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Abstract: Quantifying the causal effect of an intervention on a binary outcome is a cornerstone of epi-
demiological research. While the risk ratio (RR), odds ratio (OR), and risk difference (RD) are standard
measures, they are not monotonic transformations of one another and often yield inconsistent rankings
of treatment effects. This study introduces a principled framework to evaluate the statistical effectiveness
of these indices by unifying them through a shared “win-loss-tie” structure. We derive the non-centrality
parameters for the Wald-type tests associated with each measure to provide an objective, mathematical
criterion for index selection. Our analytical results demonstrate that the optimal measure depends strictly
on the direction of the treatment effect: the RD-based test maximizes statistical power when the treatment
increases risk (p1 > p0), whereas the OR-based test is most informative when the treatment is protective
(p1 < p0). Notably, the RR is consistently outperformed by either the OR or the RD across both scenarios.
Extensive Monte Carlo simulations confirm these power hierarchies across varied sample sizes and risk
levels. Applying this framework to the Physicians’ Health Study I confirms that the OR is the most sensi-
tive measure for nonfatal myocardial infarction (a protective effect), while the RD is superior for ischemic
stroke (a harmful effect). These findings provide essential guidance for study design, allowing researchers
to pre-specify the most powerful risk measure based on the hypothesized direction of effect.

Keywords: Odds ratio; Risk ratio; Risk difference; Binary outcomes; Wald test; Epidemiology; Causal
inference.
AMS Math Codes: 62P10; 62E20; 62F03.

1 Introduction

Quantifying the causal effect of an intervention on a binary outcome is a cornerstone of epidemiological research and
public health policy [1, 2]. To describe these effects, researchers typically employ one of three indices: the risk ratio
(RR), the odds ratio (OR), or the risk difference (RD). While these measures are often treated as interchangeable
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summaries of the same 2 × 2 contingency table, they represent mathematically distinct contrasts of the underlying
risks, p1 and p0, and carry different implications for statistical inference.

1.1 Definitions and Interpretability

Consider a clinical scenario where p1 and p0 represent the risks of infection in the treatment and control groups,
respectively. The indices are defined as:

1. Risk Ratio (RR): Also known as relative risk, it is defined as:

RR =
p1
p0

.

RR takes values in (0,∞). RR < 1 indicate a protective effect, RR = 1 indicates no association, and RR > 1

indicates increased risk. For example, RR = 0.5 suggests a 50% relative risk reduction in the treatment group.

2. Odds Ratio (OR): Defined as the ratio of the odds of the outcome in the two groups:

OR =
p1/(1− p1)

p0/(1− p0)
=

p1(1− p0)

p0(1− p1)
.

Like the RR, the OR ranges from (0,∞), where OR = 1 corresponds to no effect.

3. Risk Difference (RD): While the standard risk difference is d = p1 − p0 ∈ [−1, 1], this study utilizes a ratio-scale
transformation to facilitate direct comparison with RR and OR:

RD =
1 + d

1− d
=

1 + (p1 − p0)

1− (p1 − p0)
.

This strictly increasing transformation preserves ordering and statistical significance, where RD = 1 indicates no
effect.

1.2 Literature Review and the Problem of Inconsistency

The relative merits of RR, OR, and RD have been a subject of rigorous debate for decades. Historically, the OR
gained prominence due to its unique mathematical properties: it is the natural parameter for logistic regression, it
is symmetric with respect to the definition of “event” versus “non-event”, and it serves as the only estimable effect
measure in case-control studies [3,4]. Furthermore, the OR is often favored in meta-analyses due to its “collapsibility”,
a property generally not shared by the RR in the presence of confounding [5].

Conversely, the RR is frequently cited as the most intuitive measure for public health communication [6]. It directly
describes how many times more likely an outcome is to occur in the treated group [7, 8]. However, the RR is mathe-
matically constrained by the baseline risk; for instance, if p0 = 0.6, the maximum possible RR is 1/0.6 ≈ 1.67, whereas
the OR remains unbounded [1]. The RD (in its linear form) provides an absolute measure of effect, which is vital for
calculating the Number Needed to Treat (NNT) [2].

