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ABSTRACT
In the English National Health Service, most patients can use an online platform to send a written request to the practice, in
addition to calling or visiting the practice in person. However, there are concerns that the availability of an online access route
to primary care can adversely impact healthcare provision for older or lower socioeconomic groups. To examine those concerns,
we explore the differential timing of online platforms' implementation between 2019 and 2020 across 289 practices covering
over 2.5 million patients in North West London. We find no evidence of an impact of the online access route on age and
socioeconomic‐related inequity in synchronous interactions in primary care, but observe an increase in all interactions in this
setting and in some cases, a small reduction (worst case, no changes) in unplanned hospital care. These findings suggest that
having an online access route to primary care can improve the provision of healthcare services, at no detriment to patients from
older and lower socioeconomic groups.
JEL Classification: C10, D63, I10, I14, I18, O33

1 | Introduction

Excessive delays in accessing healthcare services have become
commonplace (Siciliani and Hurst 2005; Siciliani et al. 2013;
OECD 2020). Some countries have turned to technology to
improve access to primary care (OECD 2020). A promising
initiative is the digitalization of access to primary care in the
English National Health Service (NHS) which allows patients to
use an online platform to send a written request to the practice
at their most convenient time and location (NHS England 2019;
NHS England and NHS Improvement 2020; Bakhai and Athe-
rton 2021). Findings from G. Clarke et al. (2020) suggest a

reduction in Accident and Emergency (A&E) attendances and
no changes to emergency hospital admissions after the intro-
duction of this online access route to primary care. However,
there are concerns that patients using the online access route
could be prioritized over other routes irrespective of clinical
need (Banks et al. 2018; Carter et al. 2018; Cowie et al. 2018;
Willman 2021; Parker et al. 2021; Turner et al. 2022). In
particular, individuals who are older or from lower socioeco-
nomic groups—who on average have greater clinical need—
might not have the digital skills and/or resources to use the
online platform (Jung and Padman 2014; Weiss et al. 2018;
Rodgers et al. 2019; Zanaboni and Fagerlund 2020; Honeyman
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et al. 2020; Ortega et al. 2020; Darley et al. 2022). This potential
“digital divide” (Hoffman et al. 2001) is a challenge also facing
other sectors of the economy that are being transformed by
technology.

In this study, we estimate the causal effect of having an online
access route to primary care on healthcare equity and efficiency
by employing a Difference‐in‐Differences (DiD) identification
strategy. This strategy is based on the differential timing in the
implementation of online platforms from three system providers
between 2019 and 2020 across practices in North West (NW)
London. In 2019, practices were encouraged to install an online
platform after the commitment to the digitalization of access to
primary care put forward in the NHS Long Term Plan (NHS En-
gland 2019). In 2020, this process was accelerated by the COVID‐
19 pandemic whichmade alternative forms of contact such as the
online channel necessary to allow practices to assess patients'
clinical need before attending a face‐to‐face consultation.

We take a “horizontal” perspective on healthcare equity in
which healthcare inequity arises when there is inequality (i.e.,
difference) in healthcare utilization among patients with the
same clinical need (Wagstaff, Van Doorslaer, and Paci 1991). To
assess healthcare inequity, we construct an outcome that cap-
tures inequality in healthcare utilization across patients from
different age and socioeconomic groups using a concentration
index. To examine healthcare efficiency, we choose the level of
healthcare utilization such as the total number of patient‐
provider interactions. Our analyses of the effect of the online
access route to primary care on these outcome measures assume
parallel trends in potential outcomes. This assumption implies
that changes in important covariates such as clinical need in the
case of the inequity analysis and primary care resources for the
efficiency analysis have followed parallel trends over the study
period. We provide supportive evidence for this assumption in
Section 4.1.2. In this section, we also include a detailed exami-
nation of the potential impact of COVID‐19 in our identification
strategy and show that the pandemic is likely to have impacted
treated and control groups similarly and thus behave as time‐
invariant confounding. To put this approach in practice, we
follow the strategy developed by Callaway and Sant’Anna (2021)
for the case of staggered treatment implementation. We report
estimates at specific months after the implementation of the
online platform (i.e., event time) to assess treatment effect
heterogeneity over time, and then we combine these estimates
to obtain the Average Treatment Effect on the Treated (ATT).

We find no evidence that the online access route has substan-
tially changed the magnitude of age and socioeconomic‐related
inequity in synchronous interactions in primary care or non‐
urgent A&E attendances. At the same time, there has been an
increase in overall patient care activity in primary care—mostly
through asynchronous interactions—and in some cases, a small
reduction (worst case, no changes) in unplanned hospital care
activity—mostly through non‐urgent A&E attendances—for a
constant change in primary care resources across practices.
These results are generally robust to different versions of the
intervention, proxy variables for measuring patient's socioeco-
nomic status, concentration indices for quantifying inequality,
time frames of analysis and assuming un/conditional parallel
trends, which is reassuring given the potential for COVID‐19

pandemic to confound the relationship of interest. The few
differences that are observed across robustness checks include a
reduction in the magnitude of the patient‐provider interactions
in primary care (despite the overall increase still being signifi-
cant at 0.05 confidence level) and no evidence of a change in
non‐urgent A&E attendances in some cases. However, these
differences do not impact the main conclusion from this study
which is that having online access route to primary care can
lead to an increase in primary care provision, without dis-
advantaging patients from older or lower socioeconomic groups.

This study offers three main contributions. First, it provides the
most comprehensive analysis of the effect of the digitalization of
access to primary care on healthcare equity and efficiency. In
contrast to the current study, most of the existing literature
examining the effect of improved access to primary care—
including traditional, non‐technological policy interventions
(e.g., Lippi Bruni et al. 2016; Whittaker et al. 2016; Pinch-
beck 2019)—do not address equity concerns or assess efficiency
gains within primary care. An important exception is the work
by Whittaker et al. (2019) who found that 7‐day extended access
to primary care services in England benefitted younger patients
the most. However, the authors also acknowledged that this
outcome could be a result of previously unmet need and high-
lighted potential positive consequences of this initiative for
other patient groups through a reduction in demand during
standard hours. Furthermore, there is a vast literature in health
equity (e.g., O’Donnell and Propper 1991; Van Doorslaer
et al. 2000; Bago d’Uva et al. 2009) that has been important at
identifying existing inequalities and inequities in health and
healthcare across countries, medical specialties and patients'
socioeconomic backgrounds. However, there has been less focus
on examining the impact of individual policy interventions on
health and healthcare equity. Our study contributes to the new
paradigm in health policy evaluation in which healthcare equity
is fully considered for a more complete understanding of
impacts.

Second, we propose a novel approach to the assessment of eq-
uity and efficiency that takes full advantage of the DiD identi-
fication strategy. Taking the case of equity, we emphasize how
changes to inequality in healthcare utilization due to the
intervention can represent inequity if it is reasonable to assume
that the average change in patients' clinical need over time is
similar across treated and control groups. This “assumption of
parallel trends in need” has been put forward by Cookson
et al. (2012) when examining change in socioeconomic‐related
equity in the utilization of secondary care services over time
across groups with different deprivation levels. Our approach
extends Cookson et al. (2012) by allowing for the estimation of
the causal effect of a particular policy intervention on healthcare
equity and efficiency. It is worth pointing out that our approach
does not aim to estimate current levels of age or socioeconomic‐
related inequity at practices. Instead, we estimate the change in
the current levels of age or socioeconomic‐related inequity that
is due to the intervention. The same idea applies to the assess-
ment of efficiency. In this case, we highlight how changes to the
level of healthcare utilization due to the intervention can
represent efficiency improvement/loss if it is reasonable to as-
sume that the average change in primary care resources over
time is similar across treated and control groups.
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Third, we also contribute to the growing literature on the impact
of the digital transformation in society. Robust quantitative
evidence is emerging in the education and employment sectors
(e.g., Goudeau et al. 2021; Kizilcec et al. 2021). However, the
inherent complexity of healthcare has led to few robust policy
evaluations of technology in this context, albeit the vast public
interest about its potential benefits and risks (Budd et al. 2020).

2 | Background

Figure 1 illustrates the primary care model in England, making
the distinction between access (patient contact) and utilization
(clinical response).

Currently there are three access routes for patients to contact
practices, namely in person, telephone and online form (new).
As an alternative to the traditional access routes, the online
channel aims to tackle unmet need by making it easier for
patients to contact primary healthcare professionals when
necessary, rather than using A&E or foregoing care altogether
which may result in (avoidable) hospitalizations in the long
term. There is also the assumption that some patient queries
can be resolved by messaging or calling the patient with the
support of non‐medical staff, freeing up General Practitioner
(GP) time to consult in person with patients with more complex
needs, while allowing more patients to be treated overall. As a
result, the average waiting time is expected to decrease. This
expected behavior implies that the problem of excessive waiting
times in primary care is driven by quantity supplied being
below the efficient level, rather than excess demand due to
consumer moral hazard. Despite potential benefits, the online
access route to primary care could lead to healthcare inequities,
particularly in synchronous primary care interactions. Patients
who are younger or from higher socioeconomic groups are
more likely to use the online channel (Jung and Padman 2014;
Weiss et al. 2018; Rodgers et al. 2019; Zanaboni and Fager-
lund 2020; Honeyman et al. 2020; Ortega et al. 2020; Darley
et al. 2022). Yet, patients from older and lower socioeconomic
groups have been the frequent attenders in primary care due to
their higher level of clinical need. The key concern is that pa-
tients using the online channel might be offered face‐to‐face

interactions with the GP that would have otherwise gone to
frequent attenders.

Before 2020, only a few practices had implemented an online
platform and its actual use (i.e., adoption) was very low (Edwards
et al. 2017; Carter et al. 2018; Cowie et al. 2018; Eccles et al. 2019).
With the publication of the NHS Long Term Plan (NHS En-
gland 2019)—which committed for the first time to offer all pa-
tients in England an online access route to primary care by 2023/
24—more practices were encouraged to implement an online
platform, but the total number of practices that did so remained
low. It was only in 2020, with the COVID‐19 pandemic and the
need for social distancing, when most practices in England
implemented an online platform so that patients could contact
them online prior to attending a face‐to‐face consultation, this
way minimizing the spread of SARS‐CoV‐2 in the community
(Bakhai 2020). During this time, the implementation of online
platforms occurred in a “staggered” fashion, mostly driven by
system providers' availability. Clinical commissioning groups—
now replaced by integrated care systems—became responsible
for the selection and procurement of the online platform(s) for
their region from a list of approved providers compiled by NHS
central organizations (NHSDigital 2023a). Online platformswere
made available for free to practices, along with operational sup-
port from their clinical commissioning group.

