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The overall aim of the thesis is to investigate how to optimize the design and analysis 
of randomized and non-randomized therapeutic studies, in order to increase the valid-
ity and reliability of causal treatment effect estimates, specifically in heterogeneous 
diseases.

Two specific research questions were addressed:
1)	 What are the benefits of more advanced statistical analyses to estimate treatment 

effects from RTCs in heterogeneous diseases?
a.	 What is the heterogeneity in acute neurological diseases with regard to baseline 

severity and further course of the disease?
b.	 What is the potential gain in efficiency of covariate adjustment and proportional 

odds analysis in RCTs in Guillain-Barré syndrome (GBS)?

We found substantial heterogeneity in the clinical severity and course in the acute stage 
and during follow-up of two well-defined acute neurological diseases (both GBS and 
traumatic brain injury (TBI)). Also, we found that covariate adjustment and proportional 
odds analysis most efficiently use available RCT data in such heterogeneous diseases 
and ensure balance between the treatment arms to obtain reliable and valid treatment 
effect estimates in RCTs in GBS.
2)	 What is the validity and reliability of the RD design compared to an RCT to estimate 

causal treatment effects?
a.	 What are threats to the validity of the RD design to estimate treatment effects com-

pared to an RCT?
b.	 How efficient is the RD design to estimate treatment effects compared to an RCT?
c.	 What are the potential benefits of an alternative assignment approach in an RD 

design?

For the second research question we found that the RD design may provide similar 
but substantially less precise treatment effect estimates compared to an RCT. Most 
important threats to validity of the RD design include misspecification of the functional 
form of the relationship between the assignment variable and outcome measure in the 
analysis and wrong assumptions on the heterogeneity of the treatment effect over the 
range of the assignment variable. We found that the RD design may provide similar but 
substantially less precise treatment effect estimates compared to an RCT. An RD design 
requires at least 2.75 times as many patients compared to an RCT to estimate the same 
precise treatment effects. Compared to an unadjusted analysis, the efficiency of an RD 
design could be increased by using an assignment variable with a low correlation with 
the outcome of interest. However, the relative efficiency compared to an adjusted analy-
sis of the treatment effect in an RCT, was not dependent on the correlation between the 

General discussion 3



treatment assignment variable and outcome since the adjustment affects the efficiency 
of an RCT as well.

In this chapter, the results of the studies are discussed with their implications. We also 
make recommendations and draw some overall conclusions.

Randomized controlled trials

RCTs are the reference standard to study the efficacy of medical interventions. However, 
especially in heterogeneous and rare neurological diseases it is a challenge to include a 
sufficient number of patients in an RCT to reach a sufficient statistical power to be able 
to detect statistically significant treatment effects. Moreover, due to the heterogeneity 
in clinical severity and outcome, small differences in baseline risk on outcome between 
the treatment arms may influence the estimated treatment effect.

Heterogeneity in Guillain-Barré syndrome
In chapter 2 we found that hospital admissions highly varied between patients with 
GBS, especially with regard to the number of hospital transfers and disease-related 
costs. GBS is a complex disorder because of the various stages in the disease course 

Table 1. Main research findings

Question Answer

What is the heterogeneity in acute 
neurological diseases with regard to 
baseline severity and further course of the 
disease?

We found substantial heterogeneity in the clinical severity and 
course in the acute stage and during follow-up of two well-defined 
acute neurological diseases (both GBS and traumatic brain injury 
(TBI)).

What is the potential gain in efficiency of 
covariate adjustment and proportional 
odds analysis in RCTs in Guillain-Barré 
syndrome (GBS)?

We found that covariate adjustment and proportional odds 
analysis most efficiently use available RCT data in such 
heterogeneous diseases and ensure balance between the 
treatment arms to obtain reliable and valid treatment effect 
estimates in RCTs in GBS.

What are threats to the validity of the 
RD design to estimate treatment effects 
compared to an RCT?

Most important threats to validity of the RD design include 
misspecification of the functional form of the relationship 
between the assignment variable and outcome measure in the 
analysis and wrong assumptions on the heterogeneity of the 
treatment effect over the range of the assignment variable.

How efficient is the RD design to estimate 
treatment effects compared to an RCT?