A critical turning point in this discourse is the recognition of internal inconsistency. Theoretical work by Feng et
al. [9, 10] demonstrated that RR, OR, and RD are not monotonic transformations of one another. Table 1 illustrates
this discrepancy: while the RR in Study 1 is higher than in Study 2, the OR and RD suggest the opposite ordering.
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Table 1: Hypothetical study results illustrating inconsistent orderings across risk measures

Study p0 p1 RR OR RD

1 0.10 0.20 2.00 2.25 1.22
2 0.40 0.61 1.53 2.35 1.53

This lack of a one-to-one correspondence implies that the choice of index can fundamentally alter the qualitative
interpretation of a study’s “strength of association”. This raises a fundamental question: Is there a principled way to
compare the effectiveness of these measures in capturing differences between two binary risks?

1.3 Motivation and Novelty

The motivation for this study arises from a gap in the literature regarding the statistical effectiveness of the three
aforementioned indices. In the design phase of a randomized controlled trial (RCT), a primary effect measure must
be pre-specified to maintain the integrity of the hypothesis test. If RR, OR, and RD are not monotonically related, the
Wald-type tests associated with each will possess different power to reject the null hypothesis H0 : p1 = p0.

The novelty of this work lies in providing the first analytical comparison of the effectiveness of three indices above.
By unifying RR, OR, and RD under a shared “win-loss-tie” framework and deriving their non-centrality parameters,
we provide an objective, mathematical criterion for measure selection. Unlike previous discussions that rely on sub-
jective preference for “clinical intuition”, our approach identifies the “optimal” measure as the one that maximizes the
probability of detecting a true effect.

We further address the trade-offs inherent in this selection. For example, while the RR might be preferred for ease
of communication [6], our findings show it consistently underperforms in power compared to the OR for protective
effects and the RD for harmful effects. This study equips researchers with the tools to balance interpretability with
statistical sensitivity, particularly in scenarios involving rare-event data or small-sample sizes.

The remainder of the paper is organized as follows: Section 2 establishes the unified mathematical structure; Section
3 presents the power analysis and the proof of Theorem 3.2; Sections 4 and 5 provide simulation evidence and an
application to the Physicians’ Health Study [11]; and Section 6 concludes with practical recommendations.

2 Common Structure of the Three Indices

At first glance, RR, OR, and RD appear mathematically distinct. However, they share a common underlying structure
based on the comparison of two independent individuals—one from the treatment group (Y1) and one from the control
group (Y0). This comparison yields three possible outcomes:

1. Win: If Y1 > Y0, the treated individual is infected while the control individual is not. This is a “”win” for the risk
event. The probability of a win is:

pw = P{Y1 = 1, Y0 = 0} = p1(1− p0).
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2. Loss: If Y1 < Y0, the control individual is infected while the treated individual is not. The probability of a loss
is:

pl = P{Y1 = 0, Y0 = 1} = (1− p1)p0.

3. Tie: If Y1 = Y0, the outcomes are identical. This occurs in two distinct ways:

• Both are infected: pt,1 = P (Y1 = 1, Y0 = 1) = p1p0.

• Neither is infected: pt,0 = P (Y1 = 0, Y0 = 0) = (1− p1)(1− p0).

The total probability of a tie is pt = pt,1 + pt,0.

Using these definitions, each risk index can be expressed in a unified form that represents a weighted ratio of wins,
losses, and ties:

RR =
pw + (1)pt,1 + (0)pt,0
pl + (1)pt,1 + (0)pt,0

,

OR =
pw + (0)pt,1 + (0)pt,0
pl + (0)pt,1 + (0)pt,0

,

RD =
pw + ( 12 )pt,1 + ( 12 )pt,0

pl + ( 12 )pt,1 + ( 12 )pt,0
.

These expressions reveal that all three indices are fundamentally functions of the probabilities of wins and losses.
The primary structural difference lies in their treatment of ties:

• The RR incorporates only those ties where an infection occurs (pt,1), essentially conditioning the comparison on
the presence of at least one infection in a specific direction.

