1: simulation study

We designed a simulation study to systematically assess the sensi-
tivity of Bayesian linear regression models related to the choice of 
prior distributions. The central aim was to observe how different 
priors would alter the resulting posterior distribution, which repre-
sents our updated beliefs after incorporating the data.

2.1.1 Data simulation

For this analysis, we used basic linear regression models with one 
predictor and one outcome variable. To ensure a controlled experi-
ment, we simulated the data for each simulation run (see below) with 
a predefined true effect size. Specifically, we set the underlying correla-
tion between the two variables to 0.3. This process, which included the 
addition of random noise to prevent a deterministic relationship and 
data standardization, was carried out using the simulate_correlation() 
function available in the bayestestR R package (Makowski et al., 2019). 
This allowed us to generate datasets where the true association was 
known (a standardized effect size of 0.3), providing a benchmark to 
evaluate the performance of the models under different prior 
distributions.

2.1.2 Prior specification

In Bayesian analysis, we formally express our initial beliefs about 
model parameters through a process called prior specification. This 
involves selecting a probability distribution where the densest regions 
correspond to the parameter values we believe are most plausible. 
Prior distributions are categorized by their level of influence on the 
outcome. An “informative prior” systematically incorporates estab-
lished evidence (centered around a specific location parameter), effec-
tively shrinking implausible estimates. A “weakly informative” prior 
has a mild influence and applies only gentle regularization. Finally, a 
“non-informative”‘(or “flat”) prior is designed to exert no influence on 
the final parameter estimates. This yields results comparable to classi-
cal frequentist estimates, which can be useful for sensitivity analyses 
(Robert, 2007). Unlike methods that yield a single point estimate, this 
approach allows for flexibility in defining the shape and spread of our 

uncertainty, using distributions like the normal, Student’s t, Cauchy, 
or Gamma, and many more (Goodrich et al., 2024). For this simula-
tion, we used a normal distribution, which is defined by its mean and 
standard deviation, or more generally, by its location and scale. In this 
context, the mean (location) acts as our “best guess” for the parame-
ter’s value based on prior knowledge. The standard deviation (scale), 
in turn, quantifies our confidence in that guess—a wider distribution 
signals more uncertainty, while a narrow one signifies a stronger initial 
belief (Muehlemann et al., 2023). Hence, the prior distribution directly 
affects the posterior distribution.

To illustrate these mechanics, Figure 1 provides a schematic over-
view of how the prior distribution and the data (represented by the 
likelihood) interact to form the posterior distribution. The left panel 
demonstrates how different prior scales (from a flat to a very narrow 
prior) increasingly shrink the posterior toward the prior location. The 
right panel illustrates that, as sample size increases, the likelihood 
increasingly affects the resulting posterior distribution.

As we simulated correlated data with a true effect size of 0.3 
including some variation, we do not expect regression coefficients to 
be outside of the range of −1 and 1. Therefore, we used four common 
prior scales that are feasible for standardized effects sizes that are 
bound to a certain range, the ultranarrow, narrow, medium and wide 

scale, which correspond to the values 
√

1
27

, 1
3

, 
√
1
3

 and 1, respectively 

(Morey and Rouder, 2011). The prior distributions for the intercept 
and the residual variance were held constant across all simulated 
models, i.e., weakly informative default priors were assigned to these 
auxiliary parameters, to isolate our experimental condition.

2.1.3 Simulated scenarios under analysis

We systematically varied sample size, prior location and prior 
scale to see how different prior specifications behave depending on the 
available data. Sample size varied from 20 to 200, in increments of 10. 
Prior locations were −0.6, −0.3, 0, 0.3 and 0.6. Thus, in three scenarios 
(−0.6, −0.3, and 0), the location (our “guess” about the true effect) was 
lower than the actual effect of 0.3, and in one scenario, the location 
was higher (0.6). In total, we had 380 different scenarios (19 different 
sample sizes * 5 different prior locations * 4 different prior scales). For 
each scenario, we ran 100 Bayesian linear regression models with one 
continuous predictor, each time with a newly simulated data set with 
a true effect size for the predictor of 0.3. This resulted in 38,000 pos-
terior distributions, from which we extracted the median as summary 
for the point estimate.