We found that the RD design may provide similar but substantially 
less precise treatment effect estimates compared to an RCT. An RD 
design requires at least 2.75 times as many patients compared to 
an RCT to estimate the same precise treatment effects.

What are the potential benefits of an 
alternative assignment approach in an RD 
design?

Compared to an unadjusted analysis, the efficiency of an RD 
design could be increased by using an assignment variable with a 
low correlation with the outcome of interest. However, the relative 
efficiency compared to an adjusted analysis of the treatment effect 
in an RCT, was not dependent on the correlation between the 
treatment assignment variable and outcome since the adjustment 
affects the efficiency of an RCT as well.
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that require different health care facilities, ranging from an intensive care unit in the 
progressive phase and a rehabilitation unit in the recovery phase. Moreover, the clinical 
course and related need of these facilities highly varies between patients, ranging from 
short term admissions at medium care units to admissions to intensive care units and 
rehabilitation units for months to even years. The complexity is reflected in the high 
frequency of transfers between departments and hospitals, especially shortly after 
initial admission. Transfers within and between hospitals were frequent: 40% of the 
patients were transferred at least one time and half of them were transferred within 
two days of initial admission. Moreover, in 25% of the cases, the admission may have 
been suboptimal form a cost-effectiveness perspective, including admission to other 
than (pediatric) neurology departments or ICUs, admission of mildly affected patients 
to ICUs and transfers shortly after the initial admission. The related costs were highly 
variable between patients and mainly associated with the severity of disease (Figure 
1). These findings are important with regard to designing future GBS studies. The large 
heterogeneity should be taken into account when designing an RCT in GBS.

Table 2. The pros and cons of RCTs and RD designs.

Challenge RCT RD Recommendation

Selection of patients Well-defined; still 
heterogeneous

Observational; focus 
on cut-off point

Selection in RCT based on subject 
knowledge; in RD based on 
treatment guidelines

Numbers of patients Relatively small Larger, but small 
around the point of 
interest

In RCTs covariate adjustment and 
more powerful statistical analyses; 
in RD using assignment variables 
that are feasible in clinical practice 
to facilitate patient inclusion

Comparability Causal inference possible 
by randomization, but 
differences may occur in 
baseline risk by chance

Causal inference 
possible around 
the cut-off point; 
more speculative for 
patient further from 
the cut-off point

Interpret treatment effect estimates 
from RCTs as global estimates; 
interpret treatment effect estimates 
from RD designs primarily as local 
estimates

Treatment effect 
heterogeneity

Both treatment arms 
available over the full 
range of the population; 
treatment effect 
heterogeneity can be 
tested, sample size may 
be insufficient to detect 
significant treatment 
effect heterogeneity

Treatment groups 
each have data 
on only one side 
of the cut-off, 
the assumptions 
required to estimate 
the global treatment 
effect cannot be 
tested

Interpret treatment effect estimates 
from RCTs as global estimates; 
in RD, global treatment effect 
estimates from RD designs should 
only be presented secondary to 
local treatment effect estimates
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Heterogeneity in traumatic brain injury
It is known that the TBI patient population is highly heterogeneous with regard to base-
line severity and outcome. This hampers TBI research, especially estimation of treatment 
effects in RCTs. To choose the best prognostic variables to use in covariate adjustment 
in RCTs, studies on the prognostic value of a baseline variable on outcome should be 
used. We studied the prognostic value of major extracranial injury (MEI) on mortality in 
TBI patients. Our results in chapter 3 show that MEI is an important prognostic factor for 
mortality in TBI patients. However, the prognostic effect is dependent on the population 
studied. First the strength of the effect is heterogeneous over the range of the brain 
injury severity. The prognostic effect of MEI is larger in patients with mild TBI. Moreover, 
we found that the effect is dependent on the time of inclusion in a study. In the registry 
we used in our study, MEI is strongly associated with mortality after adjustment for age, 
Glasgow Coma Scale motor score and pupil reactivity. In broadly selected observational 
studies and an RCT, including TBI patients surviving the early stage after their injury, 
the incremental prognostic value of MEI compared to known predictors of mortality 
was limited. These results are important for example to identify prognostic variables 

