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Abstract
Background Equity in access to scheduled surgery has been a topic of attention of researchers and decision-makers on 
healthcare. Most studies analyse the number of days that patients wait before undergoing surgery, and ignore patients that 
have been on the waiting list but have not benefited from surgery. This study contributes to the existing literature on waiting 
lists by analysing cancellations along with surgery episodes.
Methods We use a database comprising all patients that entered the waiting list for scheduled surgeries in the Portuguese 
National Health Service from 2011 to 2015 (around 3 million observations) and estimate survival models to explain waiting 
times, where cancellations are introduced as censored data.
Results The cancellation rate is significant (around 14%), and has a considerable impact on results: ignoring cancellations 
biases estimates, in particular for gender differences (that are overestimated without cancelations), and for the age effect 
(that is underestimated).
Conclusion Thus, our approach provides a more accurate understanding of the impact that several factors have on overall 
access to scheduled surgery.
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Introduction

Waiting lists and waiting times for scheduled surgery are 
common in NHS-type systems [1]. These health systems 
are characterised by reduced user charges which originate 
excess demand and may cause long waiting times and large 
surgery waiting lists.

Long waiting times are a rationing mechanism consti-
tuting a barrier to access to surgical treatment [2]. There 
has been a wide-ranging discussion concerning equity in 
waiting times to scheduled surgery that focuses on patients’ 

characteristics (e.g., age, gender, socioeconomic status, etc.) 
[2–5].

Ethical considerations imply that the severity of patient’s 
clinical condition should be the only factor able to explain 
differences in waiting times among patients [3]. The prior-
itisation for surgery process should play the central role in 
the formation of lists and must be able to detect the most 
urgent cases [6, 7]. However, other factors may play a role 
in the formation of waiting lists and contribute to variations 
in waiting times that may raise equity concerns. Identifying 
these factors contributes to improve the design of specific 
policies aimed at increasing equity and fairness in access to 
healthcare.

A substantial part of the literature on waiting times for 
scheduled surgery has focused, specifically, on patients that 
have been treated. These studies disregard cancellations 
– surgeries that were scheduled to happen but for some 
reason were cancelled. Cancellations may be motivated by 
many reasons and may have several consequences for the 
patient’s health, both physical and emotional. They also may 
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raise questions about hospital efficiency [8, 9]. A proper 
understanding of the barriers affecting access to surgery, and 
designing the adequate policies to deal with the problem, 
implies analysing all surgery candidates, not just the ones 
that eventually were submitted to surgery, and incorporate 
cancellations in the analysis.

Take, for instance, the spatial distribution in waiting 
times. If in some regions the longer waiting times are lead-
ing patients to cancel more surgeries, then the actual waiting 
times for surgery in those regions will be underestimated. 
Thus, policies implemented based on the waiting times of 
operated patients may be inadequate because inequalities in 
access are underestimated.

The inclusion of the cancelled episodes is particularly 
important in health systems where cancellations rates are 
significant. That is the case of the Portuguese National 
Health Service (NHS). In the Portuguese NHS, patients 
are registered with a primary care doctor (GP), who acts 
as a gatekeeper. A patient with a condition that may require 
surgery, must first visit her GP at the local NHS primary 
care health centre. The GP refers the patient to an outpatient 
specialist appointment at an NHS hospital (which usually 
occurs some months later). If the hospital specialist doctor 
decides that a surgery is needed, the patient is then enrolled 
in SIGIC, the national information system that manages the 
list of patients waiting surgery. If the patient does not have 
her surgery before the legal “guaranteed maximum time of 
response” (set by regulation from 3 to 270 days, depend-
ing on the patient’s priority level), the patient is referred by 
SIGIC to either another NHS hospital or to a private hos-
pital [10]. If the surgery becomes unnecessary before it is 
performed, the enrolment in SIGIC is cancelled, which was 
the case for 14.7% of the patients enrolled in SIGIC for the 
period under analysis (2011 to 2015), mostly at the initiative 
of the patient.1 The impact of ignoring cancellations might 
be large and could increase at a time when countless surger-
ies are cancelled or postponed due to COVID-19 [11]. It is 
estimated that in Portugal, between March and May 2020, 
about 58% of scheduled surgeries were cancelled,2 which 
compares with 15% in the period covered by this study. If 
cancellations had a relevant impact in equity in access in the 
period 2011–15, it is expected that analysing cancellations 

will be even more crucial in the COVID-19 period, when 
cancellation rates almost quadrupled.

