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ABSTRACT
Clinical trials for rare diseases face a fundamental mathematical challenge that conventional randomized controlled trial (RCT) 
designs cannot overcome. With approximately 95% of the estimated 10,000–16,000 rare diseases lacking approved therapies, 
and drug development programs failing at rates exceeding 75% in non-oncology indications, the field confronts a stark reality: 
Traditional trial designs demand patient numbers that simply do not exist. This perspective article examines the critical mis-
match between the statistical requirements of different trial designs (the “demand”) and the actual patient populations available 
for study (the “supply”). We demonstrate mathematically that alternative trial designs—particularly patient-as-own-control and 
natural history comparator models—can reduce required sample sizes by 5- to 20-fold while maintaining statistical rigor. We 
further point out that a substantial proportion of rare disease trial failures stem not from therapeutic inefficacy but from re-
cruitment and retention challenges inherent to underpowered RCT designs—challenges that are directly addressable through 
appropriately matched trial design. Given that most rare disease development programs receive only one opportunity to demon-
strate efficacy, the continued application of inappropriate statistical models represents both a scientific failure and an ethical and 
economic challenge to the rare disease community. We propose that regulatory agencies formalize acceptance of alternative trial 
designs for rare diseases, supported by explicit mathematical frameworks that transparently account for genetic heterogeneity, 
pediatric populations, and the statistical efficiency gains achieved through within-subject correlation.

1   |   Introduction

The randomized controlled trial (RCT) has been the corner-
stone of evidence-based medicine since Sir Austin Bradford 
Hill's seminal 1948 streptomycin trial for tuberculosis [1]. This 
design—characterized by random assignment to treatment or 
control groups, blinding, and concurrent controls—was engi-
neered to eliminate bias, control confounding variables, and 
establish causality with high statistical confidence. The concept 
of controlled comparison in medical research predates the mod-
ern RCT by more than 150 years. In 1784, a royal commission 

appointed by King Louis XVI—including Benjamin Franklin 
and Antoine Lavoisier—conducted what is often considered 
the first blinded controlled trial, designed to evaluate Franz 
Mesmer's claims of “animal magnetism.” Subjects were blind-
folded and exposed to either genuine or sham magnetic treat-
ments; when they could not distinguish between the two, the 
commission concluded that the purported effects were attribut-
able to imagination rather than any physical force. This foun-
dational experiment established the principle that therapeutic 
claims require controlled comparison to separate real effects 
from expectation and bias [2].
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For common diseases where patient populations are abundant 
and effect sizes often substantial, RCTs have proven remarkably 
successful, earning their designation as the “gold standard” for 
regulatory approval worldwide. However, when applied to rare 
diseases, the RCT's fundamental requirements become insur-
mountable obstacles.

Rare diseases are defined variably across jurisdictions, but all 
definitions share a common consequence: Most of the included 
patient populations are too small to power conventional trials. 
In the United States, a rare disease affects fewer than 200,000 
individuals; in the European Union, the prevalence must not 
exceed 5 per 10,000; in Japan, fewer than 50,000 patients na-
tionwide. Yet even these seemingly generous thresholds belie 
the true challenge. Among the more than 10,000 identified 
rare diseases, the vast majority affect far fewer patients—with  
80-90% classified as “extremely-rare” (prevalence < 1 per 100,000) 
and nearly 40% affecting fewer than 10 patients worldwide [3, 4].

The consequences of these small numbers are well docu-
mented. Analyses of clinical trial outcomes demonstrate that 
non-oncology orphan drug development programs fail at rates 
exceeding 75%, with a substantial proportion of these failures 
attributable to recruitment and retention difficulties—includ-
ing inadequate statistical power due to inappropriate trial de-
sign—rather than true lack of therapeutic efficacy [5–8]. The 
precise breakdown of failure causes varies across analyses and 
has not been comprehensively characterized in rare disease-
specific datasets, but recruitment and retention consistently 
emerge as leading contributors. This distinction is crucial: 
Many potentially effective therapies are abandoned not be-
cause they do not work, but because the trial design selected 
could not detect whether they worked. When a rare disease 
program fails due to inadequate statistical power, patients lose 
access to what might have been their only therapeutic option, 
and sponsors—often small biotechnology companies, patient 
organizations, or academic institutions—lack the resources to 
attempt a second trial.

1.1   |   Three Alternative Trial Designs

This perspective examines three trial designs that offer sta-
tistically rigorous solutions for rare disease research. The 
double-blind placebo-controlled randomized controlled trial 
(DBPCRCT) serves as our comparator—the traditional de-
sign in which patients are randomly assigned to receive either 
active treatment or placebo, with neither patients nor inves-
tigators aware of assignments. The patient-as-own-control 
design uses each participant as their own baseline compara-
tor, encompassing several subtypes: Crossover trials, in which 
patients receive both active treatment and placebo in random-
ized sequence with a washout period between; run-in designs, 
in which baseline measurements during a pre-treatment ob-
servation period are compared to post-treatment outcomes, 
particularly suited for irreversible interventions such as gene 
therapy; and within subject dose titration (also referred to 
N-of-1 trials, not to be confused with a treatment developed 
for just one patient) using treatment-withdrawal cycles to es-
tablish personal treatment response. The natural history (or 
external control) comparator design compares outcomes in 

treated patients to historical data from untreated individuals, 
including: Matched historical controls, in which treated pa-
tients are paired with historical patients based on demographic 
and clinical characteristics using propensity score matching; 
registry-based comparisons, which leverage established dis-
ease registries such as the Cystic Fibrosis Foundation Patient 
Registry to provide well-characterized control populations; 
and sibling or familial controls, particularly valuable in ge-
netic diseases where affected but untreated family members 
provide biologically matched comparators.