Figure 1. Interquartile ranges (grey boxes), 95% confidence intervals (whiskers) and median (dark lines in 
middle of the boxes) of costs of hospital admission for different maximal GBS disability scores.
Excluded was one patient who died. Circles are (extreme) outliers. Maximal GBS disability score during hospital 
admission: 1 = minor symptoms, 2 = able to walk 10m unassisted but unable to run, 3 = able to walk over 10m 
open space with help, 4 = bedridden or chair bound, 5 = needs ventilation for at least a part of the day.
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for covariate adjustment, in the design of future TBI trials. The meta-analysis in chapter 
3 implicates specifically that MEI is an important prognostic factor to correct for when 
studying the effect of pre-hospital interventions, including all patients starting from the 
time of injury. In contrast it would be less urgent to consider MEI in studies assessing 
in-hospital interventions, including mainly patients with more severe brain injury and 
patients who survived the early phase after injury.

With regard to research question 1a we conclude in that hospital admissions for GBS 
patients are highly heterogeneous, with frequent transfers and higher costs for those 
with more severe disease. Also, MEI is an important prognostic factor for mortality in TBI 
patients; however, the effect varies by population.

To assess the benefits of more advanced statistical analyses to estimate treatment 
effects from RCTs in heterogeneous populations, we studied covariate adjustment and 
proportional odds analysis in GBS in chapter 4.

Covariate adjustment
Covariate adjustment is a statistical method that adjusts the treatment effect for base-
line risk on poor outcome in the treatment and control arms. When the treatment arms 
are unbalanced, the unadjusted estimate of the treatment effect may be different than 
when treatment arms are fully balanced. Also, when there are no differences in baseline 
risk, the adjusted estimates will be more extreme than the unadjusted estimates.(1) On 
expectation, covariate adjustment leads to more extreme treatment effect estimates 
(further away from β = 0 or odds ratio = 1) and larger standard errors for non-linear 
regression models.(2) Although the standard error is larger when covariate adjustment 
is applied, the statistical power increases.(3, 4) The p-values are a function of the treat-
ment effect estimates and standard error. The increase in treatment effect estimate 
will outweigh increased in standard error and the p-values will be lower compared to 
unadjusted analysis.(2)

Indeed, in chapter 4, we found increased standard errors in all adjusted analyses 
compared to the unadjusted analyses. The better prognosis in the treatment group 
decreased the treatment effect estimate β after covariate adjustment in the Plasma 
Exchange (PE) vs Intravenous Immunoglobulin (IVIg) (PE vs IVIg) trial in patients with 
GBS. In the IVIg and placebo versus IVIg and Methyl-Prednisolone (MP) (IVIg vs MP) trial 
in patients with GBS, the treatment group had a lower probability of favorable outcome. 
Therefore, in the IVIg vs MP trial covariate adjustment led to a larger β and a smaller p 
value.

When investigating the effectiveness of a medical intervention in rare and heteroge-
neous neurological diseases, such as GBS, one has to deal with limited sample sizes. In 
GBS trials, the outcome ‘minimal one grade improvement’ on the GBS disability score, 
is often used as primary endpoint and implicitly involves a form of covariate adjust-
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ment. The baseline disease severity of the patient is taken into account in the analysis 
by estimating improvement for each patient from his or her own starting position 
at admission. This principle of a measure of change between baseline and follow up 
seems attractive to control for baseline imbalance. However, analyzing change does not 
control for baseline imbalance caused by regression to the mean(5, 6); baseline values 
are negatively correlated with change because patients with high scores (more severely 
affected patients) at baseline generally improve more than those with low scores.(7) 
Therefore covariate adjustment with the absolute baseline value is still preferable over 
implicitly taking into account baseline severity in the outcome measure ‘improvement’ 
(Table 3). Moreover, disease severity at baseline is not the only relevant covariate. For 
example, age will be an important covariate in most diseases.

When designing a trial, the analysis plan should be precisely pre-specified, including 
the covariates that will be used for adjustment. Previous studies showed that the stron-
ger the effect of the covariates on outcome, the larger the increase in statistical power 
with covariate adjustment will be.(8-10) In GBS, predictors of outcome are relatively well 
known(11, 12) and therefore pre-specifying important baseline variables for covariate 
adjustment is possible in GBS trials.

