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Statistical supplement for “The factors associated with non-beneficial 

treatments in end of life hospital admissions: a multicentre 

retrospective cohort study” 
 

This supplementary file contains additional technical details of the analysis methods used in the 

main document, as well as the additional outputs for the analysis presented. 

Statistical methods  

Throughout the analysis presented in the main text and here, we have employed logistic 

regression models to estimate the effects of the covariates of interest on the probability (and 

odds) of patients classified as receiving non-beneficial treatment. As such, the effects are 

reported in terms of odds ratios. 

Variable selection approaches 

In the retrospective data set used, a total of 33 covariates of interest were collected as factors 

assumed to be informative of non-beneficial treatment provision. Aside from age, all other 

covariates were either binary or categorical in nature. Of the 831 admissions analysed, 103 

(12.4%) were classified as receiving non-beneficial treatment via a series of clinical audits.  

Given the fairly large number of covariates collected, we also investigated variable selection 

approaches in efforts to narrow down the covariates to a more compact set to minimise the data 

collection burden of future monitoring or testing. Two approaches were considered:  

1. Stepwise variable selection 

2. All subset variable selection 

In both approaches, we used the Bayesian information criterion1 (BIC) to guide the model 

selection process. The BIC is one of the information criteria frequently used for statistically 

comparing two candidate models. The BIC attempts to balance model fit with model complexity, 

and aims to identify the candidate model which is most probable given the observed data. 

Models with smaller BIC values are preferred with a commonly used threshold of a difference of 

2 between two candidate models indicating that the strength of statistical evidence of the two 

candidate models are comparable, i.e., there is insufficient statistical evidence to select between 

two candidate models whose difference in BIC is 2 or smaller2, 3. 

The stepwise variable selection approach is a straightforward way of deriving a compact set of 

covariates from the larger set of all covariates. The approach involves either iteratively adding or 

removing a single covariate from the current covariate set and evaluating if the model fit has 

improved, which we assessed using the BIC, i.e., at each step, the approach selects the model 

which has the smallest BIC value at each step. A criticism of the stepwise approach is its 
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tendency to get ‘stuck’ in local optimums due to its simplistic nature of only adding or removing 
one covariate at a time. 

The all subset approach is a comparatively more robust variable selection approach as it 

considers all possible covariate configurations for a given full model specification, and selects 

the fitted model with the optimal criterion value (BIC) out of all candidate models (formed from 

the possible covariate configurations). The approach is exhaustive in nature and frequently 

incurs a substantial computational burden. For instance, in this analysis with 33 covariates in 

the full model, there are a total of 233 ≈ 8.59 × 109  candidate models to be fitted to the data, 

ignoring any statistical interaction between the covariates. As such, a heuristic method to mimic 

the exhaustive screening of the all subset approach was employed to cut down on 

computational time. This heuristic method (genetic algorithm) is implemented in the R package 

‘glmulti’4.  Given the heuristic nature of the genetic algorithm, we performed 5 independent 

(parallel) runs of the algorithm with different pseudo random number generator seeds, and 

collated the results into a single “consensus” set. Each run produces the set of the top 100 fitted 

models as measured by the BIC, and the consensus set aggregates the outputs from the 

individual runs to produce a set of top 100 fitted models across the runs. For the results 

presented in the main text, we used only fitted models in the consensus set which were 2 units 

of BIC away, or smaller, from the fitted model with the smallest BIC (including itself).   

The genetic algorithm is a computationally efficient heuristic approach to explore discrete state 

spaces in optimisation problems which variable selection problems can be reformulated as. The 

algorithm maintains a collection of fitted regression models and their corresponding ‘fitness 
score’ derived from the information criterion chosen (BIC) – fitted models with a smaller BIC will 

have a larger fitness score and thus have a stronger preference to be selected. The algorithm 

iteratively refines the model collection using concepts inspired by natural evolution process, 

specifically asexual reproduction (mutation), sexual reproduction (recombination and mutation) 

and immigration, until a pre-specified stopping condition is reached. 