Finally, it is worth noting that worldwide the digitalization of
access to healthcare is still a relatively new initiative, in contrast
with the digital provision of healthcare (also known as
telemedicine).

3 | Data

We curate a dataset for the population in NW London within the
Whole Systems Integrated Care (WSIC) database in a secure
data environment. WSIC contains de‐identified patient‐level
data from health and social care services in NW London (North
West London Integrated Care System, n.d.; Bottle et al. 2020).
We enhance our dataset in WSIC with additional information
about practices in NW London such as the number of online
requests submitted by patients via eConsult, Klinik and

FIGURE 1 | Primary care model in England, adapted from NHS England (2023). * Includes communication using video or audio only through a
digital medium.
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askmyGP and online messages sent by practices via accuRx, and
also publicly available data (see Supporting Information S1:
Table S1 for more details). The final (panel) dataset is comprised
of practice‐level data by calendar month from January 2018 to
June 2021.

3.1 | Sample and Population

The sample is comprised of 289 practices (see Supporting
Information S1: Figure S1 for eligibility criteria). As of January
2019,1 the average number of patients per practice is 6937. Male
and female patients are equally distributed across practices,
with the elderly population (65 years or more) constituting 12%
of the registered population on average. The overall mean in-
come, employment and education decile of registered patients is
the 5th, 6th and 7th, respectively, with the 10th corresponding
to the least deprived decile. Regarding the workforce, there are
on average 2342 and 1339 registered patients for a full‐time
equivalent GP and administrative/non‐clinical staff member,
respectively, across practices. For more details about the study
sample, see Supporting Information S1: Table S2.

The population to whom the results can be generalized is the
population in London given the key characteristics shared
across the city (Dunn et al. 2022; Office for National Statis-
tics 2022; NHS Digital 2023c).

3.2 | Policy Intervention

The intervention under study is the online access route to pri-
mary care. We focus on implementation (availability) of this
route, but also examine adoption as a robustness check.

We define implementation in terms of whether the practice
installed (1) or not (0) an online platform to allow patients to
contact them online. The month at which the online platform is
installed at each eligible practice acts as their “time zero”
(Hernán and Robins 2016; Ben‐Michael et al. 2021), with
practices becoming “treated” from this month onwards. The
control group consists of eligible practices that did not install an
online platform up to that point in time (so‐called “not yet
treated”) or ever in the study period (so‐called “never treated”).

To categorize adoption, we follow the Investment and Impact
Fund (IIF) (NHS England and NHS Improvement 2021) which
set a minimum activity level of five online requests per 1000
registered patients per week on average, equivalent to 22 per
month for primary care networks to show a “functioning”
online access route. In this study, we apply this minimum
activity level to individual practices. Thus, a practice is
considered to have (1) or not (0) a “functioning” online access
route if it ever met (1) or not (0) the IIF threshold of 22 online
patient requests per 1000 registered patients per month. In this
context, time zero is the month at which eligible practices
meet the IIF threshold for the first time. From this month
onwards, practices are deemed “treated”. Eligible practices
that did not install an online platform or have not met the IIF
threshold up to that point in time constitute the control group.

From Figure 2, it is possible to identify the month at which each
eligible practice started offering patients an online access route
(Panel A) and first met the IIF threshold (Panel B).

3.3 | Outcome Measures

We focus on two sets of outcome measures that correspond to
the level and inequality in healthcare utilization, as per Table 1.

We start by categorizing healthcare utilization2 in primary care
in two groups: synchronous and asynchronous. Synchronous
interactions are defined as encounters in which the healthcare
professional and patient, respectively, provides and receives
care in real time (e.g., face‐to‐face or telephone). Conversely,
asynchronous interactions occur at different points in time (e.g.,
text messaging). We calculate the number of synchronous in-
teractions every month for each registered patient according to
the healthcare professional (GP, nurse or other staff providing
direct patient care) and communication mode (face‐to‐face,
telephone, home visit and video3) using encounter data which
include both planned and unplanned activity. Regarding asyn-
chronous interactions, it is not possible to differentiate between
a message that was sent as part of a batch process (e.g.,
appointment reminders) or as a response to a specific query
from the patient health record. For that reason, we use practice‐
level data instead, specifically the number of “ad hoc” messages
sent by practices as captured by the system provider. These “ad
hoc” messages are written by healthcare professionals and
include a response to a specific query from the patient, review of
patient's laboratory results, among others.

In terms of secondary care services, we focus on “non‐urgent”
A&E attendances as categorized by NHS Digital (2020) based
on the work of Mason et al. (2017), but any visits that required
a dental treatment are excluded since dentistry is out of scope.
We also examine potentially preventable hospital admissions
by constructing two indicators from the NHS Outcomes
Framework (NHS Digital 2022), namely “2.3.i Unplanned
hospitalization for chronic ambulatory care sensitive condi-
tions” (except dental conditions) and “3a Emergency admis-
sions for acute conditions that should not usually require
hospital admission” (except conditions under “Influenza,
pneumonia” to avoid including COVID‐19‐related cases which
would be difficult to prevent).

3.3.1 | Level of Healthcare Utilization

Once synchronous interactions are calculated for each patient
across each category, we calculate the overall level of synchro-
nous interactions for each practice. Asynchronous interactions
are already provided at practice level.

3.3.2 | Inequality in Healthcare Utilization

To select the most suitable concentration index for measuring
inequality in healthcare utilization across the distribution of age
and socioeconomic status of the patient population, we follow

1946 Health Economics, 2025
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the guidelines developed by Erreygers and Van Ourti (2011). In
particular, Erreygers and Van Ourti (2011) categorize “visits to
the medical sector in a time period” as a fixed and bounded
variable and recommend the use of the modified concentration

index, Erreygers index (Erreygers 2009) or Wagstaff index
(Wagstaff 2005). In the current context, given the challenges of
setting the theoretical upper bound for healthcare utilization
which can span multiple communication modes and healthcare

TABLE 1 | Outcome measures considered in this study.

# Measure of healthcare utilization Setting Level Inequality
1 All patient‐provider interactionsa Primary care Yes Nob

2 Asynchronous patient‐provider interactionsa Primary care Yes Nob

3 Synchronous patient‐provider interactionsa Primary care Yes Yes

4 Synchronous patient‐GP interactionsa Primary care Yes Yes

5 Synchronous patient‐nurse interactionsa Primary care Yes Yes

6 Synchronous patient‐other‐staff c interactionsa Primary care Yes Yes

7 F2F patient‐provider interactionsa Primary care Yes Yes

8 Telephone patient‐provider interactionsa Primary care Yes Yes

9 Home‐visit patient‐provider interactionsa Primary care Yes Nod

10 Video patient‐provider interactionsa Primary care Yes Nod

11 F2F patient‐GP interactionsa Primary care Yes Yes

12 Non‐urgent A&E attendancesa Secondary care Yes Yes

13 Potentially preventable hospital admissionsa Secondary care Yes Nod

Abbreviations: A&E, accident & emergency department; F2F, face‐to‐face; GP, general practitioner (family doctor).
aPer 1000 registered patients.
bPatient‐level data not available for this variable (only practice‐level).
cOther staff providing direct patient care such as pharmacists and allied health professionals.
dLow overall level, with multiple practice‐months showing zero events for this variable.

FIGURE 2 | Implementation (Panel A) and adoption (Panel B) of the online access route. [Colour figure can be viewed at wileyonlinelibrary.com]
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professionals, we treat this variable as fixed but only with a
lower bound (zero) and choose the generalized concentration
index (Wagstaff, Paci, and Van Doorslaer, 1991; P. M. Clarke
et al. 2002). Following from Erreygers and Van Ourti (2011), the
generalized concentration index considered in this study is
given by:

GCIjt =
2
njt2

∑

njt

i=1
wijthcijt (1)

where njt is the total number of patients i in a practice j at a
particular month t, hcijt is each measure of healthcare utilization
included in Table 1 for each patient at a particular practice on a
given month and wijt is the weight for each patient at a partic-
ular practice on a given month which is based on their position/
rank across age and socioeconomic groups, as per
rankijt − [(njt + 1)/2]. We use income deprivation levels of the
patient's residential area as proxy for the patient's socioeco-
nomic status. Specifically, we use the income ranking from the
Index of Multiple Deprivation, with 1 and 32,844 corresponding
to the most and least deprived areas in England, respectively
(GOV.UK 2019). We also consider employment and education
deprivation levels as alternative measures of the patient's so-
cioeconomic status. As a result, GCIjt is estimated 32 times (8
outcome measures times 4 ranking variables) for each practice
and month since January 2018 up to June 2021.

As a robustness check, we use the Erreygers index while setting
the upper bound of each measure of healthcare utilization to the
empirical maximum at each practice on each month. Following
from Erreygers and Van Ourti (2011), the Erreygers index
considered in this study is given by:

Ejt =
8

njt2(uhcjt − lhcjt)
∑

njt

i=1
wijthcijt (2)

=
8

njt2uhcjt
∑

njt

i=1
wijthcijt (3)

where the same definition of variables apply as in Equation (1),
with the additional uhcjt and lhcjt representing, respectively, the
upper and lower bounds of each measure of healthcare utili-
zation at each practice on each month. Given that the lower
bound is zero, we obtain Equation (3). Similarly, for each
practice‐month set, Ejt is estimated 32 times, with each esti-
mation corresponding to different outcome and ranking
variables.

For both indices, negative (positive) values suggest healthcare
utilization is concentrated among the youngest (oldest) or those
from the most (least) income, employment or education‐
deprived areas. Zero represents equality, that is, patients from
different age groups, or income, employment or education‐
deprived areas share the same healthcare utilization patterns
(Erreygers and Van Ourti 2011; O’Donnell et al. 2016). The
current analysis focuses on inequalities within each practice.
Finally, we use the conindex package (O’Donnell et al. 2016)
in Stata (version 15.1) to estimate all indices.

4 | Methods

4.1 | Identification

We employ a DiD identification strategy to take advantage of the
differential timing of implementation of online platforms in the
NHS. The causal estimandof interest is theATTwhich is given by:

ATT = E[Yt(1) − Yt(0)|At = 1] (4)

where Yt(1) and Yt(0) are the potential outcomes for when the
online access route is available and remains unavailable,
respectively, at a particular point in time t among practices for
which this route is available (At = 1). This expectation is taken
over all treated practices and time periods. Outcomes include
the overall level and age and socioeconomic‐related inequality
in healthcare utilization (see Table 1 for all outcome measures).