Proportional odds analysis
Another, more advanced statistical method for analyses of outcome in RCTs is propor-
tional odds analysis. Proportional odds analysis optimally exploits the ordinal nature of 
outcome scales, which are frequently used as primary outcome measures in RCTs. The 
proportional odds analysis estimates the treatment effect on each cut-off of the ordinal 
outcome scale, instead of estimating the treatment effect on the difference between 
the averages scores in the treatment arms, as in linear regression. The proportional odds 
model results in a common OR, which is interpretable as a pooled or overall OR for the 
different cut-offs. The common OR can be interpreted as the average shift over the total 
ordinal outcome scale caused by the treatment under study.(13-16) Because the ordinal 
analysis uses the full ordinal outcome scale instead of one dichotomy, the variance will 
be smaller compared to binary analysis. This was confirmed in our study in chapter 4, 
where the proportional odds resulted in lower standard errors compared to the binary 
approaches.

In the PE vs IVIg trial in patients with GBS, the ORs for each cut-off were very similar 
and as a result the common OR was also similar. Thus, with a smaller SE, the p-value 
was lower. In contrast, in the IVIg vs IVIg+MP trial in patients with GBS, the ORs for each 
cut-off were more scattered. One explanation is chance: the ORs for the different cut-offs 
are uncertain, especially at the tails of the outcome scale where numbers are usually 
small. However, almost all binary ORs have confidence intervals that overlap. Another 
explanation is that the treatment effect is truly different for different cut-offs, although 
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this is considered unlikely for a disorder like GBS. In hindsight, the cut-off chosen in the 
reference approach (more than the other possible cut-offs) improvement appeared to 
be the optimal cut-off from a statistical perspective, since it was the only cut-off result-
ing in a significant treatment effect.

Proportional odds assumption
The common OR from a proportional odds analysis is formally valid if the ORs for each 
cut-off are the same. This is called the proportional odds assumption. We can, however, 
interpret the common OR as a summary measure of the treatment effect, even if the ORs 
differ per cut-off.(13, 17) In a recent RCT on decompressive craniectomy for traumatic 
intracranial hypertension, the common OR from the proportional odds model was not 
presented because the proportional odds assumption was violated; surgery strongly 
reduced mortality but at the cost of more vegetative state and severe disability.(18) In-
stead, the authors reported a descriptive analysis, ignoring the ordering in the outcome. 
The overall trial result was difficult to interpret. However, it is not the violation of the 
proportional odds assumption that complicates the interpretation of a proportional 
odds ratio, but the lack of consensus on the value judgment on the ordering of dead, 
vegetative state and severe disability in the ordinal scale. If there is agreement that each 
score on a certain scale is more favorable than a one point lower score, statistical test-
ing of the proportional odds assumption is redundant.(19) Proportional odds analysis 

Table 3. Characteristics of different methods of treatment effect analysis in GBS trials. Approach in BOLD is 
the recommended approach.

Takes into account 
baseline imbalance

Takes into account ordinal 
nature of the outcome measure

Unadjusted binary logistic regression on cutoff for 
GBS disability score

NO NO

Adjusted binary logistic regression on cutoff for 
GBS disability score

YES NO

Unadjusted binary logistic regression on ≥ 1 grade 
improvement on GBS disability score

PARTLY* NO

Adjusted binary logistic regression on ≥ 1 grade 
improvement on GBS disability score

YES NO

Unadjusted proportional odds logistic regression 
on GBS disability score

NO YES

Adjusted proportional odds logistic regression 
on GBS disability score

YES YES

Unadjusted proportional odds logistic regression 
on ∆ GBS disability score

PARTLY* YES

Adjusted proportional odds logistic regression on 
∆ GBS disability score

YES YES

*Only baseline GBS disability score, no other covariates
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allows sample sizes to be reduced substantially, even when the proportional odds as-
sumption is not met.(15) We encourage the use of proportional odds analysis for the 
primary analysis of treatment effect in RCTs with an ordinal outcome. For transparency, 
the binary odds ratios for each cut-off of the ordinal outcome should be presented, as 
in Figure 2 and chapter 4. If there is consensus on the ordering, the common OR can be 
presented and interpreted as a summary estimate of the treatment effect, regardless of 
violation of the proportional odds assumption.