Thus, this paper revises the way the topic of equity in 
access to scheduled surgery has been addressed. We use 
information on all exits of waiting lists, including surgical 
procedures performed along with cancellations, to study 
equity in access to scheduled surgery. This study uses infor-
mation on all exits of waiting lists for scheduled surgeries on 
the Portuguese NHS between 2011 and 2015 (around 3 mil-
lion observations), to estimate survival models that include 
censored data associated with cancellations and assess the 
impact on results of including, or not, cancellation episodes.

Background

Cancellations for surgical treatment correspond to patients 
who left the waiting list before being subjected to surgery. 
Cancellations are an important feature of waiting lists: Al 
Talalwah and McIltrot [12] developed a literature review 
on cancellations for surgery and found cancellations rates 
ranged between 5 and 39%.

Although the literature on cancellations is vast, a substan-
tial part of these studies has focused on statistical analysis of 
specific clinical conditions and/or motivations for cancelling 
[13–19].

On the other hand, the literature on waiting times to 
scheduled treatment is focused on operated patients. See, for 
instance, the studies of Laudicella et al. [3], Cooper et al. [4], 
Johar et al. [20], Landi et al. [2] that evaluated the factors 
besides the severity of the patient’s clinical condition that 
might influence access to treatment. The authors showed that 
patients’ specific socioeconomic and demographic charac-
teristics influence waiting times. Laudicella et al. [3] found 
that waiting times for patients admitted for hip replacement 
in the English NHS are shorter for the elderly and that men 
have longer waiting times compared with women. An identi-
cal finding was obtained by Cooper et al. [4] for patients sub-
mitted to hip replacements. On the contrary, Johar et al. [20] 
observed longer waiting times for older patients, and also 
reported that men wait less time than women in New South 
Wales (Australia). Landi et al. [2] concluded that gender and 
age were not relevant in explaining excessive waiting times 
for elective surgery in the Italian NHS. Also, Laudicella 
et al. [3], Johar et al. [20] and Landi et al. [2] found waiting 
times favour the most socioeconomic advantaged patients.

An open question in this literature is whether results on 
inequalities would be the same if cancellations were added. 
As noted earlier, cancellations do not refer to completed 
observations because they are associated with premature 
exits from the waiting list. Thus, those observations can be 
understood as censored data that take place when “incom-
plete information is available about the survival time of 

1 The administrative classification of the motives for cancella-
tion includes six categories (in parenthesis, the percentage of can-
cellations in our sample due to each motive): patient renunciation 
(37.83%); clinical reasons (18.23%); surgical episode that was carried 
out (e.g., emergency surgery) (9.38%); transfer to another hospital 
(8.05%); patients’ death (2.11%); other reasons (24.40%). Additional 
information will be made available upon request.
2 Assuming a scenario without COVID-19 where the values between 
March and May 2020 would be the same as in 2019. Source: Portal 
da Transparência do SNS—https:// www. sns. gov. pt/ trans paren cia/.

https://www.sns.gov.pt/transparencia/
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some individuals” [21] or “a subject in the study withdraws 
prematurely” [22]. Focusing on completed observations 
and dropping censored episodes is, in fact, a standard pro-
cedure when one is in the presence of censored data. How-
ever, this procedure can lead to sample selection problems 
and produce inconsistent estimators [21, 23] if we aim at 
understanding the impact on waiting times for all scheduled 
surgeries.

