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What is new?

 The days alive and home at 30 days (DAH30) is a new outcome measure with usual 
properties which has been proposed for use in RCTs particularly in surgery, its properties are
considered using a simulation study.

 It was shown that linear regression and Mann-Whitney U test are valid methods to analyse 
DAH30 in a RCT in the presence of an additive treatment effect across a range of treatment 
effects and sample sizes for plausible DAH30 distributions (with lower zero-inflation levels). 

 Mann-Whitney had higher rejection rate for small treatment effects, and observable effects 
are constrained by the properties of the DAH30.
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Abstract (260 words – excluding Plain English Summary)

Objective: The aims of the work were to consider the properties of the DAH30 from a statistical 

perspective, and to conduct a simulation study exploring the use of simple (unadjusted) linear 

regression and Mann-Whitney test as the method of analysis reflect realised analysis options.

Study Design and Setting:

The days alive and at home by day 30 (DAH30) has been proposed a patient-centric outcome, and 

clinically relevant outcome suitable for clinical trials. It has unusual statistical properties, and 

suitability of standard statistical analysis methods is unclear. The properties of DAH30 were 

reviewed. Simulations based upon 1:1 allocation in a RCT based upon empirical data were conducted

reflecting different additive and realised (reflecting the DAH30) treatment effects, sample sizes and 

distributions with varying and central locations and zero value level. A variety of metrics were used 

to assess performance (including bias, coverage, rejection rate).

Results:

Linear regression provided a valid estimate of the unadjusted average treatment effect with an 

additive treatment. This was confirmed in terms of bias, estimation of variance, rejection rate in the 

absence of an effect, and coverage of the 95% confidence interval for the true realised effect. Mann-

Whitney provided greater (power) than linear regression in some situations.

Conclusion:

Simple linear regression is a reasonable analytic option for the DAH30 for estimating the average 

treatment effect in the RCT cohort (i.e. an intention to treat, or “treatment policy” estimand) where 
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zero-inflation is relatively low. Mann-Whitney test in some circumstances (small effects and smaller 

samples sizes) provides better ability (like for like) to detect a difference between the groups.

Plain English Summary:

Simple linear regression can be used to analyse DAH30 outcome in a randomised trial for a range of 

scenarios which were considered in this study (including relatively proportions of zero values). The 

DAH30’s properties affect the treatment effect than can be estimated. Mann-Whitney test offered 

better ability to detect a difference of a smaller magnitude for smaller samples sizes.
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Randomized controlled trial; surgery; days alive and at home; sample size; simulation study
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Article

Background

The days alive and at home by day 30 (DAH30) has recently been proposed a patient-centric 

outcome, and clinically relevant outcome suitable for clinical trials.1-3. However, the DAH30 has 

unusual statistical properties, and correspondingly which statistical analysis methods are 

appropriate is not obvious. The DAH30 is typically defined as a simple count of the number of days 

an individual is at “home” following the receipt of a surgery. Similar names have been used for 

essential the same outcome (e.g. days alive and out of hospital), and with a variety of related 

acronyms (DAOH30, DAAH30, and DAAOOH28) sometimes with minor differences (e.g. timing) in 

definitions as well more substantive and consequential variations (i.e. penalising or not for death).1-3 

A wider set of similar related outcomes have also been defined.4 The aims of the work were to 

consider the properties of the DAH30 from a statistical perspective, and to conduct a simulation 

study exploring the use of simple (unadjusted) linear regression and Mann-Whitney test as the 

method of analysis reflecting common analysis options.

DAH30

Days Alive and at home timeframes and definitions (e.g. some exclude the first day) have varied 

though 30 days with a discrete 0 to 30 range appears to be the most common (reflecting emergency 

and surgery settings); here each unit corresponding to a day in time. However, if a patient dies 

within the 30-day period, the DAH30 is scored as zero (not as the number of days prior to the death).

The DAH30 outcome is therefore a type of bicomponent outcome, where one component is binary 

(death) and the other is a count (days at home within the 30 day period). 