2.1.4 Summary of the regression model 
specification and prior distributions

The notation of the regression model and the Bayesian like-
lihood is:

	 β β ε= + +0 1i i iy x

	 ( )β β σ+ 2
0 1~ ,i iy N x

The generic notation of the normal-prior is ( )β µ σ~ ,N , where μ 
(mu) refers to the prior location and σ (sigma) to the prior scale. For 
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the simulated linear regression models, the priors for the continuous 
predictor were systematically varied. The priors were specified as fol-
lows for the wide, medium, narrow, and ultranarrow scales:

	a)	 Predictor of Interest (“severe dementia”): Let β be the coeffi-
cient for the continuous predictor. The scale parameters (σ) 
were defined using the sequence

	a	 Location μ = −0.6: ( )β −~ 0.6,1N , β  − 
 

1~ 0.6,
3

N , 

( )β − 1~ 0.6, 3N , and β  − 
 

1~ 0.6,
27

N .

	b	 Location μ = −0.3: ( )β −~ 0.3,1N , β  − 
 

1~ 0.3,
3

N , 

( )β − 1~ 0.3, 3N , and β  − 
 

1~ 0.3,
27

N .

FIGURE 1

Schematic illustration of the impact of prior shape and sample size on the resulting posterior. The upper panel demonstrates the impact of prior shape 
(blue) on the posterior distribution (green) when the likelihood (yellow) is fixed, showing how narrower prior scales exert a stronger regularizing pull on 
the posterior. The lower panel illustrates the impact of increasing sample size (from N = 30 to N = 300) against a fixed prior. As more data is collected, 
the likelihood narrows and increasingly dominates the resulting posterior.
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	c	 Location μ = 0: ( )β ~ 0,1N , β  
 
 

1~ 0,
3

N , ( )β 1~ 0, 3N ,  

and β  
 
 

1~ 0,
27

N .

	d	 Location μ = 0.3: ( )β ~ 0.3,1N , β  
 
 

1~ 0.3,
3

N , 

( )β 1~ 0.3, 3N , and β  
 
 

1~ 0.3,
27

N .

	e	 Location μ = 0.6: ( )β ~ 0.6,1N , β  
 
 

1~ 0.6,
3

N , 

( )β 1~ 0.6, 3N , and β  
 
 

1~ 0.6,
27

N .

	b)	 All other predictors in the model were assigned the standard, 
weakly informative default prior from the rstanarm package.

2.2 Study 2: case–control study

Next, we applied the principles of prior selection to a case–control 
study, demonstrating how informative priors can be incorporated 
based on existing literature and expert knowledge. We implemented 
Bayesian logistic regression models with varying prior specifications 
and compared the resulting posterior distributions. As additional ref-
erence, we also calculated a classical (non-Bayesian) logistic regression 
model. The transition from a linear model in the simulation to a logis-
tic regression model in the case–control study is intentional, as it 
allows us to illustrate how the concept of priors applies to a commonly 
used, but slightly more complex type of regression model in psychol-
ogy, medical and public health research.

2.2.1 Study design

Data for the second study came from a non-randomized, case–
control study carried out in two internal medicine wards in two hos-
pitals in Hamburg, Germany. The original project aimed to compare 
care quality for dementia patients under a specialized concept versus 
regular care (Lüdecke et al., 2019). For our current analysis, however, 
we will focus on the relationship between fall incidence and the sever-
ity of cognitive impairments (dementia), using a total sample of 526 
patients to demonstrate the use of informative priors. Although an 
overall sample size of 526 might seem large enough to preclude the 
need for informative priors, the simultaneous occurrence of severe 
cognitive impairment and a fall event is rare in this dataset. This spar-
sity creates issues of (near) complete separation, a scenario in which 
classical frequentist estimates become highly unstable. Therefore, 
despite the large total sample, this dataset provides an ideal real-world 
example to demonstrate the stabilizing effect of priors.

2.2.2 Measures

We incorporated a realistic set of previously established predic-
tors from this study’s earlier work (Lüdecke et al., 2019; Lüdecke 
and Kofahl, 2020). These encompassed age, gender, length of hos-
pital stay, Charlson Comorbidity Index (CCI; Charlson et al., 
2008), and patients’ functional and cognitive status. Functional 
limitations were measured using the Barthel Index (Mahoney and 
Barthel, 1965). Our central predictor for the current analysis is the 
dementia status, which we assessed using the Mini-Mental State 
Examination (MMSE; Folstein et al., 1975). This tool quantifies 

cognitive impairment, with scores ranging from zero (indicating 
very severe impairment) to 30 (very mild or no impairment). We 
then categorized these scores into three groups: severe dementia 
(0–16 points), moderate dementia (17–23 points), and mild or no 
dementia (24–27 points). In our logistic regression model, the cat-
egorical dementia predictor is entered using standard dummy 
coding, with ‘mild or no dementia’ serving as the reference cate-
gory. The remaining levels (‘moderate’ and ‘severe’) are compared 
against this reference. We used a binary outcome representing 
whether the patient experienced a fall or not, which was also 
recorded during data collection.

