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Abstract

Many healthcare systems struggle with recruitment and retention of physicians for specific
specialities or in certain locations. One solution may be to design policies that appeal to their work
motivations. Recent studies show that physicians’ motivations vary and also link with their
behaviour. However, little is known about whether physicians’ motivations are stable over time.
We exploit a major shock to physicians’ working conditions to investigate stability in their
motivations. Using unique survey data on a balanced panel of 448 general practitioners (GPs) in
Denmark, this study examines GPs’ motivations before, during, and after the COVID-19
pandemic. We examine GPs’ intrinsic motivation, extrinsic motivation, user orientation, and
public service motivation to capture both their self-centred and pro-social motivations. A series of
fixed effects and quantile regression models show that each type of motivation follows a distinct
pattern with regards to the timing and direction of changes during the study period. However,
across all motivations the magnitude of these changes appears small. Subgroup analyses suggest
that older GPs and male GPs exhibit higher stability in some motivations, and that practice and
area characteristics do not affect motivation trends. Our results support that physicians’
motivations are fairly stable overall and thereby may serve as useful inputs to policy design.
Policymakers can thus better align the goals of the healthcare system with those of its workers,
serving to promote a more sustainable and productive healthcare workforce.
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1. Introduction

Workers’ motivation is increasingly understood to affect recruitment, retention, instances of
burnout, and overall productivity at work (Fernet et al., 2012; Oswald et al., 2015; Pedersen et
al., 2021; Sharpe & Fard, 2022). These are areas at the forefront of health policy initiatives in
many countries (OECD, 2023). In a healthcare setting, motivations have been found to vary
between physicians (Yordanov et al., 2023) and to be associated with care (Jensen & Andersen,
2015; Jensen & Vestergaard, 2017; Oxholm et al., 2024). However, little is known about
whether physicians’ motivations are stable over time (Pedersenetal., 2018; Jensen et al., 2020).
This knowledge may inform whether policies should align with physicians’ motivations or aim
to shape them. Our study investigates the extent to which physicians’ motivations are stable
over time and how this (in)stability relates to physician, practice, and area characteristics.

This paper investigates stability in physicians’ motivations through the lens of general
practitioners (GPs) working in Denmark. We cover both GPs’ so-called self-centred
motivations, which are often highlighted in the agency literature (Bénabou & Tirole, 2003),
and prosocial motivations relating to the concept of altruism (Galizzi et al., 2023). More
specifically, the self-centred motivations include intrinsic motivation (having a genuine interest
and enjoyment in the work (Deci & Ryan, 2002)) and extrinsic motivation (being motivated by
tangible incentives, in particular money (Kuvaas et al., 2017)). Prosocial motivations include
user orientation (being motivated by doing good for specific patients (Andersen & Kjeldsen,
2013)) and public service motivation (being motivated by doing good for society at large (Perry
& Hondeghem, 2008) represented by the third-party payer).

We exploit a shock to the healthcare system in the form of the COVID-19 pandemic, which
suddenly and significantly changed GPs’ working conditions. Using unique survey data
including validated items of motivation collected before (2019), during (2020 and 2021), and
after (2022) the COVID-19 pandemic, we examine whether GPs’ work motivation changed
during and after the pandemic. We link this survey data to high-quality register data on GP,
practice, and area characteristics to uncover whether these factors may predict changes in
motivations. Our results show that GPs’ motivations follow distinct patterns but that overall,
the magnitude of changes appears small. We further find that older GPs and male GPs tend to
exhibit higher stability in some motivations.

With this paper, we contribute to the literature on physicians’ motivation in several ways. First,
we exploit a unique study period during which GPs were exposed to an exogenous shock (the
COVID-19 pandemic) to their working conditions. If motivations change, we can use this
drastic event to understand the magnitudes of change across motivations under the extreme
conditions of COVID-19. Second, we make use of a balanced panel of GPs, which includes
yearly survey data on their motivation before, during, and after the pandemic (2019 to 2022).
This data expands on previous empirical studies of the intertemporal stability of physician
motivation, which only include two or three time points (see section 2). Third, we include four
dimensions of physician motivation, covering both self-centred financial and non-financial
interests, and prosocial interests towards both patients and society. The previous empirical



literature typically focuses on only one or two types of motivation (see section 2). Fourth, we
contribute by uncovering whether stability in motivation may be predicted by GP, practice, and
area characteristics. Heterogeneity analyses may be informative for policymakers who seek to
tailor incentive schemes to the motivations of different groups of physicians.

2. Existing literature on the intertemporal stability of physicians’ motivation

There exists a vast amount of literature on work motivation, but empirical evidence is limited
on whether motivation is stable over time, particularly in a healthcare setting. Work motivation
describes a set of internal and external forces that initiate work-related behaviour (Pinder,
2008). Motivation is shaped by both individuals’ traits and the social environment in which
they work (Gagné & Deci, 2005). While some individual traits are presumed to be fixed, many
elements of job design and work climate are malleable, suggesting that a change in
circumstances at work may contribute to changes in motivation (Gagné & Deci, 2005). These
circumstances could include, for example, how demanding the work tasks are, the degree of
autonomy workers have, and the availability of feedback mechanisms. Further, guidelines or
policies have the potential to change motivation through their effects on the broader work
environment. Motivation crowding theory describes a crowding out effect of external
interventions, whereby workers’ feelings of external control and loss of autonomy lead to a
reduction in their intrinsic motivation (Frey, 1994). Empirical evidence is scarce on whether
workers’ intrinsic motivation changes in response to interventions, and it remains unclear
whether the mechanisms behind crowding effects may extend to other motivations. This may
be of particular interest in a healthcare setting, where prosocial motivations are likely important
drivers of care (Hennig-Schmidt & Wiesen, 2014; Jacobsen et al., 2011).

A few empirical studies using survey data have addressed these questions by investigating
whether GPs’ motivations change in response to real-world interventions. Pedersen et al.
(2018) find no crowding out of intrinsic motivation when general practices undergo a
mandatory accreditation process. They do, however, identify a crowding in effect for a
subgroup of GPs who perceive accreditation as a tool for quality improvement (Pedersen et al.,
2018). Using a three-wave survey panel, Jensen et al. (2020) find that the introduction of a
regulation affecting working conditions in Danish general practice crowds out GPs’ public
service motivation (Jensen et al., 2020). In a cross-sectional study, Sicsic et al. (2012) find a
negative relationship between intrinsic and extrinsic motivations among French GPs,
suggesting that policies designed to promote extrinsic motivation may unintentionally crowd
out intrinsic motivation (Sicsic et al., 2012).

Further research has investigated how healthcare workers’ altruism is formed and how it
changes over time. Using a behavioural experiment on a large cross-section of German medical
students, Attema et al. (2023) find that altruism towards patients is highest among students
starting or finishing medical school. An experiment conducted by Byambadalai et al. (2023)
finds that students’ altruism towards patients can change in response to changes in market
incentives.



Additional empirical studies on worker motivation, while not specific to healthcare, investigate
changes in motivation in response to life events, finding that public service motivation may
drop upon entry to the labour market (Kjeldsen & Jacobsen, 2013), but that it is generally stable
in the long run (Vogel & Kroll, 2016). This literature may yield insights for a study of changes
in GPs’ motivations during COVID-19. While the pandemic altered working conditions
through explicit regulation, it likely also impacted healthcare workers’ well-being (for
example, by increasing stress and feelings of work pressure), which could contribute to changes
in their motivation (Eftekhar et al., 2022). A small body of research uses survey data to identify
motivational profiles among students and employees and models changes in profile
membership over time (Fernet et al., 2020; Gillet et al., 2017; Gilbert et al., 2023; Howard et
al., 2021). These studies find varying degrees of stability.

All in all, the existing empirical literature varies in how motivation is defined, the types of
motivation studied, the theoretical focuses, and the data, methods, and contexts used. As a
result, there is no clear real-world evidence answering the question of the extent to which
physicians’ motivation is stable over time. Our study aims to answer this question.

3. Institutional setting
3.1 The organisation of general practices in Denmark

General practice plays a key role in Denmark’s universal, tax-financed healthcare system. As
gatekeepers to specialised services, GPs are the first point of contact for most patients. GPs are
responsible for most of their patients’ preventive care, diagnostics, and treatment, and
coordinate with secondary services when necessary (Olsen et al., 2016). GPs work within a
list-based system where they cannot choose their own patients. Practices are free to close to
new patients once their list size exceeds 1,600 patients per GP (Pedersen et al., 2012). A
majority of practices operate with a closed list, indicating limited competition for patients
(Olsen et al., 2023). The list system is central to the practice remuneration scheme, which
combines capitation (around 40% of revenue) with fee-for-service payment (around 60% of
revenue) (Danish Regions, 2024). During the study period (2019 to 2022) there were
approximately 3300-3500 GPs in Denmark each year.

3.2 The COVID-19 pandemic in Denmark

When the COVID-19 pandemic began in Denmark in March 2020, GPs faced new and
unfamiliar tasks in a work environment where guidelines were constantly changing (Andersen
et al., 2023). The initial period of the pandemic was marked by referrals to COVID-19 testing
and treatment and shifting care to virtual settings. During the first lockdown in the spring of
2020, new fee codes for virtual consultations were created to match those for in-person visits,
so that GPs were not financially motivated to see patients in person when it was unnecessary
(Regional Wage and Tariff Board, 2020). GPs were also encouraged to assist in the COVID-



19 effort by diverting their own time and resources to hospitals, and by taking on some non-
COVID patients who would have been treated in hospitals under normal circumstances (Danish
Health Authority, 2020).

After an easing of restrictions in the late spring and summer of 2020, by the end of December,
a second complete lockdown began in Denmark (Statens Serum Institut, 2022). By early 2021,
the focus of Denmark’s COVID-19 strategy had shifted towards its vaccination campaign,
which was rolled-out gradually (Statens Serum Institut, 2022). In February 2022, the final
restrictions were removed and COVID-19 was no longer considered a socially critical disease
in Denmark (Statens Serum Insitut, 2022).

As many changes took place because of the pandemic, we will refrain from generating
hypotheses about its impact on GPs” motivations. However, we find it likely that the increased
work pressure and focus on public health issues may have impacted both GPs’ self-centred and
prosocial motivations. Specifically, it seems likely that the compounding effects of the
pandemic would lead to greater fluctuations in motivation than those we would observe in the
same period had the pandemic not occurred.

4. Methods
4.1 Data

Our motivation data comes from an annual survey of GPs conducted from 2019 to 2022 in
Denmark. All GPs who were registered with a provider number in Denmark were invited to
participate in the survey at each wave. The initial survey was sent out in May 2019, before the
onset of the COVID-19 pandemic in Denmark (in March 2020) (Yordanov et al., 2023).
Subsequent waves were sent out in late May/early June each year, and GPs received two
reminders about the survey during each wave. The 2020 survey was completed after Denmark’s
first, national COVID-19 lockdown in spring 2020. By the time the 2021 wave was sent out,
GPs had worked through an additional lockdown period beginning in December 2020 (see
section 3). When the 2022 wave was sent out, all restrictions had been lifted, and general
practice was back to (a new) normal.

The survey includes 29 items designed to capture the four motivational components: intrinsic
motivation (7 items), extrinsic motivation (4 items), user orientation (3 items), and public
service motivation (15 items). All questions are answered using a 5-point Likert scale. The
items related to motivation are identical across all four waves of the survey (see Appendix A).
They have previously been validated in the literature and used specifically to measure GPs’
motivation in a Danish setting (e.g., in Jensen and Andersen (2015), Pedersen et al. (2018) and
Yordanov et al. (2023)).

The annual GP survey also includes data on practice type, i.e., whether practices are operated
by one GP (solo practice) or a group of GPs (partnership practice) and if the practices accept



GPs in training. Data on GP age, gender, region, and postcode of practices come from the
Danish Health Professional Registry and the Danish Health Data Network. Location data is
supplemented with postcode-level data on the degree of urbanisation (Statistics Denmark,
2024) and designation as an area at risk of a GP shortage (Danish Regions, 2018).

4.2 Measuring motivation

After completing the survey, GPs are assigned four motivation scores — one each for intrinsic
motivation, extrinsic motivation, user orientation, and public service motivation. The scores
are calculated by summing up Likert-scale responses within each type of motivation.
Responses of “do not know/do not want to answer” are imputed with the item’s rounded sample
mean (around 0.3-2% of observations by motivational component). Following other motivation
studies (see e.g. Yordanov et al. (2023) and Oxholm et al. (2024)), the sum scores are rescaled
using a minimum-maximum approach for clearer interpretation of regression results, such that
0 indicates the least motivated GPs and 100 the most motivated GPs (Oxholm et al., 2024;
Yordanov et al., 2023).