McIntosh et al. [24], Cookson et al. [25] and Cookson 
et al. [8] are part of the reduced literature that analysed can-
cellations along with surgery episodes. The authors evalu-
ated which factors contributed to last-minute cancellations in 
scheduled surgery in the English NHS and employed binary 
outcome models with the dependent variable coded accord-
ing to the cancelled or operated event. For instance, McIn-
tosh et al. [24] and Cookson et al. [25] found that patients 
from lower socioeconomic groups, men and older patients 
have higher probability of cancellation.

However, their objective was merely to look at factors 
affecting the decision to cancel surgery. Our study, on the 
other hand, analyses the impact of a set of variables on the 
time-to-event (surgery) adjusting for censored observations 
(cancellations) using survival models [22]. Thus, our study 
improves on the understanding of which factors impact on 
waiting time to surgery and on the inequalities in access 
that may exist, by reducing the selection bias that may arise 
from the exclusive use of episodes of performed surgeries.

Data and methodology

Data

This work is based on the administrative data of the list for 
all scheduled surgeries in the Portuguese NHS from 2011 
to 2015.3 The database includes episodes of surgery and 
cancellation episodes as well. The waiting times correspond 
to the period elapsed from the moment of entry in the list 
until the patient has been operated or has left the list by 
cancellation.

Table 1 shows the distribution of waiting times, both for 
surgeries performed and for episodes of cancellation. Epi-
sodes of surgery are more frequent in the first month of entry 
into the list, but cancellation frequency is higher for longer 
waiting times.

Table 2 presents the distribution of surgeries and cancel-
lations by patient’s priority, and the rules for waiting times 
according to priority to be applied by the NHS.4 One can 
observe that the cancellation rate is higher for priorities con-
sidered to be less severe, as expected, since higher priorities 
require a timelier surgical treatment. However, both priority 
levels 3 and 4 still have a cancellation rate of around 8%.

Figure 1 displays the plot of Kaplan–Meier survival esti-
mates. The vertical axis corresponds to the estimated prob-
ability of survival occurring within a specific time (for all 
individuals in our sample), and the horizontal axis is the 
number of days from the moment of entry into the list.5 
The likelihood of survival occurrence starts, as expected, 
from one and decreases to zero where the highest reduction 
is obtained in first weeks. However, it is clear that waiting 
times extend well beyond the time limits in the official rules, 
and that they differ substantially among patients. It is then 
essential to understand to what extent the characteristics of 
patients have affected access to surgery.

Table 3 provides descriptive statistics that allow for a 
characterization of the differences between the waiting times 
of operated patients and of cancellations.

Survival model

We estimate survival models for patients in the surgery list 
that simultaneously account for patient individual character-
istics such as gender, age, priority level and cancer indicator, 
while introducing several additional controls that account for 
other sources of heterogeneity such as hospital, speciality, 
surgical procedure or place of residence. Age was catego-
rized in six groups: below 15 years old; 15 to 29; 30 to 44; 
45 to 59; 60 to 74; above 75 years old. Dummy variables 
for the speciality and surgical procedures were included to 
account for the specificities of surgical treatment.6 Hospi-
tal dummies capture differences in waiting times due to the 
organisational structure or other factors which may be spe-
cific to each hospital. Dummy variables for patient’s place of 

Table 1  Distribution of the waiting times by surgery and cancellation

Days Surgery Cancellation

 <  = 1 188,413 (7%) 17,073 (4%)
]1–30] 995,476 (37%) 83,584 (18%)
]30–90] 736,387 (27%) 86,815 (19%)
 > 90 770,454 (29%) 278,966 (60%)
TOTAL 2,690,730 (100%) 466,438 (100%)

3 The administrative data were obtained from SIGIC, provided by the 
Portuguese Central Administration of the Health System (ACSS).

4 The priority level is assigned considering the maximum time that 
the patient can wait for surgery. It takes into account the disease and 
associated problems, pathology, severity, impact on life expectancy, 
autonomy and quality of life, speed of disease progression and time 
of exposure to the disease [26].

6 Since there are thousands of categories on surgical procedures, one 
cannot control for all the procedures categories due to computational 
constraints. Dummy variables were used for the 300 most common 
surgical procedures, and the rest was coded as “others".