2.2.3 Prior specification

To systematically assess the sensitivity of our results to prior infor-
mation, we treated this as a single regression problem evaluated under 
varying prior specifications. The underlying model, including the data, 
covariates, and the Bernoulli likelihood function with a logit link, 
remained the same. The only components that were altered were the 
specific prior distributions assigned to the intercept and the severe 
dementia parameter, based on existing knowledge. It is important to 
note that there is no universally established terminology for naming 
prior specifications (Zampieri et al., 2021; Edeh et al., 2025). We aim 
to avoid imposing bias onto the inference through imprecise or loaded 
terminology. Hence, the labels employed here are intended to describe 
the location of the prior distribution relative to the expected effect size 
and should not be misinterpreted as reflecting a subjective attitude. To 
clearly distinguish the distinct nature of our prior assumptions, we 
chose the terms “believer,” “agnostic,” and “skeptical” to describe three 
different prior locations. The believer prior location reflects the 
expected effect (i.e., the location is chosen close to what our prior 
beliefs about the parameters are). The agnostic prior location is set to 
zero and reflects a conservative choice. This is appropriate if we have 
limited or uncertain prior knowledge about an effect, or do not want 
to introduce a directional bias. Finally, the skeptical prior location is set 
to the opposite of the expected effect, thus being the negative of the 
believer prior location. It can be used to test and assess the robustness 
of the findings (e.g., showing that an effect “still holds” despite priors 
being set “against it”). We then combined the three different locations 
with three different scales each, using a wide, a narrow and an ultra-
narrow scale (reflecting a range from minimally to maximally infor-
mative). This resulted in nine regression models. Additionally, all 
models included a prior for the baseline probability of a fall (“inter-
cept”). For all remaining covariates that are not in the focus of this 
tutorial, we retained the default prior specifications from the rstanarm 
package (a weakly informative prior).

2.2.3.1 Finding appropriate location parameters for prior 
distributions

The believer prior location is based on prior knowledge and what 
is usually called informative prior. We refer to former research that 
suggests that dementia increases the risk of falling by two to three 
times (Kröpelin et al., 2013; van Doorn et al., 2003), depending on the 
severity of the cognitive impairments. Other research found odds 
ratios of 1.89 and 3.89 for the association of fall risk and dementia 
(Monachan et al., 2020; Petersen et al., 2018). For this example, we 
simplified this to an odds ratio (OR) of 3.5 for the link between severe 
dementia and the risk of a fall (in comparison to the reference 
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category, patients with mild or no dementia). However, in general, the 
location parameters of priors must be specified on the scale of the 
linear predictor (as log-odds), not as OR. Therefore, we converted our 
assumption to its log-odds value, which is approximately 1.25 for 
severe dementia ( 1.25 ~ 3.5e ). The same logic of transformation would 
also apply for other generalized regression models, like Poisson regres-
sion. The agnostic prior location is in general set to zero, thereby not 
requiring any further prior knowledge. The skeptical prior is set 
exactly to the negative of the believer prior, which is −1.25. This spe-
cific value is not arbitrary. Rather, it indicates the strict opposite of the 
optimistic belief, useful to test the sensitivity of prior choice.

Next, we incorporated existing knowledge about the outcome 
itself. This is accomplished by placing a prior on the model’s intercept. 
Because we are using dummy coding for ‘dementia’, the model’s inter-
cept represents the baseline probability of a fall for our reference cat-
egory, patients with mild or no dementia. While research shows that 
fall rates in dementia patients can vary widely (from 10% up to 40%), 
some studies suggest a narrower probability of 10–15% (Tängman et 
al., 2010; Davey et al., 2024). Based on this, we assumed that the prob-
ability of falling is higher for patients with severe dementia than for 
those with mild or no dementia (the reference category, represented 
by the intercept). For this example, again simplifying, we therefore 
chose a 5% probability of fall for our reference category. Again, since 
logistic regression models work on the log-odds scale, we had to con-
vert this percentage. A 5% probability translates to a log-odds value of 
approximately −2.95, which we then used as the prior location for the 
intercept (R code to calculate the log-odds: qlogis(0.05)).

It is important to remember that Bayesian priors do not treat these 
location parameters as rigid, frequentist point estimates. Rather, they 
serve merely as the center of the distribution. The advantage of priors 
is to take the uncertainty found in the literature into account (e.g., the 
spread of ORs from 1.89 to 3.89, or the varying fall rates of 10 to 40%), 
which is handled by the prior’s scale parameter, which is detailed in 
the following section.