To tackle this problem, we follow the approach by Callaway and
Sant’Anna (2021) which generalizes the simple case of two
groups and two time periods (2 � 2) to cases where multiple
groups are treated at different points in time (current case).
Callaway and Sant’Anna (2021) avoids what Borusyak and
Jaravel (2016) call “forbidden comparisons”, that is, when
already‐treated units act as the control group for units that are
just being treated for the first time.4 Specifically, we start by
focusing on the following “auxiliary” causal estimand:

ϕt,Gt0 = E[Yt(1) − Yt(0)|Gt0 = 1] (5)

where the difference in potential outcomes is considered among
practices for which the online access route has become available
for the first time (Gt0 = 1). This estimand is specific for every
group of practices that installed the online platform at the same
time (time zero, t0, depicted in Figure 2) and a particular time
period which resembles the simple 2 × 2 case. The key idea
underlying the approach by Callaway and Sant’Anna (2021) is to
split the main dataset with all groups and time periods into
multiple datasets, each for a different group‐time case. Then the
approach is to address identification and estimation for each
group‐time case and at the end aggregate all group‐time cases to
obtain the causal estimand of interest (Equation 4). With that in
mind, the next step is to convert the auxiliary causal estimand
(Equation 5) into the following statistical estimand by using not‐
yet‐treated units as the control group:

ϕt,Gt0 = E(Yt − Yt0−1|Gt0 = 1) − E(Yt − Yt0−1|At = 0) (6)

In practice, this result means that if the identification assump-
tions are plausible (more on this below), the causal estimand is
identified as the overall difference in the outcome trend be-
tween the group that went live at the same time (Gt0 = 1) and
the not‐yet‐treated (At = 0) group. In this study, the not‐yet‐
treated group also includes never‐treated units. To obtain this
result, we make three key identification assumptions, namely
the existence of parallel trends in potential outcomes between
treated and control groups, no anticipation and no interference
(Lechner 2011; Roth et al. 2023). No anticipation implies no
effects of the online platform prior to implementation, which

1948 Health Economics, 2025
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seems reasonable given that ultimately the decision to install the
online platform is made by the practice. No interference means
that the fact that some practices install an online platform does
not influence the overall level and inequality in healthcare
utilization at the other practices, which is also plausible since
patients in the NHS can only use care services at the practice
they are registered with and most patients choose their practice
based on proximity to their residence.

4.1.1 | Parallel Trends Assumption

Throughout our study we assume that the overall level and
inequality in healthcare utilization for patients at practices that
installed the online platform would have evolved in a similar
trajectory as observed for patients at practices that did not install
the platform in the absence of the platform. To examine the
plausibility of this assumption, we start by estimating the
average treatment effects across the pre‐intervention time pe-
riods, using our main estimation approach outlined in Sec-
tion 4.2. The estimates lie around zero. However, due to the
limitations of this type of “pre‐trends” test (Bilinski and Hat-
field 2020; Roth 2022), we further examine the role of covariates
underpinning the parallel trends assumption.

Treated and control groups do not necessarily need to have a
similar covariate distribution as it is generally the case in a ran-
domized controlled trial, since DiD can handle time‐invariant
confounding. However, if groups do show a different covariate
composition and these covariates are expected to impact both the
treatment and outcome trend, this difference needs to remain
constant over time and covariates cannot have different effects on
the outcome over time (Abadie 2005; Zeldow and Hatfield 2021).
With that in mind, we first examine how treated and control
groups compare in terms of observable characteristics, giving
special attention to variables affecting both the treatment and
outcome trend. Then, we assess how likely it is for these charac-
teristics to have evolved similarly over time across treated and

control groups and finally, discuss whether their effect on the
outcome is likely to be time invariant.

Supporting Information S1: Figures S2 and S3 show that treated
and control groups at each time point exhibit a similar
composition across many covariates and outcomes prior to the
implementation of the online access route. There is a greater
similarity across treated and control groups from March 2020,
as if the pandemic introduced some randomness to the treat-
ment assignment. Among all covariates, it is worth noting the
close similarity in pre‐treatment levels of COVID‐19 cases
across treated and control groups as shown in Panel A of
Figure 3.

Yet, there are differences across treated and control groups in
some cases. For example, treated and control groups display
noticeable differences in terms of patient‐led repeat‐prescription
orders, particularly before March 2020 as shown in Panel B of
Figure 3. Nevertheless, in Panel C we can see that practices that
ranked at the bottom (in yellow) in June 2021 for this covariate
(i.e., with the lowest levels of patient‐led repeat‐prescription
orders) are also at the bottom in the remaining months and the
same is observed for practices at the top (in dark gray). The
ranking is stable over time which means that practices do show
differences between them but these differences are maintained
over time. This finding is generally observed for the remaining
characteristics of the sample as per Supporting Information S1:
Figure S4, which means treated and control groups are likely to
have remained constant over time.

The fact that the composition of treated and control groups is
generally similar gives reassurance when it comes to the pos-
sibility of having covariates with different effects over time. In
addition, practices in this study have been in operation for
40 years on average, which means that any core characteristics
might have reached an equilibrium by now. An exception is
anything related with patient‐facing digital technology which
has increased in popularity since the pandemic, but for which
the effects are still unknown.

FIGURE 3 | COVID‐19 testing and patient‐facing technology uptake across treated and control groups. Panel A shows pre‐treatment levels of
COVID‐19 cases and Panel B, patient‐led repeat‐prescription orders across treated and control groups. Panel C depicts monthly average levels of
patient‐led repeat‐prescription orders across practices. In panel C, each dot is a practice; practices are colored according to their position in the
covariate distribution as of June 2021, from yellow (practices with lowest values) to dark gray (practices with highest values). Reg. indicates
registered. [Colour figure can be viewed at wileyonlinelibrary.com]
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4.1.2 | Parallel Trends in Clinical Need and Healthcare
Resources

Our approach to examine healthcare equity is centered around
the assumption of a similar average change in clinical need over
time for treated and control groups. This “assumption of parallel
trends in need” was also considered by Cookson et al. (2012)
when studying change in socioeconomic‐related equity in the
utilization of secondary care services over time across groups
with different deprivation levels. Here, we extend this assump-
tion to the study of the impact of a particular policy intervention
on healthcare equity and efficiency.

Traditionally, patient's age and comorbidity profile are used as
proxy variables for patient's clinical need. In the context of the
COVID‐19 pandemic, COVID‐19 cases are naturally important
to take into account as well. As shown in Panel A of Figure 3,
treated and control practices have a registered patient popula-
tion with similar levels of COVID‐19 cases prior to the imple-
mentation of the online access route. In addition, Panel A of
Figure 4 shows that treated and control practices are responsible
for a similar percentage of patients with 65 years or more and
with one or more long‐term conditions prior to the intervention.
It also indicates that practices treat a similar percentage of pa-
tients with 65 years or more and with one or more long‐term
conditions over time. All these findings support the assump-
tion that the average change in clinical need over time is similar
across treated and control practices. Therefore, any changes to
inequality due to the online access route can represent inequity.

We propose a similar approach to assess healthcare efficiency.
In this context, the assumption is of a similar average change in
primary care resources over time for treated and control groups.
Panel B of Figure 4 shows that treated and control practices
receive a similar payment and have a similar number of regis-
tered patients per full‐time equivalent GP (and non‐clinical staff
as per Supporting Information S1: Figure S2) prior to the
implementation of the online access route. It also suggests that
the overall levels of payment to practices and patient‐staff ratio
are relatively stable over time across practices. All these findings
support the assumption that the average change in primary care
resources over time is similar across treated and control prac-
tices. Therefore, an increase in the overall level of primary care
utilization and/or reduction in non‐urgent hospital activity due
to the online access route can represent efficiency improvement.

4.1.3 | Robustness Checks

As robustness checks for potential violations of the parallel
trends assumption, we consider two additional scenarios. First,
we split the main dataset into two datasets, one covering the
period up to 2019 (before COVID‐19) and the other from 2020
onwards and run the analysis separately for each period. Sec-
ond, we assume conditional parallel trends,5 that is, parallel
trends for practices with similar characteristics prior to treat-
ment initiation. These characteristics include (1) the number of
positive tests for SARS‐CoV‐2 per 1000 registered patients, (2)
percentage of registered patients who have one or more long‐
term conditions, (3) number of registered patients per full‐
time equivalent GP and (4) administrative/non‐clinical, (5)

number of electronic repeat prescriptions ordered by patients
per 1000 registered patients and (6) percentage of qualified and
permanent GPs who are 55 years or more. In this case, we
consider the following identification solution (Heckman
et al. 1997; Heckman et al. 1998; Roth et al. 2023):

ϕcondPTt,Gt0 = E[E(Yt − Yt0−1|Gt0 = 1,Xt0−1) − E(Yt − Yt0−1|

At = 0,Xt0−1)|Gt0 = 1]
(7)

which is a version of Equation (6) that is conditioned on a vector
X of the aforementioned six covariates measured at the time
period immediately before the treated group being exposed to
treatment for the first time (t0 − 1), and then averaged across
practices that implement the online access route at the same
time.

4.2 | Estimation and Inference

To estimate the statistical estimand (Equation 6) for each group‐
time case, we use sample outcome means to estimate population
expectations (Roth et al. 2023) as per the below:

ϕ̂t,Gt0 = (Yt,Gt0=1 − Yt0−1,Gt0=1) − (Yt,At=0 − Yt0−1,At=0) (8)

where Yt,Gt0 = 1 and Yt0− 1,Gt0 = 1 are the sample outcome means at
a specific time and before treatment initiation, respectively, for
practices that installed the online platform at the same time;
Yt,At = 0 and Yt0− 1,At = 0 are the equivalent quantities for practices
that have not yet installed the platform. This analysis implies
unconditional parallel trends.

When we assume conditional parallel trends as robustness
check, we start by simplifying Equation (7) using the law of
iterated expectations (Heckman et al. 1997; Heckman
et al. 1998; Roth et al. 2023) as per Equation (9):

ϕcondPTt,Gt0 = E(Yt − Yt0−1|Gt0 = 1) − E[E(Yt − Yt0−1|

At = 0,Xt0−1)|Gt0 = 1]
(9)

= (Yt,Gt0=1 − Yt0−1,Gt0=1)

− E[Ê (Yt − Yt0−1|At = 0,Xt0−1)|Gt0 = 1] (10)

While it is straightforward to estimate E(Yt − Yt0− 1|Gt0 = 1) by
replacing the population expectations for treated practices with
their sample outcome means, it is more challenging to estimate
E(Yt − Yt0− 1|At = 0,Xt0− 1). In this case, we follow the strategy
initially developed by Heckman et al. (1997); Heckman
et al. (1998) by regressing the outcome difference on the
aforementioned six covariates among not‐yet‐treated practices
via ordinary least squares. Then we apply this model on the
distribution of covariates from treated practices to obtain pre-
dicted values. At the end, we average estimates across all treated
practices.