5 We restrict the graph to t <= 365 days to simplify the analysis.
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residence (municipality) capture regional disparities, such as 
average income, education level, or access to health services 
that may impact waiting times. Finally, the variable “year" 
was included to allow for changes in nationwide policy deci-
sions that may affect all waiting times.

The survival models to be estimated are proportional haz-
ard models, where surgery is the event of interest and can-
cellation corresponds to censored observations. The general 
specification is given by:

where h(t) is the hazard rate of the surgery, also known 
as the instantaneous rate of an event occurrence, X corre-
sponds to a vector of covariates (gender, age, priority, can-
cer, speciality, procedure code, year, hospital, municipality 
of residence), � are the coefficients to be estimated and h0(t) 
is the baseline hazard.

(1)h(t) = h0(t) × exp (X�)

The parameters � indicate how the risk (likelihood) of 
surgery increases/decreases according to the degree of 
exposure. For instance, if βmale > 1, one may conclude that, 
conditional on all other variables, men are more likely to be 
submitted to surgery, and therefore, they have lower waiting 
times than women.

The baseline hazard function h0(t) may be modelled using 
different specifications. We estimate the Weibull model, a 
popular parametric method in survival analysis [22, 28], 
that assumes h0(t) = ρtρ−1exp(β0 ) [22]. Imposing a Weibull 
specification without further considerations could be too 
restrictive since its main limitation lies in the hazard mono-
tonicity [28]. However, this is not the case for our model, 
since alternative specifications yield similar results.7 The 
Weibull model is estimated by maximum likelihood where 
the log likelihood function to be maximised is based on 
the non-informative censoring assumption (meaning that it 
assumes the censoring times are independent of the failure 
times conditional on values of covariates) [29, 30].

Although treating informative censoring as non-inform-
ative may bias the estimates, it is usually recognised the 
difficulty on identifying informative censoring and test-
ing its impact on results [21, 31]. Therefore, since one 
cannot exclude the presence of informative censoring, we 
performed a sensitivity analysis to observe the impact of 
different survival times on estimates. We use the best and 
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Fig. 1  Kaplan-Meier survival estimate

7 We have also estimated a Piecewise exponential model, that 
accounts for non-monotone hazards splitting time into different 
intervals and assuming the hazard rate is constant within each one, 
but that it may vary between intervals. We have also estimated a Cox 
model where h

0
(t) is an unknown nonnegative function. Both models 

provide very similar results to those of the Weibull model. In the par-
ticular case of the PWE, the results reveal a similar monotonicity to 
that of the Weibull model with regard to h

0
(t) . Weilbull’s distribution 

also has the property of being parameterized either with proportional 
hazards or with accelerate failure time.

Table 2  Distribution of surgery 
and cancellation – by priority

a  Diário da República[27]

Priority Descriptiona Surgery Cancellation Cancella-
tion rate 
(%)

1 Waiting time up to 270 days for 2,038,355 399,232 16.4
the surgery, or 60 days in the case
of an oncological disease

2 The surgical treatment cannot exceed 433,919 48,476 10.1
more than 60 days or 45 days
in case of an oncological disease

3 Surgery has to be carried out 130,282 11,144 7.9
within a maximum of 15 days

4 Surgery has to be performed 88,174 7,586 7.9
within a maximum of 3 days or
during the patient’s hospitalisation
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the worst scenarios approach, wherein, first we assume that 
censored data are non-informative, second, we consider an 
extreme relationship between the censored data and the haz-
ard rate by assuming that all censored patients have surgery 
at the time they have cancelled [31]. If the estimates change 
considerably, it means that not correcting the likelihood 
function for the presence of informative censoring can have 
strong implications in the results. However, if the conclu-
sions do not change, this means that even in the presence of 
informative censoring results are not particularly affected.

Finally, to infer how the inclusion of cancellations 
impacts the results, we also estimate the model using only 
observations for patients submitted to surgery (without can-
cellations). If there are relevant differences between the two 
estimates, with and without cancellations, one may conclude 
that it is essential to include cancellations in waiting lists 
studies, because the results on access are biased when using 
operated patients only.