The DAH30 has the potential for very unusual distribution forms. Figure 1 shows what is at least 

theoretically possible in terms of the extremes and some possible intermediate shapes. Some 

distribution form while possible are very unlikely in practice (e.g. all with exactly 30 days requiring 
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everyone to be at home on the first day after surgery). However, distributions with most values close

to 30 days5 or even zero if hospital length of stay was typically over 30 days. Myles and colleagues1 

recently published DAH30 data from 7 studies (including 3 RCTs) for patient undergoing various 

elective and emergency surgery. Mortality was 3.1% and the distribution had a long tail with a 

median of 24 days (and mean of approximately 21 days) –Figure 2.  

Statistical analysis of the DAH30

A variety of statistical methods have been used to analyse days at home data including Mann-

Whitney test, t-test/linear regression, and Poisson regression6-8 including as a time-to-event 

outcome.4, 9, 10 The potential range of distributions (Figures 1 and 2) and what might viewed as a 

more realistic subset of distributions do not naturally fit any standard distribution. Obviously the 

data is not normally distributed, as it is discrete and bounded between 0 and 30. The shape (even 

without zero-inflation) does not readily fit Poisson or even negative binomial distribution, nor a log-

normal distribution.  This is due to the potential for a large mass over a small range representing a 

substantial proportion of the observations yet with a long tail (e.g. Figure 2). 

A common option where an obvious parametric analysis is not apparent, might be to use Mann-

Whiney U test though it does not estimate a treatment effect on the original scale.11 In principle a 

mean difference would present an intuitive effect size measure despite concerns about the shape of 

the distribution. Furthermore, a t-test has been shown to work surprisingly well for discrete ordinal 

data of various forms.12, 13 Additionally, recent work has reemphasised the findings noted early in the

statistical literature on randomised trials14-16 that a valid estimate of the average treatment effect 

(ATE) can be anticipated asymptotically across a wide range of scenarios. The use of a t-test 

(equivalently) linear regression therefore deserved further consideration for the analysis of the 

DAH30. 
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Simulation study

Simulated scenarios

A simulation study of the analysis of the DAH30 using simple linear regression (equivalent to 

independent t-test (equal variance), and Mann-Whitney in a 2-arm parallel group individually 

randomised trial with 1:1 allocation. The reference distribution for the simulations mimicking the 

one reported by Myles et al1. The reference distribution was altered in two ways to produce 

different distributions. First, the mass of the non-zero distribution was shifted up and down in 

increments of 2 points from to -10 to +6, and also -20 as an extreme shift down (i.e. 9 shifted 

locations). For example, for the 2-up distribution the proportions for DAH values 1-28 in the 

reference distribution was used for DAH30 values 3 to 30 in the two-up distribution. The remaining 

tail of the distribution (DAH30 1 and 2 for this 2-up distribution) was extended as required at similar 

probability level to the nearest proportion to cover the other values in the DAH30 range (1 to 30). 

The respective non-zero values were then rescaled to 1 minus the zero-value proportion (i.e. 0.97 to 

maintain the zero-value proportion at 0.03) to maintain the relative zero and non-zero proportion 

values in the distribution. The reference distribution and the nine corresponding 3% zero-value 

distributions with shifted locations are shown in Figure 3. Second, the zero-value proportion was 

altered for each of these 10 distribution locations while maintaining the shape (and relative density) 

of the non-zero DAH values. The Zero percentage in the reference distribution was 3%. Plausible 

range for 30 days post-surgery would seem to be approximately 0 to 10%.17-20 for a range of settings. 

Along with the reference distribution level (3%), four other levels were assessed (0,1,5 and 10%). To 

generate distributions with different proportions of zero values, the proportion of zero values was 

changed to 0, 0.1, 0.05 or 0.1 and the respective non-zero values were then rescaled to 1 minus the 

zero-value proportion (i.e. 1.0, 0.99, 0.95, or 0.9) for 0, 1, 5 and 10% zero values). This maintained 

the relative shape of the non-zero part of the distribution while allowing different zero value 

proportions.
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In total there were 10x5=50 different distributions (table 1). The reference distribution and the 

corresponding 4 distributions (distributions 1-5 in Table 1) with the same location but varying zero-

value proportions are shown in Figure 4. For each of the 50 different distributions a number of 

simulation scenarios (combination of distribution, N per group and additive treatment effect) were 

produced. 2N observations were randomly sampled from the respective distribution was generated 

using a random number between 0 and 1 to select the relative DAH30 score given the corresponding

probability distribution for each observation. These were evenly split to mimic (1:1) individually 

randomised trial into N control group and N treatment group observations. An additive treatment 

effect (δ a) applied that ranged from -6 to 6 in increments of one to the observations in the 

treatment group. This included a 0 value i.e. absence of a treatment effect. 

Table 1 – Simulated distributions

No Location1 Median 

(IQR) 

Mean 

(SD)

% Zero values N per group (1:1) Additive Treatment effect2

1-5 reference 24 

(18,26) 

21 

(7.2)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

6-10 2 down 22 

(17,24) 

22 

(6.8)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

11-15 4 down 20 

(15,22) 

18 

(6.5)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

16-20 6 down 18 

(14,20) 

17 

(6.1)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

21-25 8 down 16 

(12,18) 

15 

(5.8)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

26-30 10 down 14 

(11,16) 

14 

(5.6)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

31-35 20 down 6 (4,10) 8 (6.4) 0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6
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36-40 2 up 26 

(20,28) 

23 

(7.5)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

41-45 4 up 28 

(22,30) 

25 

(7.6)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

46-50 6 up 30 

(24,30) 

26 

(7.5)

0,1,3,5,10 50,100,250,500,750,1000 -6,-5,-4,-3,-2,-1,0,1,2,3,4,5,6

Notes 

1. Location as it differs from the reference distribution. The reference distribution is distribution 3 (3% 

zero values)

2. The corresponding additive treatment effect was applied universally to all observations in the 

treatment group.

Values after applying the additive treatment effect to the simulation values in the treatment group 

were restricted to the 0 to 30 range (31 possible values) i.e. <0 values were scored 0, and >30 values 

were scored 30. The impact on the DAH30 scale is of a variable treatment effect at the observation 

(individual) level. As a consequence, the resultant “realised” treatment effect  (δ r) was therefore less

than the corresponding additive treatment value, sometimes substantially so. Additionally, the 

expected zero-value proportion in the treatment group across the scenarios varied (from 0 to 57%) 

depending upon distribution used and whether the treatment effect pushed the distribution towards

or away from the bottom of the distribution. See Supplementary Table S1 for the realised treatment 

effects. Given the probability distribution function, the probability of  ProbMW ¿ can be calculated 

exactly. In the absence of a treatment effect it is 0.5. Simulations were carried out for each of the 

distributions varying the size of the two randomised groups.  The combination of control group 

distribution, treatment effect and sample size lead to 3900 simulation scenarios. 

Metrics of interest
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The performance of simple linear regression and Mann-Whitney test were evaluated using a range 

of metrics (Table 2). Linear regression was assessed in terms of bias of the estimated mean 

difference, 95% confidence interval coverage of the treatment effect, and comparing the empirical 

standard error, to the model standard error. The rejection rate was also assessed at 5% (two-sided) 

significance level. Bias and coverage were calculated for the additive treatment effect and the 

realised treatment effect. The rejection rates between linear regression and Mann-Whitney test for 

a difference between treatment groups were compared. Additionally, the observed rejection rate 

was compared to the predicted rejection rate using the non-central t distribution sample size 

calculation using the realised mean difference and the corresponding group SDs.

Table 2 Simulation study metrics 

Name Definition Analysis method of 

interest

Additive effect bias1
β̂ t−δ a Linear regression

Realised effect bias1
β̂ t−δ r Linear regression

Rejection rate2,3 Prob ( pvalue β̂t )≤0.05 Linear regression, 

Mann-Whitney test4

Empirical standard error √Variance ( β̂ t )
Linear regression

Model standard error √E (VarianceModel ( β̂ t )) Linear regression

ProbMW ¿5 bias ProbMW ¿- Probtrue¿ Mann-Whitney test4

Additive effect coverage2 Prob (Upper95%confidencelimit β̂t>δa∧Lower95%confidencelimit β̂ t<δ a )Linear regression

Realised effect coverage2 Prob (Upper95%confidencelimit β̂t>δr∧Lower95%confidencelimit β̂t<δ r )Linear regression

Notes: 

1. the control group is used as the reference group where relevant e.g. β̂ t is the estimated mean difference 

and a positive number indicates the intervention mean group is higher than the control, and a negative 
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number that the intervention group mean is correspondingly lower. Where δ a=0, the realised treatment 

effect bias is the same as the additive effect bias metric (δ a=δr ¿¿.

2. A 2-sided comparison is made throughout at nominal 5% significance.

3. Rejection rate can be interpreted as the type 1 error/statistical power depending upon presence or not of a 

treatment effect.

4. Mann-Whitney (U) test is also known as the Wilcoxon sum rank test. 

5. Also known as the area under the receiver operating curve.11, 21, 22 The value for equivalent groups is 0.5.

Implementation

The simulations (see supplementary file Simulation code) were carried out in Stata 17.0 using a user 

written program that generated a sample of the required size in each group and the desired additive 

treatment effect in conjunction with the in-built Stata command simulate. All metrics of interest (See

Table 2) were calculated in the same number of repetitions (10000) for all simulation scenarios. 

Summary (mean) values over all repetitions were collected and automatically saved and processed in

Excel. 

Results

Bias

The simulation results for bias (additive and realised linear regression mean difference estimate,

ProbMW ¿) are provided in Figure 5, Supplementary Figure S1 and S2, and Tables S1-3. The 

magnitude of the additive treatment effect bias could be as large as 4.1 (distributions 45 and 46 and 

additive treatment effect of 6). In contrast where the location was centred away from the ends of 

the distribution, bias was far less across all additive treatment effects. In contrast for the realised 
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treatment effect, the estimated magnitude of bias was less than 0.05 for simulations scenarios. 

Similarly, the bias for estimation of the ProbMW ¿ was less than 0.01 across all scenarios. For all 

three bias measures, the respective sample size per group had negligible impact.

Variance estimation & coverage

The difference in the empirical variance of the mean difference and the model variance of the 

treatment effect (Supplementary Figure S3) showed excellent agreement with the difference at most

magnitude of 0.09 for sample size of 50 per group but typically around 0.05 for this size. For larger 

sample sizes the difference was within 0.02. The zero-value proportion has very modest influence on

the estimates. Coverage of 95% CI for the additive treatment effect varied markedly by the 

magnitude of effects (Supplementary Figure S4 and Table S4).  Difference from the nominal 0.95 

level varied from within a reasonable margin of error (0.005) to an almost complete loss of coverage 

(<0.01). Nominal level was more commonly achieved for smaller sample sizes. Coverage was best 

when the distribution was located away from the measurement range ends, and when fewer zero % 

values. For example, for the 4 down and 0% zero values distribution, the absolute loss of coverage 

never exceeded 0.005 (i.e. 0.5%). In contrast, coverage of the realised treatment effect 

(Supplementary Figure S5 and Table S5) was markedly better and closely matched with nominal level

across all scenarios. The estimated coverage was within +-0.005 (i.e. 0.5%) of the 0.95 target except 

for a few occurrences with n=50 per group which marginally exceeded this, and never for the larger 

sample sizes.

Rejection rate

The difference in the rejection rate between Mann-Whitney and linear regression are given in 

Supplementary Figure S6 and respective rejection rates in Supplementary Tables S6 and S7. The 
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relative loss could be as large as 0.87 for n=100 (distribution 50 and additive effect of -1) for 

detecting of a real effect. Substantial losses were mostly observed for smaller additive treatment 

effects (+-1 or 2) and sample sizes (n=50 or 100).  Where the sample size was n=500 or more per 

group, and the magnitude of additive treatment effect was 3 or more the difference was commonly 

<0.01. However, a reduction in the rejection rate for simple linear regression of around 0.40 was 

possible for n=1000. The predicted rejection rate compared well against the empirically observed 

rate across all scenarios (Supplementary Figure S7). Estimated rejection rate were typically within +-

0.02. Larger sample sizes agreed even more closely with the predicted value. Rejection level rate in 

the absence of a treatment effect (“significance level”) was well-controlled across all scenarios 

(always within 0.006 of the nominal 0.05 level). 

Discussion

Simple linear regression is an appropriate analytic option for the DAH30 for estimating an ATE (i.e. 

an intention to treat, “as randomised” group comparison or “treatment policy” estimand) in the 

scenarios considered (ordinal variable with restricted range and relatively low zero inflation). The 

results showed that despite a clearly non-normal distribution, an ordinal count outcome 

(constrained at both end) with zero inflation, linear regression (unadjusted) provided a valid 

estimate of the ATE in the presence of an additive treatment effect. This was evident in terms of 

bias, estimation of variance, and coverage of the 95% confidence interval for the true empirical 

effect. Furthermore, a standard statistical sample calculation can be used. Though larger sample 

sizes had relative advantages in terms of rejection rate for small magnitudes of realised treatment 

effects, the findings regarding bias, estimation of variance and coverage held for the smaller sample 

sizes considered. This study provides reassurance against concerns about estimation of the 

treatment effect variance using simple regression when the number of observations is smaller even 
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though the estimate is known to be asymptotically consistent.23 The Mann-Whitney test in some 

circumstances (small effects and smaller samples sizes) provided better ability (like-for-like) to detect

a difference between the groups as suggested by others.12, 24 A unbiased point estimate of the 

probability that an observation from one treatment group is higher than the other can also be 

generated with a  corresponding confidence interval can be produced21 (though this was not 

assessed). Nevertheless, one might not consider it a useful treatment effect to estimate particularly 

as it is not on the outcome scale, and thus favour a mean difference.11, 12, 21 An advantage of this 

simulation study was that it was based upon empirical distribution on the observed distribution in a 

published study.1 Furthermore, the location, magnitude of treatment effect and % of zero values 

varied across what would cover most plausible clinical setting (0 to 10%)1, 17-20. 

The use of linear regression to analyse an ordinal outcome, and one with a zero inflated form, may 

seem surprising. Certainly currently practice seems to indicate routine application of checks of 

model parameters which is of questionable value.25, 26 A few points can be highlighted regarding the 

estimation of the ITT (“as randomised”) effect or a treatment policy estimand as it might more 

recently be referred to.27 First the robustness of the application of linear regression (or an ANOVA) in

its simplistic form was an early, though insufficiently acknowledged, finding in statistical literature14, 

28, 29. Second other work has shown that use of regression is valid for analysis for ordinal data even 

with very skewed original quality of life data.12, 13. Third, the limited value of any “normality” checks 

has been noted by a number of authors30. Four, practice perhaps reflects a discontinuity between 

conducting a RCT as the preferred design but analysing the data from it as if it were any 

observational study and ignoring the benefits of randomisation in terms of estimation of the ATE.15, 

16, 31

It was demonstrated that for the scenarios considered that a standard sample size (a t-distribution 

and a non-central t-distribution under the null and alternative hypotheses respectively with 

Satterwaite’s t test32) is adequate for calculating the required sample size. It is important to note this 
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finding pertains to analysing a RCT. There are some key caveats to add to this. The distribution inputs

to a standard sample size need to reflect the properties of the DAH30 in terms of the target 

difference and the standard deviation of both distributions in the presence of a treatment effect. 

There are three related points to this that need to be made. First, the target difference needs to be 

specified as the “realised” effect one; this is the one of interest to an investigator not a simplistic 

additive effect. Second, the SDs under the alternative need to be correctly specified (applying the 

target difference for intervention group and following rules of the DAH30. Third, aside from using 

appropriate inputs in the sample size calculation, one needs to consider whether it is clinically 

plausible to observe any impact. More rapid and safe discharge is not a modest request.

Limitations

Limitations of the simulation study including the use of one general discrete distribution form, a 

standard RCT design (two-arm parallel group) with 1:1 simple random allocation, additive treatment 

effects, and only Mann-Whitney and simple regression were assessed opposed to multiple 

regression23 or more complex analysis method such as linear or non-linear mixed longitudinal 

models. The reference distribution used was based upon published data1 and the mass of the 

distribution was shifted and the zero-value percentage varied across a realistic range for many, 

though not all, settings (e.g. surgical and most emergency). The use of uneven random allocation 

combined with a more complex sample generation processes (e.g. involving one or two prognostic 

factors) might produce somewhat differing findings33, 34 though 1:1 allocation is the most common.

Simple linear regression and a Mann-Whitney test, two simpler analysis methods, were assessed in 

the simulations study though they reflect credible options for analysing an outcome like the DAH30 

particularly for the analysis of a “typical” RCT. The range of simulations, while substantial does not 

cover all possibilities for example very high level of zero-inflations e.g. >60%). There is no obvious 

analytic method for an outcome like the DAH30 which does not conform to any standard distribution
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form. An alternative approach could have been to estimate the “intention to treat” (i.e. the mean 

difference in the outcome in the treatment groups without imposing a model form)23 or another 

estimator like GEE15, 16. Linear regression implies an assumption of homoscedasticity (or put 

equivalently a simple form of treatment additivity). However, the findings here show that the 

estimate from simple linear regression is tolerant to a degree of heteroscedasticity in the treatment 

effect for DAH30 (due to a restricted range). Linear regression will tend to be used due to a desire to 

adjust for baseline factors (including a baseline outcome measurement though that is not relevant 

for the outcome of interest here). Another reason for adjustment is control for randomisation 

factors to ensure the appropriate confidence level (precision). How well the findings of this study 

translate to multiple regression with adjustment for multiple baseline covariates is uncertain though 

recent work suggests it may perform similarly well for realistic situations.15, 16, 35, at least under simple

(1:1) randomisation. An altogether different analytic strategy would be to consider days at home as a

time-to-event estimation problem though readmissions are problematic9, 10. Common analysis 

methods (e.g. log rank test, Cox regression) are readily available though death is a competing event 

complicating the analysis. Furthermore, the typical estimand from these readily available analyses 

(e.g. hazard ratio) is much less intuitive than a mean difference. 

The imposition of additivity as the form of treatment effect might be seen as a key limitation. 

However, as noted by Senn36 this assumption may be less troublesome in practice as the estimate 

can be viewed as kind of ATE (across prognostic factors). As demonstrated here, simple linear 

regression is tolerant in terms of basic inferential statistics (bias and coverage) to a treatment effect 

that varies according to the baseline level. Here it is perhaps worth noting the restricted distribution 

has the value of removing the potential for “outliers” to influence estimation. 

The underlying properties of the DAH30 raise questions about its value as a clinical trial outcome. 

Where a substantial proportion of the distribution is close to either zero (died within 30 days or not 

returned home) or 30 (e.g. discharged home immediately), the detrimental impact on the ability to 
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observe an effect in the direction of outcome score limit is marked. This is exacerbated where the 

treatment effect moves towards the same end of the range. Furthermore, if one believes the 

treatment effect may alter only the DAH30 values for those who do not die, this would lead to a 

proportion of the results being invariant to the effect of the treatments. A larger timeframe would 

likely ameliorate the zero inflation though offsetting this may be additional deaths. However, for a 

distribution like that observed in Myles1 (with low mortality and the mass of the distribution not 

close to the extremes), the DAH30 would seem a more reasonable option given relatively low zero-

inflation level. 
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