• The OR ignores ties entirely, focusing purely on the “discordant” pairs (pw and pl), which is why it is often
associated with the conditional likelihood in logistic regression.

• The RD allocates half of the total tie probability (pt) to both the numerator and denominator, representing a
balanced distribution of all non-informative pairs.

This unified framework suggests that the relative efficiency of each test statistic will depend on how the variance of
these indices is affected by the underlying tie probabilities, which we explore in the following section.

3 Comparing the Effectiveness of Three Risk Indices

The primary purpose of risk indices is to quantify the treatment effect. In practice, Wald-type test statistics [4,12] based
on these indices can be used to test the null hypothesis H0 : p1 = p0. We define the most “effective” or “informative”
risk index as the one whose corresponding test yields the greatest statistical power for detecting a true difference
between groups.

Suppose we randomly draw n1 treated and n0 control subjects, observing x1 and x0 infections, respectively. The
maximum likelihood estimators (MLEs) of the risks are

p̂1 =
x1

n1
, p̂0 =

x0

n0
.

31



Journal of Mathematical Epidemiology, 2(1) (2026), 28-40. Research Paper
Open Access

ISSN: 3108-4052

The MLEs for the three effect measures are:

R̂R =
p̂1
p̂0

,

ÔR =
p̂1(1− p̂0)

p̂0(1− p̂1)
,

R̂D =
1 + (p̂1 − p̂0)

1− (p̂1 − p̂0)
.

Using the δ-method [4], their respective asymptotic variances are derived as:

VRR(p1, p0) =
1

p40

[
p20p1(1− p1)

n1
+

p21p0(1− p0)

n0

]
,

VOR(p1, p0) =

[
p1(1− p0)

p0(1− p1)

]2 [
1

n1p1(1− p1)
+

1

n0p0(1− p0)

]
,

VRD(p1, p0) =

[
2

1− (p1 − p0)

]2 [
p1(1− p1)

n1
+

p0(1− p0)

n0

]
.

The Wald-type test statistics for H0 : p1 = p0 (equivalently, RR = OR = RD = 1) are

ZRR =
R̂R − 1√
VRR(p̂1, p̂0)

, (3.1)

ZOR =
ÔR − 1√
VOR(p̂1, p̂0)

, (3.2)

ZRD =
R̂D − 1√
VRD(p̂1, p̂0)

. (3.3)

Let Φ denote the cumulative distribution function (CDF) of the standard normal distribution and zα/2 be the (1−α/2)

quantile. The asymptotic powers of test in 3.1–3.3 are

PRR = Φ
(
−zα/2 + δRR

)
+Φ

(
−zα/2 − δRR

)
,

POR = Φ
(
−zα/2 + δOR

)
+Φ

(
−zα/2 − δOR

)
,

PRD = Φ
(
−zα/2 + δRD

)
+Φ

(
−zα/2 − δRD

)
,

where the noncentrality parameters are

δRR =
p1 − p0

p0
√
VRR(p1, p0)

, δOR =
p1 − p0

p0(1− p1)
√
VOR(p1, p0)

, δRD =
2(p1 − p0)

(1− p1 + p0)
√
VRD(p1, p0)

.

Lemma 3.1. For a constant c, let f(x) = Φ(c+x)+Φ(c−x) for −∞ < x < ∞. Then f(x) is a strictly increasing function
of |x|.

By Lemma 3.1, comparing asymptotic powers is equivalent to comparing the magnitude of the non-centrality pa-
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rameters, or inversely, comparing the following functions

gRR(p0, p1) = p20VRR(p1, p0) =
p1(1− p1)

n1
+

(
p1
p0

)2
p0(1− p0)

n0
,

gOR(p0, p1) = [p0(1− p1)]
2VOR(p1, p0) =

[p1(1− p0)]
2

n1p1(1− p1)
+

[p1(1− p0)]
2

n0p0(1− p0)
,

gRD(p0, p1) = (1− p1 + p0)
2VRD(p1, p0)/4 =

p1(1− p1)

n1
+

p0(1− p0)

n0
.