 Asexual reproduction involves sampling a model from the collection of fitted models 

proportional to their fitness scores and randomly ‘permuting’ (turning on or off) each term 

in the sampled model with a pre-specified mutation probability 

 Sexual reproduction involves sampling 2 models from the collection proportional to their 

fitness scores, ‘recombining’ their model formulae, and applying random permutation to 
the resulting recombination 

 Immigration entails randomly generating a new model formula to fit the observed data  

The algorithm stops when a consecutive number of checks showed improvements to the 

average BIC of the model populations as well as the best (smallest) BIC to be below their 

specified thresholds. For the results presented in the main text, the algorithm stops after 5 

consecutive checks where the improvements in mean and best BIC were 0.05 or smaller. 

Checks were performed after every 20 iterations of the algorithm. 
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Goodness-of-fit and classification measures 

For each fitted model (excluding the univariable models which were treated as exploratory data 

analysis), we also assessed the statistical and classification goodness-of-fit of the models. This 

was done using a number of statistical test and graphs obtained from the fitted models. Note 

that we have not presented residual diagnostics for the models given the binary nature of the 

outcome and large number of possible covariate patterns5. 

The primary statistical goodness-of-fit tests used was the Hosmer-Lemeshow test, noting that 

such tests measure the statistical fit of the model to the data, and are strongly dependent on the 

sample size. They may not be informative about the classification/discrimination performance of 

the model. As such, we also present two classification measures6 (area under the receiver 

operating characteristic curve [AUC], and effect size), and graphical diagnostics of classification 

performance7. The effect size measures the difference in group means expressed as a multiple 

of the within-group standard deviation, and was quantified using the Hedges’ g statistic8. 

The graphical diagnostics of classification performance presented here are three plots: 

1. Histogram of estimated probability split by outcome category. 

The histograms visualises the empirical distribution of estimated probabilities for 

subjects who experience the event of interest (cases) and those who did not (non-

cases). A model with strong classification performance will estimate probability values 

close to 1 for cases and 0 for non-cases. This plots is related to the Hedges’ g statistic 
as  

2. Plots of sensitivity and specificity versus all possible probability cut-offs. 

This plot shows the classification performance of the fitted model across a range of 

probability cut-off values and could be used to select an ‘optimal’ cut-off value, typically 

the cut-off value that maximises both sensitivity and specificity.  

3. Receiver operating characteristic (ROC) curve, i.e., plot of sensitivity versus (1 – 

specificity). 

The ROC curve plots the probability of detecting a true positive (sensitivity) and false 

positive (1- specificity) over a range of possible probability cut-off values. The ROC 

curve for a model that is capable of discriminating between cases and non-cases tends 

towards the left and top margins of the plot area. 

 

Limitations of statistical approaches used 

The data collection for this study did not collect sufficient temporal information for all relevant 

covariates. This precluded the use of survival models to better reflect the temporal nature of 

NBT provision (and assignment), as well as temporal changes in the covariates considered 

(e.g., ICU transfers).   

We also did not consider more sophisticated variable selection approaches such as penalized 

regression methods9 in this instance as it is difficult to obtain and interpret the uncertainty 

associated with the strongly biased estimates produced using these methods10.  
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We also appreciate that variable selection can be a contentious matter11 and have provided 

results from the full multivariable model, as well as the variable selection results from both all 

subset and simple stepwise approaches. The different approaches produced consistent results, 

particularly in relation to the strong covariate effects identified.  

Univariable analysis results are also presented in the following section for the benefit of readers 

who are interested how strongly each individual covariate performed in classifying NBT 

provision, independent of all other factors, but do caution that these results are likely too 

simplistic to adequately represent the reality of NBT provision observed. 

Univariable analysis results  

As an initial data exploration exercise, we fitted univariable logistic regression models to each of 

the covariates identified to be potentially informative about the provision of NBT. This initial 

exploration was aimed at identifying any potential issues with individual covariates, e.g., 

complete separation, rather than as a “pre-selection” procedure for the subsequent variable 
selection approaches. The estimated odds ratios from the univariable model fits are provided as 

a supplementary material table (Table 1) as it may be of interest to readers concerned with the 

unadjusted effects of particular covariates only.  