In summary, covariate adjustment and proportional odds analysis most efficiently 
use the available RCT data and ensure balance between the treatment arms to obtain 
reliable and valid treatment effect estimates. These approaches merit application in 
future trials in rare and heterogeneous neurological diseases like GBS. For GBS, covariate 
adjustment should be applied with known predictors for (functional) clinical outcome, 
specifically age at diagnosis, presence of preceding diarrhea, GBS disability score and 
MRC sum score.(11, 12) Although covariate adjustment and proportional odds analysis 
increase statistical power, it is not advised to lower the sample size of the study, since in 
practice most trials are underpowered.

Regression discontinuity design

In some situations, an RCT might be complicated to perform, due to regulatory require-
ments, patients’ treatment preferences or (perceived) lack of equipoise. In such situa-
tion, data from observational studies may be used to estimate a treatment effect by 
comparing the clinical course in subgroups of patients receiving different treatments. 

Figure 2. Treatment effect analysis: forest plots of the adjusted binary and proportional odds logistic re-
gression in the IVIg + placebo vs IVIg + Methylprednisolon (IVIg vs MP) trial
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A major challenge in such observational studies of the effectiveness of treatment is 
to correct for unmeasured confounders. Estimating the causal relation between treat-
ment and outcome is often hampered by confounding by indication. It is stated that 
the quasi-experimental RD design is a promising design to assess the causal inference 
between a medical intervention and outcome.(20) The second part of this thesis focused 
on the validity and reliability of this alternative study design.

Causality in a regression discontinuity design
The controlled allocation of treatment is the most important advantage of a prospective 
RD design over an observational study. This characteristic of the design is similar to an 
RCT. In both an RCT as in a (prospective) RD design, we have good understanding of the 
mechanism of assignment of treatment.(21) In RCTs, treatment allocation is at random 
and in RD the assignment of treatment is based on a baseline assignment variable. 
Treatment effect estimates from an RCT can be interpreted as a causal relation between 
treatment and the outcome, because the treated and the control patients are exchange-
able. In an RD design the treated and the control patients are not exchangeable over the 
complete range of the assignment variable since they have a systematically different 
baseline value. In RD the treated and control patients are only replaceable around the 
cut-off of the assignment variable.(21, 22) Therefore, in an RD design, causal inference 
can only be made around the cut-off. This assumption can be tested, by showing a 
histogram of the treatment assignment variable, like is presented in the supplementary 
figures of chapter 6. Hahn et al.(23) shows that without this area of overlap, continuity in 
the assignment variable near the cut-off is sufficient to obtain unbiased estimates of the 
treatment effect. Visual inspection of the data can confirm that the assignment variable 
is continuous at the cut-off.(24)

Global vs. local treatment effect estimates
RD may provide similar estimates of treatment effects to RCT estimates, but it requires the 
assumption of a global treatment effect over the full range of the assignment variable. 
However, the causal treatment effect estimated in RD should be primarily interpreted as 
a local treatment effect estimate, around the cut-off. Even with comparable RCT and RD 
data, it might not be completely straightforward to compare estimates from an RCT and 
an RD design.(21) The overall RCT estimate is the average treatment effect in the whole 
RCT population.(2, 8, 25, 26) An RD estimate is a local treatment effect among patients 
at the cut-off and may vary dependent on the cut-off for treatment assignment.(27) Only 
when the treatment effect is constant over the full range of the assignment variable, the 
treatment effect estimate from an RD design can be interpreted as a global treatment 
effect estimate, and is comparable to the global RCT estimate.(21) In order to estimate 
a global treatment effect estimate in RD, one would have to feel confident modeling 
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the relationship between the assignment variable and the outcome even where it is not 
observed in the data.(21, 28, 29) In a prospective RD design, it is not possible to assess 
whether there is heterogeneity of the treatment effect over the range of the baseline 
assignment variable, since the treatment groups each have data on only one side of the 
cut-off. So, the assumptions required to estimate the global treatment effect cannot be 
tested in a prospective RD design. Therefore, we suggest that global treatment effect 
estimates from RD designs should only be presented secondary to local treatment effect 
estimates and not as the primary parameter of interest.