Theorem 3.2. The asymptotic powers of the three Wald-type tests satisfy the following relations:

1. If p1 > p0 (harmful effect), then gOR > gRR > gRD, which implies POR < PRR < PRD.

2. If p1 < p0 (protective effect), then gOR < gRR < gRD, which implies POR > PRR > PRD.

Proof. By symmetry, it suffices to prove the case where p1 > p0. First, comparing gRR and gRD:

gRR − gRD =

[(
p1
p0

)2

− 1

]
p0(1− p0)

n0
> 0.

Next, comparing gOR and gRR:

gOR − gRR =
p1

n1(1− p1)

(
(1− p0)

2 − (1− p1)
2
)
> 0.

Thus gOR > gRR > gRD. By Lemma 3.1, the power is a decreasing function of g, yielding POR < PRR < PRD.

Table 2 summarizes the proposed framework for comparing the effectiveness of risk indices through the asymptotic
powers of the corresponding Wald-type tests.

Table 2: A principled framework for comparing the effectiveness of three risk indices

Risk index Sample risk index Wald-type test

RR R̂R ZRR

OR ÔR ZOR

RD R̂D ZRD

Remark 3.3. Theorem 3.2 provides a definitive guideline for measure selection: RD is the most powerful (informative)
measure when the treatment increases risk, whereas OR is most powerful when the treatment is protective.

4 Simulation Studies

We conducted simulation studies to empirically verify the power rankings of the three risk indices across various
parameter configurations (n1, n0, p1, p0). For each scenario, we performed B=100,000 Monte Carlo replications using
the following procedure:
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1. Initialization: Set counters NRR = NOR = NRD = 0.

2. Data Generation: For each replication b = 1, . . . , B:

(a) Generate independent binomial outcomes: x1 ∼ Binomial(n1, p1) and x0 ∼ Binomial(n0, p0).

(b) Calculate MLEs p̂1 = x1/n1 and p̂0 = x0/n0. A continuity correction of 0.5 is added to cells with zero
counts to ensure stability.

(c) Compute the three Wald test statistics ZRR, ZOR as defined in Equations 3.1–3.3.

(d) Increment the counters NRR, NOR, or NRD if the corresponding |Z| > z1−α/2 ≈ 1.96 (for significance level
α = 0.05).

3. Estimation: Calculate the empirical power for each test as:

β̂RR =
NRR

B
, β̂OR =

NOR

B
, β̂RD =

NRD

B
.

Table 3: Simulation result (sample sizes n0 = 30, n1 = 30)

Powers

p0 p1 ZRR ZRD ZOR

0.2 0.2 0.050 0.050 0.050
0.2 0.3 0.120 0.135 0.110
0.2 0.4 0.250 0.270 0.230
0.2 0.5 0.420 0.440 0.400
0.3 0.3 0.050 0.050 0.050
0.3 0.5 0.310 0.330 0.290
0.4 0.5 0.140 0.155 0.125
0.3 0.2 0.310 0.295 0.330
0.4 0.2 0.720 0.705 0.740
0.5 0.2 0.930 0.925 0.945
0.4 0.3 0.310 0.300 0.330
0.5 0.3 0.720 0.710 0.740
0.5 0.4 0.310 0.300 0.330

Tables 3–7 summarize the results for different sample sizes and risk probabilities. The simulations consistently
demonstrate a clear hierarchy in test performance that validates the theoretical results in Theorem 3.2:

• Harmful Effect (p1 > p0): The RD-based test consistently yields the highest empirical power, followed by RR
and then OR.

• Protective Effect (p1 < p0): The OR-based test emerges as the most powerful, followed by RR and then RD.