We then test the reliability and validity of our measures of motivation using the Kaiser-Meyer-
Olkin (KMO) test and Bartlett’s test (see Appendix B). Based on these tests, we conclude that
our measures are suitable for confirmatory factor analysis (CFA). Fit statistics from a
longitudinal CFA incorporating all four motivational components simultaneously suggest
acceptable fit (see Appendix C). Joreskog’s rho values for each motivation support composite
reliability in our latent constructs (see Appendix C).

To make meaningful comparisons of motivation levels across time, we must establish that the
underlying relationship between the survey items and the latent constructs of motivation is
constant throughout the study period. Otherwise, we risk drawing conclusions about changes
in motivation when in fact it is what is being measured that is changing. We therefore test for
measurement equivalence of the motivational components over time by constraining the factor
loadings in the longitudinal CFA model to be equal over time, and testing whether the
imposition of these constraints significantly worsens model fit (Vandenberg & Lance, 2000).
The p-value (p=0.143) from the chi-square difference test comparing the freely estimated
model with the restricted model is insignificant, suggesting that imposing the equality
constraint over time does not significantly worsen fit (see Appendix C). This result supports
metric invariance in our motivation measurement model, allowing changes in motivation over
time to be interpreted in a meaningful way.

4.3 Empirical approach

We wish to uncover whether GPs” motivation is stable over time. For this purpose, we use a
balanced sample of GPs to ensure that changes in the sample composition are not driving our
findings. As a first step in our analyses, we calculate descriptive statistics for each motivation
to get an initial impression of the baseline levels and how they evolve over time. We
supplement these statistics with a matrix of Pearson correlation coefficients to evaluate



potential interdependencies between the four motivational constructs (Yordanov et al., 2023).
To assess the representativeness of our sample, we test whether our sample is significantly
different on observable GP, practice, and area characteristics from those of the GP population
in Denmark.

We further investigate changes in motivation over time using GP fixed effects regression
models to infer whether the changes we observe are statistically significant. Following Jensen
et al. (2020), we use this approach to estimate within-GP changes in motivation over time. We
specify the following model:

motivi"t = B; -wave; +a; +¢€;, (1)

where motiv measures GP i’s degree of motivation k (k=intrinsic motivation, extrinsic
motivation, user orientation, or public service motivation) at time t (t=2019, 2020, 2021, or
2022). wave, is a vector of dummy variables capturing survey waves (t=2020, 2021, or 2022,
where 2019 is the reference wave), a; represents the GP-specific intercept (the fixed effect),
and €;; is the error term. Our estimates of interest are f8; which measure the average change in
GPs’ motivation during or after the pandemic (in either 2020, 2021 or 2022) compared to before
the pandemic (2019). We estimate this model using an OLS regression with standard errors
clustered at the GP level.

To investigate whether changes in motivation differ across the distribution of GPs, we also
estimate quantile regressions. We specify the following model:
quant?(motivk) = y! - wave, + 87 + ¢, 2)

where q represents the 10th, 25th, 50th, 75th, or 90th percentile of the motivational component
k at time t. This specification also includes GP fixed effects, 57, and an error term, . We
estimate the model using bootstrapping (1000 replications) to compute clustered standard
errors at the GP level (Galvao & Montes-Rojas, 2015). Our estimates of interest are y?, which
measure the change in motivation during or after the pandemic (in either t=2020, 2021 or 2022)
compared to before the pandemic (t=2019) at the gth quantile of the motivational distribution
at the given point in time. To enrich the interpretation of the estimation results, we calculate

constants for these quantile regressions by averaging the individual fixed effects computed by
the model estimation process.

We next wish to uncover whether GP, practice, and area characteristics may predict (in)stability
in motivation over time. To do so, we test whether the relationship between time and motivation
differs for our subgroups of interest by expanding equation (1) with covariates for these groups
and interacting them with the wave-dummies. Equation (3) provides the expanded regression
equation for our subgroup analysis:

motivi’ﬁ = quwave; + q2x;;:+qiz3(wave; - x;)) + m; +e;;, (3)



where x;, includes dummy variables of GP, practice, and area characteristics that may yield
different changes in motivation over time and e;; is an error term. Among the dummy variables
in x;; are GP i’s age (grouped by whether the GP is 46 years old or younger (baseline), older
than 46 but younger than 57, or 57 or older at time t), GP being male (baseline is female), the
GP operating in a solo practice (baseline is partnership practice), the practice accepting GPs in
training (baseline is no GP training), the practice location’s degree of urbanisation (grouped by
a densely populated area (baseline), an intermediate density area, and a sparsely populated
area), the practice location is at risk of GP shortage (baseline is no risk of shortage). The age
categories are defined based on the distribution of GPs’ ages at the baseline (2019). We
estimate this model using an OLS regression with standard errors clustered at the GP level.

Our estimates of interest are q;3, which measure the difference in the change in motivation
between the subgroup of interest and the reference group during or after the pandemic (in either
t=2020, 2021 or 2022) compared to before the pandemic (t=2019). We are particularly
interested in these coefficients as they reveal whether being a part of the subgroup is related to
different changes in motivation over time (for example, if the motivations of GPs in solo
practices change more in response to the pandemic than GPs in partnership practices), rather
than the subgroups’ stand-alone estimates, q,, which state whether being in a subgroup is
related to a different level of motivation (for example, if solo practice GPs were more highly
extrinsically motivated than GPs in partnership practices in 2019). As equation 3 includes GP-
fixed effects, m;, the model will only produce these standalone estimates, q,, for time varying
GP, practice, and area characteristics. For the interested reader, we provide motivation
descriptive statistics by subgroup to offer insight into differences in levels of motivations across
all subgroups at each time point.

4.4 Supplementary analyses

We perform several supplementary analyses. We test for attrition bias by comparing the
motivations of GPs in the balanced panel with the motivations of GPs who drop out of the
panel at each wave. We also perform four robustness checks on our main findings. First, we
estimate the models using unstandardised motivation scores. Second, we repeat the analysis on
an unbalanced panel including all GPs who responded to at least two survey waves. Third, we
weight individual survey items according to their factor loadings from a preliminary
confirmatory factor analysis (see Appendix C) and then calculate sum scores as before. Finally,
we remove any “do not know” responses from the data, coding them as missing values instead
of replacing them with the group mean.

We further enrich our analyses by visualising with Sankey diagrams the flow of individual GP
motivations that underlie our regression results. For each motivational component, GPs are
classified into one of six groups according to their relative position in the overall distribution
of the motivational score at each wave. The Sankey diagrams model the flow of GPs between
groups over time.



5. Results
5.1 Are GPs’ motivations stable over time?

Across waves, the overall response rate for the GP survey ranged from 34 to 40% of all GPs in
Denmark. In our main analysis, we use a balanced panel of 448 GPs who provided complete
responses to the survey for all four waves (see figure in Appendix D). Descriptive statistics
comparing the balanced study sample to the entire GP population in Denmark are presented in
Appendix E. The sample is representative on practice type, some regions, and the share of
practices in areas designated as at risk of a shortage of GPs. Female GPs, practices in Central
Region Denmark, and practices in low-density areas are slightly over-represented in the
sample. GPs in Capital Region Denmark are underrepresented. Younger GPs are over-
represented in earlier waves; this higher share shifts to GPs in the middle age category in 2021
and 2022, as expected given that we examine the same sample of GPs over time.

Appendix F gives the descriptive statistics for each of the four types of motivation at each year
during the study period. The mean values of intrinsic motivation are falling with time, whereas
the mean values for the other motivations increase in some periods but then fall in others. Each
of the four motivation variables are approximately normally distributed across GPs at each time
point with kurtosis values close to three. Intrinsic motivation and user orientation are slightly
left-skewed with skewness values in the -0.45 to -1.00 range. Extrinsic motivation and public
service motivation are approximately symmetric with skewness values between -0.5 and 0.5.
Correlation matrices in Appendix G show evidence of weak or no correlation between
motivational components in each wave of the study period, suggesting that they cover distinct
types of motivation.

Table 1 presents the regression estimates from equations (1) and (2) (see section 4.3). The
evolution of the mean coefficient estimates for each motivation is illustrated in figure H1 in
Appendix H. Table 1 shows that intrinsic motivation decreases statistically significantly over
time (relative to 2019) at the mean and at each of the five quantiles of the motivation
distribution. The magnitude of the decreases over time are fairly consistent across the entire
distribution (see panel i, figure H2 in Appendix H); the initial decrease in 2020, relative to the
pre-pandemic baseline of 2019, is about 2 points. By 2022, the decrease in intrinsic motivation
relative to the baseline has gotten larger, reaching roughly 4 points.

Extrinsic motivation does not change statistically significantly in 2020, relative to the baseline
value in 2019. In 2021, however, extrinsic motivation decreases across the distribution of GPs
by about 4 points. The coefficient estimates for wave 4 suggest a slight balancing effect.
Extrinsic motivation is still shown to be, on average, 2 points lower than it was in 2019, but
this represents a statistically significant increase in extrinsic motivation relative to the previous
year’s estimate. The estimates are slightly larger at the higher end of the distribution of extrinsic
motivation (see panel ii, figure H2 in Appendix H).



We observe a statistically significant increase in user orientation during the study period. In
2020, the mean estimates of user orientation jump by approximately 6 points. This increase is
much more pronounced at the lower end of the distribution of user orientation scores; at the
10" percentile the 2020 estimate is nearly 11 points, while at the 90 percentile it is only about
2 (see panel iii, figure H2 in Appendix H). These findings suggest that the distribution of GPs’
degree of user orientation is narrowing when the pandemic hits. In waves 3 and 4, user
orientation remains at the 2020 level, suggesting that the initial increase persists over time.

Finally, the results for public service motivation show an initial increase of about 2 points in
2020 that does not hold as time passes. In 2021 and 2022, the estimates are not statistically
significantly different from those observed at the baseline (pre-pandemic). The magnitude of
the changes is slightly larger at the lower end of the distribution of public service motivation,
as was the case with user orientation (see panel iv, figure H2 in Appendix H). The estimated
increase in public service motivation is no longer statistically significant once we reach the 90"
percentile of the distribution.

Table 1: Regression results for changes in motivation over time

Dependent Mean Quantile
variable
1) (2) - 10" (3)—25"  (4)-50"  (5)-75"  (6)-90"
Cons.  76.873*** 67.122 71.127 77.294 82.489 85.706
IM (0.370)

Wave 2 -2.089%%*  -2.482%%  .2.321%kx D O72%%x  1862%*  -1.732*
(0.585) (0.798) (0.674) (0.599) (0.666) (0.762)

Wave 3 -3.300%%*  -3.182%%*  .3.231%%%  3305%%%  3.368%%*  -3.407%**
(0.617) (0.766) (0.659) (0.604) (0.669) (0.754)

Wave 4 -3.914%%%  -4.621***  -4.331%%%  3884%K%  JBQ7RAX 3 274%kx
(0.629) (0.874) (0.735) (0.630) (0.670) (0.783)

Cons.  49.219*** 33532 40.287 48.958 58.589 64.162
EM (0.582)
Wave 2 0.516 1.825 1.261 0.538 -0.265 -0.730
(0.896) (1.148) (0.979) (0.891) (0.978) (1.122)
Wave 3 -4.074%%*  3511%*%  -3754%%%  _4.064%%%  -4.410%%*  -4.609%**
(0.943) (1.224) (1.053) (0.938) (0.998) (1.119)

Wave 4 -2.218*  -1.974 2079%  -2214*  -2.364*  -2.451*
(0.966) (1.289) (1.102) (0.971) (1.028) (1.155)

uo Cons.  65.606™* 50.903 56.740 66.305 75.208 79.642
(0.554)

Wave 2 5.841%**  Q760%**  8204*** 5 E55***  3281***  2099*
(0.807) (1.165) (0.993) (0.806) (0.767) (0.849)
Wave 3 6.696%**  10.651%%* 0.081***  §509%**  4.114%**  2.921**
(0.840) (1.196) (1.021) (0.882) (0.875) (0.985)
Wave 4 5.506%**  9.004%*  7.615%**  5340%**  3221%**  2167*
(0.828) (1.209) (1.038) (0.808) (0.766) (0.853)
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PSM Cons.  56.973***  48.277 51.780 57.040 62.047 65.334

(0.324)
Wave 2 1.688%**  2271%%%  2036%**  1683*%*  1.347* 1.126
(0.506) (0.669) (0.570) (0.504) (0.547) (0.623)
Wave 3 -0.946 -0.681 -0.788 -0.948 -1.101 -1.201
(0.532) (0.705) (0.606) (0.541) (0.583) (0.662)
Wave 4 -0.295 -0.031 -0.137 -0.297 -0.448 -0.548

(0.522) (0.747) (0.631) (0.533) (0.548) (0.614)

Note: The columns contain estimated coefficients from OLS regressions (column 1) and quantile
regressions (columns 2 to 6) with GP fixed effects. Each column includes separate regressions for each
of our measures of GP motivation, which are regressed on the different survey waves (baseline is wave
1 (2019)). Standard errors clustered by GP in parentheses. For quantile regressions the clustering is
estimated using bootstrapping (1000 replications). The regressions are based on a balanced sample of
448 GPs who responded to all four survey waves (1,792 observations). The coefficients on wave 2, 3,
and 4 were also tested against each other (instead of relative to wave 1) for equation (1), with the
significant differences at the 5% level for IM (between waves 2 and 3 and waves 2 and 4), EM (all
coefficients), and PSM (between waves 2 and 3 and waves 2 and 4).