This thesis shows that when there is no interaction between the assignment variable 
and treatment – and thus a global treatment effect can be estimated – the results from 
the RCS or polynomial adjusted analyses and local logistic regression are more similar 
to each other than when there is treatment effect heterogeneity over the assignment 
variable. For example, in chapter 5 and 6, we found no interaction between treatment 
and the assignment variable in one of the validation studies and the results from both 
logistic regression with RCS adjustment and local logistic regression were similar in 
this example. In the other two validation studies in chapter 6, non-linear restricted 
cubic spline functions of the interaction of the intervention effects over the assignment 
variables showed interaction between the assignment variable and treatment, and the 
results from the analysis with local logistic regression and the RCS adjusted analyses 
were less similar.

In conclusion, RD may provide similar estimates of treatment effects to RCT estimates 
but requires the assumption of a global treatment effect over the full range of the as-
signment variable. This assumption is not verifiable within the RD design.

Efficiency of the RD design compared to an RCT
The RD estimates appeared to be substantially less efficient than RCT estimates. In 
chapter 5 and 6, we assessed the difference in efficiency of RD compared to an RCT for 
both continuous and dichotomous outcome parameters. For continuous outcomes, in 
terms of statistical precision, the RD with RCS adjustment was 1 to 4 times less efficient 
than an RCT for the local effects estimated. An RD design analyzed with adjusted logistic 
regression using RCS adjustment implies that 7 to 12 times more patients need to be 
included in the study compared to an RCT design. If one would analyze the RD design 
with local logistic regression, this study would need about 3 times more patients than 
an RCT. So, the local regression approach was more efficient compared to the adjusted 
logistic regression. In terms of efficiency, local logistic regression would be preferred to 
analyze an RD design.

In summary, the RD design provides substantially less precise treatment effect es-
timates compared to an RCT. When considering a prospective RD design, researchers 
need to weigh better recruitment against the substantial loss in precision.
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Efficient assignment approach in RD
In chapter 7 we assessed the potential efficiency of an alternative treatment assign-
ment strategy. When assignment in RD was close to at random, or based on a variable 
that poorly correlates with outcome, estimates were more efficient than RD based on 
a variable highly correlating with outcome. These comparisons were made with the 
unadjusted treatment effect estimate from a similarly-sized RCT. However, compared to 
an adjusted treatment effect estimate from an RCT, the (in)efficiency of the RD design is 
independent of the correlation between assignment variable and outcome measure. In 
the case study, RD estimates from assignment based on a random variable or variable 
poorly correlating with outcome were more similar to the global RCT estimates than 
the RD estimates from assignment based on a variable highly correlating with outcome. 
These findings show that the relative efficiency of the RD design is not dependent on the 
correlation between the treatment assignment variable and outcome. We recommend 
researchers to use assignment variables that are feasible in clinical practice but do not 
necessarily have a high correlation with outcome, to facilitate patient inclusion and 
optimize efficiency in a prospective RD design.

Fuzzy RD
So far, we have discussed a sharp RD; an RD design with full adherence to the cut-off for 
treatment assignment. There could be cases in which assignment to treatment does not 
adhere fully to the cut-off. This could especially be the case in settings where retrospec-
tive data would be available to estimate treatment effectiveness with an RD design. This 
may result in what is called a fuzzy RD.(30) If the threshold is fuzzy(31), this means that 
other considerations to allocate treatment came into play that leads to the suspicion of 
confounding by indication.(20) If the range of miss-assignment is confined around the 
threshold score to a narrow range, then patients within that range can be excluded. This 
solution may work well only if the range being excluded is narrow, otherwise it will be 
difficult to accurately model the regression line near the threshold.(30) Fuzzy RD shows 
similarities with instrumental variable (IV) analysis; some say fuzzy RD is a form of IV.(35) 
In IV analysis an instrument is used to mimic randomization. In fuzzy RD the adherence 
of treatment assignment according to the cut-off can be used as an instrument; the 
analysis of the treatment effect would in this case be similar to IV analysis in which two-
stage least squares (2SLS) regression analysis.