Table 1: Univariable associations between covariates and non-beneficial treatment. 

Characteristics Odds ratios (95% CIs) P-value 

Hospital 
 

 

A (reference category) 1.0  

B* 2.26 (1.31 to 4.02) 0.004 

C * 3.80 (2.23 to 6.72) < 0.001 

Personal characteristics   

Age (+ 10 years)*^ 1.29 (1.11 to 1.51) 0.001 

Male 0.83 (0.56 to 1.25) 0.374 

Non-English speaking background 1.77 (0.90 to 3.26) 0.080 

Married/de facto 0.84 (0.56 to 1.26) 0.393 

Alcohol use 1.11 (0.64 to 1.85) 0.699 

Smoker 0.66 (0.30 to 1.28) 0.250 

Is a carer 2.07 (0.91 to 4.29) 0.064 

Aged care resident 0.84 (0.44 to 1.51) 0.590 

Activities of daily living   

Independent (reference category) 1.0  

Partially dependent 1.18 (0.75 to 1.86) 0.463 

Dependent*  1.81 (1.05 to 3.07) 0.029 

Exercise tolerance   

No limits (reference category) 1.0  

Ordinary activities result in fatigue/symptoms 1.75 (0.88 to 3.72) 0.127 

Less than ordinary activities result in fatigue/symptoms* 2.27 (1.19 to 4.69) 0.018 
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Bed bound* 3.06 (1.24 to 7.61) 0.015 

Missing 0.67 (0.15 to 2.22) 0.543 

Previous admissions over the past 3 years   

0 (reference category) 1.0  

1 1.00 (0.56 to 1.75) 0.994 

2 0.74 (0.36 to 1.44) 0.393 

3 or more 0.70 (0.43 to 1.13) 0.147 

End of life planning   

Advance care planning  1.42 (0.94 to 2.14) 0.093 

Advance health directive 0.88 (0.36 to 1.85) 0.748 

Acute resuscitation plan 1.72 (0.56 to 4.33) 0.288 

Enduring power of attorney 1.93 (1.25 to 2.95) 0.003 

Not-for-resuscitation order 1.69 (0.48 to 4.68) 0.354 

Palliative care review 0.82 (0.24 to 2.12) 0.721 

Admission characteristics   

Interregional transfer 1.48 (0.95 to 2.26) 0.077 

Admitted to ICU 1.48 (0.95 to 2.26) 0.077 

Death in ICU 0.87 (0.50 to 1.44) 0.604 

Conflict in medical team* 9.62 (4.05 to 23.37) < 0.001 

Conflict in family* 7.22 (3.68 to 14.06) < 0.001 

Decision not to treat or to withdraw treatment 1.02 (0.57 to 1.98) 0.942 

Medical speciality    

Other (reference category) 1.0  

Cardiology 0.62 (0.23 to 1.40) 0.288 

Emergency* 0.27 (0.06 to 0.76) 0.030 

General Medicine 1.24 (0.77 to 1.99) 0.367 

Neuro 0.71 (0.24 to 1.72) 0.493 

Oncology 0.73 (0.24 to 1.76) 0.521 

Respiratory 1.03 (0.43 to 2.19) 0.943 

SPICT items#   

Needs help with personal care* 1.56 (1.00 to 2.40) 0.044 

Unplanned admissions in past 6 months 0.71 (0.46 to 1.08) 0.113 

Weight loss 1.37 (0.83 to 2.18) 0.204 

Persistent, troublesome symptoms  1.17 (0.79 to 1.76) 0.438 

At risk of dying from a sudden, acute deterioration 1.00 (0.64 to 1.53) 0.991 

Patient requests treatment withdrawal 0.95 (0.32 to 2.26) 0.916 

Would be surprised if this patient is alive in 12 months 0.65 (0.35 to 1.13) 0.150 

Cause of death category+a   

Diseases and Disorders of the Kidney And Urinary Tract 3.32 (0.45 to 17.25) 0.180 