*p<0.05 **p<0.01 ***p<0.001

5.2 Does this (in)stability depend on GP, practice, and area characteristics?

We now investigate whether GP, practice, and area characteristics may predict (in)stability in
motivation over time. Appendix | provides context for any baseline differences between groups
by presenting descriptive statistics for each motivation divided by subgroup. Table 2 presents
the regression results for equation (3). We observe statistically significant differences in the
estimated change in intrinsic motivation for different age groups of GPs after controlling for
all other covariates; while the overall trend in intrinsic motivation is decreasing over time, we
find that the decrease in waves 3 and 4 is less pronounced for GPs older than 46. The
differences in the changes between these older groups and the baseline (under 46) group are
approximately 3 to 5 points in magnitude.

The gender of the GP appears to affect the time trend of intrinsic motivation and user
orientation. Male GPs’ intrinsic motivation appears to be less affected by the pandemic
compared to female GPs’, i.e., their intrinsic motivation decreases by around 3 points less than
female GPs’ in waves 2 and 3, relative to wave 1. For user orientation, however, we find a
negative coefficient on the interaction term between gender and wave 2. This suggests that the
increase in user orientation observed in wave 2 is smaller for men than it is for women. There
are few statistically significant estimates for the remaining covariates included in Table 2.

Table 2: Regression results for subgroup analyses of changes in motivation over time

1) ) @) (4)
Independent Variable IM EM uo PSM
Wave 2 -5.201* 2.009 7.480** -0.192
(2.153) (3.434) (2.866) (1.722)
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Wave 3

Wave 4

Agecat (47-56)

Agecat (57+)

Wave 2*Agecat (47-56)
Wave 3*Agecat (47-56)
Wave 4*Agecat (47-56)
Wave 2*Agecat (57+)
Wave 3*Agecat (57+)
Wave 4*Agecat (57+)
Wave 2*Male

Wave 3*Male

Wave 4*Male

Intern

Wave 2*Intern

Wave 3*Intern

Wave 4*Intern

Solo

Wave 2*Solo

Wave 3*Solo

Wave 4*Solo

Degurba (intermediate)
Wave 2*Degurba (inter.)

Wave 3*Degurba (inter.)

-10.021%%*
(2.552)
-7.648%*
(2.447)
-2.029
(1.550)
-3.036
(2.141)
1.604
(1.368)
3.222%
(1.617)
3.233*
(1.601)
0.033
(1.568)
4.028*
(1.768)
4.552*
(1.802)
2.565*
(1.171)
2.923*
(1.221)
1.531
(1.275)
-0.530
(2.183)
2.935
(2.009)
3.691
(2.228)
0.267
(1.946)
1.381
(2.609)
-3.816
(2.020)
-1.825
(1.813)
-1.505
(1.851)
-4.665*
(2.332)
0.197
(1.613)
0.504

1.207
(3.586)
5.943
(3.123)
0.687
(2.365)
0.485
(3.859)
-1.952
(2.093)
-2.968
(2.285)
0.135
(2.535)
-0.534
(2.446)
-1.617
(2.798)
-3.151
(2.788)
1.112
(1.807)
0.903
(1.889)
0.832
(1.955)
-4.288
(2.752)
-0.968
(2.944)
-2.038
(3.205)
-6.365*
(2.697)
1.660
(3.225)
-4.303
(2.423)
-3.988
(2.991)
-5.223
(2.702)

12.224***

(3.188)
0.940
(2.443)
-3.021

4.425
(2.880)
5.318
(2.992)
-5.113*
(2.045)
-8.210%*
(2.940)
1.741
(1.843)
-0.554
(2.104)
2.296
(2.135)
1.791
(2.171)
-0.028
(2.265)
2.747
(2.273)
-4.243**
(1.609)
-1.202
(1.697)
-2.966
(1.637)
0.103
(2.549)
-1.285
(2.497)
2.843
(2.415)
0.582
(2.436)
-6.188*
(3.088)
0.259
(2.332)
0.566
(2.267)
-1.146
(2.101)
-12.423%x*
(2.729)
-0.261
(2.110)
2.629

-2.157
(1.777)
0.608
(1.975)
-0.758
(1.250)
-2.050
(1.960)
1.498
(1.180)
1.964
(1.378)
0.820
(1.312)
0.580
(1.348)
3.931%*
(1.491)
1.250
(1.505)
-0.244
(1.018)
-0.847
(1.091)
-0.859
(1.072)
1.578
(1.597)
0.476
(1.537)
-0.359
(1.563)
-1.913
(1.677)
0.162
(2.243)
-0.851
(1.404)
0.107
(1.623)
-1.193
(1.561)
-1.748
(1.857)
0.638
(1.332)
0.142

12



(1.620) (2.633) (2.255) (1.428)

Wave 4*Degurba (inter.) 1.751 -2.470 0.691 1.918
(1.650) (2.617) (2.112) (1.446)
Wave 2*Degurba (sparse) -0.472 1.489 1.109 2.631*
(1.500) (2.167) (2.102) (1.281)
Wave 3*Degurba (sparse) -0.280 -0.713 1.154 0.714
(1.603) (2.296) (2.141) (1.396)
Wave 4*Degurba (sparse) 0.523 -1.523 -0.105 1.346
(1.635) (2.445) (2.104) (1.400)
Wave 2*Lack of GPs -4.452* -3.822 2.124 -2.614
(2.151) (3.843) (3.641) (1.948)
Wave 3*Lack of GPs 2.389 -0.947 2.467 -3.430*
(2.491) (4.074) (3.668) (1.745)
Wave 4* Lack of GPs -2.269 1.066 6.774* -3.845*
(2.569) (4.137) (3.080) (1.902)
Constant 79.972%** 48.282*** 74.435%** 56.876***
(1.895) (2.608) (2.271) (1.380)

Note: The columns contain estimated coefficients from OLS regressions of several covariates and their
interaction terms with the wave indicators on intrinsic motivation (column 1), extrinsic motivation
(column 2), user orientation (column 3) and public service motivation (column 4). Section 4.3 defines
the observable covariates and their baseline values in equation (3). Standard errors clustered by GP in
parentheses. The regressions are based on a balanced sample of 448 GPs who responded to all four
survey waves (1,792 observations).

*** n<0.001, ** p<0.01, * p<0.05

5.3 Supplementary analyses

We test for panel attrition to see whether the motivations of GPs who drop out of our balanced
panel are statistically significantly different from the motivations of GPs who remain in the
balanced sample (n=448). Tables J1-3 in Appendix J show that the probability of remaining in
the balanced panel is increasing with extrinsic motivation. In wave 4 (Table J3), we also find
that GPs with higher intrinsic motivation are more likely to be in the balanced panel than those
with lower intrinsic motivation.

Robustness checks yield findings qualitatively similar to those presented in the main analysis
(appendices K-N). Noteworthy are the estimates for the regressions using unstandardised
motivation scores as outcomes (Appendix K). These estimates can be interpreted as changes in
the survey response scale, i.e., a one-point change in motivation corresponds to a change in a
survey response for a single item of one level up or down on the 5-point Likert scale. The
results show that the changes observed across all motivations and along the whole distribution
never exceed two points on the Likert scale and rarely exceed one point.

The Sankey diagrams in Appendix O illustrate individual GP changes in motivation. The
figures show quite substantial changes to the relative rank of some GPs in the distribution of
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each motivational component over time. There does not visually appear to be any one type of
motivation that follows a distinctly different trend than the others.

6. Discussion

Over the course of a four-year period including the COVID-19 pandemic, we find statistically
significant but modest changes in four types of GPs’ motivation which have previously been
found to link with care (Jensen & Vestergaard, 2017; Oxholm et al., 2024; Veenstra et al.,
2022). The observed changes in motivation are consistent across the distribution of GPs, apart
from user orientation, which increases more sharply at lower percentiles. Further, we find
evidence of differences in motivation trends according to GPs’ age and gender. Practice type
and location do not appear to influence changes in motivation. Based on these results, we
conclude that GPs’ motivation is fairly stable during a four-year period when they were
exposed to a pandemic.

In the face of a large shock to working conditions, we do not find the changes in GPs’ different
motivations to be very large in magnitude. We use the results from regression analyses with
unstandardised motivation variables to better interpret these magnitudes (see Appendix K).
These results show that the average GP is changing either none of their survey responses or
just a single response by one level from one year to the next, regardless of the type of
motivation. Although changes at the average appear small, it is important to note that there are
still GPs for whom motivations are changing to a larger extent during the study period. The
Sankey diagrams in Appendix O provide some insight into individual patterns by illustrating
changes in GPs’ relative rank in the distribution of each motivation over time. It is important
to note, however, that these figures do not inform on the magnitude of these individual changes
or whether they are statistically significant. However, we acknowledge that an individual GP
may experience substantial changes in motivation despite this not being reflected in the overall
trend.

The onset of the COVID-19 pandemic in early 2020, and the changes to GPs’ working
conditions that followed, may be able to explain some of the changes in motivation that we
observe from 2019 to 2022. Firstly, the results for intrinsic motivation and user orientation may
support a trade-off between these two motivations under the conditions of the pandemic. In the
early stages of the outbreak in Denmark, GPs had to completely re-orient the focus of their
work and sometimes felt as though they could no longer deliver the best possible care to their
patients (Nordtug et al., 2022). These sentiments may contribute to decreasing intrinsic
motivation. This change appears concentrated among younger GPs (see Table 2), which may
be in part due to older GPs’ additional experience serving as a sort of buffer against external
shocks. In response to new working conditions that may not have been as enjoyable or
intrinsically valuable to the GPs as they were previously, they may have re-focused on the
needs of their individual patients during the crisis, thus increasing user orientation. We
speculate that this tendency may have been more prominent among women, as we observe that
female GPs have larger decreases in intrinsic motivation and greater increases in user
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orientation than their male counterparts. The increase in public service motivation that we find
in 2020 may be attributable to the focus that was placed on healthcare workers’ role in
managing the pandemic and the intense messaging on the importance of doing your part for
the benefit of society (as described in section 3.2).

Our findings align with some, but not all, of the conclusions of previous studies in this area.
We find intrinsic motivation to be decreasing during the study period, which is compatible with
motivation crowding theory (Frey, 1994), especially if GPs felt that the stricter guidelines and
changes during the pandemic threatened their autonomy over their work (Nordtug et al., 2022).
Conversely, based on the theory of work motivation, it is plausible that we observe increases
in some motivations because of changes to job design — for example, GPs facing novel
challenges and experiencing a heightened sense of the importance of their work during this
period (Gagné & Deci, 2005). The results for public service motivation differ from the main
finding in Jensen et al. (2020), in that we do not find that the initial change in public service
motivation lasts beyond the first measurement point after the shock. Our result, whereby public
service motivation increases in 2020 but then falls to its original level in 2021, is more in line
with Vogel & Kroll (2016), who suggest that public service motivation is stable in the long
run. Unlike in Sicsic et al. (2012), we find no evidence of substitution effects between intrinsic
and extrinsic motivation.

Strengths

This study has several strengths. First, the study benefits from a relatively large, balanced panel
of GPs who respond to the exact same survey at each wave over a four-year period. Second,
using this balanced sample, we apply a common study design, period, and population to four
distinct types of motivation. This approach is advantageous as studies of changes in different
types of workers’ motivation have often varied in their approaches and empirical strategies,
which could contribute to heterogenous results across studies. Third, we incorporate quantile
regressions to gain a better understanding of how motivations are changing across the entire
distribution. Fourth, we combine the motivation data with high-quality register data on GP,
practice, and area characteristics to investigate heterogeneity in our findings.

Limitations

Our study also faces some limitations. First, common concerns with survey data such as
attrition, selection bias, and social desirability bias cannot be entirely ruled out (Choi & Pak,
1998), however, we have taken steps to assess the representativeness of our sample. Moreover,
the anonymous nature of the survey and the neutral framing of items provide some reassurance

that such biases are minimized (Yordanov et al., 2023). While we find that intrinsic and

extrinsic motivation predict panel membership (see Appendix J), the observed differences in
motivation are small, so we do not consider this a major issue. Second, as we consider the same
group of GPs over time, our results do not capture potential cohort effects or the motivations
of GPs entering or exiting the workforce during this period. We consider age-related
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differences within our sample while acknowledging that motivations of future generations of
GPs may evolve differently. Third, we interpret the results of our subgroup analyses with
caution, as there is an increased risk of false positives in the results when multiple hypotheses
are being tested simultaneously (Bland & Altman, 1995). Fourth, with annual data we are
unable to identify changes in motivation that are attributable to measurement error.
Reassuringly, the results of our preliminary tests for measurement equivalence (see Appendix
C) reduce concerns that observed changes are due to issues in how motivation is measured.