After computing the statistical estimand for all group‐time
cases, we average all estimates first at specific months after
treatment initiation (so‐called “event time”) to assess treatment
effect heterogeneity since implementation and then across event

1950 Health Economics, 2025
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FIGURE 4 | Patients' clinical need and healthcare resources across treated and control groups. Panel A shows pre‐treatment levels across treated
and control groups (left‐hand side) and monthly average levels across practices (right‐hand side) for age and comorbidity profile of registered patients
and Panel B, payment received and patient‐per‐general practitioner ratio. On the right‐hand side of both panels, each dot is a practice; practices are
colored according to their position in each covariate distribution as of June 2021, from yellow (practices with lowest values) to dark gray/purple
(practices with highest values). F2F, indicates face‐to‐face; GP, general practitioner; reg., registered. [Colour figure can be viewed at
wileyonlinelibrary.com]
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times to obtain the main estimate of the causal estimand of
interest (Equation 4) which encompasses all groups and times.
We also assess potential treatment effect heterogeneity accord-
ing to several practice's characteristics such as size of registered
patient population, internet access and patients' experience of
the practice by following the strategy highlighted in A. Baker
et al. (2025). Additionally, and as robustness check, we run a
similar analysis but with a focus on the characteristics of the
registered patient population as an alternative approach to using
a concentration index for equity assessment. Specifically, we run
two separate analyses for each characteristic of interest, each
time splitting the sample into two subsamples, one subsample
including practices for which the characteristic in question, for
example, size of registered patient population is equal or above
the median of the main sample and one subsample including
practices for which the characteristic in question is below the
median of the main sample. Our decision was to create two
groups/subsamples rather than consider a more granular
grouping in order to maximize sample size to allow for such
analyses. For inference, given the large number of clusters in
total (289 practices), we use the multiplier bootstrap procedure
based on 1000 repetitions to obtain simultaneous confidence
intervals of each estimate. This strategy avoids issues that might
arise from using the same practices in the estimation process of
different group‐time cases. Finally, we run the analysis at the
practice level and weight practices according to their number of
registered patients. We execute all these steps in R (version
4.1.0) using the did package (Callaway and Sant’Anna 2022).

5 | Results

5.1 | Descriptive Analysis

5.1.1 | Level of Healthcare Utilization

Figure 5 shows the overall level of healthcare utilization
across primary and secondary care services between January
2018 and June 2021. There is wide variation in the levels of
healthcare utilization across practices, but these differences
are stable over time in most cases. Within primary care, there
was an overall reduction in synchronous interactions between
April and May 2020, which occurred alongside the rise of
asynchronous communication. Since June 2020, the number
of synchronous interactions has returned to historical levels.
Overall, there has been an increase in all interactions. While
the GP and nurse are still responsible for most interactions in
primary care, there has been an increase in activity by other
clinical staff, such as pharmacists and allied health pro-
fessionals. While the telephone acted as a substitute for face‐
to‐face interactions during the first months of the pandemic,
the number of face‐to‐face interactions have since increased
and the number of telephone interactions seem to have hit a
new plateau of more than 3 times the pre‐pandemic level.
Finally, home visits and video interactions are much less
frequent than those in person or by telephone, and the same
is observed for non‐urgent A&E attendances and potentially
preventable hospital admissions.

5.1.2 | Inequality in Healthcare Utilization

Figure 6 displays age and socioeconomic‐related inequality in
healthcare utilization based on the generalized concentration
index across primary and secondary care services between
January 2018 and June 2021. In general, practices exhibit a
constant difference over time. Positive average values in Panel
(i) suggest that synchronous interactions in primary care are
concentrated among the oldest patients. Between April and
May 2020, there was a decrease in age‐related inequality in
synchronous interactions; likely to be a reflection of the
change in clinical need around that time, with more patients
from younger groups, potentially affected by COVID‐19
requiring primary care. Nevertheless, age‐related inequality
has since increased, that is, synchronous interactions in pri-
mary care have been further concentrated among the oldest
patients. This increase has been mostly driven by an increase
in interactions with other clinical staff and by telephone.
Negative average values in Panel (ii) suggest that synchronous
interactions in primary care are concentrated among patients
living in the most income‐deprived areas. Yet, socioeconomic‐
related inequality is less evident than age‐related inequality.
Furthermore, the inequality index for non‐urgent A&E atten-
dances is very close to zero across all time periods, suggesting
that patients from different age groups and income‐deprived
areas have similar utilization patterns of A&E due to a non‐
urgent condition. Finally, we observe similar findings when
using the Erreygers index as inequality measure as per Sup-
porting Information S1: Figure S5.

5.2 | Causal Analysis

Figure 7 shows the ATT estimates of the online access route at
different months since implementation. Table 2 includes all
ATT estimates averaged across all time periods.

5.2.1 | Effect on Healthcare Efficiency

Panel A of Table 2 shows that the online access route has
led to 107 additional interactions per 1000 registered patients
per month in primary care, with 105 additional asynchro-
nous interactions per 1000 registered patients per month and
large uncertainty with respect to synchronous interactions.
We find no evidence of an effect on the number of syn-
chronous interactions with the GP and nurse, but there have
been 15 additional synchronous interactions per 1000 regis-
tered patients per month with other clinical staff, including
pharmacists and allied health professionals. We also observe
no evidence of an effect across communication modes, with
the exception of a small increase in video interactions.
Regarding unplanned hospital care activity, the online access
route has led to under one less non‐urgent attendance to
A&E per 1000 registered patients per month, but there is no
evidence of an impact on potentially preventable hospital
admissions.

1952 Health Economics, 2025
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5.2.2 | Effect on Healthcare Equity

Panel A of Table 2 shows no evidence of an effect of the online
access route on age and socieconomic‐related inequality in syn-
chronous interactions, overall and across healthcare pro-
fessionals or communication modes (specifically, in person or by
telephone). The exception is the significant increase in age‐
related inequality in synchronous interactions with other clin-
ical staff but the GP and nurse, suggesting care provided by other
clinical staff has been further concentrated among the oldest
patients. Lastly, patients from different age groups and income‐
deprived areas show the same utilization pattern of A&E due to
a non‐urgent condition across treated and control groups.

5.2.3 | Heterogeneous Effects Over Time

In Figure 7, Panel (i) shows that the effect of online access
route on the overall number of interactions in primary care has
increased over time, closely resembling the trend in asyn-
chronous communication. There was a reduction in the effect
across all categories after 20 months since the implementation
of the online access route, but this effect should not be over-
interpreted because it was driven by a few early implementers
of the online access route prior to the start of the pandemic. In
fact, when restricting the sample to 2020/21, this effect is no
longer observed, as per Supporting Information S1: Figure S6.
In terms of unplanned hospital care activity, there has been a

FIGURE 5 | The level of patient‐provider interactions across primary and secondary care settings. Panel A depicts the number of interactions in
primary care overall, Panel B, by type, Panel C, by healthcare professional and panel D, by communication mode. Panel E shows unplanned hospital
care activity. The time period is from January 2018 to June 2021. Each dot is a practice; practices are colored according to their position in each
outcome distribution as of June 2021, from light orange (practices with lowest values) to dark gray (practices with highest values). A&E indicates
accident & emergency department; F2F, face‐to‐face; GP, indicates general practitioner; reg., registered. [Colour figure can be viewed at
wileyonlinelibrary.com]
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steady reduction in non‐urgent A&E attendances over time
after the implementation of the online access route. Finally, we
find that the effect on (ii) age and (iii) socioeconomic‐related
inequality in synchronous interactions in primary care and
non‐urgent A&E attendances have fluctuated around zero. The
exception is the noticeable rise over time in age‐inequality in
interactions with other clinical staff, which suggests those in-
teractions have increasingly been concentrated among the
oldest patients.

5.2.4 | Heterogeneous Effects by Practice's
Characteristics

In general, there is no evidence of heterogeneous treatment ef-
fects according to practice's characteristics.6 Few exceptions
include evidence of an increase in synchronous interactions and
corresponding age‐related inequality (i.e., concentration of
healthcare utilization among the oldest patients) for practices
with a higher percentage of patients reporting receptionists to be

FIGURE 6 | Inequality in patient‐provider interactions across primary and secondary care settings. Panels (i) and (ii) depict age and
socioeconomic‐related inequality in healthcare utilization, respectively, based on the generalized concentration index. Panel A shows inequality
in synchronous interactions in primary care overall, Panel B, by healthcare professional and Panel C, by communication mode. Panel D shows
inequality in non‐urgent non‐urgent A&E attendances. The time period is from January 2018 to June 2021. Socioeconomic status is based on
income‐related deprivation levels. Each dot is a practice; practices are colored according to their position in each outcome distribution as of
June 2021, from light green (practices with lowest values) to dark gray (practices with highest values). GP, indicates general practitioner; reg.,
registered. [Colour figure can be viewed at wileyonlinelibrary.com]
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helpful and reduction in income deprivation‐related inequality (i.
e., concentration of healthcare utilization among patients from
the lowest socioeconomic group) for practices with a higher
number of registered patients. See Supporting Information S1:
Tables S3–7 for results.

5.2.5 | Robustness Checks

Table 2 also includes the estimates from the following robust-
ness checks.

5.2.5.1 | Alternative Time Periods: (B) 2018–19 and (C)
2020–21. In line with findings from the main analysis, both
analyses show evidence of an increase in the total number of all
but particularly asynchronous interactions. Even prior to 2020,
in a world where technology adoption was slow, practices that
implemented an online system for patients to get in contact with
them in a written format also increased their use of technology
to communicate asynchronously with patients via text
messaging. As a result, practices with an online access route
reported more patient‐provider interactions than practices that
only offered traditional access routes even before 2020. We
also observe an increase in the age‐related inequality in
synchronous interactions with other clinical staff (i.e., greater
concentration among the oldest patients). The increase in the
total number of synchronous interactions with other clinical
staff and video interactions is only observed in (C) 2020‐21.
Nevertheless, there is no longer evidence of a reduction in the
total number of non‐urgent A&E attendances. New findings
include an increase of 0.009 in age‐related inequality in
telephone interactions (i.e., greater concentration among the
oldest patients) in (C) 2020‐21, and an increase of 22 face‐to‐
face interactions with the GP along with a reduction of 0.001
in age‐related inequality in non‐urgent A&E attendances (i.e.,
greater concentration among the youngest patients) in (B)
2018‐19.

5.2.5.2 | (D) Conditional Parallel Trends. In this anal-
ysis, we also find an increase in the total number of all but
particularly asynchronous interactions. In this case, we observe
an increase of 17 telephone interactions after the implementa-
tion of the online access route. However, there is no longer
evidence of an increase in the total number and age‐related
inequality in synchronous interactions with other clinical staff
or total number of video interactions, and a reduction in the
total number of non‐urgent A&E attendances.