2.2.3.2 Finding appropriate scale parameters for the prior 
distributions

For severe dementia, we tested three different levels of uncertainty 
(scale parameters) in our prior specification. The wide (minimally 
informative) prior scale was set to 2.5, which corresponds to the 
default scale utilized by the rstanarm package when no prior distribu-
tions are specified for a parameter. This value is derived from estab-
lished recommendations for weakly informative priors in logistic 
regression, which assigns low probabilities to unrealistically extreme 
effect sizes but still allows for a wide range of plausible effect sizes 
(Gelman et al., 2008). To ensure the prior remains appropriately 
weakly informative regardless of the original metric of the data, the 
package internally automatically scales this parameter based on the 
standard deviation of the predictor (e.g., adjusting the scale to 2.5 / (2* 
SD) for continuous numeric predictors, Gelman et al., 2008). The 
narrow prior scale utilized a value of 0.5, reflecting a moderate degree 
of uncertainty. This is the recommended scale for logistic regression 
models (Ghosh et al., 2018). This value implies that we have a prior 
belief the true OR for severe dementia ranges between about half 
( =1.28OR , the 5th prior quantile) and more than twice ( = 9.59OR , 
the 95th prior quantile) the size of our most likely estimate [location 
parameter, OR = 3.5; R code to calculate the interval: exp(1.25 + 0.5 * 
qt(c(0.05, 0.95), df = 5))]. The ultranarrow (maximally informative) 

prior scale is set to 0.2, chosen for illustrative purposes to represent 
highly confident beliefs. The value of 0.2, for example, creates a very 
strong prior that assumes the true OR is almost certainly between 2.34 
and 5.24, which is a very high degree of certainty.

A scale parameter of 0.5 was chosen for the prior for the intercept, 
reflecting a reasonable degree of uncertainty (Ghosh et al., 2018). This 
allows the probability of a fall (for the reference group, mild or no 
dementia) to plausibly range from approximately 2 to 13% [R code to 
calculate these probabilities: plogis(qlogis(0.05) + 0.5 * qt(c(0.05, 0.95), 
df = 5))], capturing a realistic spectrum of incidence rates across dif-
ferent hospital settings.

2.2.3.3 Finding an appropriate prior distribution

The selection of a prior distribution should be guided by the plau-
sible region of possible parameter values. For instance, while a normal 
distribution is suitable for regression coefficients that can either be posi-
tive or negative, this is inappropriate for parameters that are strictly posi-
tive, such as variance components for random effects. In such cases, a 
distribution that is only defined for positive values, like the Gamma 
distribution, is a more logical choice. With the parameters in our case–
control study, effect sizes can plausibly be negative or positive.

For logistic regression models, studies suggest that a Student’s 
t-distribution with five degrees of freedom is more appropriate than a 
normal distribution (Ghosh et al., 2018). For this distribution, we 
know that 63% of the probability mass lies within +/− 1 scale unit of 
a distribution (see Figure 2). Thus we can say that—if we use a 
(narrow) unit scale of 0.5—we believe the most likely outcome is an 
OR of 3.5 (the location parameter), but we assume there is a high 
chance (of 63%) that the outcome could range from 2.12 ( ( )−log 3.5 0.5e )  
to 5.77 ( ( )+log 3.5 0.5e ). Other ORs are also plausible, but less likely 
(see Figure 2).

2.2.3.4 Summary of regression model specification and 
prior distributions

The notation of the regression model was specified as follows. Let 
iY  be the binary outcome indicating whether patient i experienced a 

fall or not. We assume iY  follows a Bernoulli distribution with proba-
bility iP :

	 ( )~i iY Bernoulli P

The log-odds (logit) of a fall event was modeled as follows, where 
β2 indicates the coefficient for “severe dementia” (our predictor of 
interest):

	

( ) ( )
( ) ( ) ( )
( ) ( ) ( )

β β

β β β
β β β

 
= = + + − 

+ + +
+ +

0 1

2 3 4

5 6 7

ln  
1

 
 

i
i i

i

i i i

i i i

P
logit P moderate dementia

P
severe dementia age sex
length of stay CCI Barthel

The generic notation of the Student’s t-prior with 5 degrees of 
freedom is ( )θ ν µ σ~ , ,t , where v (nu) are the degrees of freedom, μ 
(mu) refers to the prior location and σ (sigma) to the prior scale. The 
priors for the full logistic regression model were specified as follows, 
for wide, narrow and ultranarrow scales:
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	a)	 Intercept (baseline fall risk): ( )−~ 5, 1.9,0.5Intercept t
	b)	 Predictor of Interest (“severe dementia”): Let θ be the coeffi-

cient for severe dementia.