Policy and research implications

We find some instability in GPs’ motivations during the study period. Policymakers should
therefore take into account that motivations can change when GPs are faced with a shock that
significantly affects their working conditions, such as a pandemic. Further, changes in
motivation could be larger if interventions specifically sought to impact motivations, which of
course was not the case for the COVID-19 pandemic. However, when we consider the size of
the shock, the corresponding changes in motivation appear to be small in magnitude. A cross-
sectional study by Oxholm et al. (2024) finds that comparing the least motivated to the most
motivated GP leads to a modest change in behaviour. Given that the changes in motivation we
uncover in this study are much smaller than this extreme case, we would expect the impact of
motivation changes on behaviour to be small. Future research should investigate how changes
in motivation alter actual physician behaviour (e.g., Jensen & Vestergaard, 2017). Even though
we find GP motivation to be fairly stable on average, GPs may experience intertemporal
instability in motivation at the individual level. Researchers should therefore be cautious when
using an individual measure of motivation from one period as a proxy for the individual’s
motivation in later periods.

Altogether, our findings strengthen the results of previous studies that have highlighted the
potential of motivations as valuable inputs to policy design (e.g., Lagarde et al., 2019;
Yordanov et al., 2023). Information about the heterogeneity of GPs’ motivations could lend
itself to the improved framing of policies, both financial and non-financial (such as guidelines).
If motivations were found to have large, unpredictable fluctuations on average, it would be
difficult to apply this information to policymaking in a useful way. Given that we find GPs’
motivations to be, on average, quite stable even in the face of a major shock to the healthcare
system, it could be practical to use this information to design policies that better align the
healthcare system with GPs’ preferences and those elements of their work which they consider
to be of the greatest personal importance or significance.
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Supplementary materials
Appendix A: Measuring motivation

All survey items have six possible responses with a corresponding score value: completely agree
(5 points), partly agree (4 points), neither or (3 points), partly disagree (2 points), completely
disagree (1 point), or do not know/want to answer (substituted with the sample mean score across
all GPs). The scoring for some questions is reversed so that 5 points always represents the “most
motivated” response. Reversed questions are indicated below with an asterisk (*).

The survey includes the following items by motivational component:
Intrinsic motivation (IM)

IM1: | very much enjoy my daily work.

IM2*: A rather large part of my tasks at work are boring.

IM3: 1 always look forward to going to work in the mornings.

IM4: My work is very exciting

IM5: | like performing most of my work processes.

IM6: | feel a great personal satisfaction when doing my job.

IM7: 1f 1 won 5 million DKK in the lottery, I would still keep my current job.

Extrinsic motivation (EM)

EML: If | am supposed to put in extra effort in my job, | need to get extra pay.

EM2: External incentives such as bonuses and provisions are essential for how well | perform my
job.

EM3: It is important for me to have an external incentive to strive for in order to do a good job.
EM4: If | had been offered better pay, | would have done a better job.

User orientation (UO)

UO1: The individual user is more important than formal rules.
UQO2: It gives me energy to know that | helped the user.

UO3: If the user is satisfied, the job is done.

Public service motivation (PSM)

PSML1: To me, considering the welfare of others is one of the most important values.
PSMZ2: It is difficult for me to contain my feelings when | see people in distress.



PSM3: | am often reminded by daily events about how dependent we are on one another.
PSM4: | unselfishly contribute to my community.

PSM5: Meaningful public service is very important to me.

PSM6: | would prefer seeing public officials do what is best for the whole community, even if it
harmed my interests.

PSM7: | consider public service my civic duty.

PSMS8: | generally associate politics with something positive.

PSM9*: The give and take of policymaking does not appeal to me.

PSM10*: 1 do not care much for politicians.

PSM11: Making a difference in society means more to me than personal achievements.
PSM12: | feel people should give back to society more than they get from it.

PSM13: | am prepared to make sacrifices for the good of society.

PSM14: People like me are willing to risk personal loss to help society.

PSM15: | put civic duty before self.



Appendix B: Tests for suitability of the data for confirmatory factor analysis and composite
reliability

To ensure the reliability and validity of our measures of motivational components, we conduct a
variety of statistical tests on the factor structure connecting the survey items to their latent
constructs of motivation. Using the Kaiser-Meyer-Olkin (KMO) test (Tables B1 and B2) and
Bartlett’s test (Table B3) we test for the suitability of the data for confirmatory factor analysis.
These tests conclude that the common variance and correlations between survey items are
sufficient for conducting CFA, as the KMO statistics are all close to or exceeding 0.6 and the p-
values for Bartlett’s test for each item are significant (p<0.001).

Table B1: KMO — overall

Wave 1 Wave 2 Wave 3 Wave 4
IM 0.893 0.890 0.889 0.891
EM 0.750 0.753 0.755 0.767
uo 0.601 0.597 0.572 0.532
PSM 0.821 0.827 0.797 0.821

Table B2: KMO — for each item

Item Wave 1 Wave 2 Wave 3 Wave 4
IM IM1 0.875 0.866 0.864 0.878
IM2 0.910 0.928 0.857 0.881
IM3 0.879 0.861 0.880 0.894
IM4 0.905 0.901 0.890 0.896
IM5 0.888 0.891 0.892 0.881
IM6 0.893 0.894 0.898 0.894
IM7 0.927 0.928 0.928 0.925
EM EM1 0.870 0.850 0.878 0.857
EM2 0.693 0.708 0.700 0.714
EM3 0.738 0.734 0.719 0.759
EMA4 0.803 0.804 0.835 0.808
uo uo1 0.642 0.595 0.635 0.557
uo2 0.579 0.580 0.552 0.521
uo3 0.601 0.628 0.566 0.533
PSM CoM1 0.870 0.889 0.916 0.848
COM2 0.716 0.760 0.718 0.711
COM3 0.778 0.792 0.751 0.752
Pl1 0.772 0.806 0.714 0.845
PI2 0.820 0.894 0.757 0.874
PI3 0.901 0.892 0.827 0.874

P14 0.885 0.858 0.861 0.877



POL1 0.658 0.667 0.619 0.728
POL2 0.675 0.686 0.592 0.696
POL3 0.603 0.546 0.525 0.624
SAC1 0.930 0.914 0.906 0.903
SAC2 0.892 0.927 0.927 0.922
SAC3 0.813 0.824 0.799 0.833
SAC4 0.803 0.803 0.789 0.787
SAC5 0.895 0.897 0.899 0.869
Table B3: Bartlett’s test for sphericity
Wave 1
Chi-squared d.f. p-value
IM 1433.808 21 <0.001
EM 580.952 6 <0.001
uo 95.325 3 <0.001
PSM 2215.332 105 <0.001
Wave 2
Chi-squared d.f. p-value
IM 1601.664 21 <0.001
EM 574.730 6 <0.001
uo 72.885 3 <0.001
PSM 2391.989 105 <0.001
Wave 3
Chi-squared d.f. p-value
IM 1478.433 21 <0.001
EM 606.871 6 <0.001
uo 79.838 3 <0.001
PSM 2195.533 105 <0.001
Wave 4
Chi-squared d.f. p-value
IM 1448.021 21 <0.001
EM 677.158 6 <0.001
uo 60.965 3 <0.001
PSM 2365.367 105 <0.001



Appendix C: Longitudinal confirmatory factor analysis (CFA) and measurement
equivalence testing

Table C1 includes standard goodness-fit statistics reported following confirmatory factor analysis
(CFA) on a longitudinal measurement model containing all four motivations and their
corresponding survey items simultaneously. Column (1) reports the fit statistics for the configural
invariance model, whereby the same factor structure between the survey items and the underlying
latent constructs (the four motivations) is imposed on the data at each of the four waves. In column
(2), an additional restriction of equal factor loadings on all survey items across all four waves is
imposed. In both the configural and metric invariance models, we allow for the residuals to be
correlated within each sub-dimension of public service motivation (compassion (PSM1-3), public
interest (PSM4-7), attraction to policymaking (PSM8-10), self-sacrifice (PSM11-15) (Perry,
1996)) and intrinsic motivation. Column (3) includes a chi-difference test comparing the configural
invariance model with the nested metric invariance model to assess whether imposing the
restriction of equal factor loadings significantly worsens the fit of the measurement model.

Table C1: Goodness-of-fit statistics for measurement models

Configural invariance Metric invariance model  delta
model (1) (2 3)
Chi-squared 2932.023 3020.139 88.116
Degrees of freedom 1396 1471 75
RMSEA 0.050 0.048
AIC 124703.547 124641.663
BIC 127229.447 126755.731
CFlI 0.918 0.918
TLI 0.905 0.909
SRMR 0.085 0.086
p-value from nested 0.143

model test

Fit statistics suggest an acceptable fit; the root mean square error of approximation (RMSEA)
values are at or below 0.5, the comparative fit index (CFI) and Tucker-Lewis index (TLI) are above
0.9, and the standardised root mean square residual (SRMR) is just over 0.8. Joreskog’s rho is
calculated from the CFA factor loadings as a measure of the composite reliability of each latent
construct. We report Joreskog’s rho because it is less sensitive to the number of items associated
with each construct than Cronbach’s alpha and does not assume equal factor loadings across items
(McNeish, 2018). High (>0.75) rho values for intrinsic motivation, extrinsic motivation, and public
service motivation support composite reliability. The rho values for user orientation are smaller,
around 0.5 for each wave. The insignificant p-value (0.143) of the chi-difference test in column



(3) suggests that imposing equal factor loadings does not significantly worsen fit. This finding
supports measurement equivalence of the motivations over time.

Table C2: Joreskog’s rho

Wave 1 Wave 2 Wave 3 Wave 4
IM 0.871 0.884 0.879 0.872
EM 0.797 0.796 0.804 0.821
uo 0.540 0.493 0.510 0.518
PSM 0.748 0.771 0.765 0.779

Note: Rho values are manually calculated using the factor loadings from each wave of the configural
invariance CFA model (model (1) in Table C1).



Appendix D: Survey response rates and construction of the balanced panel

Time
Wave 1 Wave 2 Wave 3 Wave 4
n= 1146 n =1302 n=1330 n= 1398
34.4% response rate 37.9% response rate 38.4% response rate 40.1% response rate
- . e 950 new or ™,
{/ BdGnew 761 new ! [ existing (but not
" respondents j-' i il or wave 1 / " complete) |
. 7 \fespondents, ‘. respondents
L] ) L , ) T e
753 repeat 569 repeat 448 repeat
1146 respondents P P P
respondents respondents respondents

Note: The top row gives the overall response rates for each wave of the survey. The third row illustrates how the balanced sample is built up over
time by counting how many GPs who responded in each wave also responded to all previous waves. The result is a balanced panel of 448 GPs who
responded to each wave of the GP work-life survey.



Appendix E: Descriptive statistics on GP, practice, and area characteristics (balanced panel)

Table E1: Wave 1 — 2019

Variable Sample Population P-value
Frequency Percent Frequency Percent
Size 448 3336
Age
46 and under 174 38.839 998 29.916 <0.001
47-56 184 41.071 1188 35.612 0.024
57 and above 90 20.089 1150 34.472 <0.001
Gender 0.263
Female 234 52.232 1836 55.036
Male 214 47.768 1500 44.964
Region
Capital 95 21.205 1055 31.625 <0.001
Zealand 53 11.830 457 13.699 0.277
Southern 112 25.000 786 23.561 0.501
Central 160 35.714 807 24.191 <0.001
North 28 6.250 231 6.924 0.596
Practice type 0.027
Single-handed 89 19.866 821 24.610
Partnership 359 80.134 2515 75.390
Accepts GPs in
training
Yes 381 85.045
No 67 14.955
GP shortage (2018) 0.306
Yes 33 7.366 294 8.813
No 415 92.634 3042 91.187
Degree of
urbanisation
High density 127 28.348 1132 33.933 0.018
Medium density 142 31.696 1131 33.903 0.353
Low density 179 39.955 1073 32.164 0.001

Note: Table E1 compares descriptive statistics on observable GP, practice, and area characteristics for the
balanced panel sample (n=448) and the GP population for 2019 (n=3336). The right-most column gives the
p-value resulting from a chi-proportion test. Significant p-values indicate that the proportion of GPs in the
sample is statistically significantly different from the corresponding population proportion. Data on whether
practices accept GPs in training is missing at the population level; therefore, there is no chi-proportion test
included for this variable.



