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INTRODUCTION Table 1. Key features of utility data

Often left skewed if population is very healthy because most patients will have a utility

* Health-related quality-of-lite, often reported as utility scores, Is an Skewed score near 1. Can also be right skewed if population being studied is very sick

Important endpoint in the evaluation of healthcare interventions.

Data can be multimodal if there are sick patients or other types of latent subgroups that

* Yetthe analysis of utility data |s complicated by its distributional Influence utility. For example, if group 1 has a low pain threshold and group 2 has a high

properties (Table 1), which raise statistical challenges.” Multimodal threshold, this would create multi-modality through different scoring on the pain domain
* Areview of utility values submitted for NICE cancer medicine of the EQ-5D

appraisals found that, in cases where a submission was rejected

because of EQ-5D utility data, the reason was generally related to Bounded Scores range from -0.59 (worse than death) to 1.00 (perfect health)*

inappropriate data adjustment, not data reliability.?

. Error terms are unlikely to be identically distributed because individuals with higher
Heteroscedastic - .
OBJECTIVE utility scores also tend to have scores that are less variable

Individual or group If data is clustered (e.g., neighborhood or practitioner is the unit of randomization in a

* As there Is no consensus on the most appropriate regression for effect trial) observations will not be independent
analyzing utility data, our objective was to develop a framework to
evaluate common regression methods. If the data is longitudinal (i.e., utility is measured at baseline and follow-up) observations

Time dependency i ot be independent

M ETH O DS * Lower bound depends on method of valuation

* We reviewed electronic databases (e.g., PubMed) and websites of

HTA agencies to identify the most used regression approaches for Figure 1. Ability of regression models to handle key features of utility data
analyzing utility data.t3-

Individual or Time

* A conceptual framework was then created to illustrate the ability of Regression model Skewed Multimodal Bounded  Heteroscedastic ) effects  dependency

each regression model to handle the unigue distributional features
of utility data (i.e., skewed, multimodal, bounded, heteroscedastic,

time dependent, with individual or group effects). Ordinary least squares
regression (OLS)

* Using this framework, we examined the strengths and limitations of
each approach.

OLS with bootstrapping

or robust standard
RESULTS errors

« Conventional methods, such as ordinary least squares regression,
are widely used to analyze utility data despite violation of key
assumptions surrounding normality and independence (Figure 1).

Tobit

* Some regression assumptions are more robust to violation (e.g.,
normality of observations) while others are managed at the study
design-level (e.q., iIndependence of observations).

Censored least absolute
deviations (CLAD)

* While there are advantages in using more complex models, such
as mixed effects models, this comes at the cost of untestable Generalized linear
assumptions. model (GLM)

 When selecting a regression approach, ensuring a balance
between feasibility, interpretability and statistical correctness is

critical. Two-part model (TPM)

IMPLICATIONS

Latent class model

« Health technology assessment is a process of making statistical (LEM)
Inference from clinical, health-related quality of life, and economic
data so that decision-makers can assess the value of new Beta rearession model
technologies. (BETAI\%X)
 |nappropriate statistical analysis can result in unreliable estimates
of cost-effectiveness that fail to provide accurate and robust Adjusted limited
Information to inform resource allocation decisions. dependent variable
: : : - mixture model
« This framework provides an overview of the ability of common (ALDVMM)

regression models to analyze utility data, with the aim of supporting

evidence-based decision-making.
Generalized estimating

equation (GEE)

For more information, please contact

Repeated measured

Gabriel Tremblay at gabriel.tremblay@cytel.com mixture model (RMME)
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Legend: Red = regression model cannot handle feature; Yellow = regression model can partially handle feature; Green = regression model can
handle feature
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