	a	 Believer priors: ( ) ( )θ θ~ 5,1.25,2.5 , ~ 5,1.25,0.5 ,t t   
and ( )θ ~ 5,1.25,0.2 .t

	b	 Agnostic priors: ( ) ( )θ θ~ 5,0,2.5 , ~ 5,0,0.5 ,t t   
and ( )θ ~ 5,0,0.2 .t

	c	 Skeptical priors: ( )θ −~ 5, 1.25,2.5 ,t  
 ( )θ −~ 5, 1.25,0.5 ,t  and ( )θ −~ 5, 1.25,0.2 .t

	c)	 All other predictors in the model were assigned the standard, 
weakly informative default prior from the rstanarm 
package, ( )θ ~ 5,0,1 .t

2.2.4 Validating formal priors with prior predictive 
checks

Thus far, our prior specifications have been derived from previ-
ous research (informing location parameters) and methodological 
recommendations for logistic regression (informing parameters 
such as scale and degrees of freedom). However, it is crucial to 
verify whether these mathematical definitions accurately represent 
the assumed underlying reality. Domain knowledge suggests that 
the probability of a fall likely ranges between 5 and 29%, and that 
patients with severe dementia face higher odds of falling compared 
to those with mild or no cognitive impairment. These expectations 
must be consistently reflected in the prior distribution (van de 
Schoot et al., 2021; Gabry et al., 2019).

One common method to validate our priors is the prior predictive 
checking, where data is sampled from the model using only the prior 
distributions (prior predictive distribution), before any observed data 
is considered. By visualizing the prior predictive distribution, 

researchers can assess whether their chosen priors generate plausible 
data, providing a crucial sanity check on the model’s assumptions and 
their consistency with domain knowledge.

To perform a prior predictive check, one can simply adjust the 
call to the model fitting function to sample solely from the prior 
distribution. From there, we predict the probability of a fall event 
relative to the predictor of interest, dementia severity. The resulting 
pattern shows whether the chosen prior distribution aligns with 
our real-world assumptions. For this tutorial, we show the prior 
predictive checks for the believer, agnostic and skeptical prior 
using the recommended narrow scale of 0.5, and additionally an 
inappropriate prior specification [weakly informative prior speci-
fied as normal distribution with large variance, ( )0,5N ], to illus-
trate the visual distinction between a well-calibrated prior and a 
misspecified one.

2.2.5 Statistical inference and decision rules

In alignment with the Bayesian Analysis Reporting Guidelines 
(Kruschke, 2021), it is necessary to clarify our approach to statisti-
cal inference. Because the primary pedagogical goal of this tutorial 
paper is to illustrate the regularizing impact of prior distributions, 
we did not adopt a dichotomous decision rule for hypothesis testing 
(e.g., utilizing Bayes Factors, Regions of Practical Equivalence 
(ROPE), or Bayesian p-values). Instead, our inference relies on con-
tinuous estimation. We summarize the posterior distributions 
using the posterior median as our point estimate for the Odds 
Ratios (OR) and the 95% equal-tailed credible interval to quantify 
uncertainty. We maintained the OR scale because it is a familiar 
measure of effect size for clinical and psychological research. 
Furthermore, prior predictive checks were employed exclusively to 
validate the plausibility of the prior space (see Section 3.2.4), rather 
than serving as an inferential test of the posterior.

FIGURE 2

Probability mass for Student’s t-distribution with 5 degrees of freedom. The distribution illustrates the expected spread of plausible parameter values for 
a standardized scale. Dashed lines indicate the boundaries capturing approximately 63, 82, 95, 98, and 99% of the probability mass, showing how 
chosen scale parameters constrain the expected effect sizes.
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3 Results

Figure 3 illustrates how the posterior median, or the estimated 
effect size, is influenced by sample size, prior location (the initial 
“guess”), and prior scale (the level of certainty). The results show that 
when priors are very certain (ultranarrow or narrow scale), the mod-
el’s estimate is strongly pulled toward the prior’s location, especially 
for small sample sizes. As the sample size increases, the data gains 
influence, and the estimates gradually converge toward the true effect 
of 0.3. Conversely, with less certain priors (medium or wide scale), the 
data has a much stronger impact, and the estimates are consistently 
close to the true effect, even with smaller sample sizes, regardless of 
the initial prior location.