Table E2: Wave 2 — 2020

Variable Sample Population P-value
Frequency Percent Frequency Percent
Size 448 3432
Age
46 and under 169 37.723 1191 34.703 0.208
47-56 178 39.732 1177 34.295 0.023
57 and above 101 22.545 1064 31.002 <0.001
Gender 0.035
Female 234 52.232 1973 57.488
Male 214 47.768 1459 42.512
Region
Capital 95 21.205 1081 31.498 <0.001
Zealand 53 11.830 452 13.170 0.428
Southern 112 25.000 793 23.107 0.373
Central 160 35.714 805 23.456 <0.001
North 28 6.250 301 8.770 0.072
Practice type 0.138
Single-handed 92 20.536 813 23.689
Partnership 356 79.464 2619 76.311
Accepts GPs in
training
Yes 385 85.938
No 63 14.063
GP shortage (2018) 0.301
Yes 33 7.366 303 8.829
No 415 92.634 3129 91.171
Degree of
urbanisation
High density 127 28.348 1197 34.878 0.006
Medium density 142 31.696 1139 33.188 0.528
Low density 179 39.955 1096 31.935 0.001

Note: Table E2 compares descriptive statistics on observable GP, practice, and area characteristics for the
balanced panel sample (h=448) and the GP population for 2020 (n=3432). The right-most column gives the
p-value resulting from a chi-proportion test. Significant p-values indicate that the proportion of GPs in the
sample is statistically significantly different from the corresponding population proportion. Data on whether
practices accept GPs in training is missing at the population level; therefore, there is no chi-proportion test
included for this variable.



Table E3: Wave 3 — 2021

Variable Sample Population P-value
Frequency Percent Frequency Percent
Size 448 3462
Age
46 and under 114 25.446 1020 29.463 0.078
47-56 214 47.768 1340 38.706 <0.001
57 and above 120 26.786 1102 31.831 0.030
Gender 0.012
Female 234 52.232 2023 58.434
Male 214 47.768 1439 41.566
Region
Capital 95 21.205 1082 31.254 <0.001
Zealand 53 11.830 444 12.825 0.552
Southern 112 25.000 802 23.166 0.388
Central 160 35.714 821 23.715 <0.001
North 28 6.250 313 9.041 0.049
Practice type 0.530
Single-handed 91 20.313 748 21.606
Partnership 357 79.688 2714 78.394
Accepts GPs in
training
Yes 389 86.830
No 59 13.170
GP shortage (2018) 0.364
Yes 33 7.366 299 8.637
No 415 92.634 3163 91.363
Degree of
urbanisation
High density 127 28.348 1200 34.662 0.008
Medium density 143 31.920 1157 33.420 0.526
Low density 178 39.732 1105 31.918 0.001

Note: Table E3 compares descriptive statistics on observable GP, practice, and area characteristics for the
balanced panel sample (h=448) and the GP population for 2021 (n=3462). The right-most column gives the
p-value resulting from a chi-proportion test. Significant p-values indicate that the proportion of GPs in the
sample is statistically significantly different from the corresponding population proportion. Data on whether
practices accept GPs in training is missing at the population level; therefore, there is no chi-proportion test
included for this variable.



Table E4: Wave 4 - 2022

Variable Sample Population P-value
Frequency Percent Frequency Percent
Size 448 3490
Age
46 and under 93 20.759 999 28.625 <0.001
47-56 225 50.223 1424 40.802 <0.001
57 and above 130 29.018 1067 30.573 0.500
Gender 0.004
Female 234 52.232 2072 59.370
Male 214 47.768 1418 40.630
Region
Capital 95 21.205 1078 30.888 <0.001
Zealand 53 11.830 446 12.779 0.570
Southern 112 25.000 800 22.923 0.326
Central 160 35.714 831 23.811 <0.001
North 28 6.250 335 9.599 0.021
Practice type 0.972
Single-handed 93 20.759 722 20.688
Partnership 355 79.241 2768 79.312
Accepts GPs in
training
Yes 383 85.491
No 65 14.509
GP shortage (2018) 0.222
Yes 33 7.366 318 9.112
No 415 92.634 3172 90.888
Degree of
urbanisation
High density 127 28.348 1210 34.670 0.008
Medium density 143 31.920 1163 33.324 0.552
Low density 178 39.732 1117 32.006 0.001

Note: Table E4 compares descriptive statistics on observable GP, practice, and area characteristics for the
balanced panel sample (h=448) and the GP population for 2022 (n=3490). The right-most column gives the
p-value resulting from a chi-proportion test. Significant p-values indicate that the proportion of GPs in the
sample is statistically significantly different from the corresponding population proportion. Data on whether
practices accept GPs in training is missing at the population level; therefore, there is no chi-proportion test
included for this variable.



Appendix F: Descriptive statistics over time for each motivational component

Motivation Wave Mean SD 10% 25% 50% 75% 90% Skewness Kurtosis
IM 2019 76.873 17.127 53571 67.857 78571 89.286 96.429 -0.936 3.811
2020 74.785 18.210 50.000 64.286 78.571 89.286 96.429 -0.906 4,127
2021 73573 17.944 50.000 60.714 75.000 85.714 92.857 -0.797 3.527
2022 72.959 17.837 50.000 60.714 75.000 85.714 96.429 -0.630 3.212
EM 2019 49.219 23.060 18.750 31.250 50.000 62.500 81.250 0.303 2.462
2020 49.735 22.849 18.750 31.250 50.000 62.500 81.250 0.270 2.446
2021 45.145 23.235 18.750 25.000 43.75 62500 75.000 0.284 2.432
2022 47.001 24573 18.750 25.000 43.75 62500 81.250 0.337 2.375
uo 2019 65.606 16.525 41.667 58.333 66.667 75.000 83.333 -0.620 3.451
2020 71.447 14.143 50.000 58.333 75.000 83.333 91.667 -0.496 3.304
2021 72.303 14.146 50.000 66.667 75.000 83.333 91.667 -0.646 3.315
2022 71.112 14.066 50.000 66.667 75.000 83.333 91.667 -0.456 3.138
PSM 2019 56.973 14.048 38.000 48.000 58.000 66.000 74.000 -0.258 3.169
2020 58.661 14.505 40.000 50.000 60.000 70.000 76.000 -0.414 3.401
2021 56.027 14.461 36.000 48.000 58.000 66.000 74.000 -0.305 3.334
2022 56.679 15.006 38.000 48.000 58.000 68.000 76.000 -0.397 3.266

Note: Descriptive statistics for each motivational component from wave 1 (2019) to wave 4 (2022) for a balanced panel of 448 GPs.



Appendix G: Correlation matrices for the motivational components

Table G1: Wave 1 (2019)

IM EM uo PSM
IM 1.000
EM -0.083 1.000
uo 0.055 0.162* 1.000
PSM 0.174* -0.123* 0.137* 1.000

Note: Correlation coefficients between all motivational components in 2019.
*indicates statistically significant correlation at the 5% level.

Table G2: Wave 2 (2020)

IM EM uo PSM
IM 1.000
EM -0.013 1.000
uo 0.120* 0.071 1.000
PSM 0.203* -0.191* 0.124* 1.000

Note: Correlation coefficients between all motivational components in 2020.
*indicates statistically significant correlation at the 5% level.

Table G3: Wave 3 (2021)

M EM uo PSM
IM 1.000
EM -0.007 1.000
uo 0.270* 0.064 1.000
PSM 0.193* -0.117* 0.200* 1.000

Note: Correlation coefficients between all motivational components in 2021.
*indicates statistically significant correlation at the 5% level.

Table G4: Wave 4 (2022)

IM EM uo PSM
IM 1.000
EM -0.076 1.000
uo 0.155* 0.069 1.000
PSM 0.255* -0.187* 0.104* 1.000

Note: Correlation coefficients between all motivational components in 2022.
*indicates statistically significant correlation at the 5% level.



Appendix H: Hlustration of Table 1 regression results

Figure H1: Changes in mean estimates of motivation over time
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Note: Figure H1 plots the changes in the mean estimates for each type of motivation at each wave of the study period. Stars indicate coefficient
estimates that are statistically significantly different from the baseline (2019) level.



Figure H2: Changes in percentile values of motivation distributions over time

i. Changes in percentile values of IM ii. Changes in percentile values of EM
B B
T TTTe— 1 o
2 ——— — 2
o o
& - &
© B0 © B0
E E
5 5
50 = * —
@ @ "/\_\.”4_.
2 3 4 1 2 4
Wave Wave
. Changes in percentile values of UO Iv. Changes in percentile values of PSM
B B

Level of motivation
& g8
\\ II|
\
I|
I|
I|
4
Level of motivation
@
L
|
|
|
|
|
t
|
|
|
|
|
|
|
|
1

Percentile = 10 - 25 - 50 75 20

Note: Figure H2 plots the changes in coefficient estimates for the 101, 25™, 501, 75M, and 90™ percentile values for each type of motivation; intrinsic
motivation (IM, panel i), extrinsic motivation (EM, panel ii), user orientation (UO, panel iii), and public service motivation (PSM, panel iv). Note
that the significance of the coefficient estimates is the same as indicated by the asterisks in Figure H1, with the exception that the wave 4 coefficient
estimate at the 10" percentile of extrinsic motivation is no longer statistically significant, and neither is the wave 2 coefficient at the 90" percentile

of public service motivation.



Appendix I: Motivation descriptives by subgroup

Table 11: Wave 1 (2019)

Variable IM EM uo PSM

Mean SD Mean SD Mean SD Mean SD

Age
46 and under 77.853 17.314  49.713 22578 65.182 15356 56.609  14.590
47-56 75.078 16.876 50.034  23.142 65.036 17.693 56.293 13.679
57 and above 78.651 17.124  46.597 23.871 67.593 16.261 59.067 13.671

Gender
Female 77.701 15.753 44.658 21.786 62.251 17.421 56.094 13.653
Male 75.968 18.508 54.206 23429 69.276 14669 57935 14.437

Practice type
Single-handed 77568 17.145 53.792  25.293  65.449 17296 56.157 16.117
Partnership 76.701 17.142 48.085 22.365 65.645 16.353 57.175 13.503

Accepts GPs in

training
Yes 76.903 17.608 48.819 22274 65201 16.761 56.735 14.177
No 76.706 14.196 51493 27180 67.910 15.023 58.328 13.310
GP shortage
(2018)
Yes 78.896 17.160 51.705 22.001 63.131 18.869 56.970 13.912
No 76.713 17.135 49.021  23.156 65.803 16.334 56.973 14.075
Degree of

urbanisation
High density 78.459 14.628 50.443 23.361 66.535 16.831 58.567 15.300
Intermediate 75.956 18.210 48.768  24.295 65.023 16,555 57.620 13.650
density
Low density 76.476 17.884 48.708 21.909 65.410 16.347 55.330 13.319

Note: Mean and standard deviation (SD) for each type of motivation (intrinsic motivation (IM), extrinsic
motivation (EM), user orientation (UO), public service motivation (PSM)) in 2019, divided by subgroups
based on observable characteristics.



Table 12: Wave 2 (2020)

Variable IM EM uo PSM

Mean SD Mean SD Mean SD Mean SD

Age
46 and under 75.993 16.514 51479 23753 69.822 15373 57.763  15.398
47-56 73.796 18.613 49333  22.029 71489 13513 58955 13.219
57 and above 74.505 20.165 47525 22726 74.092 12.742 59.644  15.177

Gender
Female 74.649 17.350 44.818 21616 70.014 14.385 58.009 13542
Male 74933 19.147 55.111 22997 73.014 13.738 59.374 15.490

Practice type
Single-handed 70.963 20.163 51.019 23899 71.649 15134 57.152 14520
Partnership 75.772 17.566 49.403 22593 71395 13.898 59.051 14.496

Accepts GPs in

training
Yes 75.417 18532 49.724 22.885 71.082 14.091 58540 14.632
No 70918 15.684 49.802 22812 73.677 14372 59397 13.794
GP shortage
(2018)
Yes 72403 20.676 48.864 19.606 71465 17.183 57.030 15.804
No 74974 18.014 49.804 23106 71446 13.898 58.790 14.409
Degree of

urbanisation
High density 76.125 17.361 50.344 23296 71.719 12518 58.898 15.479
Intermediate  74.598 19.874 49.296 23.160 70.188 14.394 58.887 14.996
density
Low density 73.982 17.452 49.651 22395 72253 15011 58.313 13431

Note: Mean and standard deviation (SD) for each type of motivation (intrinsic motivation (IM), extrinsic
motivation (EM), user orientation (UO), public service motivation (PSM)) in 2020, divided by subgroups
based on observable characteristics.



