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Introduction & Objectives 

Methods 

Results 

Conclusion 

Science collects empirical data as inductive evidence for competing hypotheses. 
Statistics should provide an objective quantitative alternative to personal 
judgement, for representing and measuring the strength of that evidence. 
Unfortunately, this key task has been neglected since the work of Neyman and 
Pearson (1930s), as scientific problems have been statistically formulated in 
terms of choosing between alternative courses of action rather than 
interpreting data as evidence. 
 

Even in problems where a clear-cut decision is the main object, it very often 
happens that the assessment of losses and prior information (prior belief) is 
subjective, so that it will help to get clear first the relatively objective matter 
of what the data say … (Cox 1958). Thus, regardless of the objective of an 
experiment/study, it is crucial to first judge and quantify the evidential value of 
the data. The correct sequence to appraise and use research evidence vis a vis 
a focused clinical problem is outlined in Fig 1. 

Stage 5 – Make a 
decision: Decision-
theoretic methods – 
using belief & external 
considerations e.g. cost, 
utilities, patient values, 
etc 
 

Stage 4 – Reassess your 
subjective belief: 
Bayesian paradigm - 
using the evidence from 
Stage 3 and your prior 
belief 

Stage 1 – Appraise the 
relevance of the study: 
Assess the relevance of 
the PICO elements of the 
studies to your problem 

Stage 2 – Appraise the 
internal validity of the 
study: Assess the study 
design, risk of bias (RoB), 
quality of execution and 
adequacy of reporting 

Stage 3 – Quantify the 
statistical evidence of 

the result for competing 
hypotheses:  

LIKELIHOOD Paradigm  

Figure 1: Stages in appraising and using data from 
empirical studies about a quantitative hypothesis  

Objectives 
To describe how the evidential 
value for comparing ‘treatment’ 
groups of both the single and 
multiple studies (meta-analysis) 
can be evaluated using a likelihood 
approach (LA); with focus on 
analytical inference of rare events 
using the odds ratio (OR). 
  

Illustrate the proposed method 
with data from a systematic review 
on short-course therapy with 
Rifampin + Isoniazid (RPI), versus 
standard therapy Isoniazid (STI), 
for latent tuberculosis infection 
(Ena et al 2005). The endpoint 
considered is incidence of serious 
adverse effects (SAE). 

The likelihood paradigm hinges on the intuitive reasonableness of the law of 
likelihood: The observed data X = x is evidence supporting Hypothesis A over 
Hypothesis B if and only if PA(x) > PB(x), and the likelihood ratio (LR)=PA(x)/PB(x), 
measures the relative strength of that evidence (Hacking, 1965). 
 

The following algorithm can be used to assess the relative evidence for 
alternative parameter values (hypotheses), given the observed data. 

1. Identify an appropriate probability model for the data, taking into 
consideration the design of the study and the outcome data type 

2. Derive the likelihood of the data as a function of the target parameter/s 

3. Obtain the most supported value (MSV) estimate (i.e. maximum 
likelihood estimate) of the target parameters 

4. Obtain the evidence function (EF) by re-scaling the likelihood function to 
the MSV 

5. Estimate likelihood intervals (LI) from the EF for the target parameters 

6. Evaluate the evidential support given by the data for any 2 alternative 
parameter values (hypotheses) using the likelihood ratio (LR) 

Pooling Evidence from Tuberculosis trials (binary data) 

• For each primary study, i, the risk for development of severe adverse 
events (SAE) by patients receiving RPI relative to patients receiving STI is 
represented by odds ratios, θi, and characterized by Fisher’s non-central 
hypergeometric distribution fnchypg(θi; ai,bi,ci,di); where a, b, c, and d, 
represent RPI patients with SAE, RPI patients without SAE, STI with SAE, 
and STI without SAE respectively, & max(0, ai – di) ≤ j ≤ min(ai + ci, bi + di) 

 

 

 

 

• Assuming pooling is justifiable, combining evidence from multiple 
studies needs to account for the between-study heterogeneity. A 
random-effects approach is used; the assumption is that simultaneously 
with randomly drawing subjects from the population of subjects for each 
study i, study odds ratio (θi) is also drawn from a population of odds 
ratios, Θ. 