The results from the case–control study demonstrate the impact 
of prior specification on model outcomes, as detailed in Table 1 and 
illustrated in Figure 4. The standard frequentist logistic regression 
produced a very large odds ratio (OR) of 8.87 for the effect of severe 
dementia on fall risk, but with an extremely wide confidence interval 
of 1.66–165.19. The Bayesian models show how different prior 
assumptions systematically influence the results. When using 
“believer” priors obtained from the existing literature, a wide scale 
produced an OR of 8.36, close to the unstable frequentist result. As the 
prior became more informative with a narrow scale, the OR was regu-
larized to a more plausible 4.01 with a substantially tighter credible 
interval (1.98–69.57). The agnostic prior, which is more conservative, 
reduced the OR to 6.90 even with a wide scale and shrinking it further 
to 1.85 (narrow scale) and 1.23 (ultranarrow scale). Using a skeptical 

prior to assume a protective effect, the wide scale still produced a large 
positive OR of 5.77. This effect was shrunk to just 1.23 and 0.61 under 
narrow and ultranarrow skeptical priors, respectively. Figure 4 visually 
confirms these patterns, showing the posterior distribution (in blue) 
being pulled from the data’s likelihood toward the specified prior dis-
tribution (in orange). The stronger the prior (i.e., the narrower the 
scale), the more influence it exerts.

Figure 5 demonstrates results from prior predictive checks. The 
overlaid boxplots emphasize the distribution of the probability mass 
of the prior predictive distributions. This visualizes how all three 
priors allow for a wide range of probabilities, with lower probabilities 
of falling generally being more likely. The believer prior tends to assign 
higher fall probabilities to patients with severe dementia, the agnostic 
prior gives approximately equal probabilities to all three dementia 
groups, while the skeptical prior gives higher fall probabilities to those 
with mild or no cognitive impairments. Finally, the inappropriate 
prior (right panel) demonstrates poor calibration by polarizing the 
predictions. It pushes probability mass almost exclusively to the 
extremes of 0 and 1, leaving the plausible middle range largely 
unsupported.

4 Discussion

The aim of this paper was to demonstrate the impact of different 
prior distributions and to provide a practical guide for choosing them. 

FIGURE 3

Posterior median by sample size, prior location and prior scale for true effect of 0.3. Results from 100 regression models with simulated data for each 
combination of sample size, location, and scale. Narrower prior scales strongly pull estimates toward the prior location at smaller sample sizes. As 
sample size increases, the data dominates the prior, allowing the estimates to converge on the true effect regardless of the initial prior location.

https://doi.org/10.3389/fpsyg.2026.1856582
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Lüdecke et al.� 10.3389/fpsyg.2026.1856582

Frontiers in Psychology 09 frontiersin.org

Through a simulation study and a case–control tutorial, we high-
lighted how the careful specification of priors—particularly the scale 
and location parameters—can lead to more stable and credible results. 
Our findings underline that transparently chosen informative priors 
are especially useful in scenarios with small sample sizes or sparse 
data, which are common in psychology, medical and public health 
research.

The simulation study provided insights into the interplay between 
prior influence and sample size. The results clearly showed that maxi-
mally informative (i.e., narrow scale) priors exert considerable influ-
ence on posterior estimates when data is sparse, pulling the results 
toward the prior location. With a larger sample size, the influence of 
the prior distribution diminished while the impact of the data 
increased, and the estimates converged toward the true effect. 
Conversely, weakly, minimally informative (i.e., wide scale) priors 
allowed the data to dominate the inference regardless of sample size. 
This finding is critical as it illustrates a fundamental concept for 
researchers: the prior acts as a regularizing force and its strength must 
be weighed against the strength of the available data. For studies with 
limited sample sizes, a well-justified informative prior can prevent a 
model from producing highly uncertain or implausible estimates. 
However, regularization should not be applied naively. Informative 
priors should be carefully justified to avoid artificially suppressing 
uncertainty in situations where a genuine lack of knowledge exists.

The case–control study served as a practical tutorial, demonstrat-
ing the application of priors in logistic regression, a common choice 
in psychological, medical or public health research for binary out-
comes. The frequentist model yielded an OR with an extremely wide 
confidence interval, making the result nearly uninterpretable. This 
happens when data is sparse or when we only have very few observa-
tions within one group (in this case: severe dementia; Clark et al., 
2023). By incorporating knowledge from the literature into a moder-
ately informative “believer prior” (assuming an OR of 3.5, loca-
tion = 1.25 with a scale of 0.5), we obtained a plausible OR of 4.01 with 

a substantially narrower and more precise credible interval. Hence, 
even with an adequate overall sample size, in cases of (near) complete 
separation, the use of informative priors offers a robust alternative to 
often unstable classical maximum likelihood estimation. The tutorial 
further demonstrated how to formally assess the finding’s robustness 
by testing it against “agnostic” (location = 0) and even “skeptical” 
(location = −1.25) priors. Notably, even when the prior assumed a 
protective effect, the impact of the data was strong enough to produce 
a positive OR when the scale was wide, underscoring the strength of 
the observed association. Only the ultranarrow scale for the skeptical 
prior yielded an OR lower than 1 for the median of the posterior 
distribution.