Table 13: Wave 3 (2021)

Variable IM EM uo PSM

Mean SD Mean SD Mean SD Mean SD

Age
46 and under 74.248 16.283  46.162  21.897 72222 13426 55.842 14.998
47-56 71.879 17.968 45648 23.632 70.950 13577 54.860 15.036
57 and above 75.952 19.195 43281 23.833 74.792 15523 58.283 12.634

Gender
Female 73.123 16.973 40.091 21.661 69.409 14191 55504 13.952
Male 74.065 18.976 50.672 23.684  75.467 13.431 56.598 15.009

Practice type
Single-handed 71.664 17.903 46.841  26.993 71520 16.577 55.802 14.505
Partnership 74.060 17.946 44713 22197 72502 13476 56.084 14.469

Accepts GPs in

training
Yes 73.898 17.939 44859 22532 72429 13858 55.681 14.361
No 71429 17980 47.034 27571 71469 16.022 58305 15.026
GP shortage
(2018)
Yes 78.139 15.765 46.212 20.128 72727 18.195 53.394 14.895
No 73.210 18.073 45.060 23484 72269 13.801 56.236 14.423
Degree of

urbanisation
High density 74.297 16.770 47982 24396 71457 14830 57.417 14.871
Intermediate 73.377 18.720  43.007 23544  73.135 13.683 56.420 14.836
density
Low density 73.214 18.200 44.838 22.033 72.238 14.054 54719 13.815

Note: Mean and standard deviation (SD) for each type of motivation (intrinsic motivation (IM), extrinsic
motivation (EM), user orientation (UO), public service motivation (PSM)) in 2021, divided by subgroups
based on observable characteristics.



Table 14: Wave 4 (2022)

Variable IM EM uo PSM

Mean SD Mean SD Mean SD Mean SD

Age
46 and under 73.656 15936 47.110 23.648 68.459 13563 57.075 14.974
47-56 71.159 18.304 49.056  25.280 70.444 14.039 55.893 15.441
57 and above 75.577 18.073 43.365 23.729 74.167 14.031 57.754 14.284

Gender
Female 73.077 17.203 42.041 22740 69.124 14777 56.239 14411
Male 72.830 18545 52.424 25.400 73.287 12932 57.159 15.651

Practice type
Single-handed 72.312 16.099 48.790 26.823  69.444 14659 55419 15.488
Partnership 73.129 18.282 46.532  23.967 71549 13.895 57.008 14.882

Accepts GPs in

training
Yes 73452 18.012 46.149 23991 71.236  13.848 56.507  15.082
No 70.055 16.604 52.019 27.424 70.385 15382 57.692 14.625
GP shortage
(2018)
Yes 73268 17.293 50.379 24354 75253 16.987 53.455 < 15.940
No 72935 17.900 46.732 24,600 70.783 13.778 56.935 14.920
Degree of

urbanisation
High density 73.706 16.134 49.803 25.320 71.063 14.118 57.433 16.168
Intermediate  73.152 18.654 45.629 24.601 70.979 14224 58.028 15.017
density
Low density 72271 18.388 46.103 23.981 71.255 13.979 55.056 14.041

Note: Mean and standard deviation (SD) for each type of motivation (intrinsic motivation (IM), extrinsic
motivation (EM), user orientation (UO), public service motivation (PSM)) in 2022, divided by subgroups
based on observable characteristics.



Appendix J: Attrition tests

Table J1: Balanced panel attrition in wave 2

1)
VARIABLES wavel2comp
IM 0.000777
(0.000807)
EM 0.00184**
(0.000628)
uo 0.0000670
(0.000896)
PSM 0.000109
(0.00103)
Constant 0.502%***
(0.0974)

Note: This table shows the regression results from a linear probability model investigating whether GPs’
2019 motivation levels can predict their probability of answering wave 2 of the survey, given that they
responded in wave 1 (wavel2comp=1). The model compares the motivations of GPs who answered the
first two waves of the survey (n=753) with the motivations of GPs who dropped out after the first wave
(n=393), for a total of 1,146 observations.

*p<0.05 **p<0.01 ***p<0.001

Table J2: Balanced panel attrition in wave 3

1)
VARIABLES wavel23comp
IM 0.00105
(0.000856)
EM 0.00165*
(0.000698)
uo -0.00176
(0.00111)
PSM 0.000688
(0.00113)
Constant 0.686***
(0.112)

Note: This table shows the regression results from a linear probability model investigating whether GPs’
2020 motivation levels can predict their probability of answering wave 3 of the survey, given that they have
answered waves 1 and 2 (wavel23comp=1). The model compares the motivations of GPs who answered
the first three waves of the survey (n=569) with the motivations of GPs who dropped out of the balanced
panel after wave 2 (n=184), for a total of 753 observations.

*p<0.05 **p<0.01 ***p<0.001



Table J3: Balanced panel attrition in wave 4

1)
VARIABLES balanced
IM 0.00253**
(0.000961)
EM 0.00173*
(0.000755)
uo 0.000152
(0.00125)
PSM -0.000166
(0.00123)
Constant 0.526***
(0.116)

Note: This table shows the regression results from a linear probability model investigating whether GPs’
2021 motivation levels can predict their probability of being in the final balanced panel (balanced=1). The
model compares the motivations of GPs who answered all four waves of the survey (n=448) with the
motivations of GPs who dropped out of the balanced panel after wave 3 (n=121), for a total of 569
observations.

*p<0.05 **p<0.01 ***p<0.001



Appendix K: Regression results using unstandardised motivation scores as outcome
variables

The results in Tables K1 and K2 use unstandardised motivation scores as outcome variables,
meaning that coefficient estimates can be interpreted with regards to the original survey response
scale. These results show that, on average, GPs are changing their survey responses year to year
by at most one point for each type of motivation. Consider the following example to understand
the implications of a one-point change: in 2019, a GP completes the work life survey and fills out
all 7 questions on intrinsic motivation. In 2022, the GP answers 6 of the 7 questions in the exact
same way, but changes one answer from “completely agree” to “partly agree” (one step down on
the 5-point Likert scale). This small change would be reflected by a one-point decrease in the
coefficient estimate for wave 4 using the unstandardised scores (see Table K1), or a roughly 4-
point decrease in the estimate using the standardised scores (see Table 1 in main text).

Table K1: Regression results for changes in motivation over time

Dependent Mean Quantile
variable
1) (2)-10t  (3) 25t (4) -50"  (5) 75" (6) — 90t
Cons. 28.525%** 25.794 26.916 28.642 30.097 30.998
IM (0.104)

Wave 2 -0.585%**  -0.695%*  -0.650%** -0.580%**  -0.521**  -0.485*
(0.164) (0.224) (0.189) (0.168) (0.186) (0.213)
Wave 3 -0.924%%*  -0.891*%**  -0.905***  -0.926%**  -0.943%**  -0.954%**
(0.173) (0.214) (0.184) (0.169) (0.187) (0.211)
Wave 4  -1.096%**  -1204%%%  _1213%%% .1 087***  -0.982%%*  -0.917%**
(0.176) (0.245) (0.206) (0.177) (0.187) (0.212)

Cons.  11.875%**  0.365 10.446 11.833 13.374 14.266
EM (0.093)
Wave2  0.083 0.292 0.202 0.086 -0.042 -0.117

(0.143) (0.184) (0.157) (0.143) (0.156) (0.180)
Wave3 -0.652%%%  -0.562%%  -0.601%** -0.650%**  -0.706%**  -0.737%%*
(0.151) (0.196) (0.169) (0.150) (0.160) (0.179)

Wave4  -0.355% -0.316 -0.333 -0.354*  -0.378*  -0.392*
(0.155) (0.206) (0.176) (0.155) (0.165) (0.185)

uo Cons.  10.873***  9.108 9.809 10.957 12.025 12557
(0.066)

Wave2  0.701%%*  L1.171%%*  0.085%**  (.679%**  0.3094*%*  (0.252*
(0.097) (0.140) (0.119) (0.097) (0.092) (0.102)
Wave3  0.804*%*  1278%*  1000%**  0.781***  0.494***  0.351**
(0.101) (0.143) (0.123) (0.106) (0.105) (0.111)
Wave 4  0.661*%**  1.080%**  0.914***  0.641***  0.387***  0.260*




(0.099) (0.145) (0.125) (0.097) (0.092) (0.102)

PSM Cons.  52.487***  48.139 49.890 52.520 55.023 56.667
(0.162)

Wave2  0.844%%%  1.136%**  1018%%*  0.842%**  0.673* 0.563

(0.253) (0.334) (0.285) (0.252) (0.273) (0.312)

Wave3  -0.473 -0.341 -0.394 -0.474 -0.551 -0.601

(0.266) (0.352) (0.303) (0.271) (0.291) (0.331)

Wave4  -0.147 -0.016 -0.069 -0.148 -0.224 -0.274

(0.261) (0.374) (0.315) (0.267) (0.274) (0.307)

Note: Table K1 presents the regression results for the equations specified in equations (1) and (2) (as in
Table 1) using unstandardised motivational scores as the outcome variables. The unstandardised motivation
scores have different theoretical ranges for each motivational component: 7-35 (intrinsic motivation), 4-20
(extrinsic motivation), 3-15 (user orientation), 15-75 (public service motivation). Standard errors clustered
by GP in parentheses. For quantile regressions the clustering is estimated using bootstrapping (1000
replications). The regressions are based on a balanced sample of 448 GPs who responded to all four survey

waves (1,792 observations).

*p<0.05  **p<0.01

Table K2: Regression results for subgroup analyses of changes in motivation over time

*** p<0.001

1) ) 3) (4)
Independent Variable IM EM uo PSM
Wave 2 -1.456* 0.321 0.898** -0.096
(0.603) (0.549) (0.344) (0.861)
Wave 3 -2.806*** 0.193 0.531 -1.078
(0.714) (0.574) (0.346) (0.888)
Wave 4 -2.142** 0.951 0.638 0.304
(0.685) (0.500) (0.359) (0.987)
Agecat (47-56) -0.568 0.110 -0.614* -0.379
(0.434) (0.378) (0.245) (0.625)
Agecat (57+) -0.850 0.078 -0.985** -1.025
(0.600) (0.617) (0.353) (0.980)
Wave 2*Agecat (47-56) 0.449 -0.312 0.209 0.749
(0.383) (0.335) (0.221) (0.590)
Wave 3*Agecat (47-56) 0.902* -0.475 -0.066 0.982
(0.453) (0.366) (0.253) (0.689)
Wave 4*Agecat (47-56) 0.905* 0.022 0.276 0.410
(0.448) (0.406) (0.256) (0.656)
Wave 2*Agecat (57+) 0.009 -0.086 0.215 0.290
(0.439) (0.391) (0.261) (0.674)
Wave 3*Agecat (57+) 1.128* -0.259 -0.003 1.966**
(0.495) (0.448) (0.272) (0.746)



Wave 4*Agecat (57+)
Wave 2*Male

Wave 3*Male

Wave 4*Male

Intern

Wave 2*Intern

Wave 3*Intern

Wave 4*Intern

Solo

Wave 2*Solo

Wave 3*Solo

Wave 4*Solo

Degurba (intermediate)
Wave 2*Degurba (inter.)
Wave 3*Degurba (inter.)
Wave 4*Degurba (inter.)
Wave 2*Degurba (sparse)
Wave 3*Degurba (sparse)
Wave 4*Degurba (sparse)
Wave 2*Lack of GPs
Wave 3*Lack of GPs

Wave 4* Lack of GPs

1.275*
(0.505)
0.718*
(0.328)
0.818*
(0.342)
0.429
(0.357)
-0.149
(0.611)
0.822
(0.563)
1.033
(0.624)
0.075
(0.545)
0.387
(0.730)
-1.068
(0.566)
-0.511
(0.508)
-0.421
(0.518)
-1.306*
(0.653)
0.055
(0.452)
0.141
(0.454)
0.490
(0.462)
-0.132
(0.420)
-0.078
(0.449)
0.146
(0.458)
-1.247*
(0.602)
0.669
(0.698)
-0.635
(0.719)

-0.504
(0.446)
0.178
(0.289)
0.144
(0.302)
0.133
(0.313)
-0.686
(0.440)
-0.155
(0.471)
-0.326
(0.513)
-1.018*
(0.432)
0.266
(0.516)
-0.688
(0.388)
-0.638
(0.479)
-0.836
(0.432)
1.956%+*
(0.510)
0.150
(0.391)
-0.483
(0.421)
-0.395
(0.419)
0.238
(0.347)
-0.114
(0.367)
-0.244
(0.391)
-0.612
(0.615)
-0.151
(0.652)
0.171
(0.662)

0.330
(0.273)
-0.509**
(0.193)
-0.144
(0.204)
-0.356
(0.196)
0.012
(0.306)
-0.154
(0.300)
0.341
(0.290)
0.070
(0.292)
-0.743*
(0.371)
0.031
(0.280)
0.068
(0.272)
-0.137
(0.252)
-1.491%**
(0.328)
-0.031
(0.253)
0.316
(0.271)
0.083
(0.253)
0.133
(0.252)
0.139
(0.257)
-0.013
(0.253)
0.255
(0.437)
0.296
(0.440)
0.813*
(0.370)

0.625
(0.753)
-0.122
(0.509)
-0.424
(0.546)
-0.429
(0.536)
0.789
(0.798)
0.238
(0.769)
-0.179
(0.781)
-0.956
(0.838)
0.081
(1.122)
-0.425
(0.702)
0.054
(0.812)
-0.597
(0.781)
-0.874
(0.928)
0.319
(0.666)
0.071
(0.714)
0.959
(0.723)
1.315*
(0.641)
0.357
(0.698)
0.673
(0.700)
-1.307
(0.974)
-1.715*
(0.872)
-1.922*
(0.951)



Constant 29.302%** 11.725%%* 11.932%** 52.43g%**
(0.530) (0.417) (0.273) (0.690)

Note: Table K2 presents the regression results for the equation specified in equation (3) (as in Table 2).
Outcome variables are unstandardised motivation scores as described in Table K1. All independent
variables remain unchanged from the main analysis (see description of equation (3) in section 4.3).
Standard errors clustered by GP in parentheses. The regressions are based on a balanced sample of 448
GPs who responded to all four survey waves (1,792 observations).