Results

Table 4 reports the main results of the estimation of the 
model. Column 1 corresponds to the estimation where 
surgery is the event of interest and cancellation is the cen-
sored event, assuming non-informative censoring. Column 
2 presents the results of the extreme sensitivity analysis to 
observe the effect that informative censoring has on results. 
As expressed in the previous section, in the worst-case 
scenario, all censored patients are estimated as if they had 

been operated at the time of cancellation. Column 3 displays 
the results of the estimation of the model not including the 
cancellations.8

In the three models, estimations show that prioritization 
levels, as well as the cancer indicator, are the variables that 
most influence the waiting times for surgery. Waiting times 
decrease with more severe priorities, with priority 4 having 
the shortest waiting times, as expected. Patients with can-
cer have shorter waiting times than patients not reported to 
have cancer. Men are more likely to be operated, and con-
sequently, have shorter waiting times than women. The age 
group from 30 to 45 years (reference group) is the one with 
the shortest waiting times.

Looking at column 1 we find the hazard for surgery is 
12 times higher for patients with the most severe priority 
compared with priority 1. Patients reported with cancer have 
1.47 higher hazards than the base group while the hazard for 
men is 1.02 higher compared with women. The age group 
above 74 years has a 0.90 lower hazard than the reference 
group and therefore has longer waiting times. The coeffi-
cients for the models in columns 2 and 3 should be inter-
preted in a similar fashion. The shape of the Weibull func-
tion shows a negative duration dependence �<1. Thus, the 
hazard function is monotonically decreasing indicating that 
the probability of surgery decreases over time. The fact that 
the 95% confidence interval for � does not include the value 

Table 3  Descriptive statistics of 
waiting times (WT) for surgery 
and cancellation

Surgery Cancellations Cancella-
tion rate 
(%)

Variable Obs Mean WT Obs Mean WT

Gender
 Female 1,545,389 75.6 268,930 181.8 14.8
 Male 1,145,341 71.4 197,508 171.3 14.7

Cancer
 Yes 218,857 25.6 21,203 52.8 8.8
 No 2,471,873 78.1 445,235 183.3 15.3

Priority
 1 2,038,355 91.0 399,232 196.7 16.4
 2 433,919 27.8 48,476 73.6 10.1
 3 130,282 7.0 11,144 35.1 7.9
 4 88,174 2.2 7,586 28.2 7.9

Age groups
  < 15 years 164,814 93.1 23,797 164.4 12.6
 [15,30[ 182,375 79.3 36,420 172.0 16.6
 [30,45[ 400,325 75.2 75,040 175.1 15.8
 [45,60[ 616,340 78.2 108,292 188.1 14.9
 [60,75[ 767,876 72.8 125,227 185.6 14.0
  >  = 75 years 559,000 61.8 97,662 161.7 14.9

8 The Appendix shows the estimation of a logit model that helps 
understand the determinants for cancellation.
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1 (in the three models) is an indication that the Exponential 
model is not a good fit for the data.

The results in column 2, for the model that assumes the 
extreme scenario that all censored data are informative, 
are qualitatively similar to the results in column 1, for the 
model that assumed the censored data are non-informative, 
although there are some quantitative differences. This sug-
gests that informative censoring does not seem to have a 
major impact on results. Nevertheless, informative censor-
ing in the extreme case implicit in the Column 2 estimation 
(all censored patients have surgery in the time they have 
cancelled) is unlikely to be relevant in this context, since 
patients that cancel are unlikely to have surgery.

Column 3 shows that excluding cancellations biases the 
results in a dimension that affects the conclusions of the 
analysis. The coefficients for priority are much larger in the 
model estimated without cancellations, suggesting that the 
impact of these variables may be overestimated, especially 
in the case of priority 4, with estimates of the impact of 
this variable on waiting times that are about 40% higher. 
On the other hand, the effect of the cancer indicator is 24% 
undervalued.