This use of priors can be seen as the Bayesian equivalent of fre-
quentist regularization. A well-established frequentist approach is 
Firth’s logistic regression, which employs a so-called penalized likeli-
hood method that effectively shrinks the coefficients, correcting the 
bias introduced by separation (Clark et al., 2023; Firth, 1993). The 
Bayesian approach achieves the same results by specification of priors. 
Priors inherently act as a form of regularization, preventing model 
parameters from diverging to infinity and pulling estimates toward 
more plausible values (Mansournia et al., 2018). This reveals that the 
use of an informative prior is not purely subjective. Firth’s correction 
is equivalent to a Bayesian analysis that uses a specific, non-informa-
tive prior known as the Jeffreys’ invariant prior (Gelman et al., 2008; 
Kosmidis and Firth, 2021). Other penalized regression methods also 
have direct Bayesian interpretations; for example, ridge regression cor-
responds to placing a normal (Gaussian) prior on the regression coef-
ficients, while LASSO regression is analogous to a Laplace prior 
(Šinkovec et al., 2021; Tibshirani, 1996). Unlike Firth’s correction or 
ridge regression, which use very generic priors, the Bayesian frame-
work allows researchers to incorporate more specific, context-depen-
dent information to achieve more accurate and justifiable 
regularization. This makes the Bayesian approach highly relevant even 
for researchers primarily trained in frequentist methods.

The simulation study’s core finding—that the influence of the 
prior diminishes as sample size increases—is a foundational concept 
in Bayesian statistics. For large sample sizes, the information from the 
data comes to dominate the prior distribution. As a result, the poste-
rior distribution converges toward the maximum likelihood estimate, 
becoming robust to the specific choice of the prior. This finding is in 
line with other simulation studies that consistently show that with 
smaller samples, posterior results more heavily rely on the prior speci-
fication (Van De Schoot et al., 2015; Jones et al., 2022). As our simula-
tion demonstrates, a biased or misspecified prior (e.g., with location 
−0.6 when the truth is 0.3) has a substantial effect on the posterior 
when the sample size is very small. Our simulation provides an acces-
sible guide to how priors can be leveraged to provide stability and 
guard against unreasonable or highly uncertain estimates in such situ-
ations (Thirard et al., 2020). Especially for small samples, we recom-
mend conducting a sensitivity analysis by comparing results from 
different prior specifications (e.g., the believer, agnostic, and skeptical 
priors from our case study).

Prior elicitation should be accompanied by visual checks, so 
called prior predictive checks. These serve as a sanity check to vali-
date our formal priors. The believer prior favored higher fall risks 
for severe dementia, while the skeptical prior favored the reverse. 
This visualization step revealed that our priors were distinct and 
operated as intended, validating that the mathematical definitions 

TABLE 1  Odds Ratio and equal-tailed 95% confidence/credible intervals for the coefficient 

“severe dementia,” for frequentist logistic regression model and the nine Bayesian models with 

different prior information.

Model OR (severe 
dementia)

95% CI

Frequentist log. 

Regression

8.87 1.66–165.19

Believer prior location

Wide scale 8.36 1.98–69.57

Narrow scale 4.01 1.99–8.78

Ultranarrow scale 3.59 2.42–5.55

Agnostic prior location

Wide scale 6.90 1.59–53.06

Narrow scale 1.85 0.89–4.78

Ultranarrow scale 1.23 0.85–2.28

Skeptical prior location

Wide scale 5.77 1.43–42.89

Narrow scale 1.23 0.49–4.08

Ultranarrow scale 0.61 0.31–1.63
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(location and scale) aligned with our assumptions about the rela-
tionship between dementia severity and fall risk that we wanted 
to test.

A primary concern for researchers is the perceived subjectivity of 
prior selection. This is often seen as a threat to scientific objectivity, 
leading many researchers to default to so-called “non-informative” 
priors to let the data “speak for itself ” (Banner et al., 2020; Stefan et 
al., 2022). However, any statistical analysis, whether Bayesian or fre-
quentist, is built upon assumptions that are “subjective” in the sense 
that they are chosen by the researcher based on background knowl-
edge. In this regard, Bayesian analysis is no more subjective than fre-
quentist approaches. Our work demonstrates that, particularly within 
the Bayesian framework, this critique of subjectivity can be mitigated 
through transparency and explicit justification (Gelman and 
Hennig, 2017).