Potential applications of RD
Although RD with treatment assignment based on poorly correlating values with out-
come could result in more valid and efficient effect estimates, one can debate about 
the feasibility of such a prospective RD design. In clinical practice there would be more 
support to assign treatment to the patients with a high risk on poor outcome, because 
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these patients would have more absolute benefit of being treated, when the relative 
benefit is similar over the whole range of the assignment variable. However, an RD 
design with treatment assignment for high risk patients would be inefficient. Moreover, 
application of a prospective RD design on a single baseline measurement, like blood 
pressure or age, which would have in general a lower correlation with outcome than a 
complete prognostic model, could be more practical. In clinical practice, it is common 
that treatment is assigned based on a single baseline measurement, and this highly re-
sembles the RD design. A few examples (Table 4) could be thought of and are described 
in literature. For example eligibility of medical interventions that are assigned based 
on a low birth weight (babies weighing less than 1,500 g) cut-off.(24, 32) In TBI, it is 
recommended to treat patients with more aggressive therapy when intracranial pres-
sure rises above 22 mmHg.(33) In HIV patients, a CD4 count threshold rule is used to 
determine treatment assignment for immediate vs. deferred antiretroviral therapy.(24, 
31) Another example could be treatment assignment based on time, like is included in 
stroke guidelines. Patients with an onset-to-door time below six hours are treated with 
intravenous thrombolysis. Patients outside this timeframe are refrained from treatment. 
These are examples of treatment assignment in daily clinical practice that resemble a 
‘natural’ application of the RD design. Observational data of these examples could be 
used to assess the (local) effectiveness of treatment with a retrospective application of 
the RD design. Based on the studies in this thesis the recommendation would be to 
select an assignment variable that resembles clinical practice, but not to strive for a high 
correlation of the assignment variable with outcome by combining multiple variables in 
an assignment model.

There is also potential for RD to be used in public health.(20) Often public health in-
terventions are applied below or above a certain threshold. For example, public health 
interventions could be applied to a population below or above a certain age or income 
level. The effectiveness of such public health interventions could be assessed using an 
RD design.

Table 4. Examples of potential applications of the RD design.

Disease / condition Assignment variable Cut-off for treatment

Babies with low birth weight Birth weight < 1,500 g

TBI Intracranial pressure > 22 mmHg

HIV CD4 count < 350 cells/mm3

Acute ischemic stroke Onset-to-door time < 6 hours

High blood pressure Systolic blood pressure > 140 mmHg
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An example of application of the RD design in pediatric oncology care
The potential application of the RD design can furthermore be illustrated in the following ex-
ample/application. We aimed to assess the effectiveness of treatment in a specialized pediat-
ric oncology care compared to treatment in a regular hospital in pediatric oncology patients 
using an RD approach. Since 2018, all Dutch pediatric oncology patients are treated in one 
specialized pediatric oncology center in the country.(34) However, there is little evidence on 
whether treatment of pediatric oncology patients in specialized pediatric oncology centers is 
beneficial compared to treatment in a regular hospital. An RD approach was used to estimate 
the causal effect of being treated in a pediatric oncology center (treatment) on mortality 
compared to being treated with regular hospital care (control). Observational data between 
2004 and 2013 of all Dutch leukemia patients and patients with an astrocytoma with age at 
diagnosis between 0 and 24 years was available in the nationwide Netherlands Cancer Reg-
istry. Baseline age was used as assignment variable. A (fuzzy) cut-off value of an age at diag-
nosis below 17 years was used for treatment assignment in a specialized pediatric oncology 
center (Figure 3). The treatment effect on mortality in this RD design was analyzed using Cox 
regression with RCS adjustment for age. A sensitivity analysis using two-stage least squares 
(2SLS) regression analysis was performed correcting the fuzzy treatment assignment. Pre-
liminary results showed a significant beneficial effect of being treated in a pediatric oncology 
center compared to being treated with regular hospital care (Figure 4). A hazard ratio (HR) 
of 0.54 (95% Confidence Interval (CI): 0.34-0.88) for treatment on mortality was estimated, 
with RCS adjustment for age. 2SLS Cox regression showed an HR for treatment on mortality 
of 0.50 (95% CI: 0.29-0.86). Although this study using an RD design does not provide defi-
nite evidence on the effectiveness of treatment in specialized pediatric oncology centers, we 
can conclude that treatment of pediatric oncology patients in specialized pediatric oncology 
centers might be beneficial on mortality compared to regular hospital care.
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Figure 3. Histogram of the distribution of baseline age of patients treated in either pediatric oncology 
center or with regular hospital care.
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Implications, recommendations and practical guidelines