Diseases and Disorders of the Male Reproductive System 4.15 (0.19 to 46.38) 0.260 

Neoplastic disorders (haematological and solid neoplasms) 1.13 (0.38 to 3.06) 0.810 

Infectious and Parasitic DDs (Systemic or unspecified sites) 1.34 (0.4 to 3.86) 0.600 
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ICU=intensive care unit; DDs=diseases and disorders 

*: p<0.05 

^: Age was modelled in ten year increments by dividing the age covariate by 10 

#: Full SPICT item descriptions are in Supplementary File 1  

+: Cause of death was coded according to the Major Diagnostic Categories (MDCs) as defined in the 

World Health Organisation International Classification of Diseases 

a:  Categories with zero observations are not reported, these include DDs of the eye; ear, nose, mouth 
and throat; musculoskeletal system and connective tissue; skin, subcutaneous tissue and breast; and 
mental DDs. 

 

Alcohol/drug use and alcohol/drug induced organic mental disorders 0.46 (0.07 to 1.78) 0.320 

Diseases and Disorders of the Respiratory System 1.5 (0.65 to 3.45) 0.340 

Diseases and Disorders of the Circulatory System 1.27 (0.58 to 2.8) 0.550 

Diseases and Disorders of the Digestive System 2.08 (0.54 to 6.75) 0.250 

Diseases and Disorders of the Hepatobiliary System And Pancreas 1.19 (0.06 to 7.46) 0.880 

2 categories 1.04 (0.55 to 2.1) 0.900 

3 or more categories 1.15 (0.47 to 2.76) 0.750 

Supplementary material BMJ Open

 doi: 10.1136/bmjopen-2019-030955:e030955. 9 2019;BMJ Open, et al. Carter HE



7 
 

Classification measures results 

For ease in comparison, we present the numerical summaries of statistical goodness-of-fit 

(deviance residual 𝜒2 test, and Hosmer-Lemeshow test) and classification performance (AUC, 

and Hedges’ g statistic) of the following models in the table below (Table 2): 

1. Full multivariable logistic regression model 

2. All subset logistic regression model  

3. Stepwise regression model 

Table 2: Statistical goodness-of-fit and classification measure estimates for the three logistic regression 
model variants.  

 Statistical test/measure full All subset stepwise 

Statistical 
goodness-of-fit 

Deviance residual 𝜒2 
test  

𝜒552 = 167.68  (𝑝 < 0.001) 

-- 𝜒72 = 99.77 (𝑝 < 0.001) 

Hosmer-Lemeshow test 𝜒82 = 4.11 (𝑝 = 0.85) 
 

𝜒82 = 6.52  (𝑝 = 0.59) 
𝜒82 = 11.66 (𝑝 = 0.17) 

Classification 
measures 

AUC 0.83 0.78 0.77 

Hedges’ g 1.44 1.19 1.16 

 

Based on the deviance residual 𝜒2test, both the fitted full and stepwise logistic regression 

models provides a statistically better fit to the data compared with the null model (with no 

covariates). Note that there is no corresponding estimate for the all subset approach as it’s an 
aggregation of multiple model fits. All three fitted models provided similar observed and 

expected proportions across the probability deciles, as reflected in the Hosmer-Lemeshow test 

results. As such, there were no obvious concerns regarding the statistical fit of the three models. 

As to be expected, the classification measures of the full model outperformed those of the all 

subset and stepwise regression models. However, there was only a small decrease in AUC and 

Hedges’ g measures going from the full model to one of the two smaller models. Both smaller 

models (all subset and stepwise) performed similarly as measured by their AUC and Hedges’ g 
estimates. As such, practitioners might want to balance between the efforts of collecting a larger 

set of variables (28 in the full model compared with 7 in the all subset approach, and 6 in the 

stepwise model) and small decrements in classification performance. 

As with the numerical measures considered, the graphical diagnostics of classification 

performance for the three models were similar to one another. The corresponding graphs for the 

simple stepwise regression approach are in the next section focused on the outputs of the 

stepwise regression model. 