5.2.5.3 | Different Version of Treatment: (E) Adoption.
In accordance with previous findings, results from this anal-
ysis also show evidence of an increase in the total number of all
but particularly asynchronous interactions and a reduction in
the total number of non‐urgent A&E attendances. In contrast to
the main analysis, there is no longer evidence of an increase in
the total number and age‐related inequality in synchronous
interactions with other clinical staff. Instead, there is evidence
of a reduction of one video interaction per 1000 registered
patients per month.

5.2.5.4 | Patient's Socioeconomic Status Based on (F)
Employment and (G) Education‐Related Deprivation
Levels. The results are generally similar when using in-
come, employment or education‐related deprivation levels to
measure the patient's socioeconomic status, with three
exceptions. When patient's socioeconomic status is measured
based on employment‐related deprivation levels, there is
evidence of an increase of 0.003 in socioeconomic‐related
inequality in synchronous interactions both across healthcare
professionals and with the GP in particular. When patient's
socioeconomic status is measured based on education‐related
deprivation levels, there is evidence of an increase of 0.002 in
socioeconomic‐related inequality in synchronous interactions
with the nurse. These results suggest that the implementation
of the online access route has led to a lesser concentration of
healthcare utilization among patients from the lowest
socioeconomic group. It is worth noting, however, that despite
“statistically significant” (p‐value < 0.05), the magnitude of all
estimated effects is relatively small.

5.2.5.5 | Alternative Measure of Inequality: (H)
Erreygers Index. The results from this analysis are in
accordance with those based on the generalized concentration
index.

6 | Discussion

The digitalization of access to primary care in the English NHS
provides an important case study for examining the potential of
technology, implemented at scale to tackle the problem of wait-
ing times in this setting. The central question is whether a po-
tential efficiency improvement might be achieved at the expense
of lower provision of primary care services to patients from older
or lower socioeconomic groups. This study provides robust evi-
dence on this potential equity‐efficiency trade‐off by exploiting
the differential timing of online platforms' implementation be-
tween 2019 and 2020 across practices in NW London. We find
that the implementation of the online access route to primary
care supports efficiency improvement by increasing all but
particularly asynchronous interactions in primary care along
with a small reduction (at worst, no changes) in non‐urgent visits
to A&E for a similar average change in primary care resources
across treated and control practices. In addition, the online access
route shows no impact on healthcare equity since there is no
evidence of an increase in age and socioeconomic‐related
inequality in synchronous interactions in primary care or non‐
urgent A&E attendances for a similar average change in clin-
ical need across treated and control practices.

It is important to acknowledge the potential confounding effect
of COVID‐19 on studies like the present one that include data
after March 2020. In particular, the fear of contracting COVID‐
19 is likely to have led patients to avoid hospital services. In
addition, younger groups who typically need primary care ser-
vices sporadically were more likely to require the attention of
primary care professionals if infected by the virus. Thus,
COVID‐19 pandemic could have reduced unplanned hospital
care activity and decreased age‐related inequality (pro‐young) in
primary care interactions directly. However, the fact that
COVID‐19 impacted both treated and control practices in a
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similar fashion (see Section 4.1.1 for a detailed examination of
parallel trends assumption) and that DiD identification strategy
can handle time‐invariant confounding give us confidence
about the validity of our findings. Moreover, results are gener-
ally observed across several robustness checks, including the
analysis that assessed the effect of the online access route to
primary care before and after the pandemic separately. More
importantly, the few differences observed—such as a reduction
in the magnitude (albeit still significant) of patient‐provider
interactions in primary care and no evidence of a change in
non‐urgent A&E attendances in some cases—do not change the
main message from this study. The evidence still points toward
an increase in primary care provision after the introduction of
the online channel. Notably, this increase comes at no detriment
to patients from older and lower socioeconomic groups.

Even though we were not able to estimate inequality in
asynchronous interactions, it is likely that many of these in-
teractions are provided to younger patients with appropriate
digital skills and resources (Jung and Padman 2014; Weiss
et al. 2018; Rodgers et al. 2019; Zanaboni and Fagerlund 2020;
Honeyman et al. 2020; Ortega et al. 2020; Darley et al. 2022).
However, the key concern in the community is not about the
likely increase in asynchronous interactions among patients
from younger and high socioeconomic groups. Instead, the key
concern is that the elderly and patients from lower socioeco-
nomic groups who tend to use more traditional access routes
to primary care could have less opportunities to speak or meet
in person with a clinician, if patients using the online channel
were offered these type of interactions first, irrespective of
clinical need. What we find is no evidence supporting changes
to age or socioeconomic‐related inequality in synchronous in-
teractions due to the intervention.

When focusing on efficiency, we assume that any increase in the
volume of primary care activity using the same resources rep-
resents an improvement in efficiency. However, this would not
be the case if this increase was driven by low‐value activity.
While most of the increase in patient‐provider interactions
stems from asynchronous interactions, these interactions can
offer both low or high value to patients depending on the
context. For example, asynchronous interactions can be partic-
ularly helpful for certain patient groups such as those
with physical disabilities (Bakhai and Atherton 2021) and to
manage certain health problems such as chronic conditions
(Khoong 2022) or discuss more sensitive health‐related topics
(Bakhai and Atherton 2021). Yet, if multiple asynchronous in-
teractions were provided for the same patient request and ulti-
mately a synchronous consultation was offered, this care could
be perceived as low value. In this work, however, it is not
possible to distinguish between high‐ and low‐value patient‐
provider interactions in primary care. Nevertheless, given the
reduction in satisfaction with access to primary care reported in
the 2022 GP Patient Survey (Ipsos 2022), any increase in the
volume of primary care activity is treated as an improvement.

It is also worth highlighting that if there were differences over
time between treated and control practices with respect to
workforce capacity, then the increase in patient‐provider in-
teractions might not reflect a more efficient utilization of

existing resources but the increase in workforce capacity. Even
though data support a similar number of GPs and administra-
tive staff across treated and control practices over time, limited
data reported for other primary care professionals at the time of
the study did not allow us to run similar checks. Nevertheless,
similar payments received per patient across treated and control
practices over time support the assumption of similar number of
other primary care professionals across treated and control
practices over time. Furthermore, by drawing on the work by
General Medical Council (2021), it also seems that the general
practice workforce worked extra hours to cope with the rise in
workload. While this finding supports the idea of doing more
with the same resources, the increase in working hours for staff
also has implications for patient safety and job burnout and
should be the focus of further research.

While it might be possible to generalize the current findings
to other major cities in England beyond London, it is worth
noting that results might differ in rural areas. Future research
should examine the generalizability of current findings to the
whole country and perhaps other countries, in particular,
those facing the same problem of excessive waiting times in
primary care. Moreover, the study timeframe includes a
period of drastic changes in the NHS as part of the response
to the COVID‐19 pandemic. While many changes became
part of routine care, other processes were only temporary. For
example, the online system was initially available 24/7, but
afterward some practices started to restrict access to working
hours during weekdays only. Moreover, during the pandemic
most practices limited in‐person requests, with some practices
promoting the telephone while others, the online system as
their recommended access channel. As a learning health
system, the NHS should continue to learn about the impact of
having an online access route to primary care and adjust the
operational workflow accordingly. It will also be important to
extend this evaluation to other outcomes such as burnout
among primary healthcare professionals and continuity of
care for patients. In summary, despite the need to continu-
ously monitor potential safety incidents and adverse events,
initial evidence provided in this study shows that there is
potential for the digitalization of access to primary care to
improve the utilization of healthcare services for the patient
population.
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Endnotes
1 January 2019 is the last month before the first practices implement the
online platform.

2 The process of defining and measuring healthcare utilization in pri-
mary care was developed with input from the WSIC and NHS Digital's
primary care teams while following other official guidance (NHS En-
gland and NHS Improvement and the British Medical Associa-
tion 2020; NHS England 2021; NHS Digital 2023b).

3 Video includes audio only through a digital medium.
4 These forbidden comparisons occur when standard “two‐way fixed
effects” (TWFE) regressions are used for estimation in settings where
different groups are exposed to the treatment at different points in time
(current case) and are particularly problematic when there is treatment
effect heterogeneity over time because the difference in pre and post‐
treatment outcomes for the already‐treated (control) group will
include the difference in the average treatment effect over time as well
(Borusyak and Jaravel 2016; De Chaisemartin and D’Hault-
fœuille 2020; Sun and Abraham 2021; Goodman‐Bacon 2021). A. C.
Baker et al. (2022) demonstrated the practical implications of this
finding by replicating the analysis of previously published studies us-
ing estimators that allow for treatment effect heterogeneity over time—
including Callaway and Sant’Anna (2021)—and standard TWFE re-
gressions and finding “substantially” different results. In the context of
the main analysis of our study, the Bacon decomposition (Goodman‐
Bacon 2021) shows that around 31% of all estimates underlying the
overall ATT estimate via a standard TWFE regression would be derived
from forbidden comparisons. When assessing the impact of the inter-
vention on the level of all patient‐provider interactions, forbidden
comparisons would lead to an underestimation of the ATT. For this
reason, we opted for the Callaway and Sant’Anna (2021) approach
which avoids any biases arising from using such comparisons.

5When assuming conditional parallel trends, we also assume overlap
which means that practices with similar characteristics have a positive
probability of implementing the online access route.

6 As part of the robustness checks, we also find no evidence of a change
in synchronous interactions due to the intervention in practices
serving an older/younger patient population and/or from a lower/
higher socioeconomic group. See Supplementary Table S8 for results.

References

Abadie, A. 2005. “Semiparametric Difference‐in‐Differences Estima-
tors.” Review of Economic Studies 72, no. 1: 1–19. https://doi.org/10.
1111/0034‐6527.00321.

Bago d’Uva, T., A. M. Jones, and E. Van Doorslaer. 2009. “Measurement
of Horizontal Inequity in Health Care Utilisation Using European Panel
Data.” Journal of Health Economics 28, no. 2: 280–289. https://doi.org/
10.1016/j.jhealeco.2008.09.008.

Baker, A., B. Callaway, S. Cunningham, A. Goodman‐Bacon, and P. H.
C. Sant’Anna. 2025. “Difference‐in‐Differences Designs: A Practitioner’s
Guide.” preprint, arXiv. https://doi.org/10.48550/ARXIV.2503.13323.

Baker, A. C., D. F. Larcker, and C. C. Wang. 2022. “How Much Should
We Trust Staggered Difference‐in‐Differences Estimates?” Journal of
Financial Economics 144, no. 2: 370–395. https://doi.org/10.1016/j.
jfineco.2022.01.004.