*** p<0.001, ** p<0.01, * p<0.05



Appendix L: Regression results using an unbalanced panel of 1504 GPs

Table L1: Regression results for changes in motivation over time

Dependent Mean Quantile
variable
Q) (2)-10" (3)-25"  (4)-50"  (5)- 75" (6) — 90t
Cons. 76.869***  67.978 70.847 77.500 82.884 85.331
IM (0.311)
Wave 2 -2.575*** -2,691*** -2,653*** -2567*** -2.496%**  -2.464***
(0.455) (0.556) (0.509) (0.460) (0.488) (0.520)
Wave 3 -4.235*%**  -3.883***  -3.997***  -4.260*** -4.474*%** -4 571***
(0.467) (0.538) (0.499) (0.469) (0.515) (0.554)
Wave 4  -5.325*** -5 614*** 5 52]*** .5 305*** -5 129*** .5 (Q50***
(0.498) (0.589) (0.550) (0.517) (0.550) (0.581)
Cons. 46.767 33.337 37.629 46.794 55.929 60.072
EM (0.451)
Wave 2 0.177 0.815 0.611 0.176 -0.258 -0.454
(0.657) (0.751) (0.703) (0.666) (0.741) (0.801)
Wave 3 -4.561*** -3 757***  -4,014*** -4562*** -5109*** -5 357***
(0.680) (0.822) (0.766) (0.698) (0.728) (0.770)
Wave 4 -2,965*** -2 748**  -2.817*** -2,965*** -3, 113***  -3,180***
(0.703) (0.848) (0.788) (0.729) (0.779) (0.833)
uo Cons. 66.092*** 54,174 58.080 66.708 74.088 77.365
(0.392)
Wave 2 5.743***  7.826%**  7.143***  5,635***  4.345*** 3 772%**
(0.560) (0.716) (0.644) (0.558) (0.522) (0.550)
Wave 3  6.354***  8.744***  7.061***  6.230***  4,750***  4,093***
(0.569) (0.745) (0.663) (0.574) (0.543) (0.577)
Wave 4  5.113***  7.113***  6.458***  5010***  3.772***  3.222*%**
(0.570) (0.740) (0.663) (0.563) (0.550) (0.582)
PSM Cons. 56.703***  49.577 51.891 56.593 61.517 63.752
(0.234)
Wave 2 1.911***  2.082***  2.027***  1.914***  1796***  1.742*%**
(0.355) (0.417) (0.385) (0.351) (0.375) (0.403)
Wave3  -0.796* -0.501 -0.597 -0.791* -0.995** -1.087**
(0.356) (0.415) (0.377) (0.341) (0.374) (0.408)
Wave 4 -0.009 0.263 0.175 -0.005 -0.193 -0.278
(0.356) (0.439) (0.398) (0.348) (0.366) (0.394)

Note: Table L1 presents the regression results for the equations specified in equations (1) and (2) (as in
Table 1) using a larger, unbalanced panel of GPs for estimation. Standard errors clustered by GP in
parentheses. For quantile regressions the clustering is estimated using bootstrapping (1000 replications).
The sample includes 4,393 observations collected from 1504 GPs over the study period.

*p<0.05  **p<0.01

*xx 0<0,001



Table L2: Regression results for subgroup analyses of changes in motivation over time

1) ) ©) (4)
Independent Variable IM EM uo PSM
Wave 2 -5.193** 2.918 7.188*** 1.186
(1.674) (2.365) (1.966) (1.210)
Wave 3 -8.940*** -1.048 6.196** -2.047
(1.874) (2.636) (2.028) (1.290)
Wave 4 -10.100*** 4.506 5.133* -0.347
(1.888) (2.566) (2.084) (1.312)
Agecat (47-56) 0.061 0.373 -1.993 -0.939
(1.210) (1.725) (1.465) (0.886)
Agecat (57+) -0.801 1.606 -3.791 -0.713
(1.783) (2.731) (2.105) (1.339)
Wave 2*Agecat (47-56) 0.671 -0.792 0.203 1.102
(1.086) (1.592) (1.319) (0.845)
Wave 3*Agecat (47-56) 1.674 -1.453 -0.798 1.575
(1.180) (1.659) (1.428) (0.904)
Wave 4*Agecat (47-56) 1.899 -1.392 0.227 1.053
(1.244) (1.779) (1.468) (0.907)
Wave 2*Agecat (57+) 0.709 -2.899 0.966 1.853*
(1.144) (1.707) (1.478) (0.916)
Wave 3*Agecat (57+) 3.595** -4.078* -0.217 2.057*
(1.248) (1.869) (1.525) (0.970)
Wave 4*Agecat (57+) 4.700*** -3.833 2.679 1.307
(1.386) (1.962) (1.550) (1.013)
Male -12.199* -5.842 7.619 5.548
(6.135) (6.217) (5.613) (4.201)
Wave 2*Male 2.442%* -0.641 -4,185*** -0.713
(0.921) (1.333) (1.128) (0.733)
Wave 3*Male 1.935* 0.857 -1.502 -0.736
(0.961) (1.363) (1.165) (0.730)
Wave 4*Male 1.826 0.276 -2.867* -0.445
(1.014) (1.421) (1.147) (0.731)
Intern -1.830 -1.725 0.578 1.057
(1.590) (2.216) (1.694) (1.091)
Wave 2*Intern 1.917 -2.720 0.246 -0.852
(1.498) (2.029) (1.613) (1.037)
Wave 3*Intern 2.391 -3.390 0.749 -0.548
(1.634) (2.266) (1.619) (1.132)
Wave 4*Intern 1.086 -5.556* 0.964 -1.087
(1.615) (2.198) (1.689) (1.117)
Solo 1.467 -0.175 0.723 0.327



(1.865) (2.149) (1.940) (1.343)

Wave 2*Solo -1.5632 0.712 -1.292 -0.140
(1.516) (1.880) (1.535) (1.011)
Wave 3*Solo -0.788 0.213 -0.208 0.786
(1.445) (2.054) (1.563) (1.121)
Wave 4*Solo 0.480 -1.904 -0.439 0.377
(1.490) (2.036) (1.598) (1.110)
Degurba (intermediate) -2.351 -5.519 2.985 -4.452
(2.541) (6.771) (9.800) (3.205)
Degurba (sparse) -6.354** -13.920* 6.292 -7.131**
(2.250) (6.459) (9.383) (2.763)
Wave 2*Degurba (inter.) -0.193 -0.384 -0.800 1.014
(1.154) (1.678) (1.407) (0.906)
Wave 3*Degurba (inter.) 0.010 -0.076 1.339 1.634
(1.187) (1.797) (1.466) (0.917)
Wave 4*Degurba (inter.) 1.983 -2.616 0.288 1.922*
(1.244) (1.792) (1.414) (0.925)
Wave 2*Degurba (sparse) -0.033 2.422 0.993 1.740
(1.118) (1.644) (1.422) (0.891)
Wave 3*Degurba (sparse) 0.144 1.568 0.731 0.604
(1.175) (1.646) (1.407) (0.892)
Wave 4*Degurba (sparse) 0.446 0.313 -0.458 0.409
(1.228) (1.759) (1.462) (0.910)
Lack of GPs -31.841** -3.095 -11.430%*** 7.246
(9.902) (3.612) (2.644) (4.425)
Wave 2*Lack of GPs -3.103 0.074 2.613 -0.933
(1.935) (2.765) (2.265) (1.450)
Wave 3*Lack of GPs 0.508 2.597 4.219 -1.930
(1.930) (2.833) (2.528) (1.427)
Wave 4* Lack of GPs -3.270 -0.250 3.599 -3.460*
(2.202) (3.238) (2.341) (1.477)
Constant 89.251*** 57.221*** 61.296*** 57.349***
(3.433) (5.707) (7.045) (2.736)

Note: Table L2 presents the regression results for the equation specified in equation (3) (as in Table 2)
using an unbalanced panel of 1,504 GPs (4,393 observations). All motivation and independent variables
remain unchanged from the main analysis (see description of equation (3) in section 4.3). Standard errors
clustered by GP in parentheses.

*** n<0.001, ** p<0.01, * p<0.05



Appendix M: Regression results using motivation scores weighted by CFA factor loadings

Table M1: Regression results for changes in motivation over time

Dependent Mean Quantile
variable
1) 2)-10" (3 -25"  (4)-50"  (5)- 75" (6) — 90t
Cons. 77.804*** 68.023 72.166 78.199 83.352 86.707
IM (0.372)
Wave -1.986***  -2.164** -2.088**  -1.978***  -1.885** -1.823*
2 (0.582) (0.785) (0.660) (0.596) (0.676) (0.783)
Wave -3.372*%**  3.161*%**  -3.250***  -3.381***  -3.492***  .3.564%**
3 (0.621) (0.783) (0.676) (0.615) (0.673) (0.754)
Wave -4,095%**  -4.716***  -4.453***  -4.070***  -3.743***  -3.530***
4 (0.634) (0.872) (0.734) (0.637) (0.685) (0.778)
Cons. 80.580*** 58.968 69.597 83.509 91.011 92.846
EM (0.736)
Wave 0.167 2.151 1.176 -0.101 -0.790 -0.959
2 (1.128) (1.520) (1.078) (1.149) (1.289) (1.407)
Wave -4.408*** -4.924* -4.670**  -4.339***  -4.160***  -4.116***
3 (1.231) (1.947) (1.636) (1.204) (1.154) (1.165)
Wave -3.962** -4.859* -4.418* -3.841** -3.529** -3.453**
4 (1.275) (2.093) (1.717) (1.170) (1.110) (1.110)
uo Cons. 67.499%** 52.785 58.574 68.139 76.461 80.398
(0.541)
Wave 6.276***  10.360***  8.754***  £,098***  3.788***  2.695***
2 (0.782) (1.119) (0.955) (0.757) (0.736) (0.811)
Wave 6.706***  10.553***  9.040***  6.539***  4363*** = 3.333***
3 (0.828) (1.192) (1.031) (0.853) (0.833) (0.879)
Wave 5.651***  9.316***  7.874***  5491*** = 3.418*** 2.438**
4 (0.804) (1.199) (1.015) (0.790) (0.735) (0.802)
PSM Cons. 61.537*** 52.258 56.055 61.511 67.065 70.696
(0.356)
Wave 1.429** 1.973** 1.750** 1.431** 1.105 0.892
2 (0.551) (0.688) (0.596) (0.551) (0.619) (0.712)
Wave -1.002 -0.647 -0.792 -1.001 -1.214 -1.353
3 (0.583) (0.716) (0.625) (0.582) (0.654) (0.744)
Wave -0.696 -0.478 -0.567 -0.695 -0.825 -0.910
4 (0.583) (0.820) (0.697) (0.594) (0.608) (0.680)

Note: Table M1 presents the regression results for the equations specified in equations (1) and (2) (as in
Table 1) using an alternative sum score for each motivation based on factor loadings on individual survey
items. The factor loadings are estimated from a longitudinal confirmatory factor analysis which applies
configural invariance to all four motivational components simultaneously (see column (1), Table C1).
Survey items are then weighted according to their factor loading and then summed and standardised across
motivational components. Standard errors clustered by GP in parentheses. For quantile regressions the



clustering is estimated using bootstrapping (1000 replications). The regressions are based on a balanced
sample of 448 GPs who responded to all four survey waves (1,792 observations).
*p<0.05 **p<0.01 ***p<0.001

Table M2: Regression results for subgroup analyses of changes in motivation over time