From the histograms (Figure 1, Figure 4, Figure 8), it was clear that the performance of the 

models were driven by their ability to detect non-cases (i.e., non-NBT patients) and the large 

proportion of non-cases in the data set (87.6%). The distribution of estimated probabilities for 
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NBT cases were considerably more dispersed, particularly for the full multivariable model. The 

estimated probabilities for NBT cases for the two simpler models were more concentrated 

around smaller values, by comparison.  

Figure 1: Histograms of estimated probabilities from the fitted full multivariable logistic regression model, 
split by NBT and non-NBT patients.  
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Figure 2: Plot of sensitivity and specificity across a range of possible probability cut-off values for the fitted 
full multivariable logistic regression model 
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Figure 3:Receiver-operating characteristic curve for the fitted full multivariable logistic regression model 
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Figure 4:Histograms of estimated probabilities from the fitted all subset logistic regression model, split by 
NBT and non-NBT patients.  
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Figure 5:‘Plot of sensitivity and specificity across a range of possible probability cut-off values for the fitted 
all subset logistic regression model 
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Figure 6: Receiver-operating characteristic curve for the fitted all subset logistic regression model 

 

 

Stepwise regression model outputs 

The estimated odds-ratios from the stepwise regression model are listed in Table 3, along with 

the estimates presented in the main text for comparison (all subset), with a corresponding plot in 

Figure 7. For this particular data set, all covariates selected in the “all subset” approach was 
also selected through the stepwise approach, except the “Enduring power of attorney” covariate.  
Similar estimate effects were obtained with both approaches. Estimates from the all subset 

approach were generally more conservative, particularly for “ICU admission” and “SPICT Item: 
Persistent, troublesome symptoms” covariates. The estimated odds ratio for the “conflict in 
medical team” covariate was marginally larger in the “all subset” approach, but that particular 

estimate was associated with large uncertainty in both models. 

Graphical outputs for the classification performance of the simple stepwise model are also 

presented here (Figure 8, Figure 9 and Figure 10), and were broadly similar to those from the all 

subset regression model. 

Supplementary material BMJ Open

 doi: 10.1136/bmjopen-2019-030955:e030955. 9 2019;BMJ Open, et al. Carter HE



14 
 

Table 3: Estimated NBT odds ratios for selected covariates in the all subset (main text results) and simple 
stepwise regression logistic model  

  Odds ratio (95% CIs) 

Characteristics all subset stepwise 

Hospital 

  A (reference category) 1 1 

B 2.52 (1.37 to 4.64) 2.57 (1.41 to 4.79) 

C 4.51 (2.42 to 8.39) 4.92 (2.71 to 9.25) 

Personal characteristics   

Age (+10 years)^ 1.49 (1.2 to 1.85) 1.6 (1.32 to 1.96) 

Admission characteristics   

Admitted to ICU 1.74 (0.66 to 4.59) 2.46 (1.38 to 4.37) 

Conflict in medical team 6.49 (2.37 to 17.8) 6.03 (2.2 to 16.84) 

Conflict in family 8.85 (4.13 to 18.94) 9.32 (4.36 to 20.05) 

Enduring power of attorney 1.33 (0.68 to 2.63) - 

SPICT item#     

Persistent, troublesome symptoms 1.42 (0.65 to 3.13) 2.11 (1.29 to 3.53) 

ICU=intensive care unit 

^: Age was modelled in ten year increments by dividing the age covariate by 10 

#: Full SPICT item descriptions are in Supplementary File 1  
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Figure 7: Factors associated with non-beneficial treatment in the fitted stepwise logistic regression model. 
Point estimates are represented by dots, and 95% CIs are shown as bars. Green bars are statistically 
significant at 0.05 significance level. 
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Figure 8: Histograms of estimated probabilities from the fitted stepwise logistic regression model, split by 
NBT and non-NBT patients.  
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Figure 9:Plot of sensitivity and specificity across a range of possible probability cut-off values for the fitted 
stepwise logistic regression model 
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Figure 10: Receiver-operating characteristic curve for the fitted stepwise logistic regression model 
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