Bakhai, M. 2020. “The Use of Online and Video Consultations During
the COVID‐19 Pandemic ‐ Delivering the Best Care to Patients.”
Retrieved from 2020‐02‐10. https://www.nhsx.nhs.uk/blogs/use‐online‐
and‐video‐consultations‐during‐covid‐19‐pandemic‐delivering‐best‐
care‐patients/.

Bakhai, M., and H. Atherton. 2021. “How to Conduct Written Online
Consultations With Patients in Primary Care.” BMJ n264: n264. https://
doi.org/10.1136/bmj.n264.

Banks, J., M. Farr, C. Salisbury, et al. 2018. “Use of an Electronic
Consultation System in Primary Care: A Qualitative Interview Study.”
British Journal of General Practice 68, no. 666: e1–e8. https://doi.org/10.
3399/bjgp17X693509.

Ben‐Michael, E., A. Feller, and E. A. Stuart. 2021. “A Trial Emulation
Approach for Policy Evaluations With Group‐Level Longitudinal Data.”
Epidemiology 32, no. 4: 533–540. https://doi.org/10.1097/EDE.000000000
0001369.

Bilinski, A., and L. A. Hatfield. 2020. “Nothing to See Here? Non‐
Inferiority Approaches to Parallel Trends and Other Model Assump-
tions.” (No. arXiv:1805.03273) preprint, arXiv. Retrieved 2023‐06‐20,
from. http://arxiv.org/abs/1805.03273.

Borusyak, K., and X. Jaravel. 2016. “Revisiting Event Study Designs.”
SSRN Electronic Journal. https://doi.org/10.2139/ssrn.2826228.

Bottle, A., C. Cohen, A. Lucas, et al. 2020. “How an Electronic Health
Record Became a Real‐World Research Resource: Comparison Between
London’s Whole Systems Integrated Care Database and the Clinical
Practice Research Datalink.” BMC Medical Informatics and Decision
Making 20, no. 1: 71. https://doi.org/10.1186/s12911‐020‐1082‐7.

Budd, J., B. S. Miller, E. M. Manning, et al. 2020. “Digital Technologies
in the Public‐Health Response to COVID‐19.” Nature Medicine 26, no. 8:
1183–1192. https://doi.org/10.1038/s41591‐020‐1011‐4.

Callaway, B., and P. H. Sant’Anna. 2021. “Difference‐in‐Differences
With Multiple Time Periods.” Journal of Econometrics 225, no. 2: 200–
230. https://doi.org/10.1016/j.jeconom.2020.12.001.

Callaway, B., and P. H. C. Sant’Anna. 2022. “Did: Treatment Effects
With Multiple Periods and Groups.” Retrieved from. https://cloud.r‐
project.org/web/packages/did/index.html.

Carter, M., E. Fletcher, A. Sansom, F. C. Warren, and J. L. Campbell.
2018. “Feasibility, Acceptability and Effectiveness of an Online Alter-
native to Face‐to‐Face Consultation in General Practice: A Mixed‐
Methods Study of webGP in Six Devon Practices.” BMJ Open 8, no. 2:
e018688. https://doi.org/10.1136/bmjopen‐2017‐018688.

Clarke, G., P. Pariza, and A. Wolters. 2020. How Are Total Triage and
Remote Consultation Changing the Use of Emergency Care? Health
Foundation: Retrieved 2023‐04‐11, from. https://www.health.org.uk/
news‐and‐comment/charts‐and‐infographics/how‐are‐total‐triage‐and‐
remote‐consultation‐changing‐the‐us.

Clarke, P. M., U.‐G. Gerdtham, M. Johannesson, K. Bingefors, and L.
Smith. 2002. “On the Measurement of Relative and Absolute Income‐
Related Health Inequality.” Social Science & Medicine 55, no. 11:
1923–1928. https://doi.org/10.1016/S0277‐9536(01)00321‐5.

Cookson, R., M. Laudicella, and P. L. Donni. 2012. “Measuring Change
in Health Care Equity Using Small‐Area Administrative Data – Evi-
dence From the English NHS 2001–2008.” Social Science & Medicine 75,
no. 8: 1514–1522. https://doi.org/10.1016/j.socscimed.2012.05.033.

Cowie, J., E. Calveley, G. Bowers, and J. Bowers. 2018. “Evaluation of a
Digital Consultation and Self‐Care Advice Tool in Primary Care: A
Multi‐Methods Study.” International Journal of Environmental Research
and Public Health 15, no. 5: 896. https://doi.org/10.3390/ijerph15050896.

1960 Health Economics, 2025

 10991050, 2025, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hec.70014 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [13/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.nwlondonicb.nhs.uk/professionals/whole-systems-integrated-care-wsic/information-de-identified-users
https://www.nwlondonicb.nhs.uk/professionals/whole-systems-integrated-care-wsic/information-de-identified-users
https://doi.org/10.1111/0034-6527.00321
https://doi.org/10.1111/0034-6527.00321
https://doi.org/10.1016/j.jhealeco.2008.09.008
https://doi.org/10.1016/j.jhealeco.2008.09.008
https://doi.org/10.48550/ARXIV.2503.13323
https://doi.org/10.1016/j.jfineco.2022.01.004
https://doi.org/10.1016/j.jfineco.2022.01.004
https://www.nhsx.nhs.uk/blogs/use-online-and-video-consultations-during-covid-19-pandemic-delivering-best-care-patients/
https://www.nhsx.nhs.uk/blogs/use-online-and-video-consultations-during-covid-19-pandemic-delivering-best-care-patients/
https://www.nhsx.nhs.uk/blogs/use-online-and-video-consultations-during-covid-19-pandemic-delivering-best-care-patients/
https://doi.org/10.1136/bmj.n264
https://doi.org/10.1136/bmj.n264
https://doi.org/10.3399/bjgp17X693509
https://doi.org/10.3399/bjgp17X693509
https://doi.org/10.1097/EDE.0000000000001369
https://doi.org/10.1097/EDE.0000000000001369
http://arxiv.org/abs/1805.03273
https://doi.org/10.2139/ssrn.2826228
https://doi.org/10.1186/s12911-020-1082-7
https://doi.org/10.1038/s41591-020-1011-4
https://doi.org/10.1016/j.jeconom.2020.12.001
https://cloud.r-project.org/web/packages/did/index.html
https://cloud.r-project.org/web/packages/did/index.html
https://doi.org/10.1136/bmjopen-2017-018688
https://www.health.org.uk/news-and-comment/charts-and-infographics/how-are-total-triage-and-remote-consultation-changing-the-us
https://www.health.org.uk/news-and-comment/charts-and-infographics/how-are-total-triage-and-remote-consultation-changing-the-us
https://www.health.org.uk/news-and-comment/charts-and-infographics/how-are-total-triage-and-remote-consultation-changing-the-us
https://doi.org/10.1016/S0277-9536(01)00321-5
https://doi.org/10.1016/j.socscimed.2012.05.033
https://doi.org/10.3390/ijerph15050896


Darley, S., T. Coulson, N. Peek, et al. 2022. “Understanding How the
Design and Implementation of Online Consultations Affect Primary
Care Quality: Systematic Review of Evidence With Recommendations
for Designers, Providers, and Researchers.” Journal of Medical Internet
Research 24, no. 10: e37436. https://doi.org/10.2196/37436.

De Chaisemartin, C., and X. D’Haultfœuille. 2020. “Two‐Way Fixed
Effects Estimators With Heterogeneous Treatment Effects.” American
Economic Review 110, no. 9: 2964–2996. https://doi.org/10.1257/aer.
20181169.

Dunn, P., C. Fraser, S. Williamson, and H. Alderwick. 2022. Integrated
Care Systems: What Do They Look like? Health Foundation: Retrieved
2023‐04‐18, from. https://www.health.org.uk/publications/long‐reads/
integrated‐care‐systems‐what‐do‐they‐look‐like.

Eccles, A., M. Hopper, A. Turk, and H. Atherton. 2019. “Patient Use of
an Online Triage Platform: A Mixed‐Methods Retrospective Exploration
in UK Primary Care.” British Journal of General Practice 69, no. 682:
e336–e344. https://doi.org/10.3399/bjgp19X702197.

Edwards, H. B., E. Marques, W. Hollingworth, et al. 2017. “Use of a
Primary Care Online Consultation System, by Whom, When and Why:
Evaluation of a Pilot Observational Study in 36 General Practices in
South West England.” BMJ Open 7, no. 11: e016901. https://doi.org/10.
1136/bmjopen‐2017‐016901.

Erreygers, G. 2009. “Correcting the Concentration Index.” Journal of
Health Economics 28, no. 2: 504–515. https://doi.org/10.1016/j.jhealeco.
2008.02.003.

Erreygers, G., and T. Van Ourti. 2011. “Measuring Socioeconomic
Inequality in Health, Health Care and Health Financing by Means of
Rank‐Dependent Indices: A Recipe for Good Practice.” Journal of Health
Economics 30, no. 4: 685–694. https://doi.org/10.1016/j.jhealeco.2011.
04.004.

General Medical Council. 2021. “The State of Medical Education and
Practice in the UK.” Retrieved 2023‐06‐27, from. https://www.gmc‐uk.
org/‐/media/documents/somep‐2021‐full‐report/_pdf‐88509460.pdf.

Goodman‐Bacon, A. 2021. “Difference‐in‐differences With Variation in
Treatment Timing.” Journal of Econometrics 225, no. 2: 254–277. https://
doi.org/10.1016/j.jeconom.2021.03.014.

Goudeau, S., C. Sanrey, A. Stanczak, A. Manstead, and C. Darnon. 2021.
“Why Lockdown and Distance Learning During the COVID‐19
Pandemic Are Likely to Increase the Social Class Achievement Gap.”
Nature Human Behaviour 5, no. 10: 1273–1281. https://doi.org/10.1038/
s41562‐021‐01212‐7.

GOV.UK. 2019. “English Indices of Deprivation 2019.” Retrieved 2023‐
07‐19, from. https://www.gov.uk/government/statistics/english‐indices‐
of‐deprivation‐2019.

Heckman, J., H. Ichimura, J. Smith, and P. Todd. 1998. “Characterizing
Selection Bias Using Experimental Data.” Econometrica 66, no. 5: 1017–
1098. https://doi.org/10.2307/2999630.

Heckman, J., H. Ichimura, and P. Todd. 1997. “Matching as an
Econometric Evaluation Estimator: Evidence From Evaluating a Job
Training Programme.” Review of Economic Studies 64, no. 4: 605–654.
https://doi.org/10.2307/2971733.