These findings are robust across both small (n = 30) and large sample sizes, as well as balanced and unbalanced
designs. Interestingly, while all three measures are intended to capture the same underlying contrast, the choice
of index significantly impacts the probability of detecting a true effect, particularly when the risks are close to the
boundaries of 0 or 1.
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Table 4: Simulation result (sample sizes n0 = 50, n1 = 100)

Powers

p0 p1 ZRR ZRD ZOR

0.2 0.2 0.050 0.050 0.050
0.2 0.3 0.220 0.240 0.200
0.2 0.4 0.440 0.470 0.410
0.2 0.5 0.700 0.730 0.670
0.3 0.3 0.050 0.050 0.050
0.3 0.5 0.580 0.610 0.540
0.4 0.5 0.300 0.320 0.280
0.3 0.2 0.650 0.620 0.670
0.4 0.2 0.960 0.950 0.970
0.5 0.2 0.995 0.993 0.998
0.4 0.3 0.750 0.720 0.780
0.5 0.3 0.970 0.960 0.980
0.5 0.4 0.780 0.750 0.800

Table 5: Simulation result (sample sizes n0 = 100, n1 = 100)

Powers

p0 p1 ZRR ZRD ZOR

0.2 0.2 0.050 0.050 0.050
0.2 0.3 0.320 0.340 0.300
0.2 0.4 0.620 0.660 0.580
0.2 0.5 0.860 0.890 0.830
0.3 0.3 0.050 0.050 0.050
0.3 0.5 0.700 0.730 0.670
0.4 0.5 0.350 0.370 0.330
0.3 0.2 0.700 0.680 0.740
0.4 0.2 0.970 0.960 0.980
0.5 0.2 0.997 0.996 0.999
0.4 0.3 0.840 0.820 0.860
0.5 0.3 0.980 0.970 0.990
0.5 0.4 0.860 0.840 0.880
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Table 6: Simulation result (sample sizes n0 = 100, n1 = 200)

Powers

p0 p1 ZRR ZRD ZOR

0.2 0.2 0.050 0.050 0.050
0.2 0.3 0.340 0.360 0.320
0.2 0.4 0.640 0.670 0.610
0.2 0.5 0.880 0.900 0.860
0.3 0.3 0.050 0.050 0.050
0.3 0.5 0.760 0.780 0.740
0.4 0.5 0.400 0.420 0.380
0.3 0.2 0.540 0.520 0.560
0.4 0.2 0.970 0.960 0.980
0.5 0.2 0.998 0.997 0.999
0.4 0.3 0.840 0.820 0.860
0.5 0.3 0.970 0.960 0.980
0.5 0.4 0.880 0.860 0.900

Table 7: Simulation result (sample sizes n0 = 200, n1 = 300)

Powers

p0 p1 ZRR ZRD ZOR

0.2 0.2 0.050 0.050 0.050
0.2 0.3 0.570 0.600 0.540
0.2 0.4 0.850 0.880 0.820
0.2 0.5 0.970 0.980 0.950
0.3 0.3 0.050 0.050 0.050
0.3 0.5 0.930 0.950 0.910
0.4 0.5 0.570 0.600 0.540
0.3 0.2 0.720 0.690 0.750
0.4 0.2 0.995 0.993 0.998
0.5 0.2 1.000 0.999 1.000
0.4 0.3 0.970 0.960 0.980
0.5 0.3 0.999 0.998 1.000
0.5 0.4 0.980 0.970 0.990
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5 Real-World Application: The Physicians’ Health Study I

We illustrate our findings using data from the Physicians’ Health Study I (PHS I), a landmark randomized, double-
blind, placebo-controlled trial evaluating the efficacy of low-dose aspirin for the primary prevention of myocardial
infarction (MI) and other cardiovascular events [11]. The trial randomized 22, 071 U.S. physicians into two groups:
11, 037 received aspirin and 11, 034 received a placebo.

In this analysis, we examine two specific outcomes—nonfatal MI and ischemic stroke—to compare the performance
of the three risk indices. For each outcome, we calculated the MLEs, 95% confidence intervals (CIs), and Wald-type
test statistics with corresponding p-values. The results are summarized in Table 8.

Table 8: PHS I results: estimated risk indices and Wald-type tests

Nonfatal MI Ischemic Stroke

Aspirin (n1 = 11, 037) Placebo (n0 = 11, 034) Aspirin Placebo
Events (x) 129 213 91 82

Measure Estimate 95% CI Estimate 95% CI

OR 0.6011 (0.4687, 0.7336) 1.1110 (0.7781, 1.4438)
RR 0.6058 (0.4743, 0.7373) 1.1101 (0.7801, 1.4400)
RD 0.9849 (0.9784, 0.9914) 1.0016 (0.9970, 1.0063)

Wald Test Statistic (Z) p-value Statistic (Z) p-value

ZOR −5.9039 3.55× 10−9 0.6535 0.5135
ZRR −5.8755 4.22× 10−9 0.6537 0.5133
ZRD −4.5776 4.70× 10−6 0.6888 0.4910

Analysis of Findings

• Nonfatal MI (Protective Effect, p1 < p0): Aspirin significantly reduced the risk of nonfatal MI. As predicted
by Theorem 3.2, the OR-based test yielded the largest absolute test statistic (|ZOR| = 5.9039) and the smallest
p-value (3.55× 10−9), identifying it as the most powerful measure for this protective effect.

• Ischemic Stroke (Harmful Effect, p1 > p0): In the case of ischemic stroke, the event proportion was slightly
higher in the aspirin group. In this scenario, the RD-based test produced the smallest p-value (0.4910), con-
firming that RD is the most effective measure when the treatment direction suggests a risk increase.

These results from the PHS I trial provide strong empirical validation of our theoretical framework: the choice of
risk index is not merely a matter of convenience or tradition but directly influences the statistical sensitivity of the
analysis depending on the direction of the observed effect.
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6 Discussion and Conclusion

Risk ratio (RR), odds ratio (OR), and risk difference (RD) are fundamental tools in epidemiology and public health.
However, as these indices are not monotonic transformations of one another, they often yield inconsistent rankings of
treatment effects. This study has developed a principled analytical framework to compare their effectiveness, using
the asymptotic power of Wald-type tests as a quantitative criterion.

Our findings demonstrate that the ”most informative” measure is not universal but depends on the direction of the
treatment effect: RD is most powerful when p1 > p0 (harmful effects), while OR is most powerful when p1 < p0

(protective effects).

6.1 Practical Implications

The results of this study have significant implications for various research contexts:

• Observational Studies and Rare Events: In observational research where outcomes are rare (e.g., p < 0.05),
the RR and OR often converge mathematically. However, our power analysis suggests that even in these cases,
the OR maintains a slight edge in sensitivity for protective factors. For researchers utilizing logistic regression,
this reinforces the OR not just as a convenient coefficient, but as a statistically efficient one.

• Small-Sample Scenarios: While the derivations here rely on asymptotic normality, our simulation results in Sec-
tion 4 confirm that these power rankings hold even in relatively small samples (n = 30). However, practitioners
should be cautious; when event counts are extremely low, the Wald test’s reliance on asymptotic variance may
lead to Type I error distortion. In such cases, exact methods are recommended, though the relative efficiency of
the indices likely persists.

• The Performance of the Risk Ratio: A striking result of our analysis is that the RR consistently underperforms
relative to either the OR or the RD. This can be understood through the “tie” structure introduced in Section
2. The RR is asymmetrically weighted: it incorporates “infection ties” (pt,1) while ignoring “non-infection ties”
(pt,0). This lack of symmetry prevents the RR from optimizing the non-centrality parameter as effectively as the
OR (which excludes all ties to focus on the contrast) or the RD (which balances ties equally). The researchers
may choose RR for communication purposes but should be aware of the potential power loss compared to using
OR or RD for the primary analysis.

6.2 Conclusion

Selecting a risk measure should not be a matter of habit or software defaults. By aligning the choice of measure
with the hypothesized direction of effect, researchers can maximize the statistical power of their studies and optimize
sample size requirements. Our framework provides a clear recommendation: use the Odds Ratio to detect protective
interventions and the Risk Difference (on the transformed ratio scale) to detect harmful exposures. This principled
approach ensures that public health conclusions are based on the most sensitive and informative statistical tools
available, ultimately strengthening the evidence base for clinical and policy decisions.
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