The bias introduced by the omission of the cancellations 
is also observable in the results for the control variables.  
Figure 2 shows the hazard ratios distribution across the munic-
ipalities of mainland Portugal: the map on the left shows the 

distribution of the hazard ratios obtained in the model with 
censored data; the map on the right shows the coefficients 
provided by the model with data only on operated patients. 
The upper quartiles refer to the municipalities with the highest 
hazard ratios and, therefore, the shortest waiting times.

Table 5 shows the hazard ratios distribution regarding 
hospital, speciality, procedure code, and municipality using 
the two estimation strategies. The last column shows the 
percentage of categories within each variable that change 
quartiles, by applying the two methods. For example, 26.2% 
of hospitals change their distribution quartile according to 
the estimation strategy.

Discussion

The previous section shows that results differ substantially 
with the inclusion of cancellations, which implies that draw-
ing conclusions about those factors that impact on waiting 
times based only on the subsample of patients submitted to 
surgery would exclude valuable information and might not 
correctly inform decision-makers.

The most important differences regard the gender and age 
bias that previous literature has found in waiting lists. Johar 
et al. [20], and Moscelli et al. [32] have found a gender bias, 
with men having lower waiting times to surgery. Our results 
confirm the existence of the bias but show that the estimates 

Table 4  Estimation of the duration Weibull models

*** p < 0.01. The regressions include dummy variables for year, hospital, municipality, speciality and procedure code, whose results are not dis-
played in this table but are available upon request

(1) (2) (3)
Non-informative censoring Informative censoring Operated patients only

Constant 0.2511*** 0.2135*** 0.3152***
Gender
 Male 1.0245*** 1.0298*** 1.0365***

Cancer
 Yes 1.4646*** 1.4354*** 1.3533***

Priority
 2 2.2422*** 2.1847*** 2.2642***
 3 6.1818*** 5.9637*** 6.7989***
 4 11.6622*** 11.4302*** 15.877***

Age
 < 15 years 0.9059*** 0.8916*** 0.8603***
 [15–30[ 0.9581*** 0.9626*** 0.9628***
 [45–60[ 0.9655*** 0.9646*** 0.9650***
 [60–75[ 0.9482*** 0.9597*** 0.9716***

 >  = 75 years 0.9005*** 0.9496*** 0.9986
� 0.7898 0.8240 0.8763
N 3,156,956 3,156,956 2,690,554
Wald 669,527.20*** 666,407.50*** 848,965.25***
Log pseudolikelihood  − 5,407,195.6  − 5,638,551.5 − 4,650,420.4
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of the bias are exaggerated when cancellations are ignored. 
The model estimated without cancellations produces an 
estimate of the gender bias (3.7%) that is 50% higher than 
the more accurate estimation of the model that considers all 
patients that needed surgery, including those that were not 
submitted to surgery (2.5%). This result is consistent with 
the literature that shows men have a lower rate of health 
care utilization [33, 34], which may reflect in cancelling the 
scheduled surgery earlier than women; in this case, some 
women have surgery after waiting for a longer time, while 
men that could have surgery at the same time were not sub-
mitted to surgery because they had previously cancelled it.

The more accurate estimation of the model with can-
cellations identifies a significant age bias, with waiting 

times increasing with age for patients older than 45, a 
trend that is not clear in the model without cancellations. 
The age group from 30 to 45 years (reference group) is the 
one with the shortest waiting times and as age increases 
the probability of surgery decreases, causing a rise in 
waiting times. This result is consistent with Johar et al. 
[20] regarding the impact of age on waiting times, that 
is, older patients have longer waiting times. Since can-
cellations tend to increase with age, as McIntosh et al. 
[24] and Cookson et al. [25] have shown (in their paper 
age above 60 years was relevant in explaining cancella-
tions and the effect got stronger as age increased), older 
patients are less likely to have surgery after waiting for 
a long time. A possible explanation may have to do with 

Fig. 2  Hazard ratios across the Portuguese municipalities

Table 5  Hazard ratios 
distribution for Hospital, 
Speciality, Procedure Code and 
Municipality