Choosing among these three designs requires matching sta-
tistical and practical characteristics to the disease context. 
Patient-as-own-control designs are most appropriate when 
treatment effects are reversible (crossover) or when stable 
pre-treatment baselines can be established (run-in), disease 
progression is predictable, and endpoints are continuous 
and objective. Natural history comparator designs are pre-
ferred when interventions are irreversible (particularly gene 
therapies), when a well-characterized natural history data-
set exists, or when crossover is not feasible due to persistent 
treatment effects. Natural history designs should be favored 
over crossover when carryover effects cannot be adequately 
addressed by a washout period, or when the disease trajectory 
is sufficiently well-characterized that historical controls pro-
vide reliable counterfactual estimates. Adaptive designs are 
appropriate when prior data are limited, and design parame-
ters—sample size, endpoints, patient selection—may require 
modification based on interim evidence. Importantly, effi-
ciency ratios between designs are constant across effect sizes: 
The fold-reduction from RCT to own-control remains approx-
imately 19× regardless of whether d = 0.25 or d = 1.0, because 
all formulas scale as 1/d2. The absolute number of required 
patients varies substantially with effect size; however, making 
the choice of design particularly consequential for diseases 
with small available populations.

1.2   |   The Challenge of Genetic Heterogeneity

Approximately 72% of rare diseases have identified genetic ori-
gins [9], yet even within a single genetic diagnosis, phenotypic 
expression varies enormously. Consider Duchenne muscular 
dystrophy (DMD): While all patients share dystrophin gene mu-
tations, the specific mutation, modifier genes, and epigenetic 
factors produce wide variation in disease severity, age of onset, 
and progression rate. In a traditional RCT comparing treated 
vs. control groups, this inter-individual variation manifests as 
“noise” that obscures treatment signals, requiring larger sample 
sizes to achieve statistical significance.

The patient-as-own-control design elegantly addresses this het-
erogeneity by using each patient as their own baseline compara-
tor. Because an individual's genetic background, modifier genes, 
and baseline disease state remain constant, comparing pre- and 
post-treatment measurements within the same patient elimi-
nates inter-individual variation entirely. The relevant correla-
tion (ρ) between repeated measurements on the same individual 
typically exceeds 0.85–0.95 for biological parameters, dramati-
cally reducing the variance of the treatment effect estimate and, 
consequently, the sample size required to detect that effect.
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1.3   |   The Pediatric Exclusion Problem

Compounding the challenge, 75% of rare diseases have pediat-
ric onset [9, 10], yet children are systematically excluded from 
clinical trials due to ethical concerns, regulatory complexity, 
and recruitment difficulties. This exclusion has profound con-
sequences. When trials are conducted exclusively in adults, 
investigators may be testing therapeutics at the least sensitive 
point in the disease trajectory—after years of accumulated 
damage have reduced the potential for therapeutic response. A 
gene therapy administered to an adult with a metabolic disor-
der may face irreversible organ damage that would not be pres-
ent in a pediatric patient.

Furthermore, disease progression often differs fundamen-
tally between pediatric and adult patients. Adult studies may 

demonstrate no effect on endpoints that would have shown 
dramatic improvement in children at disease onset. The within-
subject designs we advocate can facilitate pediatric enrollment 
by reducing total patient requirements and by minimizing pla-
cebo exposure—a particularly important consideration for par-
ents weighing their child's participation.

This perspective article presents a quantitative framework for 
understanding why conventional RCT designs fail in rare dis-
eases and how alternative designs—specifically patient-as-
own-control and natural history comparator models—offer 
mathematically rigorous solutions. We approach this challenge 
as a supply-and-demand problem: The “supply” represents avail-
able patients, while “demand” represents the sample sizes re-
quired by different statistical designs to detect treatment effects 
with adequate power (Figure 1).

FIGURE 1    |    Sample size requirements for three clinical trial designs as a function of standardized effect size (Cohen's d), calculated for 80% power 
at α = 0.05 (two-tailed). The x-axis displays total required patients (N) on a logarithmic scale; the y-axis displays effect size ranging from 0.2 (small) 
to 1.0 (large). The gold curve represents the double-blind placebo-controlled RCT, calculated as N = 37.63/d2. The blue curve represents the matched 
natural history comparator design with correlation ρ = 0.65, calculated as N = 6.59/d2. The green curve represents the patient-as-own-control design 
with within-subject correlation ρ = 0.90, calculated as N = 1.88/d2. All formulas include a 20% adjustment to account for anticipated patient attrition, 
protocol deviations, and missing data. The logarithmic scale emphasizes the dramatic efficiency differences at smaller sample sizes typical of rare 
disease research. Sample size requirements at specific effect sizes are provided in Table 3.
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2   |   The Supply: Patient Availability in Rare 
Disease

The fundamental constraint in rare disease drug development is 
patient availability. While definitions vary globally, the common 
thread is scarcity. To quantify this challenge, we analyzed reported 
prevalence data from Orphanet, the world's largest database of 
rare diseases, focusing on the 3128 conditions with documented 
prevalence estimates [11, 12]. Table 1 may overestimate prevalence 
for newer diseases since there are few prevalence reports on dis-
orders that are newly described for single or a handful of patients.

The data reveal a sobering reality: 95% of rare diseases (2,970 
of 3,128) fall into the ultra-rare category with prevalence 
below 1 per 100,000. Within this group, 38% (1,188 diseases) 
are extremely rare—defined here as prevalence below 0.1 per 
100,000—with fewer than 10 known cases worldwide. For the 
majority of rare diseases, the entire global patient population 
falls below the sample size required for a conventional RCT.

3   |   The Demand: Statistical Requirements of Trial 
Designs

The sample size required to detect a given treatment effect de-
pends fundamentally on the variance of the treatment effect 
estimate. Different trial designs achieve different levels of vari-
ance reduction, translating directly to different sample size re-
quirements. Here we present the mathematical foundations of 
three major designs.