1) ) 3) 4)
Independent Variable IM EM uo PSM
Wave 2 -4.785* -3.948 7.216** -1.201
(2.131) (4.633) (2.774) (1.830)
Wave 3 -10.292*** -6.642 3.713 -2.052
(2.580) (5.205) (2.841) (1.891)
Wave 4 -7.749** 1.686 4.603 -1.044
(2.469) (4.757) (2.946) (2.122)
Agecat (47-56) -1.880 -1.964 -5.340** -0.700
(1.561) (2.721) (2.033) (1.373)
Agecat (57+) -2.918 -6.314 -8.217** -2.531
(2.157) (4.336) (2.929) (2.022)
Wave 2*Agecat (47-56) 1.414 0.707 2.190 1.050
(1.372) (2.520) (1.789) (1.291)
Wave 3*Agecat (47-56) 3.201 -2.320 -0.256 2.161
(1.634) (3.001) (2.071) (1.560)
Wave 4*Agecat (47-56) 3.385* -0.054 2.793 0.731
(1.621) (3.835) (2.065) (1.520)
Wave 2*Agecat (57+) -0.267 1.337 1.939 0.222
(1.544) (3.404) (2.085) (1.465)
Wave 3*Agecat (57+) 4.248* 0.325 0.503 4.050*
(1.768) (3.768) (2.188) (1.687)
Wave 4*Agecat (57+) 4.747** 1.272 3.113 1.551
(1.815) (4.152) (2.191) (1.733)
Wave 2*Male 2.599* 3.550 -4.170** 0.319
(1.170) (2.221) (1.554) (1.109)
Wave 3*Male 3.094* 1.601 -1.052 -1.395
(1.227) (2.486) (1.674) (1.204)
Wave 4*Male 1.596 2.077 -2.841 -1.256
(1.290) (2.565) (1.589) (1.194)
Intern -0.564 2.270 -0.333 0.071
(2.183) (3.780) (2.451) (1.776)
Wave 2*Intern 2.695 0.236 -0.533 1.042
(2.009) (3.809) (2.395) (1.661)
Wave 3*Intern 3.763 2.413 3.175 0.198
(2.233) (4.613) (2.355) (1.748)

Wave 4*Intern 0.015 -7.824 1.050 -0.379



(1.960) (4.035) (2.340) (1.843)

Solo 1.000 4.403 -5.806 -0.713
(2.673) (3.232) (2.963) (2.509)
Wave 2*Solo -3.920 -4.716 0.143 -0.930
(2.028) (3.302) (2.282) (1.553)
Wave 3*Solo -1.718 -4.259 0.379 -0.352
(1.819) (3.643) (2.228) (1.820)
Wave 4*Solo -1.258 -5.649 -1.234 -0.596
(1.842) (3.433) (1.988) (1.797)
Degurba (intermediate) -2.888 -1.202 -11.297*** -0.999
(2.302) (4.465) (2.618) (2.100)
Wave 2*Degurba (inter.) 0.107 6.523* -0.318 0.650
(1.625) (2.789) (2.068) (1.493)
Wave 3*Degurba (inter.) 0.300 3.527 2.799 -0.475
(1.644) (3.259) (2.254) (1.619)
Wave 4*Degurba (inter.) 1.470 2.369 1.112 2.008
(1.687) (3.422) (2.071) (1.601)
Wave 2*Degurba (sparse) -0.269 1.742 0.723 3.407*
(1.502) (2.720) (2.026) (1.404)
Wave 3*Degurba (sparse) -0.199 0.442 1.344 0.312
(1.600) (3.148) (2.129) (1.576)
Wave 4*Degurba (sparse) 0.423 1.581 -0.195 1.419
(1.661) (3.396) (2.031) (1.524)
Wave 2*Lack of GPs -4.566* -1.111 2.137 -2.782
(2.066) (3.522) (3.572) (2.134)
Wave 3*Lack of GPs 2.354 6.175 2.530 -3.441
(2.596) (4.424) (3.660) (2.114)
Wave 4* Lack of GPs -1.922 2.606 6.516* -4.440
(2.603) (4.682) (3.048) (2.409)
Constant 80.358*** 80.231*** 76.361*** 62.731***
(1.934) (3.025) (2.255) (1.508)

Note: Table M2 presents the regression result for the equation specified in equation (3) (as in Table 2).
Outcome variables are weighted motivation sum scores as described in the Table M1 note. All independent
variables remain unchanged from the main analysis (see description of equation (3) in section 4.3).
Standard errors clustered by GP in parentheses. The regressions are based on a balanced sample of 448
GPs who responded to all four survey waves (1,792 observations).

*** n<0.001, ** p<0.01, * p<0.05



Appendix N: Regression results after coding do not know/do not want to answer responses

as missing

Table N1: Regression results for changes in motivation over time

Dependent Mean Quantile
variable
Q) (2)-10"  (3)-25"  (4)-50"  (5)- 75" (6) — 90t
Cons. 76.795%** 67.315 71.152 77.260 82.212 85.198
IM (0.375)
Wave -1.980%**  -2,630***  -2.365***  -1.942*** -1.600* -1.393
2 (0.594) (0.769) (0.653) (0.588) (0.667) (0.764)
Wave -3.038***  -3.088***  -3.068*** -3.035*** -3.008***  -2.992***
3 (0.625) (0.807) (0.696) (0.628) (0.695) (0.783)
Wave -3.810***  -4.718***  -4.348***  -3,758***  -3.281***  -2.003***
4 (0.640) (0.894) (0.770) (0.667) (0.696) (0.771)
Cons. 49.209*** 33.816 39.963 49.246 58.309 63.564
EM (0.596)
Wave 0.922 1.982 1.553 0.905 0.272 -0.095
2 (0.931) (1.196) (1.032) (0.926) (1.010) (1.136)
Wave -3.879*** -3.235* -3.495**  -3.889***  -4273***  -4.496%**
3 (0.956) (1.264) (1.097) (0.958) (1.003) (1.109)
Wave -2.122* -1.935 -2.011 -2.125* -2.236* -2.300*
4 (0.985) (1.295) (1.121) (0.989) (1.051) (1.168)
uo Cons. 65.577*** 50.886 56.619 66.316 75.196 79.676
(0.557)
Wave 5.872*%**  9.819***  8278***  5671***  3.284%** 2.079*
2 (0.812) (1.164) (1.002) (0.815) (0.776) (0.858)
Wave 6.738***  10.739*** Q. 177***  £.534***  4114*** 2.893**
3 (0.842) (1.199) (1.028) (0.888) (0.877) (0.931)
Wave 5.539***  9,098***  7.708***  5357***  3.204*** 2.118*
4 (0.834) (1.220) (1.053) (0.816) (0.764) (0.851)
PSM Cons. 57.290*** 49.534 52.249 57.069 61.942 64.559
(0.360)
Wave 1.234* 1.712* 1.540* 1.235* 0.926 0.761
2 (0.550) (0.693) (0.601) (0.535) (0.600) (0.684)
Wave -1.063 -0.506 -0.706 -1.062 -1.421* -1.615*
3 (0.590) (0.758) (0.666) (0.588) (0.623) (0.688)
Wave -0.458 -0.306 -0.361 -0.458 -0.556 -0.609
4 (0.584) (0.777) (0.675) (0.567) (0.579) (0.636)

Note: Table N1 presents the regression results for the equations specified in equations (1) and (2) (as in
Table 1) after coding “do not know/do not want to answer” responses as missing rather than replacing them
with the sample mean. Standard errors clustered by GP in parentheses. For quantile regressions the
clustering is estimated using bootstrapping (1000 replications). Sample sizes vary by motivation; intrinsic
motivation (1,748 observations from 447 GPs), extrinsic motivation (1,737 observations from 448 GPs),



user orientation (1,784 observations from 448 GPs), and public service motivation (1,541 observations from
443 GPs).
*p<0.05 **p<0.01 ***p<0.001

Table N2: Regression results for subgroup analyses of changes in motivation over time

1) ) @) (4)
Independent Variable IM EM uo PSM
Wave 2 -5.509* 1.046 7.878** -0.115
(2.183) (3.688) (2.891) (1.951)
Wave 3 -9.148*** 0.176 4.836 -2.888
(2.528) (3.603) (2.863) (1.948)
Wave 4 -7.239** 5.049 5.755 1.101
(2.490) (3.150) (3.012) (2.132)
Agecat (47-56) -2.175 0.825 -5.315* -1.265
(1.591) (2.388) (2.056) (1.390)
Agecat (57+) -2.756 0.056 -8.272** -2.487
(2.171) (3.950) (2.948) (2.275)
Wave 2*Agecat (47-56) 1.919 -2.086 1.921 2.438
(1.396) (2.168) (1.862) (1.296)
Wave 3*Agecat (47-56) 3.415* -3.421 -0.387 2472
(1.644) (2.306) (2.113) (1.542)
Wave 4*Agecat (47-56) 3.468* -0.118 2.682 1.075
(1.634) (2.565) (2.163) (2.497)
Wave 2*Agecat (57+) -0.060 -0.250 1.732 1.365
(1.570) (2.576) (2.176) (1.440)
Wave 3*Agecat (57+) 3.863* -2.202 -0.098 4.422*
(2.797) (2.879) (2.267) (1.727)
Wave 4*Agecat (57+) 4.152* -3.096 2.833 0.791
(1.817) (2.878) (2.289) (1.641)
Wave 2*Male 2.910* 1.511 -4.376** -0.442
(1.183) (1.883) (1.617) (1.119)
Wave 3*Male 2.810* 1.309 -1.339 -0.776
(1.233) (1.923) (1.699) (1.233)
Wave 4*Male 1.547 1.188 -3.257* -0.939
(1.295) (2.005) (1.648) (1.222)
Intern -0.733 -4.903 0.397 2.680
(2.213) (2.798) (2.555) (1.784)
Wave 2*Intern 3.316 -0.197 -1.681 -1.139
(2.043) (3.170) (2.530) (1.668)
Wave 3*Intern 3.526 -0.580 2.463 -0.993
(2.229) (3.222) (2.408) (1.708)

Wave 4*Intern -0.008 -5.417* 0.066 -3.696*



(2.015) (2.724) (2.464) (1.805)

Solo 1.178 1.868 -6.439* 0.189
(2.683) (3.272) (3.103) (2.170)
Wave 2*Solo -3.823 -4.493 0.524 -0.957
(2.077) (2.513) (2.351) (1.563)
Wave 3*Solo -1.989 -3.147 0.804 0.746
(1.845) (2.946) (2.274) (1.825)
Wave 4*Solo -1.403 -5.119 -0.760 -0.027
(1.917) (2.756) (2.131) (1.837)
Degurba (intermediate) -4.579 11.945%** -12.364*** -
(2.385) (3.249) (2.739)
Wave 2*Degurba (inter.) -0.198 1.760 -0.302 0.819
(1.642) (2.553) (2.126) (1.372)
Wave 3*Degurba (inter.) 0.014 -2.570 2571 0.818
(1.640) (2.687) (2.268) (1.558)
Wave 4*Degurba (inter.) 1.493 -2.092 0.679 2.704
(1.696) (2.681) (2.129) (1.599)
Wave 2*Degurba (sparse) -0.745 2.342 1.003 3.316*
(1.527) (2.268) (2.111) (1.347)
Wave 3*Degurba (sparse) -0.992 -0.954 1.063 1.816
(1.623) (2.321) (2.139) (1.511)
Wave 4*Degurba (sparse) 0.437 -1.416 -0.321 2.566
(1.665) (2.483) (2.113) (1.540)
Wave 2*Lack of GPs -4.110 -4.340 2.112 -1.786
(2.184) (4.074) (3.638) (2.250)
Wave 3*Lack of GPs 2.403 -1.394 2.446 -2.871
(2.503) (4.143) (3.661) (1.910)
Wave 4* Lack of GPs -2.126 1.076 6.790* -2.986
(2.695) (4.405) (3.071) (2.109)
Constant 80.088*** 48.885*** 74.252%** 55.988***
(1.929) (2.656) (2.276) (1.819)

Note: Table N2 presents the regression result for the equation specified in equation (3) (as in Table 2) after
coding all “do not know/do not want to answer” responses as missing values. All independent variables
remain unchanged from the main analysis (see description of equation (3) in section 4.3). Standard errors
clustered by GP in parentheses. Sample sizes vary by motivation; intrinsic motivation (1,748 observations
from 447 GPs), extrinsic motivation (1,737 observations from 448 GPs), user orientation (1,784
observations from 448 GPs), and public service motivation (1,541 observations from 443 GPs).

*** n<0.001, ** p<0.01, * p<0.05



Appendix O: Sankey diagrams

Intrinsic motivation Extrinsic motivation

¥R

Public service motivation

Note: Sankey diagrams show the flow of individual GPs between different quantile groups of the motivation distribution over time. At each wave,
GPs are classified into one of six groups based on their relative placement in the overall distribution: Group 1 (below 10th percentile), group 2 (10th
— less than 25th percentile), group 3 (25" — less than 50th percentile), group 4 (50" — less than 75th percentile), group 5 (75" — less than 90th
percentile), and group 6 (90th percentile and above). Each GP is a member of one (and only one) group at each wave. The Sankey diagram then
models the flow of GPs between groups over time. For example, for intrinsic motivation, there are 25 GPs who move from group 5 in 2019 to group
4 in 2020. Transitions associated with three or fewer GPs are removed to comply with data protection regulations.
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