In summary, when it is feasible to randomize (enough) patients, a randomized design is 
preferred over a non-randomized design, to study the effectiveness of a medical inter-
vention. Based on this thesis, implications and specific recommendations can be made 
when designing a future RCT in a heterogeneous disease.
•	 Covariate adjustment and proportional odds analysis most efficiently use the avail-

able trial data and ensure balance between the treatment and control group to 
obtain reliable and valid treatment effect estimates. Both covariate adjustment and 
proportional odds analysis merit application in future trials in rare and heteroge-
neous neurological diseases like GBS.

•	 To apply covariate adjustment in future trials good knowledge of the prognostic 
value of baseline characteristics is crucial to pre-specify the covariate adjustment. 
These variables can be identified based on clinical experience and past literature on 
the prognostic value of baseline characteristics.

•	 The common OR from a proportional odds analysis is a fair representation of the 
overall effect of treatment on the (ordinal) outcome. Moreover, this approach is more 
efficient compared to the binary approach. Therefore, we recommend the use of the 
full ordinal outcome scale in future trials in rare and heterogeneous neurological 
diseases. The binary odds ratios for each cut-off of the ordinal outcome should be 
reported as well. The common OR can be presented and interpreted as a summary 
estimate of the treatment effect, regardless of violation of the proportional odds 
assumption, when there is consensus on the ordering of the outcome scale.
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Figure 4. Scatterplot of the probability on 5-year mortality (ignoring censoring) per age.
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However, when an RCT is impossible, an RD design can be considered and is (when 
applicable) preferred over an observational design to assess effectiveness of a medical 
intervention. Based on this thesis the following implications and recommendations for 
the use of RD in both epidemiologic and clinical research can be made:
•	 In an RD design we have full understanding of the allocation of treatment, in contrast 

to other observational studies. The treated and control patients are exchangeable 
around the cut-off of the assignment variable and this enables local causal inference.

•	 The RD design may result in similar treatment effect estimates compared to an RCT 
but showed to be substantially less efficient than the RCT estimates. The assump-
tion, of exchangeability of both treatment arms around the cut-off, can be tested, 
by showing a histogram of the treatment assignment variable. Without an area of 
overlap, continuity in the assignment variable near the cut-off is sufficient to obtain 
unbiased local estimates of the treatment effect.

•	 If it is possible to design a prospective RD design, we need sample sizes far larger than 
achievable in RCTs. Otherwise, large observational registry data should be available 
to apply a retrospective RD. Observational data of treatment assignment strategies 
in daily clinical practice that resemble a ‘natural’ application of the RD design could 
be used to assess the (local) effectiveness of treatment.

•	 With an RD design, cautious conclusions should be drawn with respect to treatment 
effectiveness. RD estimates should primarily be interpreted as local treatment ef-
fects since causal inference can most reasonably be drawn at the cut-off for treat-
ment assignment. Global treatment effect estimates from RD designs should only 
be presented secondary to local treatment effect estimates and not as the primary 
parameter of interest.

•	 The relative efficiency compared to an adjusted analysis of the treatment effect in an RCT, 
was not dependent on the correlation between the treatment assignment variable and 
outcome since the adjustment affects the efficiency of an RCT as well. When designing a 
prospective RD study, we recommend researchers to use assignment variables that are 
feasible in clinical practice but do not necessarily have a high correlation with outcome, 
to facilitate patient inclusion and optimize efficiency in a prospective RD design.

In conclusion, neurologic diseases are highly heterogeneous with regard to pathogenesis 
and natural disease course, severity and outcome. Both heterogeneity and small sample 
sizes can cause insufficient statistical power to detect true treatment effect in RCTs. 
Covariate adjustment and proportional odds analysis are solutions for these challenges.

Based on our findings it is recommended to consider an RD design only when it is 
infeasible to design randomized studies to assess the effect of treatment. The RD design 
may be a valid alternative to estimate local treatment effects, although this design is 
substantially less efficient than an RCT and only cautious conclusions can be drawn.
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