Variable Surgeries + Cancellations Surgeries % quartile 
changes

p25 p50 p75 p25 p50 p75

Hospital 0.4797 0.5714 0.7115 0.4704 0.5687 0.7060 26.2
Speciality 0.1440 0.1794 0.2505 0.0915 0.1168 0.1659 7.3
Procedure code 1.0167 1.2112 1.5488 1.0929 1.3287 1.6896 20.6
Municipality 0.9471 0.9875 1.0397 0.9201 0.9604 1.0232 31.8
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less ability to pressure medical staff and express dissat-
isfaction with longer waiting times, resulting from lower 
qualifications, or technological barriers. This implies that 
younger patients will have more surgeries with long wait-
ing times in the surgeries data, increasing their average 
waiting times, even though older patients effectively have 
to wait longer. In our estimates, ignoring the cancellations 
prevents researchers and policy makers of identifying the 
discrimination of older patients.

The ranking of hospitals in terms of hazard ratios (and 
thus, waiting times) is substantially different when can-
cellations are excluded from the analysis (26% of hos-
pitals change to a different quartile). The result of hos-
pitals is related to the quality or type of hospital (e.g., 
university hospitals) that may impact waiting times and 
cancellations. For example, McIntosh et al. [24] found 
that provider characteristics were important to explain 
cancellations.

Similar differences in results were found for the ranking 
of procedure codes, but not for the ranking of specialities, 
for which differences in results with and without cancel-
lations were much smaller (only 7% of specialities change 
quartiles without cancellations). This result is probably 
due to a homogeneous pattern of cancellations for each 
speciality, that could be determined by the availability of 
resources (material or human resources) in each speciality. 
Cancellations are likely to be higher for those specialities 
for which the resources available in the NHS are lower 
relative to the alternatives available outside the NHS that 
patients may opt to seek.

Differences in the hazard ratio for municipalities are 
likely to reflect differences in access to hospitals (e.g., 
travelling distance) and socioeconomic differences. 
There are major differences across municipalities in 
Portugal regarding income levels, unemployment rates, 
population benefiting from social security payments, 
education levels, and other socioeconomic variables. 
Since the dataset used does not include information on 
these variables for individual patients, the impact of 
socioeconomic variables on waiting times is likely to 
be captured by the variable Municipality. Patients from 
municipalities with lower income or which are more 
distant from hospitals may have a higher probability 
of cancellation (at least for non-clinical reasons) since 
geographical barriers are recognized to limit access to 
healthcare in Portugal [10].

Nevertheless, the precise explanation of differences in 
waiting times for these variables is a matter that requires 
further investigation that is beyond the scope of this paper. 
What seems clear from our research is that drawing conclu-
sions about those factors that impact waiting times based 
only on the subsample of patients submitted to surgery 
would exclude valuable information and might not correctly 
inform decision-makers.

Conclusion

This study analyses equity in access to surgery, using all 
available information, which includes patients that were 
submitted to surgical procedures along with patients that 
were scheduled for surgery but did not have the surgery, 
due to cancellation. We use data from all patients that exit 
the waiting list for scheduled surgery in the Portuguese 
NHS between 2011 and 2015, to estimate survival models 
with episodes of surgery along with cancellations.

We show that models of waiting times that are estimated 
only with patients that were submitted to surgery present 
a biased picture of the factors affecting waiting times. We 
found two important policy implications of these biases. 
First, the gender bias identified in the literature (men have 
shorter waiting times) is much lower than estimated by 
models without cancellations, implying that policymakers 
might employ more resources than necessary in policies 
directed at eliminating the discrimination of women. Sec-
ond, there is a significant age bias (older patients have to 
wait longer) that was not identified by the model without 
cancellations, implying that policymakers might neglect an 
important lack of equity in access to scheduled surgeries.

Appendix

Table 6 shows the estimation of a logit model that helps 
explain the probability of cancellation. Although this analy-
sis is not the focus of the paper, there are some results to be 
pointed out. The estimates show that men are more likely to 
cancel compared to women. Patients with more severe prior-
ities, as well as patients reported with cancer, are less likely 
to cancel. Regarding age, it is observed that older patients 
have an increased probability of cancellation.
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