• We model the distribution of Θ as a lognormal distribution, LNΘ(θ; µ, τ2). 
With LNΘ(θ; µ, τ2) as the study weighting distribution, the pooled OR 
over all studies,   φ = exp(µ + 0.5τ2), can then be modeled using the 
following distribution of θi: 

Studies RIP SIP Odds Ratio 95% CI 1/8 LI 

HK Chest Services (1992) 8/167 13/173 0.62 (0.25; 1.53) (0.23; 1.57) 

Martinez-Alfaro et al. (1988) 7/98 9/98 0.76 (0.27; 2.13) (0.25; 2.22) 

Martinez-Alfero et al. (2000)  5/69 15/64 0.26 (0.09; 0.75) (0.08; 0.74) 

Rivero et al. (2003) 15/82 6/83 2.86 (1.06; 7.82) (1.06; 8.78) 

Whalen et al. (1997) 13/556 3/536 4.25 (1.21; 15.71) (1.30; 19.98) 

MH – Fixed Effect 1.03 (0.68; 1.57) - 

LA –  Fixed Effect 1.03 - (0.67; 1.58) 

MH – Random Effects: I2 = 76% 1.05  (0.04; 2.75) - 

LA – Random Effects:   I2 = 70% 1.58 - (0.62; 1.06) 
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Case Study 

The systematic review of Ena et al 
(2005) consisted of randomized 
controlled trials comparing 3 
months daily therapy of RPI with 6 
to 12 months daily therapy of STI 
for latent tuberculosis infection in a 
human population. Trials were 
eligible for review if they reported 
frequency of active tuberculosis, 
frequency of SAE, and or death. 
Five trials from Hong Kong, Spain & 
Uganda were selected, consisting 
of 1926 adults.  

• LA is a better justified approach to evaluating which parameter values 
are better supported by the data evidence and provides intervals which 
are more meaningful 

• LA is naturally extendable to meta-analysis, especially of observational 
studies as subpopulations and confounders can be easily accounted for 
in the analysis 

• Implementation of LA can be computationally challenging 

Table 1: Eligible studies and pooled-OR of development of SAE in RPI vs. STI 
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The EF for the Martinez-Alfero et al. 2000 study (Fig 2) shows that the data 
best supports an OR of 0.26 (MSV). The 1/2 likelihood interval (LI) shows the 
range of OR values that have at least half (1/2) the amount of support 
(evidence) as the MSV. A classical 95% CI is seen to be an extremely liberal 
evidence criteria, being equivalent in magnitude to only a 1/8 LI. 
 

Table 1 shows the 5 included studies and pooling (fixed and random-effects) 
based on the proposed likelihood approach compared with standard Mantel-
Haenszel (MH) pooling.  

• LA and MH methods perform similarly based on their corresponding 
fixed-effect meta-analysis (MA). LA yields higher OR and slightly lower I2 
estimates based on random-effects MA. Pooled-OR estimates based on 
the random-effects approach are consistently higher than the fixed-
effect estimates.  

• Fig 3 depicts the EF for the pooled-OR and the between studies 
variability (heterogeneity). The data supports high between-study 
variability (Figure 3b), with very strong evidence (LR=18.6) supporting I2 
= 70% over values ≤ 10% (i.e. no heterogeneity) 

• The parameter τ2 measures the between study variability at the log-odds 
scale. The between study variability at the odds scale is ζ2 = exp(2µ + τ2) 
(exp(τ2) - 1). Similarly to standard meta-analysis, I2 = ζ2 / (ζ2 + σ2), where 
σ2 is the within study variability i.e. weighted average of σi

2 = var(θi). 

• Likelihood functions for each primary study and the meta-analysis were 
defined based on fnchypg(θi;ai,bi,ci,di) and f(µ,τ2;θi|ai,bi,ci,di) 
respectively. The algorithm outlined above was used to obtain MSV, EF, 
desired LIs and relevant LRs for each primary study & the meta-analysis. 

Figure 2: Evidence function for odds ratio of 
incidence of SAE in RPI vs. STI from results of 
Martinez-Alfaro et al (2000)  
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Figure 3: Evidence function for estimating (a) the pooled-OR of SAE in RPI vs. STI and (b) the 
between-study variability 
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