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a b s t r a c t 

Purpose : This paper aims to illustrate the use and interpretation of regression based on pseudo- 

observations for estimating risks of time-to-event outcomes in epidemiological studies. Methods : We 

use pseudo-observation based regression for estimation of contrasts in the relative and absolute risks at 

specific times. This relaxes the proportional hazards assumption and directly estimates relative and abso- 

lute risks without the need for secondary calculations or standardization. Statistical software is available 

to use this method, and we demonstrate its use in a reanalysis of the mortality risk in sarcoidosis pa- 

tients in Sweden. Results : We report estimated adjusted mortality risk differences and risk ratios by 

age, and at different years of follow up. Compared to the hazard ratio of 1.62, which is assumed to be 

time constant, we find risk ratios ranging from 1.7 at 2 years of follow-up to 1.3 at 10 years. Conclu- 

sions : Pseudo-observation regression is a flexible and powerful tool for censored time-to-event data. The 

models are easy to run and interpret so they should be considered a standard tool alongside Cox regres- 

sion and standardization. As with any statistical model, there are assumptions needed for valid inference, 

which should be assessed on a case-by-case basis. 

© 2021 The Author(s). Published by Elsevier Inc. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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ntroduction 

In population-based studies of the association between medical 

onditions and mortality, survival analysis is the standard method 

sed since the unit of analysis is person-time, which differs be- 

ween subjects and is right-censored. The most common survival 

nalysis method used for these sorts of time-to-event outcomes 

n epidemiology and clinical research is Cox regression to estimate 

azard ratios [1] . Researchers wish to, and often do, interpret haz- 

rd ratios as risk ratios. The hazard of a time-to-event outcome is 

athematically defined in terms of the rate of the outcome occur- 

ing within a very small time window given that it has not yet 

ccurred. Risk, on the other hand, refers to the probability of the 

utcome occurring within a certain time window. There is not a 

ne-to-one relationship between the hazard ratio and risk ratio [2] . 

If risk ratios, or relative risks, are indeed the desired estimates, 

ne can obtain them from the estimated hazards through regres- 

ion standardization [3] , which is available in various user-friendly 
∗ Corresponding author: Tel: +46 8-524 82431, Fax: +46-8-31 49 75 
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tatistical software packages e.g., stdReg in R [4,5] . Adjustment 

hrough inverse probability weighting of the survival curve is also 

 means of estimation [6] . Yet, the interpretation of hazard ratios 

s risk ratios without using methods to properly obtain risk ratios 

emains standard practice. 

An alternative method to estimate relative and absolute risks is 

sing pseudo-observations, which is similar in format to regression 

odeling [7] . Unlike standardization based on Cox models, they do 

ot require the proportional hazards assumption and instead di- 

ectly estimate relative risks and risk differences at specific time 

oints. Although pseudo-observations have been thoroughly devel- 

ped in the statistical literature [8,9] , they have not yet become a 

taple of epidemiological and clinical research. 

Our aim is to present an example of using the pseudo- 

bservation method to directly estimate absolute and relative risks. 

e provide code to highlight the ease with which these methods 

an be applied using our R package eventglm [10] , and interpre- 

ations to show that they are well-suited to answer relevant sci- 

ntific questions. We reanalyse a study on mortality in sarcoido- 

is based on Swedish register data that was originally presented 

y Rossides and others in [11] . The main results of that publica- 
 under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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ion included hazard ratios, incidence rates, and inverse probabil- 

ty weighted adjusted survival curves to investigate the association 

etween sarcoidosis and mortality. The findings were interpreted 

n terms of mortality risks in sarcoidosis patients relative to pop- 

lation comparators without sarcoidosis. Risks were not, however, 

irectly estimated and therefore the discussion is based on infer- 

ing risks from rates. Using regression on pseudo-observations, we 

stimate and provide inference directly for the relative and abso- 

ute risk differences of death for several time points of interest. 

ethods 

Let T i be the survival time and V i be the indicator that survival 

ime is less than some fixed time t , V i = I(T i < t) , for subject i ,

here i = 1 , . . . , n . Neither T i nor V i are observable for all subjects

hen there is right censoring. Let X i be an exposure of interest and 

 i be a set of adjustment variables. 

Our main interest is in estimating the parameters of a general- 

zed linear regression model for V i conditional on the exposure of 

nterest X i and potentially adjusted for other covariates Z i : 

(V i | X i , Z i ) = g −1 { X i βx + Z i βz } , (1)

or some specified link function g. 

The interpretation of the coefficients will depend on the link 

unction. Using the identity link g(x ) = x , and for a binary exposure

and a single additional covariate Z, we have 

 (T i < t| X i = x i , Z i = z i ) = β0 + β1 x i + β2 z i , 

o that β1 = P (T i < t| X i = 1 , Z i = z) − P (T i < t| X i = 0 , Z i = z) for any

, called the risk difference holding Z constant. When instead 

ne uses the log link, we obtain e β1 = P (T i < t| X i = 1 , Z i = z) /P (T i <

| X i = 0 , Z i = z) , the relative risk or risk ratio again holding Z con-

tant. With the identity and log link, the risk difference and rel- 

tive risks are collapsible, and also equal to what would be given 

y standardization over Z unless the model includes an interaction 

etween the exposure and any of the covariates. Thus, there is no 

eed to standardize when adjusting for potential confounding vari- 

bles, unlike the Cox model. One can easily extend this regression- 

ased estimation in the same way as other generalized linear mod- 

ls (glm), allowing for interactions or splines. Additionally, just like 

 standard regression model, sampling weights for case-cohort and 

ther sampling schemes can be accommodated [12] . 

When the observed data are subject to right censoring, the V i 
re not fully observed so the regression model (1) cannot be esti- 

ated directly. Thus, we estimate these models using a marginal, 

onparametric estimator for the estimand of interest, here the risk 

f the event before time t or P (T < t) = θ . Using a nonparamet-

ic estimator ˆ θ of θ , we calculate the jackknife estimate for each 

ubject i by leaving out each subject one at a time and recalculat- 

ng ˆ θ−i . Subtracting this from the marginal estimate over all sub- 

ects, weighting by the number of subjects that went in to each 

stimate, we obtain the pseudo-observations P i = n ̂  θ − (n − 1) ̂  θ−i . 

sing these P i as the outcome in a regression framework, we can 

btain the desired adjusted and marginal risk differences and rel- 

tive risks directly by replacing V i in (1) with the P i . It has been

hown that the results of 

(P i | X i , Z i ) = g −1 { X i βx + Z i βz } 
ill be asymptotically equivalent to those from (1) , when right 

ensoring is independent of event time and any other covariates 

n the model [13] . Although this may seem like a strong assump- 

ion, it is plausible in population-based registers where subjects 

nly leave the register by dying or emigrating. This assumption can 

e relaxed by using weighted versions of the ˆ θ estimators prior to 

alculating the pseudo-observations [9,14] . 
2 
Both the nonparametric and weighted versions of the pseudo- 

bservations have functions to calculate them in R and Stata. The 

ventglm package in R runs a glm based regression after cal- 

ulating the pseudo-observations for a number of estimands in- 

luding the risk [10] . Due to the pseudo-observation step, model- 

ased standard errors will not be correct. Corrected versions of 

he standard errors have been derived [15] and it has been shown 

hat standard robust sandwich standard errors have good coverage 

robabilities particularly in large samples [7,13,15] . Although cor- 

ected standard errors are implemented in the eventglm R pack- 

ge, robust variance estimates using the sandwich package [16] are 

sed as the default. 

The basic model is invoked in R using the cumincglm com- 

and like so 

fit < - cumincglm(Surv(time_fu, death) ~
arcoidosis + age + male, 
time = 4, data = dset) 
This resembles a standard call to glm , but the outcome is spec- 

fied as a censored time-to-event outcome and the time of follow 

p is specified. By default, the identity link function is used, which 

eans the coefficient estimates represent risk differences. To es- 

imate coefficients that are log risk ratios, we specify the log link 

ith the option link = ’’log’’ . Inference for the coefficients 

nd confidence intervals for the risk ratios are calculated as follows 

fitlog < - cumincglm(Surv(time_fu, death) ~
arcoidosis + age + male, 
time = 4, link = ’’log’’, data = dset) 
summary(fitlog) 
exp(confint(fitlog)) 
The package framework is based on glm , so advanced model- 

ng features such as splines, quadratic terms, interactions, and con- 

rasts can be used by specifying them as usual on the right side 

f the relevant formulas. Alternative methods to deal with possi- 

ly covariate dependent censoring are available and documented 

n the package. 

esults 

Fig. 1 shows the estimated adjusted risk differences of all-cause 

ortality comparing sarcoidosis to reference individuals as a func- 

ion of age at diagnosis/matching. The colours of the curves cor- 

espond to different follow up times. The model adjusts for sex, 

ounty of residence, birth country, Charlson comorbidity index, and 

ears of education. The risk differences by age are estimated by in- 

luding sarcoidosis by age interaction terms in the regression mod- 

ls (using linear splines with knots at 30, 45, and 60 years of age). 

On the relative scale, in the fully adjusted model (adjusted for 

ge but without the age interaction), we find estimated relative 

isks ranging from 1.70 (95% CI 1.57 to 1.83) at 2 years to 1.30 (95%

I 1.17 to 1.44) at 10 years of follow up. Results for other years 

re shown in Table 1 . Also in Table 1 we present the relative risks

tratified by whether the index patient was treated or not at di- 

gnosis, as a proxy for severity. This variable was defined in the 

ame way as [11] , classifying individuals as needing treatment at 

he time of diagnosis if they were dispensed at least one prescrip- 

ion of either systemic corticosteroids, methotrexate, or azathio- 

rine within a period of 3 months before or after their first visit for 

arcoidosis. Interestingly, the relative risk among the treated cases 

ends to decline over time, while among the untreated cases it ap- 

ears to increase during the first 3 years and then remain relatively 

table. One possible explanation for this is that patients who re- 

eive treatment at diagnosis are more likely to have a more severe 

resentation and more likely to have chronic sarcoidosis compared 

o those who do not receive treatment at diagnosis. 

Using this method, we are able to reanalyze the data and di- 

ectly obtain estimates of the relative risks of all-cause mortality 
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Fig. 1. Adjusted mortality risk differences and 95% confidence limits associated with sarcoidosis by age and years of follow-up time . 

Table 1 

Risk ratios and 95% confidence intervals for mortality at different years of follow-up esti- 

mated from models with a log link. Models are adjusted for age, sex, county of residence, 

birth country, Charlson comorbidity index, and years of education. First column is overall, 

and then stratified by whether the index patient was treated within 3 months of diagnosis 

(restricted to those diagnosed after July 2005). 

Year of follow-up Mortality risk ratio (95% CI) 

overall untreated treated 

2 1.70 (1.57 to 1.83) 1.18 (0.83 to 1.67) 1.99 (1.38 to 2.86) 

3 1.41 (1.17 to 1.70) 1.32 (1.05 to 1.67) 1.70 (1.26 to 2.29) 

4 1.43 (1.24 to 1.66) 1.30 (1.05 to 1.60) 1.77 (1.43 to 2.19) 

5 1.43 (1.25 to 1.62) 1.32 (1.11 to 1.58) 1.62 (1.30 to 2.00) 

6 1.37 (1.22 to 1.55) 1.23 (1.04 to 1.45) 1.61 (1.31 to 1.99) 

7 1.34 (1.20 to 1.49) 1.21 (1.03 to 1.43) 1.56 (1.26 to 1.92) 

8 1.34 (1.20 to 1.49) 1.17 (0.99 to 1.38) 1.45 (1.17 to 1.81) 

9 1.37 (1.23 to 1.52) NA NA 

10 1.30 (1.17 to 1.44) NA NA 
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ssociated with sarcoidosis diagnosis. On the absolute scale, risk 

ifferences ranged from around 0 for younger ages to around 10% 

or older ages. On the relative scale, sarcoidosis is associated with 

 1.7-fold higher risk of death within one year, and approximately 

.4-fold higher risk of death within 4, 6, or 8 years. These esti- 

ates, on either scale, are different from the reported 62% higher 

isk for all-cause death compared to the general population, which 

as based on interpreting the hazard ratio as a risk ratio that is 

ssumed to be constant over the entire follow-up period of up 

o 12 years. This analysis was performed using the eventglm 
ackage [10] , and code is provided in R, Stata and SAS for do-

ng the same type of analysis in an example data set at https: 

/sachsmc.github.io/eventglm/articles/stata- sas- comparason.html . 

iscussion 

Regression using generalized linear models with pseudo- 

bservations is a powerful tool for modeling of complex time-to- 

vent data when the aim is to estimate and contrast risks. These 

odels are easy to apply and interpret, yet flexible enough to han- 

le complex functional forms, different study designs, and relax 

ertain censoring assumptions. Although survival analysis and in 

articular Cox regression is the standard in survival data, hazards 
3 
ome with several potentially undesirable qualities. They can be 

ard to interpret, leading practitioners to discuss them in terms 

f risk. Although a large or small hazard does in fact imply an 

ncrease or decrease in risk, it does not give an estimate of that 

uantity nor in what time period the risk occurs. The coefficients 

rom a Cox model can easily serve as the basis for regression stan- 

ardization, providing the desired absolute or relative risks and, in- 

eed, standardization eliminates almost all the potentially undesir- 

ble characteristics of the Cox model except for the proportional 

azards assumption. Alternatively, as we have demonstrated, lin- 

ar or log-linear regression of the pseudo-observations eliminates 

he need to standardize when the model does not include an inter- 

ction and does not require the proportional hazards assumption. 

his is done directly with the time point of interest clearly set, and 

s there is no intermediate step providing estimates of hazard ra- 

ios, there is no possibility that a practitioner will use and misin- 

erpret the hazard ratios. 

It is of note that the nonparametric pseudo-observation require 

he assumption that censoring is not only marginally independent 

f the event time, but also all covariates including exposure. Al- 

hough weighting by the censoring distribution relaxes this as- 

umption [14] , and is accommodated in the eventglm package, 

his may be seen as replacing a proportional hazards or paramet- 

https://sachsmc.github.io/eventglm/articles/stata-sas-comparason.html
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ic survival assumption about the event time with one about the 

ensoring time. In population-based registers, this censoring inde- 

endence assumption often likely holds, particularly when the reg- 

ster has many years of follow-up but the desired analysis is over 

 short period of time such that the time of entry into the register 

ill not be associated with the event time of interest. Therefore, 

his is the setting in which we recommend pseudo-observation- 

ased regression over Cox models or other forms of survival anal- 

sis when risk ratios or risk difference are the desired parameter. 

imilarly, in prospective cohort studies where measurement of the 

xposure of interest is done at entry into the study and individu- 

ls are followed-up until the event of interest, pseudo-observation- 

ased regression can be very useful. In that case, factors that may 

e associated with loss to follow-up should be adjusted for in the 

ensoring model, the use of which is an available option in the 

ventglm package; see the package documentation for more de- 

ails. 

In the case of the risk difference, the estimates are not theoret- 

cally bounded; they can possibly be less than -1 or greater than 

. Although this should not be a problem for categorical or binary 

xposure point estimates, this may be a problem for confidence 

nterval estimation in smaller samples; this is much less of a prob- 

em in large data sets such as registers. Regardless of sample size, 

oth the linear and log link models can result in predicted values 

f risk outside the possible range of 0 to 1, particularly when con- 

inuous covariates are considered. This is not generally a problem 

or inference on associations, but more care is needed when using 

hese models for prediction. 

In many situations when contrasts in absolute and relative risks 

re of primary interest, pseudo-observation based regression is a 

onvenient and useful tool that should be considered. All meth- 

ds have their limitations and assumptions, but they should be 

eighed against their utility and interpretability. While the pro- 

ortional hazards assumption is well-known, an underappreciated 

isk of the Cox model is that of misinterpretation, as is the case 

ith any time-to-event method that by default estimates hazard 

atios. The fact that hazard ratios are so commonly misinterpreted 

s risk ratios in the epidemiological and medical literature suggests 

hat although they are extremely common, hazard ratios are not 

ell-understood by the greater epidemiological and medical com- 

unity. Instead, pseudo-observation regression, particularly when 

sing the eventglm package in R , offers an easy to use way to

btain an easily interpreted parameter. For this reason, we believe 

seudo-observation regression should be a standard tool in the 

oolbox of practitioners when analyzing time-to-event data. 
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