Hernán, M. A., and J. M. Robins. 2016. “Using Big Data to Emulate a
Target Trial when a Randomized Trial is Not Available.” American
Journal of Epidemiology 183, no. 8: 758–764. https://doi.org/10.1093/aje/
kwv254.

Hoffman, D. L., T. P. Novak, and A. E. Schlosser. 2001. “The Evolution of
the Digital Divide: Examining the Relationship of Race to Internet Access
and Usage Over Time.” In The Digital Divide, edited by B. M. Compaine,
47–98. MIT Press. https://doi.org/10.7551/mitpress/2419.003.0007.

Honeyman, M., D. Maguire, H. Evans, and A. Davies. 2020. Digital
Technology and Health Inequalities: A Scoping Review. Public Health
Wales NHS Trust.

Ipsos. 2022. “2022 GP Patient Survey Results Released.” Retrieved 2023‐
07‐01, from. https://www.ipsos.com/en‐uk/2022‐gp‐patient‐survey‐
results‐released.

Jung, C., and R. Padman. 2014. “Virtualized Healthcare Delivery: Un-
derstanding Users and Their Usage Patterns of Online Medical Con-
sultations.” International Journal of Medical Informatics 83, no. 12: 901–
914. https://doi.org/10.1016/j.ijmedinf.2014.08.004.

Khoong, E. C. 2022. “Policy Considerations to Ensure Telemedicine
Equity.” Health Affairs 41, no. 5: 643–646. https://doi.org/10.1377/
hlthaff.2022.00300.

Kizilcec, R. F., C. A. Makridis, and K. C. Sadowski. 2021. “Pandemic
Response Policies’ Democratizing Effects on Online Learning.” Pro-
ceedings of the National Academy of Sciences 118, no. 11: e2026725118.
https://doi.org/10.1073/pnas.2026725118.

Lechner, M. 2011. “The Estimation of Causal Effects by Difference‐in‐
Difference Methods.” Foundations and Trends® in Econometrics 4, no.
3: 165–224. https://doi.org/10.1561/0800000014.

Lippi Bruni, M., I. Mammi, and C. Ugolini. 2016. “Does the Extension of
Primary Care Practice Opening Hours Reduce the Use of Emergency
Services?” Journal of Health Economics 50: 144–155. https://doi.org/10.
1016/j.jhealeco.2016.09.011.

Mason, S., C. O’Keeffe, R. Jacques, M. Rimmer, and S. Ablard. 2017.
Perspectives on the Reasons for Emergency Department Attendances
across Yorkshire and the Humber. Centre for Urgent and Emergency
Care Research (CURE), School of Health and Related Research. Uni-
versity of Sheffield.

NHS Digital. 2020. “Non‐Urgent A&E Attendances.” Retrieved from.
https://web.archive.org/web/20210226213236/https:/digital.nhs.uk/
data‐and‐information/data‐tools‐and‐services/data‐services/innovative‐
uses‐of‐data/demand‐on‐healthcare/unnecessary‐a‐and‐e‐attendances.

NHS Digital. 2022. “NHS Outcomes Framework.” Retrieved from.
https://digital.nhs.uk/data‐and‐information/publications/statistical/
nhs‐outcomes‐framework.

NHS Digital. 2023a. “Digital First Online Consultation and Video Consul-
tation Framework.” Retrieved 2023‐06‐30, from. https://digital.nhs.uk/
services/digital‐care‐services‐catalogue/digital‐first‐online‐consultation‐
and‐video‐consultation‐framework.

NHS Digital. 2023c. “General Practice Data Hub.” Retrieved 2023‐
04‐01, from. https://digital.nhs.uk/data‐and‐information/data‐tools‐
and‐services/data‐services/general‐practice‐data‐hub.

NHSDigital. 2023b. “Appointments in General Practice.” Retrieved from.
https://digital.nhs.uk/data‐and‐information/publications/statistical/
appointments‐in‐general‐practice.

NHS England. 2019. “The NHS Long Term Plan.” Retrieved 2023‐03‐26,
from. https://www.longtermplan.nhs.uk/.

NHS England. 2021. “Network Contract Directed Enhanced Service:
Standardised GP Appointment Categories.”.

NHS England. 2023. “General Practice Inclusive Access Routes –
Summary Evaluation of a Pilot in Humber and North Yorkshire.”
Retrieved 2023‐04‐14, from. https://www.england.nhs.uk/long‐read/
general‐practice‐inclusive‐access‐routes‐summary‐evaluation‐of‐a‐pilot‐
in‐humber‐and‐north‐yorkshire/.

NHS England and NHS Improvement. 2020. “Advice on How to
Establish a Remote ‘Total Triage’ Model in General Practice Using
Online Consultations (Version 3).” Retrieved 2023‐04‐06, from. https://
www.england.nhs.uk/coronavirus/wp‐content/uploads/sites/52/2020/
03/C0098‐total‐triage‐blueprint‐september‐2020‐v3.pdf.

NHS England and NHS Improvement. 2021. “Network Contract
Directed Enhanced Service ‐ Investment and Impact Fund 2021/22:
Updated Guidance.” Retrieved 2023‐04‐14, from. https://www.england.
nhs.uk/wp‐content/uploads/2021/12/B1219‐investment‐and‐impact‐
fund‐implementation‐guidance‐2021‐22‐dec‐21.pdf.

1961

 10991050, 2025, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hec.70014 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [13/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.2196/37436
https://doi.org/10.1257/aer.20181169
https://doi.org/10.1257/aer.20181169
https://www.health.org.uk/publications/long-reads/integrated-care-systems-what-do-they-look-like
https://www.health.org.uk/publications/long-reads/integrated-care-systems-what-do-they-look-like
https://doi.org/10.3399/bjgp19X702197
https://doi.org/10.1136/bmjopen-2017-016901
https://doi.org/10.1136/bmjopen-2017-016901
https://doi.org/10.1016/j.jhealeco.2008.02.003
https://doi.org/10.1016/j.jhealeco.2008.02.003
https://doi.org/10.1016/j.jhealeco.2011.04.004
https://doi.org/10.1016/j.jhealeco.2011.04.004
https://www.gmc-uk.org/-/media/documents/somep-2021-full-report/_pdf-88509460.pdf
https://www.gmc-uk.org/-/media/documents/somep-2021-full-report/_pdf-88509460.pdf
https://doi.org/10.1016/j.jeconom.2021.03.014
https://doi.org/10.1016/j.jeconom.2021.03.014
https://doi.org/10.1038/s41562-021-01212-7
https://doi.org/10.1038/s41562-021-01212-7
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2019
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2019
https://doi.org/10.2307/2999630
https://doi.org/10.2307/2971733
https://doi.org/10.1093/aje/kwv254
https://doi.org/10.1093/aje/kwv254
https://doi.org/10.7551/mitpress/2419.003.0007
https://www.ipsos.com/en-uk/2022-gp-patient-survey-results-released
https://www.ipsos.com/en-uk/2022-gp-patient-survey-results-released
https://doi.org/10.1016/j.ijmedinf.2014.08.004
https://doi.org/10.1377/hlthaff.2022.00300
https://doi.org/10.1377/hlthaff.2022.00300
https://doi.org/10.1073/pnas.2026725118
https://doi.org/10.1561/0800000014
https://doi.org/10.1016/j.jhealeco.2016.09.011
https://doi.org/10.1016/j.jhealeco.2016.09.011
https://web.archive.org/web/20210226213236/https:/digital.nhs.uk/data-and-information/data-tools-and-services/data-services/innovative-uses-of-data/demand-on-healthcare/unnecessary-a-and-e-attendances
https://web.archive.org/web/20210226213236/https:/digital.nhs.uk/data-and-information/data-tools-and-services/data-services/innovative-uses-of-data/demand-on-healthcare/unnecessary-a-and-e-attendances
https://web.archive.org/web/20210226213236/https:/digital.nhs.uk/data-and-information/data-tools-and-services/data-services/innovative-uses-of-data/demand-on-healthcare/unnecessary-a-and-e-attendances
https://digital.nhs.uk/data-and-information/publications/statistical/nhs-outcomes-framework
https://digital.nhs.uk/data-and-information/publications/statistical/nhs-outcomes-framework
https://digital.nhs.uk/services/digital-care-services-catalogue/digital-first-online-consultation-and-video-consultation-framework
https://digital.nhs.uk/services/digital-care-services-catalogue/digital-first-online-consultation-and-video-consultation-framework
https://digital.nhs.uk/services/digital-care-services-catalogue/digital-first-online-consultation-and-video-consultation-framework
https://digital.nhs.uk/data-and-information/data-tools-and-services/data-services/general-practice-data-hub
https://digital.nhs.uk/data-and-information/data-tools-and-services/data-services/general-practice-data-hub
https://digital.nhs.uk/data-and-information/publications/statistical/appointments-in-general-practice
https://digital.nhs.uk/data-and-information/publications/statistical/appointments-in-general-practice
https://www.longtermplan.nhs.uk/
https://www.england.nhs.uk/long-read/general-practice-inclusive-access-routes-summary-evaluation-of-a-pilot-in-humber-and-north-yorkshire/
https://www.england.nhs.uk/long-read/general-practice-inclusive-access-routes-summary-evaluation-of-a-pilot-in-humber-and-north-yorkshire/
https://www.england.nhs.uk/long-read/general-practice-inclusive-access-routes-summary-evaluation-of-a-pilot-in-humber-and-north-yorkshire/
https://www.england.nhs.uk/coronavirus/wp-content/uploads/sites/52/2020/03/C0098-total-triage-blueprint-september-2020-v3.pdf
https://www.england.nhs.uk/coronavirus/wp-content/uploads/sites/52/2020/03/C0098-total-triage-blueprint-september-2020-v3.pdf
https://www.england.nhs.uk/coronavirus/wp-content/uploads/sites/52/2020/03/C0098-total-triage-blueprint-september-2020-v3.pdf
https://www.england.nhs.uk/wp-content/uploads/2021/12/B1219-investment-and-impact-fund-implementation-guidance-2021-22-dec-21.pdf
https://www.england.nhs.uk/wp-content/uploads/2021/12/B1219-investment-and-impact-fund-implementation-guidance-2021-22-dec-21.pdf
https://www.england.nhs.uk/wp-content/uploads/2021/12/B1219-investment-and-impact-fund-implementation-guidance-2021-22-dec-21.pdf


NHS England and NHS Improvement and the British Medical Associ-
ation. 2020. “More Accurate General Practice Appointment Data.”
Retrieved 2022‐11‐10, from. https://www.england.nhs.uk/wp‐content/
uploads/2020/08/gpad‐guidance.pdf.