3.1   |   Key Statistical Concepts for Non-Statisticians

Table 2.

3.2   |   Adjustment for Real-World Conditions

The sample size formulas presented below represent theoretical 
minima assuming perfect data collection. In practice, clinical 
trials encounter inevitable complications that reduce the effec-
tive sample size: Patient attrition due to adverse events, disease 
progression, or withdrawal of consent; protocol deviations that 
render some data unusable; missing measurements from failed 
laboratory assays or missed visits; and patients who prove ineli-
gible after enrollment. To account for these realities, we apply a 
20% inflation factor to all calculated sample sizes—a correction 
widely adopted in clinical trial planning [13]. This adjustment is 
conservative for well-designed rare disease trials, which often 
achieve higher retention rates due to strong patient engagement 
and limited alternative treatment options, but provides a reason-
able margin for regulatory acceptance. The adjusted formulas 
thus represent practical, defensible targets rather than theoret-
ical ideals.

3.3   |   Design 1: Double-Blind 
Placebo-Controlled RCT

In a standard 1:1 randomized design, treatment and control sam-
ples are independent. Throughout all three designs presented in 
this article, the effect size d is standardized by the pooled between-
subject standard deviation, ensuring cross-design comparability 
and alignment with published effect size estimates from the lit-
erature. When two observations are statistically independent, the 
variance of their difference is additive [14]:

TABLE 1    |    Patient Availability by Disease Rarity.

Category Diseases

% of Total/
Cumulative 

% U.S. Patients

Extremely Rare 
(< 0.1/100,000) 
— subcategory 
of Ultra-rare

Fewer than 10 
worldwide

1,188 38%/38% 0–1

10–100 
worldwide

891 28%/66% 0–5

100–1000 
worldwide

594 19%/85% 4–43

1000–8000 
worldwide

297 10%/95% 43–341

Rare 
(0.1–50/100,000)

8,000–100,000 
worldwide

125 4%/99% 341–4,260

100,000–
4,000,000 
worldwide

33 1%/100% 4,260–170,500

Note: Orphanet database; 3,128 diseases with documented prevalence [11, 12]. 
U.S. population: 341 million.

TABLE 2    |    Variable Definitions.

Term Definition

d (effect size) Standardized treatment effect: 
d = (meantreatment − meancontrol)/pooled 
SD. Values of 0.2, 0.5, and 0.8 represent 

small, medium, and large effects.

α (alpha) Type I error rate; probability of false 
positive. Standard: α = 0.05 (two-tailed).

β (beta) Type II error rate; probability of 
false negative. Power = 1 − β.

Power (1 − β) Probability of detecting a true 
effect. Standard: 80% (0.80).

Zα/2 Critical value for significance 
level. For α = 0.05: Zα/2 = 1.96.

Zβ Critical value for power. For 
80% power: Zβ = 0.84.

ρ (rho) Correlation between paired measurements. 
Higher ρ reduces required sample size.

N Total sample size required (treated 
patients + controls where applicable).
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The sample size per arm required to achieve power (1 − β) at sig-
nificance level α is:

For α = 0.05 and 80% power, the numerical substitution pro-
ceeds as follows: Zα/2 + Zβ = 1.96 + 0.84 = 2.80; (2.80)2 = 7.84; 
4 × 7.84 = 31.36. Thus:

With a 20% adjustment for attrition and practical considerations:

At an effect size of d = 0.5, this translates to approximately 
151 total patients (76 per arm). Note that these formulas em-
ploy large-sample Z-based (normal) approximations, which 
are used throughout this article for cross-design planning and 
comparison. At very small sample sizes—as commonly en-
countered in ultra-rare diseases—exact t-distribution-based or 
simulation-based power calculations are preferable for actual 
trial planning. The 20% attrition adjustment partially compen-
sates for approximation error at small N, but sponsors should 
perform exact calculations for regulatory submissions.

For rare disease trials, a 2:1 allocation ratio (twice as many 
treated patients as controls) is more commonly employed than 
1:1, as it maximizes treated-patient access while preserving a 
concurrent control arm. Under 2:1 allocation, the total sam-
ple size formula becomes N_RCT(2:1) = (9/4) × (Zα/2 + Zβ)2 × 
(1 + 1/r) / d2, where r = 2, yielding N_RCT(2:1)≈37.63 × (3/2) 
/ d2≈56.44 / d2 (adjusted). At d = 0.5, this requires approxi-
mately 226 total patients—modestly more than the 151 re-
quired under 1:1, but still requiring far more patients than 
either alternative design. This modest efficiency cost is re-
flected in Table 3. The efficiency argument for alternative de-
signs thus holds even when the most patient-friendly standard 
RCT allocation is used.

3.4   |   Design 2: Matched Natural History 
Comparator

When treated patients are matched to historical controls based 
on baseline characteristics, the measurements become cor-
related. If ρ represents the correlation between matched pairs, 
the variance of the difference score is reduced [15]:

The required sample size becomes:

For illustrative purposes, we use ρ≈0.65 as an example planning 
value, consistent with the degree of covariate balance typically 
achievable through propensity score matching when accounting 

for measured confounders, temporal differences, and measure-
ment variability [16, 17]. This value should not be adopted as a de-
fault; the correlation actually achieved depends critically on the 
quality of the natural history dataset, the number of matching 
variables, and the degree of unmeasured confounding in the spe-
cific disease context. Sponsors should derive ρ empirically from 
available natural history data wherever possible (see Table S1 for 
sensitivity of required sample size to ρ):

Table S1 (Sensitivity Analysis). Required sample size for the nat-
ural history comparator design at d = 0.5 as a function of match-
ing correlation ρ: ρ = 0.30 → N = 55 (adjusted); ρ = 0.50 → N = 39 
(adjusted); ρ = 0.65 → N = 26 (adjusted, illustrative example used 
in this article); ρ = 0.70 → N = 23 (adjusted). These values illustrate 
that the efficiency advantage over the RCT (N = 151 at 1:1) is main-
tained across a wide range of achievable matching correlations, 
reinforcing that the choice of ρ = 0.65 as an illustrative value does 
not drive the paper's core conclusions.

At d = 0.5, approximately 26 treated patients are required, rep-
resenting a 5.8-fold reduction compared to RCT. A structured 
roadmap for integrating historical controls into clinical tri-
als has been developed by the Drug Information Association 
Adaptive Design Scientific Working Group, providing practical 
guidance for regulatory submissions using this approach [17]. 
Propensity score matching, used here as one illustrative ap-
proach, is among the most widely used and transparent meth-
ods for reducing confounding in natural history comparator 
designs; alternative methods, including inverse probability of 
treatment weighting (IPTW), Mahalanobis distance matching, 
and regression-based covariate adjustment, are also acceptable 
and may be preferable depending on dataset characteristics [16].

3.5   |   Design 3: Patient-As-Own-Control

When each patient provides both pre- and post-treatment mea-
surements, within-subject correlation for stable biological param-
eters is often high. For illustrative purposes, we use ρ = 0.90 as an 
example planning value. High within-patient stability for objec-
tive rare disease biomarkers has been empirically documented 
across multiple diseases: Within-subject variance of blood phe-
nylalanine in PKU is substantially lower than between-subject 
variance across longitudinal serial measurements, consistent 

Var
(

YT − YC
)

= 2σ2

NRCT = 4
(

Zα∕2+Zβ

)2
∕d2

NRCT = 31.36∕d2 (base formula)

NRCT = 37.63∕d2(adjusted)

Var(D) = 2σ2(1 − ρ)

NNH = 2(1 − ρ)
(

Zα∕2+Zβ

)2
∕d2

NNH = 5.49∕d2(base)→ NNH = 6.59∕d2(adjusted)

TABLE 3    |    Sample Size Requirements by Trial Design and Effect 
Size.

Effect 
Size 
(d)

RCT 
(1:1)/(2:1)

Natural 
History 

(ρ = 0.65)

Own-
Control 

(ρ = 0.90)
Efficiency 

Gain

0.25 602/904 105 30 20×

0.50 151/226 26 8 19×

0.75 67/101 12 4 17×

1.00 38/57 7 2 19×

Note: Adjusted values with 20% inflation for practical considerations. Note that 
rarely would one use only 2 patients in a trial.
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with intraclass correlations in the 0.70–0.90 range [18]; lyso-Gb3 
in Fabry disease demonstrates intra-assay coefficients of varia-
tion below 10% with strong individual tracking over time [19]; 
and plasma chitotriosidase in Gaucher disease tracks individual 
treatment response with remarkable consistency over two de-
cades of follow-up [20]. These data support the biological plausi-
bility of within-patient correlations in this range for biochemical 
biomarkers in stable genetic diseases. However, ρ is critically 
disease- and endpoint-specific. For episodic outcomes (bleed-
ing episodes, angioedema attacks, vaso-occlusive crises), event-
count endpoints, or diseases with high spontaneous variability, 
ρ may be substantially lower and will depend on run-in dura-
tion. In such settings, sponsors must derive ρ empirically from 
natural history data rather than adopting a default assumption, 
and run-in periods should be long enough to establish a reliable 
baseline event rate. The mathematical framework is identical to 
matched designs, but ρ reflects the stability of individual baseline 
physiology rather than matching quality [21].

With ρ = 0.90:

At d = 0.5, only 8 patients are required—a 19-fold reduction 
compared to RCT.

Patient-as-own-control designs are also constrained by endpoint 
type. Outcomes characterized by low event frequency, long la-
tency to occurrence, or irreversibility—such as mortality, major 
organ failure, or catastrophic disease events—are poorly suited to 
within-patient comparison. For such endpoints, the pre-treatment 
observation window may not adequately capture the event rate 
needed to establish a reliable baseline, and the irreversibility of the 
outcome precludes the repeated measurement structure that un-
derlies within-patient statistical efficiency. For example, survival 
in amyotrophic lateral sclerosis (ALS) or Duchenne muscular dys-
trophy cannot be treated as a pre-post paired measurement; vaso-
occlusive crises in sickle cell disease occur with low and variable 
frequency, which challenges stable baseline estimation. In these 
settings, natural history comparator designs or adaptive trials 
with event-based endpoints are more appropriate alternatives.

The dramatic efficiency of within-subject designs stems from 
the simple mathematical fact that individual biological varia-
tion—the “noise” that obscures treatment signals in between-
group comparisons—is eliminated when each patient serves as 
their own control. This is precisely why these designs are par-
ticularly powerful for genetically heterogeneous rare diseases: 
By comparing post-treatment to pre-treatment within the same 
genetic background, treatment effects emerge from what would 
otherwise be lost in inter-individual variation.

4   |   When Supply Meets Demand: The Type II Error 
Problem

The collision between limited patient supply and inflexible trial 
design demands produces a predictable outcome: Systematic 
failure to detect real therapeutic effects. This is the Type II error 

problem—concluding that a treatment does not work when it 
actually does.

4.1   |   The Mathematics of Underpowering

Consider a rare disease affecting 100 patients in the United 
States. A sponsor designs an RCT targeting an effect size of 
d = 0.5 (a clinically meaningful benefit). The calculation is 
straightforward:

•	 Required sample size (RCT): 151 patients

•	 Available patients: 100

•	 Realistic enrollment (accounting for eligibility, consent, ac-
cess): ~50 patients

With 50 patients enrolled in an RCT design, statistical power 
drops below 50%. This means that even if the drug produces 
the targeted 0.5 standard deviation improvement, the trial has a 
greater than 50% probability of concluding “no effect.” The trial 
is designed to fail before the first patient is enrolled if we stick 
with an alpha of less than 0.05.

Contrast this with a patient-as-own-control design using the 
same 50 patients. With ρ = 0.90, only 8 patients are needed for 
80% power at d = 0.5. Fifty patients provide power exceeding 
99% for this effect size, with adequate power to detect effects 
as small as d = 0.2—a four-fold improvement in sensitivity. 
Moreover, the efficiency of this design creates an opportunity 
unavailable in traditional RCTs: The ability to include a val-
idation cohort. With only 8–10 patients required for the pri-
mary analysis under the illustrative ρ = 0.90 assumption, an 
alternative approach that maximizes the evidentiary value of 
the remaining patients is sequential analysis. In rare disease 
own-control trials, all available patients enroll concurrently—
serial enrollment, waiting for each patient's results before en-
rolling the next, is operationally impractical. The sequential 
framework, therefore, applies to the analysis rather than to 
enrollment. After all patients have completed their pre- and 
post-treatment assessments, pre-post difference scores are or-
dered by a pre-specified analytical sequence, and a cumulative 
test statistic is computed by adding patients one at a time. Pre-
specified stopping boundaries—such as an O'Brien-Fleming 
or Pocock boundary with an alpha-spending function—are 
defined in the statistical analysis plan before any data are un-
blinded [22]. If the boundary is crossed early in the analytical 
sequence, the remaining patients constitute a natural inter-
nal replication set; a second boundary crossing as additional 
patients are incorporated provides analytical confirmation 
within the same fully enrolled trial. If the boundary is never 
crossed after all patients are included, the trial is declared 
inconclusive. This property follows from the alpha-spending 
framework, which controls the overall Type I error rate re-
gardless of how many analytical steps are performed, and each 
crossing is a genuine test of reproducibility [22]. A Bayesian 
sequential implementation, using the primary patients to 
generate a posterior distribution for the treatment effect and 
the remaining patients to update that posterior, provides an 
additional natural framework for quantifying the probability 
of a clinically meaningful effect [23]. Pre-specification of the 

NOwn = 2(1 − ρ)
(

Zα∕2+Zβ

)2
∕d2

NOwn = 1.57∕d2(base)→ NOwn = 1.88∕d2(adjusted)
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analytical plan, including stopping boundaries, is essential 
for regulatory credibility—a luxury that underpowered RCTs, 
which are often simply declared negative when they fail to 
reach significance, cannot afford.

4.2   |   One Chance to Succeed

The stakes in rare disease development extend beyond statistics. 
Unlike common disease programs, where failed trials can be re-
designed and repeated, rare disease trials typically represent a 
single opportunity. The reasons are multiple:

•	 Limited sponsor resources: Many rare disease programs 
are conducted by small biotechnology companies, academic 
medical centers, or patient advocacy organizations operat-
ing with constrained budgets [24].

•	 Investor confidence: A negative Phase III or pivotal result, 
even if statistically underpowered, typically terminates fu-
ture investment in the program.

•	 Patient community fatigue: Failed trials erode trust and re-
duce willingness to participate in future studies.

Given these realities, designing a rare disease trial with an 
inappropriate statistical model—one that cannot detect plau-
sible effect sizes with the available patient population—rep-
resents both a missed opportunity and a failure of scientific 
stewardship. Patients participate in trials with the under-
standing that their contribution may help establish whether 
a therapy works; they deserve trial designs capable of answer-
ing that question.

4.3   |   Maximizing Patient Inclusion

The scarcity of patients in rare diseases demands a fundamental 
rethinking of exclusion criteria. Traditional trials for common 
diseases routinely exclude patients based on age, comorbidities, 
prior treatments, and numerous other factors to create homoge-
neous study populations that simplify analysis. In rare diseases, 
such exclusions may eliminate the majority of available patients.

We advocate for minimal exclusion criteria in rare disease 
trials, accepting the heterogeneity that this introduces. The 
patient-as-own-control design is particularly suited to this ap-
proach precisely because heterogeneity between subjects does 
not contaminate the within-subject treatment effect estimate. 
A patient with atypical disease presentation or comorbidities 
can still serve as their own valid control, provided their baseline 
measurements reflect stable disease or a quantifiable disease 
trajectory.

Furthermore, pediatric inclusion must become the default 
rather than the exception. With 75% of rare diseases manifest-
ing in childhood, trials that exclude children test therapies in the 
wrong population at the wrong point in disease progression. The 
efficiency gains from within-subject designs can facilitate the 
smaller sample sizes and reduced placebo exposure that make 
pediatric trials ethically feasible.

4.4   |   Post-Study Analysis Methods: Matching 
Design to Analysis

The choice of trial design directly influences the appropriate 
analytical framework for demonstrating treatment efficacy. For 
natural history comparator designs, propensity score matching 
is among the most widely used and transparent methods for 
reducing confounding between treated and historical control 
populations; alternative approaches, including inverse proba-
bility of treatment weighting (IPTW), Mahalanobis distance 
matching, and regression-based covariate adjustment, are also 
acceptable depending on dataset characteristics [16]. This ap-
proach creates balanced comparison groups by matching on 
observed baseline covariates—age at diagnosis, disease sever-
ity, genetic subtype, and baseline biomarker levels—thereby ap-
proximating the balance achieved through randomization [16]. 
The strength of propensity score methods lies in their transpar-
ency and reproducibility; the weakness is their inability to ac-
count for unmeasured confounders, making the quality of the 
natural history dataset paramount. Sensitivity analyses using 
multiple matching algorithms (nearest neighbor, caliper match-
ing, inverse probability weighting) can assess the robustness of 
findings. When longitudinal natural history data are available, 
linear mixed models (LMMs) can characterize individual dis-
ease trajectories in the control population, enabling comparison 
of treated patients' outcomes against their predicted untreated 
course—a particularly powerful approach when disease pro-
gression rates vary substantially among patients [25]. However, 
the accuracy of predicted trajectories depends critically on phe-
notypic heterogeneity: When within-disease variability is high, 
predicted individual trajectories carry wide confidence intervals 
that reduce the precision of the treatment effect estimate. The 
random effects structure must be validated against the natural 
history data before predictive use, and sponsors should pre-
specify sensitivity analyses using alternative trajectory specifi-
cations—including non-linear and piecewise linear models for 
diseases with identifiable inflection points—to establish robust-
ness. When the natural history dataset is small, variance com-
ponents for random slopes may be poorly estimated regardless 
of model fit.

For patient-as-own-control designs, the paired t-test or its non-
parametric equivalent (Wilcoxon signed-rank test) provides the 
simplest analytical framework, comparing each patient's post-
treatment outcome to their own baseline. The strength of this 
approach is its simplicity and the elimination of between-subject 
variability; the weakness is susceptibility to time-dependent 
confounders such as disease progression, placebo effects, or 
regression to the mean. For designs with multiple assessment 
timepoints, linear mixed models offer substantial advantages: 
They accommodate unbalanced data when patients miss vis-
its, model individual response trajectories through random 
slopes and intercepts, and properly account for the correla-
tion structure of repeated measurements within subjects [26]. 
Mixed-effects models for repeated measures (MMRM) repre-
sent a specific LMM implementation widely accepted by regu-
latory agencies, allowing characterization of treatment effect 
trajectories while providing valid inference under the missing-
at-random (MAR) assumption as the primary analytical frame-
work [27]. However, regulators require pre-specified sensitivity 
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analyses under missing-not-at-random (MNAR) assumptions—
including tipping point analyses and pattern mixture models—
to establish the robustness of findings to different missingness 
mechanisms. In open-label run-in designs, where dropout may 
be informatively related to treatment response (patients who im-
prove dramatically may feel less need to continue, while patients 
who deteriorate rapidly may be unable to continue), the case for 
MNAR sensitivity analyses is particularly strong and should be 
addressed proactively in the statistical analysis plan.

For ultra-rare diseases where even these designs yield very small 
samples, Bayesian analytical frameworks offer particular ad-
vantages: They can formally incorporate prior information from 
preclinical studies, mechanistic understanding, or related dis-
eases to augment the limited trial data, and they provide prob-
ability statements about treatment effects that are often more 
clinically interpretable than traditional p-values [23]. Regardless 
of design, pre-specification of the analytical plan—including 
primary analysis, sensitivity analyses, and handling of missing 
data—remains essential for regulatory credibility. Additionally, 
pre-specification of what constitutes clinically meaningful im-
provement or stability adds rigor. In certain designs, these can 
be designated on a per-patient basis.

5   |   Addressing Bias and the Role of Objective 
Endpoints

A legitimate concern with alternative trial designs is their po-
tential vulnerability to bias. Without concurrent randomiza-
tion, patient-as-own-control and natural history comparator 
designs must address regression to the mean, spontaneous 
disease fluctuation, selection bias, and temporal confounding. 
However, the magnitude of these concerns depends critically 
on endpoint selection—and for most rare genetic diseases 
characterized by objective, measurable outcomes and rela-
tively stable or predictable disease trajectories, whether or not 
the etiology is genetic, these biases are substantially mitigated. 
Approximately 72% of rare diseases have genetic origins and 
therefore tend to feature objective biochemical or functional 
biomarkers, but the design framework presented here applies 
equally to non-genetic rare diseases when endpoints meet the 
same objectivity criteria.

5.1   |   The Placebo Effect Is Endpoint-Dependent

A landmark systematic review by Hróbjartsson and Gøtzsche ex-
amined 130 trials comparing placebo to no treatment and found 
that placebo effects are concentrated almost exclusively in subjec-
tive outcomes [28]. For continuous subjective endpoints (pain, fa-
tigue, quality of life), the standardized mean difference was −0.36 
(95% CI: −0.47 to −0.25). For continuous objective endpoints, 
however, the effect was −0.12 (95% CI: −0.27 to 0.03)—not statis-
tically significant. For binary outcomes regardless of subjectivity, 
placebo showed no effect (RR 0.95, 95% CI: 0.88–1.02).

This finding has profound implications for rare disease re-
search. Approximately 72% of rare diseases have genetic origins, 
typically involving enzyme deficiencies, substrate accumula-
tion, or structural protein abnormalities that produce objectively 

measurable pathology. A patient with Gaucher disease cannot 
“believe” their glucocerebrosidase activity into normalcy; glo-
botriaosylceramide deposition in Fabry disease is quantified 
by tissue biopsy, not patient perception; blood phenylalanine in 
PKU is a biochemical measurement uninfluenced by expecta-
tion. In addition, the use of new technologies like video scoring 
and observation may improve the objectivity of the more subjec-
tive observations. Where objective measurements are not possi-
ble, randomized placebo run-in periods or other designs can be 
used in self-controlled studies.

5.2   |   Regulatory Acceptance of Objective 
Biomarker Endpoints

The FDA has explicitly recognized this principle in approving 
numerous rare disease therapies based on biomarker endpoints: 
Agalsidase beta (Fabry disease) using GL3 clearance on renal 
biopsy [30]; sapropterin (PKU) using blood phenylalanine levels 
[31]; sodium phenylbutyrate (urea cycle disorders) using plasma 
ammonia control [32]; and alglucosidase alfa (Pompe disease) 
using survival and ventilator-free survival [29]. Regulatory guid-
ance for qualifying biomarkers as primary endpoints under the 
accelerated approval pathway further supports this approach 
[33]. Of 45 FDA approvals using external controls between 
2000 to 2019, 44% employed retrospective natural history data, 
demonstrating regulatory acceptance when disease trajectory is 
well-characterized, and endpoints are objective [34].

5.3   |   When Bias Matters—And When It Does Not

Bias remains a legitimate concern when endpoints are sub-
jective, the disease course is unpredictable with spontaneous 
remissions, or treatment effects are subtle. For such condi-
tions—chronic pain, psychiatric disorders, relapsing–remitting 
diseases—RCTs retain their methodological value. However, 
most rare genetic diseases do not fit this profile. They feature 
unidirectional progression without spontaneous improvement, 
objectively measurable pathology, and well-characterized nat-
ural history. For these diseases, the theoretical vulnerabilities 
of alternative designs are mitigated by endpoint selection, while 
the practical impossibility of adequately powering RCTs makes 
alternative designs not merely acceptable but necessary.

Propensity score matching can further address selection bias 
in natural history comparator designs, reducing systematic 
differences between treated and historical control groups, as 
discussed in the Design 2 section. Combined with blinded in-
dependent central review for endpoint adjudication and pre-
specified sensitivity analyses, these methods provide scientific 
rigor comparable to randomized designs at a fraction of the sam-
ple size requirement.

6   |   Case Studies: High-Profile RCT Failures and 
Alternative Designs

The following late-stage clinical trial failures illustrate how 
inappropriate trial design challenges contributed to negative 
outcomes in rare disease programs. These cases represent a 
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TABLE 4    |    Late-Stage RCT Failures in Rare Diseases and Potential Alternative Designs.

Drug (Sponsor) Disease Failure Mode Alternative Design

Fordadistrogene movaparvovec 
(Pfizer) [35]

DMD Failed NSAA primary endpoint Run-in design assessing 
individual response

Pamrevlumab (FibroGen) [36] DMD Non-significant motor 
improvement

Crossover design enhancing power

AMX0035 (Amylyx) [37] ALS No significant ALSFRS-R change Own-control reducing variability

Memantine (multiple) [38] ALS Failed to show efficacy Within-patient design 
for progression

Talampanel (multiple) [39] ALS Failed in advanced ALS Natural history controls for survival

Tominersen (Roche) [40] Huntington's Patient stratification and dose-
exposure problem: Higher drug 
exposure harmed older patients 

with greater disease burden while 
younger patients with lower 

disease burden showed potential 
benefit in post hoc analyses; 

adequate enrollment (N = 791) 
but inappropriate single-dose 

frequency for all comers

Adaptive design with pre-specified 
subgroup stratification by age, 

disease burden (CAP score), and 
dosing frequency; would enable 

dose-finding within defined 
patient subgroups and prospective 

testing of the younger/lower-
burden hypothesis now being 
tested in GENERATION HD2

Catena (Santhera) [41] Friedreich's 
Ataxia

Failed primary and 
secondary endpoints

Own-control design

Actimmune (Horizon) [42] Friedreich's 
Ataxia

Failed to improve clinical scores Historical control comparison

AT-GAA (Amicus) [43] Pompe Disease Did not meet endpoints Run-in baseline comparison

Losmapimod (Fulcrum) [44] FSHD Failed primary functional 
endpoint (Reachable Workspace)

Biomarker-driven adaptive design

Labafenogene marselecobac 
(Synlogic) [45]

PKU Failed efficacy thresholds Within-patient metabolic 
comparison

Rivipansel (Pfizer) [46] Sickle Cell No benefit in VOC duration Natural history control comparison

Pitolisant (Harmony 
Biosciences/Jazz)—INTUNE 
trial [47]

Idiopathic 
Hypersomnia

Failed primary endpoint 
(Epworth Sleepiness Scale) in 

Phase 3 INTUNE trial; subjective 
patient-reported sleepiness 

measure vulnerable to placebo 
effects in open-label extension; 
inadequate differentiation from 

placebo on primary endpoint

Boundary case illustrating limits 
of own-control applicability: 

Subjective sleepiness endpoints 
create substantial placebo 

vulnerability, making standard 
own-control designs less 

appropriate. An adaptive crossover 
design with pre-specified objective 
polysomnographic endpoints (sleep 
latency, total sleep time) alongside 
patient-reported outcomes might 

have provided more tractable 
objective signal while preserving 

the within-patient efficiency 
advantage. Alternatively, a 

natural history comparator using 
actigraphy-based sleep metrics 
could separate true drug effect 

from subjective report bias.

Note: See Table 2 for statistical term definitions.
Abbreviations: ALS = amyotrophic lateral sclerosis; ALSFRS-R = ALS Functional Rating Scale-Revised; CAP = CAG-Age Product; DMD = Duchenne muscular 
dystrophy; FSHD = facioscapulohumeral muscular dystrophy; NSAA = North Star Ambulatory Assessment; PKU = phenylketonuria; VOC = vaso-occlusive crisis. 
RCT = randomized controlled trial.
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heterogeneous mix of failure modes—statistical power lim-
itations, patient population stratification issues, endpoint se-
lection challenges, and true biological signal absence—and 
the applicability of alternative designs varies accordingly. For 
those trials where enrolled N fell substantially below what was 
needed to detect plausible effect sizes, the power argument is 
strongest; for others, such as tominersen, the primary chal-
lenge was patient stratification rather than insufficient enroll-
ment (Table 4).

These thirteen failures span neuromuscular diseases (DMD, 
ALS, facioscapulohumeral muscular dystrophy (FSHD)), neu-
rological conditions (Huntington's, Friedreich's Ataxia), met-
abolic disorders (Pompe, PKU), and hematological disease 
(Sickle Cell)—representing billions of dollars in lost invest-
ment, years of delayed therapy access, and continued suffering 
for patients. While we cannot know with certainty whether 
alternative designs would have yielded different outcomes, the 
mathematics strongly suggest that statistical power limitations 
contributed to at least some of these negative results. Available 

evidence from the general clinical development literature and 
rare disease trial analyses consistently identifies recruitment 
and retention failures, inadequate statistical power, and opera-
tional challenges as leading contributors to trial failure—with 
true lack of biological activity representing a smaller propor-
tion [5–8]. This distinction is critical: Many potentially effec-
tive therapies are abandoned not because they do not work, 
but because the trial design selected could not detect whether 
they worked.

7   |   Alternative Trial Design Successes: FDA and 
EMA Approvals

The following tables document successful drug approvals 
achieved using alternative trial designs—natural history con-
trols and patient-as-own-control approaches—demonstrating 
that regulatory agencies accept and approve drugs based on 
these methodologically rigorous alternatives to traditional RCTs 
(Tables 5 and 6).

TABLE 5    |    Natural History Control Design Successes.

Drug (Sponsor) Disease Design Year N Center

Myozyme (Genzyme) [29] Pompe disease Single-arm open-label vs. 
natural history controls

2006 18 CBER

Zolgensma (Novartis/
AveXis) [48]

Spinal muscular atrophy Single-arm open-label vs. 
natural history data

2019 36 CBER

Nulibry (BridgeBio/Origin) 
[49]

Molybdenum cofactor 
deficiency Type A

Single-arm vs. genotype-
matched natural history

2021 13 treated 
vs. 18 

controls

CDER

Skysona (Bluebird Bio) [50] Cerebral 
adrenoleukodystrophy

Single-arm gene therapy 
vs. natural history

2022 32 CBER

Zokinvy (Eiger) [51] Hutchinson-Gilford 
progeria syndrome

Single-arm vs. historical 
untreated survival data

2020 62 CDER

Qalsody (Biogen) [52] ALS with SOD1 mutation Single-arm with biomarker 
+ natural history

2023 108 CDER

Sohonos (palovarotene) [53] Fibrodysplasia 
ossificans progressiva

Single-arm vs. natural 
history bone formation

2023 107 CDER

TABLE 6    |    Patient-as-Own-Control Design Successes (Baseline Comparison).

Drug (Sponsor) Disease Design Year N Center

Veopoz (Regeneron) [54] CHAPLE disease 
(CD55 deficiency)

Single-arm, baseline comparison 2023 10 CDER

Imcivree (Rhythm) [55, 56] POMC, PCSK1, or LEPR 
deficiency obesity

Single-arm, baseline weight comparison 2020 21 CDER

Dojolvi (Ultragenyx) [57] Long-chain fatty acid 
oxidation disorders

Single-arm, pre/post comparison 2020 29 CDER

Kebilidi (PTC Therapeutics) [58] AADC deficiency Single-arm gene therapy, milestone 
achievement from baseline

2024 35 CBER

Casgevy (Vertex/CRISPR) [59] Sickle cell disease Single-arm gene therapy, 
VOC-free vs. baseline

2023 44 CBER

Gamifant (Sobi) [60] Primary HLH Single-arm, response rate from baseline 2018 27 CDER
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7.1   |   Key Observations

These 13 approvals demonstrate several critical points. Both 
CDER and CBER accept alternative designs, with 8 approvals 
through CDER and 5 through CBER. Ultra-rare diseases pre-
dominate, with most diseases having fewer than 1000 patients 
worldwide. Sample sizes are small but adequate, ranging from 
10 (Veopoz) to 108 (Qalsody), with a median of approximately 
32. Natural history controls were accepted when the disease 
course is well-characterized, no spontaneous improvement oc-
curs, and a strong biologic rationale exists. Baseline compari-
sons were accepted when endpoints are objective, the disease 
is stable without treatment, and changes are measurable and 
clinically meaningful. Gene therapies frequently use alternative 
designs, as exemplified by Zolgensma, Skysona, Casgevy, and 
Kebilidi, all of which used single-arm designs.

8   |   Conclusions and Recommendations

The mathematics are unambiguous: Traditional RCT designs 
are fundamentally mismatched to rare disease research. For 
>80% of rare diseases, the global patient population falls 
below the sample size required for conventional trials to de-
tect clinically meaningful effects. Continuing to apply these 
designs ensures that most rare disease trials will be under-
powered, many will fail, and effective therapies will never 
reach patients.

Alternative designs—particularly patient-as-own-control and 
natural history comparator models—offer mathematically rig-
orous solutions that reduce sample size requirements by 5- to 
20-fold while preserving statistical validity. These designs are 
particularly well-suited to rare diseases because they: control for 
genetic heterogeneity by using each patient as their own base-
line; facilitate pediatric enrollment by reducing total patient re-
quirements and minimizing placebo exposure; enable broader 
inclusion criteria by tolerating inter-subject heterogeneity; and 
maximize information extraction from each irreplaceable pa-
tient participant.

We call upon regulatory agencies to formalize acceptance 
of these designs through explicit guidance documents, with 
clear statistical frameworks specifying acceptable correlation 
assumptions and analytical approaches. We urge sponsors to 
consider trial design as the primary determinant of success 
or failure, selecting designs based on mathematical feasibility 
rather than conventional precedent. And we encourage patient 
advocacy organizations to demand transparency regarding the 
statistical power of proposed trials—patients deserve to know 
whether the trials they join are capable of detecting treatment 
effects. The field must prioritize trial designs that maximize 
the probability of detecting true treatment effects over those 
that merely satisfy conventional regulatory expectations.

The 90% of rare diseases without approved treatments represent 
not merely a therapeutic gap but a methodological failure. We 
have the statistical tools to close this gap. What remains is the 
willingness to use them.
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