But what if no prior research or expert opinion is available? Non-
informative (flat, uniform) priors should be avoided in certain 

situations. For instance, as we have seen in our case–control study, 
data sparsity or (near-) complete separation can lead to the unstable 
and misleading estimates produced by maximum likelihood (which is 
equivalent to a Bayesian model with flat priors; Gelman et al., 2008; 
Clark et al., 2023). The recommended minimum is a weakly informa-
tive (“agnostic”) prior (van de Schoot et al., 2021; Banner et al., 2020; 
Stan Development Team, 2026). These priors are conservative because 
they gently “pull” the estimated effect toward zero, decreasing the risk 
of type I Error (i.e., incorrectly concluding that an effect exists when 
the true effect is zero). However, the pull is weak because the wide 
scale only rules out extreme, highly unlikely values, providing a subtle 
form of regularization (Goodrich et al., 2024; Stan Development 
Team, 2026). It should be noted, however, that a flat prior is accept-
able, for instance, if you know that data sparsity or (near-) complete 
separation is not a problem. In such cases, results from frequentist and 
Bayesian models are often very similar (van de Schoot et al., 2021; 
Jones et al., 2022).

FIGURE 4

Prior and posterior distributions for the effect of severe dementia on fall risk. Results from the case–control study are shown on the log-odds scale 
across varying prior locations (believer, agnostic, skeptical) and prior scales (wide, narrow, ultranarrow). As the prior scale becomes narrower, it exerts 
stronger regularization, pulling the posterior distribution closer to the prior location.
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Based on our simulation study and practical tutorial, and formerly 
recommendation on eliciting priors, we propose the following guide-
lines for choosing informative priors in statistical modeling (Table 2; 
van de Schoot et al., 2021; Zondervan-Zwijnenburg et al., 2017; 
Lemoine, 2019):

4.1 Limitations

This study has some limitations. The simulation was constrained 
to specific models and prior distributions, and its findings may not 
generalize to all contexts. Similarly, the case–control study represents 
a single, albeit illustrative, example of prior elicitation. Future research 
should focus on developing clearer guidelines for prior selection 
across different types of models and research fields. Investigating data-
driven or automated approaches to prior elicitation could also be valu-
able, especially when expert knowledge is limited. For instance, there 
are recent developments regarding prior-sensitivity analysis that help 
detecting misspecified priors or when information from data is scarce 
(Kallioinen et al., 2024). We showed one such method, the prior pre-
dictive checks. However, we only demonstrated a convenient way to 
carry out these validation steps. There are further, more advanced 
ways to conduct prior predictive checks that also involve data simula-
tion (van de Schoot et al., 2021; Gabry et al., 2019). Similarly, our 
tutorial does not cover other formal approaches for creating informa-
tive priors, such as the power prior. This approach is common in fields 
like clinical trials where data from a specific, similar previous study is 
available. Instead of using a literature review to form a general belief 
(like in our case study), the power prior directly incorporates the 
actual data from previous studies (Ibrahim et al., 2015). Finally, pro-
viding a comprehensive, step-by-step framework for model selection 
and formal hypothesis testing falls beyond the scope of this paper. For 

researchers seeking advanced guidance on moving from sensitivity 
analyses to final decision-making or formal Bayesian hypothesis test-
ing, we direct readers to more comprehensive textbooks on Bayesian 
data analysis (Gelman et al., 2014; Kruschke, 2015; McElreath, 2016).

5 Conclusion

Bayesian methods offer a powerful and flexible framework for 
analyzing complex data, particularly in situations with small sample 
sizes. The ability to incorporate prior knowledge through prior distri-
butions provides significant advantages in terms of regularization, 
model stability, and interpretability. This study demonstrates the 
impact of prior specification in Bayesian regression modeling, provid-
ing a practical tutorial and simulation study. We recommend that 
researchers carefully consider the choice of prior distributions, lever-
aging prior knowledge and assessing the sensitivity of results to prior 
specification.

Future research could explore the development of more auto-
mated or data-driven approaches for prior elicitation, particularly 
in situations where expert knowledge is scarce. Investigating the 
performance of different prior selection strategies across a wider 
range of model types and data structures would also be beneficial. 
Furthermore, the broader implementation of the principles and 
proven methods of Bayesian modeling in psychology and medical 
research should be encouraged. It is important to address concerns 
about “subjective arbitrariness” by highlighting that scientific stud-
ies often include subjective decision-making, with or without a 
Bayesian approach—highlighting the responsible application of 
statistical methods.

FIGURE 5

Prior predictive checks for the case–control study. The plots show the simulated prior predictive distributions of fall probabilities across the three 
dementia severity groups, with overlaid boxplots highlighting the median and interquartile ranges of the probability mass. The rightmost panel 
demonstrates an inappropriate, poorly calibrated prior that incorrectly pushes the probability mass to the absolute extremes of 0 and 1.
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