North West London Integrated Care System. n.d. “Whole Systems
Integrated Care (WSIC).” Retrieved 2023‐04‐01, from. https://www.
nwlondonicb.nhs.uk/professionals/whole‐systems‐integrated‐care‐wsic.

O’Donnell, O., S. O’Neill, T. Van Ourti, and B. Walsh. 2016. “Conindex:
Estimation of Concentration Indices.” STATA Journal 16, no. 1: 112–
138. https://doi.org/10.1177/1536867x1601600112.

O’Donnell, O., and C. Propper. 1991. “Equity and the Distribution of UK
National Health Service Resources.” Journal of Health Economics 10: 1–
19. https://doi.org/10.1016/0167‐6296(91)90014‐e.

OECD. 2020. Waiting Times for Health Services: Next in Line. Organi-
zation for Economic Cooperation and Development. https://doi.org/10.
1787/242e3c8c‐en.

Office for National Statistics. 2022. “Facts and Figures About People
Living in London.” Retrieved 2023‐04‐01, from. https://www.ons.gov.
uk/visualisations/areas/E12000007/.

Ortega, G., J. A. Rodriguez, L. R. Maurer, et al. 2020. “Telemedicine,
COVID‐19, and Disparities: Policy Implications.” Health Policy and
Technology 9, no. 3: 368–371. https://doi.org/10.1016/j.hlpt.2020.08.001.

Parker, R. F., E. L. Figures, C. A. Paddison, J. I. Matheson, D. N. Blane,
and J. A. Ford. 2021. “Inequalities in General Practice Remote Con-
sultations: A Systematic Review.” BJGP Open 5, no. 3: BJGPO.2021.0040.
https://doi.org/10.3399/BJGPO.2021.0040.

Pinchbeck, E. W. 2019. “Convenient Primary Care and Emergency
Hospital Utilisation.” Journal of Health Economics 68: 102242. https://
doi.org/10.1016/j.jhealeco.2019.102242.

Rodgers, M., G. Raine, S. Thomas, M. Harden, and A. Eastwood. 2019.
“Informing NHS Policy in ‘Digital‐First Primary Care’: A Rapid Evi-
dence Synthesis.” Health Services and Delivery Research 7, no. 41: 1–124.
https://doi.org/10.3310/hsdr07410.

Roth, J. 2022. “Pretest With Caution: Event‐Study Estimates After
Testing for Parallel Trends.” American Economic Review: Insights 4, no.
3: 305–322. https://doi.org/10.1257/aeri.20210236.

Roth, J., P. H. Sant’Anna, A. Bilinski, and J. Poe. 2023. “What’s Trending
in Difference‐in‐Differences? A Synthesis of the Recent Econometrics
Literature.” Journal of Econometrics 235, no. 2: 2218–2244. https://doi.
org/10.1016/j.jeconom.2023.03.008.

Siciliani, L., B. Borowitz, and V. Moran. 2013. Waiting Time Policies in
the Health Sector: What Works? Organization for Economic Cooperation
and Development. https://doi.org/10.1787/9789264179080‐en.

Siciliani, L., and J. Hurst. 2005. “Tackling Excessive Waiting Times for
Elective Surgery: A Comparative Analysis of Policies in 12 OECD
Countries.” Health Policy 72, no. 2: 201–215. https://doi.org/10.1016/j.
healthpol.2004.07.003.

Sun, L., and S. Abraham. 2021. “Estimating Dynamic Treatment Effects
in Event Studies With Heterogeneous Treatment Effects.” Journal of
Econometrics 225, no. 2: 175–199. https://doi.org/10.1016/j.jeconom.
2020.09.006.

Turner, A., R. Morris, D. Rakhra, et al. 2022. “Unintended Conse-
quences of Online Consultations: A Qualitative Study in UK Primary
Care.” British Journal of General Practice 72, no. 715: e128–e137. https://
doi.org/10.3399/BJGP.2021.0426.

Van Doorslaer, E., A. Wagstaff, H. Van Der Burg, et al. 2000. “Equity in
the Delivery of Health Care in Europe and the US.” Journal of Health
Economics 19, no. 5: 553–583. https://doi.org/10.1016/S0167‐6296(00)
00050‐3.

Wagstaff, A. 2005. “The Bounds of the Concentration Index when the
Variable of Interest is Binary, With an Application to Immunization

Inequality.” Health Economics 14, no. 4: 429–432. https://doi.org/10.
1002/hec.953.

Wagstaff, A., P. Paci, and E. Van Doorslaer. 1991. “On the Measurement
of Inequalities in Health.” Social Science & Medicine 33, no. 5: 545–557.
https://doi.org/10.1016/0277‐9536(91)90212‐U.

Wagstaff, A., E. Van Doorslaer, and P. Paci. 1991. “On the Measurement
of Horizontal Inequity in the Delivery of Health Care.” Journal of Health
Economics 10, no. 2: 169–205. https://doi.org/10.1016/0167‐6296(91)
90003‐6.

Weiss, D., H. T. Rydland, E. Øversveen, M. R. Jensen, S. Solhaug, and S.
Krokstad. 2018. “Innovative Technologies and Social Inequalities in
Health: A Scoping Review of the Literature.” PLoS One 13, no. 4:
e0195447. https://doi.org/10.1371/journal.pone.0195447.

Whittaker, W., L. Anselmi, S. R. Kristensen, et al. 2016. “Associations
Between Extending Access to Primary Care and Emergency Department
Visits: A Difference‐in‐Differences Analysis.” PLoS Medicine 13, no. 9:
e1002113. https://doi.org/10.1371/journal.pmed.1002113.

Whittaker, W., L. Anselmi, P. Nelson, et al. 2019. “Investigation of the
Demand for a 7‐Day (Extended Access) Primary Care Service: An
Observational Study From Pilot Schemes in England.” BMJ Open 9, no.
9: e028138. https://doi.org/10.1136/bmjopen‐2018‐028138.

Willman, A. S. 2021. “Evaluation of eConsult Use by Defence Primary
Healthcare Primary Care Clinicians Using a Mixed‐Method
Approach.” BMJ Military Health 169, no. e1: e39–e43. https://doi.
org/10.1136/bmjmilitary‐2020‐001660.

Zanaboni, P., and A. J. Fagerlund. 2020. “Patients’ Use and Experiences
With E‐Consultation and Other Digital Health Services With Their
General Practitioner in Norway: Results From an Online Survey.” BMJ
Open 10, no. 6: e034773. https://doi.org/10.1136/bmjopen‐2019‐034773.

Zeldow, B., and L. A. Hatfield. 2021. “Confounding and Regression
Adjustment in Difference‐in‐Differences Studies.” Health Services
Research 56, no. 5: 932–941. https://doi.org/10.1111/1475‐6773.13666.

Supporting Information

Additional supporting information can be found online in the Sup-
porting Information section.

1962 Health Economics, 2025

 10991050, 2025, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hec.70014 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [13/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.england.nhs.uk/wp-content/uploads/2020/08/gpad-guidance.pdf
https://www.england.nhs.uk/wp-content/uploads/2020/08/gpad-guidance.pdf
https://www.nwlondonicb.nhs.uk/professionals/whole-systems-integrated-care-wsic
https://www.nwlondonicb.nhs.uk/professionals/whole-systems-integrated-care-wsic
https://doi.org/10.1177/1536867x1601600112
https://doi.org/10.1016/0167-6296(91)90014-e
https://doi.org/10.1787/242e3c8c-en
https://doi.org/10.1787/242e3c8c-en
https://www.ons.gov.uk/visualisations/areas/E12000007/
https://www.ons.gov.uk/visualisations/areas/E12000007/
https://doi.org/10.1016/j.hlpt.2020.08.001
https://doi.org/10.3399/BJGPO.2021.0040
https://doi.org/10.1016/j.jhealeco.2019.102242
https://doi.org/10.1016/j.jhealeco.2019.102242
https://doi.org/10.3310/hsdr07410
https://doi.org/10.1257/aeri.20210236
https://doi.org/10.1016/j.jeconom.2023.03.008
https://doi.org/10.1016/j.jeconom.2023.03.008
https://doi.org/10.1787/9789264179080-en
https://doi.org/10.1016/j.healthpol.2004.07.003
https://doi.org/10.1016/j.healthpol.2004.07.003
https://doi.org/10.1016/j.jeconom.2020.09.006
https://doi.org/10.1016/j.jeconom.2020.09.006
https://doi.org/10.3399/BJGP.2021.0426
https://doi.org/10.3399/BJGP.2021.0426
https://doi.org/10.1016/S0167-6296(00)00050-3
https://doi.org/10.1016/S0167-6296(00)00050-3
https://doi.org/10.1002/hec.953
https://doi.org/10.1002/hec.953
https://doi.org/10.1016/0277-9536(91)90212-U
https://doi.org/10.1016/0167-6296(91)90003-6
https://doi.org/10.1016/0167-6296(91)90003-6
https://doi.org/10.1371/journal.pone.0195447
https://doi.org/10.1371/journal.pmed.1002113
https://doi.org/10.1136/bmjopen-2018-028138
https://doi.org/10.1136/bmjmilitary-2020-001660
https://doi.org/10.1136/bmjmilitary-2020-001660
https://doi.org/10.1136/bmjopen-2019-034773
https://doi.org/10.1111/1475-6773.13666

	Digitalization of Access to Primary Care: Is There an Equity‐Efficiency Trade‐Off?
	1 | Introduction
	2 | Background
	3 | Data
	3.1 | Sample and Population
	3.2 | Policy Intervention
	3.3 | Outcome Measures
	3.3.1 | Level of Healthcare Utilization
	3.3.2 | Inequality in Healthcare Utilization


	4 | Methods
	4.1 | Identification
	4.1.1 | Parallel Trends Assumption
	4.1.2 | Parallel Trends in Clinical Need and Healthcare Resources
	4.1.3 | Robustness Checks

	4.2 | Estimation and Inference

	5 | Results
	5.1 | Descriptive Analysis
	5.1.1 | Level of Healthcare Utilization
	5.1.2 | Inequality in Healthcare Utilization

	5.2 | Causal Analysis
	5.2.1 | Effect on Healthcare Efficiency
	5.2.2 | Effect on Healthcare Equity
	5.2.3 | Heterogeneous Effects Over Time
	5.2.4 | Heterogeneous Effects by Practice's Characteristics
	5.2.5 | Robustness Checks


	Alternative Time Periods: (B) 2018–19 and (C) 2020–21
	(D) Conditional Parallel Trends
	Different Version of Treatment: (E) Adoption
	Patient's Socioeconomic Status Based on (F) Employment and (G) Education‐Related Deprivation Levels
	Alternative Measure of Inequality: (H) Erreygers Index
	6 | Discussion
	Acknowledgments
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement


