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Focusing Provider Attention: 
An Empirical Examination of Incentives and Feedback in Flu 

Vaccinations 

 

Abstract  

The United States Center for Disease Control and Prevention classified the 2017-18 influenza (flu) season 

as the worst in recent history. Public health literature has estimated the average annual society costs for 

the flu in the US are $10.4 billion for direct medical costs and $16.3 billion in lost earnings. Despite these 

costs, the adult flu vaccination rate has remained between 37% and 44% each season between 2010 and 

2018. Most research has concentrated on increasing the demand of patients seeking a vaccine with limited 

effect. An operations management approach would highlight the need to also consider the supply-side of 

the equation: driving compliance by focusing attention on the provision of the vaccine. Through the 

implementation of two interventions among individual health care clinics, we find this supply-side 

approach leads to an increase in the number of flu shots given. In 2017, the initial intervention in Florida 

was related to a 25% increase in flu shots. In 2018, a randomized, multi-state intervention led to a 12% 

increase in flu shots for the group provided performance feedback. Additionally, we compare the effects 

of introducing financial incentives and providing performance feedback. In the randomized, multi-state 

experiment, we find clinics who were provided performance feedback outperform the incentivized clinics 

in addition to outperforming the control group. Moreover, we also explore how performance feedback 

changes behavior, finding that clinics receiving performance feedback exhibit rank response behaviors, 

most notably Last Place Aversion. We discuss the implications of our work for healthcare operations, 

healthcare providers and healthcare administrators. 

 

Key Words: Healthcare, Attention, Incentives, Feedback, Empirical Operations 
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1 Introduction 

 

The United States Center for Disease Control and Prevention (CDC) classified the 2017-18 influenza (or 

flu) season as the worst in recent history (Garten et al. 2018, Figure 1). For 16 consecutive weeks, overall 

deaths attributed to influenza and pneumonia were at or above the epidemic threshold. Not only does 

influenza present significant health risks to large portions of the population, but it also leads to large 

economic costs through increased health care spending and missed days of work. Estimates for average 

annual society costs in the US are $10.4 billion for direct medical costs and $16.3 billion in lost earnings 

(Molinari et al. 2007). Although there is currently no method to completely eradicate the flu virus, experts 

continue to find that: “Receiving a seasonal influenza vaccine each year remains the best way to protect 

against seasonal influenza and its potentially severe consequences.” (Xu et al. 2019) In fact, the CDC 

recommends everyone over the age of 6 months be vaccinated every season.  

Despite these recommendations, between 2010 and 2018, the adult flu vaccination rate remained 

between 37% and 44% each season (CDC 2019). Given this relatively low vaccination rate (compared to 

full compliance of 100%), it is not surprising that researchers in public health have focused a great deal 

on increasing vaccinations (Brewer et al. 2017). Most research in this area has concentrated on increasing 

the likelihood of patients seeking a vaccine – a “demand side” approach. The most successful of these 

interventions have engaged patients directly for example, by getting them to commit to a time (Milkman 

et al. 2011) or scheduling an appointment on their behalf (Chapman et al. 2016). A recent survey of the 

literature, however, finds that most interventions that have sought to alter patients’ thoughts and feelings 

regarding vaccinations have met with little apparent success (Brewer et al. 2017). Moreover, the same 

review notes the need for more field studies to design interventions that will work.  

Thus, a quandary exists – the call to action for compliance is important due to the high potential 

health and economic costs from flu, however, existing approaches to address the gap have had limited 

success. Although a demand-focus is potentially a viable strategy, an operations management approach 

would additionally highlight the need to consider the supply-side of the equation: driving compliance by 

focusing attention on its provision. The question of compliance to standards is one that has been explored 

by the operations field from its earliest years (Taylor 1911) through today (Senot et al. 2016, Andritsos 

and Tang 2014, Corbett et al. 2005, Staats et al. 2017). Not only does the supply-side approach include 

ensuring that sufficient vaccine is produced and flows smoothly through the supply chain (Deo and 

Corbett 2009, Cho 2010, Arifoğlu et al. 2012), but also it highlights the key role that providers play in 

delivering a service. Healthcare operations frequently focuses on how providers shape a service system 

(e.g., Tucker 2007, Freeman et al. 2017) and recent work has explored interventions to alter provider 
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behavior in positive ways (Tsai et al. 2015, Dai et al. 2017, Song and Tucker 2016, Song et al. 2018). In 

this paper we blend work on operational compliance and healthcare operations to investigate how to 

improve flu vaccination rates across the population by altering provider behavior.  

Recent work examining the operational implications of individuals in service systems has 

highlighted the important role of individual discretion (e.g., van Donselaar et al. 2010, Campbell and Frei 

2011, Kim et al. 2015, Phillips et al. 2015). Although sometimes discretion can lead to problematic 

outcomes (Ibanez et al. 2017, Ibanez and Toffel 2019) often it can improve outcomes (Freeman et al. 

2017, Song et al. 2018). A key element comes in how the system is designed so that attention is focused 

on the critical elements of performance so that discretion is used productively. For example, Song et al. 

(2018) show that a small attention cue, like public performance feedback, can encourage low-performing 

physicians to seek out best practices and then improve their own processes. In this paper we consider how 

two attention cues: 1) incentives; and 2) feedback; may focus providers’ attention on flu vaccination and 

lead to an increase in their delivery of the flu vaccine to patients, as compared to the prior year.  

In total, our data includes over three million shot observations collected over four years from 

more than 1,400 clinics across 16 US states. We study the implementation of two flu vaccine incentive 

and performance feedback programs for individual health care clinics across multiple states in the US. We 

refer to these two interventions as Study 1 and Study 2. Study 1 occurred during Fall 2017 where 101 

Florida clinics were recruited to participate; these clinics were provided both financial incentives for flu-

shot growth and performance rankings relative to other intervention clinics. Building on the findings in 

this study, a field experiment was designed and Study 2 launched during Fall 2018, where 145 clinics 

from 9 different states were randomly sorted into three discrete groups: a control group which received no 

further intervention, a group which only received performance rankings based on flu shot growth, and a 

group which only received financial incentives based on flu shot growth. We find the introduction of 

attention cues led to an increase in flu shots for the treated clinics in both programs. In the latter study, we 

find that the clinics who receive performance feedback outperform the control group as well as the group 

which receives financial compensation based on growth. Surprisingly, the incentive group demonstrates 

the weakest Year-over-Year flu shot growth in Study 2.  

Beyond exploring the increase in shots administered, our detailed data permits us to explore how 

the clinics respond to the program – in other words, not only whether the program leads to an overall 

increase in the desired behavior, but whether sub-groups benefit more (or less) by altering their behavior 

over time. The results from the first program indicated the possible presence of rank-response behaviors – 

in other words, that clinics appeared to change performance more in order to retain a high ranking or 

avoid a low ranking. Recent experimental work in the lab finds that individuals may exert extra effort to 

retain a high rank or avoid a particularly low rank (Kuziemko et al. 2014, Gill et al. 2019). Song et al. 
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(2018) find that when clinicians in a hospital receive public, relative performance feedback, the greatest 

performance improvement manifests among the poorest overall performers. We find that clinics near the 

ranking floor increase their vaccination effort seemingly to move away from last place. Even though these 

rankings are not incented, by themselves, they still meaningfully alter provider behavior, particularly 

amongst the clinics with the poorest performance. We demonstrate that, on average, clinics show 

improvement from the introduction of performance feedback, those ranked near the bottom show the 

greatest difference when compared with similar control clinics.  

Our paper makes three primary contributions to the academic literature. First, we demonstrate 

that a novel, supply-side approach to vaccine management is operationally effective and yields an 

increase in provider flu vaccinations. This not only is an important practical result for healthcare, but it 

also adds to the burgeoning field of people-centric operations and the work on encouraging workers to use 

their discretion to improve operational performance. Additionally, these inventions occurred at the clinic 

rather than at the provider level; previous literature (e.g. Lazear 2000, Song et al. 2018) has primarily 

explored the impact of incentives and feedback at the individual level. As such, our work also 

demonstrates the effectiveness of intervening at the firm level, where treatment then diffuses down to 

lower, individual levels. Second, we demonstrate a real-world empirical context where performance 

feedback dominates the effect of financial incentives. Finally, in the context of a real-world setting, we 

test for and demonstrate the presence of rank-response behaviors, specifically Last-Place Aversion. We 

believe that we are the first to show that this is a dynamic effect, whereby effort is exerted to move out of 

last place each week. Overall, we find that private, relative performance feedback, can be an effective 

driver for operational change. 

 

2 Hypothesis Development 

 

The matching of supply to demand is a key tenet of operations management. We consider both aspects of 

supply and demand in our setting of flu vaccinations. Public health literature offers suggestions on how to 

increase demand for flu vaccinations and Brewer et al. (2017) identify three approaches for doing so: 

influencing patient thoughts and feelings surrounding vaccinations, leveraging a patient’s social context, 

or changing behavior directly (e.g., using incentives or sanctions). Due largely to the lack of interventions 

robustly demonstrating an actual behavioral change, Brewer et al. (2017) identify the final approach as 

the most likely to affect actual vaccination behavior rather than simply altering beliefs or intentions. 

Successful studies include introducing prompts compelling employees to specify a date and time to 

receive their annual vaccination at an upcoming on-site clinic (Milkman et al. 2011) and leveraging 
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defaults by introducing opt-out appointment conditions (Chapman et al. 2010, 2016). Combining these 

tactics with the increasing prevalence of employer sponsored on-site flu clinics shows promise for 

maintaining high demand for flu vaccinations. 

Shifting our attention to the supply-side of the problem, we find that the largest opportunity for 

improvement, in the giving of shots, is around the “last mile” problem: the administration of the dose. 

This is largely because many of the other supply issues have already been addressed. For example, 

perhaps the most memorable shortage of flu vaccinations occurred in the 2004-05 season, when a United 

Kingdom manufacturer was shut down because of safety compliance issues, resulting in approximately 

half the required supply being unavailable. Since that shortage, each season the CDC has stockpiled its 

own supply of flu vaccinations to serve as a safety stock for unexpected occurrences. Additionally, 

manufacturers now provide the vaccines via rolling production and ship early to provide a near 

continuous supply to providers. Finally, any motivation to under-order is mitigated with buy-back 

contracts from the vaccine manufacturers (in line with Pasternack 1985). Although there is an important 

operations literature discussing improving flu vaccine supply chains (Deo and Corbett 2009, Cho 2010, 

Arifoğlu et al. 2012), the Food and Drug Administration (FDA) has not noted a significant flu vaccine 

shortage in the last 5 years (FDA 2019).  

Despite the efforts to increase demand and guarantee supply, the flu vaccination rate in the US 

has remained stagnant in recent years. Adult vaccination rates for flu seasons 2010-11 through 2017-18 

were 40.5%, 38.8%, 41.5%, 42.2%, 43.6%, 41.7%, 43.3%, and 37.1%, respectively (CDC 2018). This 

trend is also unlikely due to patient rejection of provider recommendations. For example, the Affordable 

Care Act mandated flu vaccinations be covered at zero patient cost for all insurance plans, removing any 

financial burden. Separately, as Brewer et al. (2017) illustrate, the general rate of vaccine rejection by 

patients remains stable between 1% and 2% each year, and Patel et al. (2017) find that more than 99% of 

patients accept the flu vaccine when providers recommend it. Thus, it is unlikely patients are refusing the 

vaccination when it is offered. The sensible implication is providers simply do not offer as many flu 

vaccines as they should.  

This implication begs the question: “Why are providers not offering more flu vaccinations?” One 

possible explanation is providers experience severe demands on their time and attention. Prior literature 

labels physicians who provide traditional patient care as unfocused, given not only their lack of 

specialization, but also the diverse demands on their time (Huckman and Zinner 2008). The truth is these 

physicians have numerous, competing, demands on their attention. In the 2018 Physician’s Foundation 

survey of more 9,000 physicians, 80% reported over or at-capacity utilization, and 78% reported regularly 

experiencing feelings of burnout (The Physician’s Foundation 2018).  
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This raises the immediate question: how might one focus provider attention on desired behaviors  

– for example, flu vaccination? A key element of an operating system is to prioritize tasks of operational 

decision makers through the design of an operational structure which channels attention toward desired 

tasks and away from peripheral activities (Simon 1947, Hayes & Clark 1988). For example, in an 

observational (i.e., non-experimental) study, Patel et al. (2017) show that using a “nudge” to cue provider 

attention by requiring a provider to make a decision (active choice) instead of relying on passive 

workflow is related to an increase in vaccinations. Thus, the operational structure of the organization 

serves to focus the attention of its key decision makers, and this structure can be leveraged through the 

use of key organizational controls, such as incentives and performance feedback.  

The effect financial incentives have on task performance has been well studied in academic 

literature. Even Taylor (1911) understood the role of incentives in eliciting effort: “…in order to have any 

hope of obtaining the initiative of his workmen the manager must give some special incentive.” (p. 14) In 

behavioral economics, the law of behavior states simply, “… [financial] incentives will lead to more 

effort and higher performance.” (Gneezy et al. 2011) This law illustrates a well-known fact: piece-rate 

incentive schemes are associated with individuals working harder through the adjustment of an agent’s 

perceived utility from an action (Prendergast 1999, Lazear 2000, Shearer 2004). In our specific case, 

financial incentives seek to align individual healthcare provider behavior with the goals of the clinic. 

In addition to altering a provider’s utility gains from administering more shots, we propose the 

provision of performance feedback will also result in focusing providers’ attention on flu shots. Prior 

work highlights that the social context of competition, or the “reference structure,” affects participant 

output (Roels and Su 2014). When examining healthcare providers, Song et al. (2018) show physician 

productivity increases after publicizing their relative performance (with individual identifiers) presumably 

because providers allocate attention to the behavior being ranked and with this focus of attention, they 

alter their actions. Similar, positive effects have also been noted even when relative performance feedback 

is private (Meeker et al. 2016). Still other literature highlights that introducing performance rankings 

leads to an increase in effort even when incentives are not tied directly to rankings (e.g., Kuhnen and 

Tymula 2012, Charness et al. 2014). Because participants care about others’ perception of their 

performance, we expect performance feedback will also serve to focus attention. 

Thus, we propose the application of financial remuneration and performance feedback in the 

context of a well-defined vaccination season will influence and focus providers’ attention, resulting in 

improved performance. Additionally, it is important to note in our context the intervention happens at the 

clinic level and not at the provider level. The aforementioned literature focuses on the individual response 

within the context of the firm (Patel et al. 2017, Lazear 2000, Shearer 2004, Roels and Su 2014, etc.), 

whereas little is known about the impact of an such treatments at the firm level. This is another 
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contribution of our work, as we explore an empirical setting with some separation between the 

intervention and the healthcare provider. One would expect such separation to weaken the overall effect; 

thus any detected effect is a unique contribution. 

In our first hypothesis we test incentives and feedback together, relative to a control group, and in 

the complimentary hypotheses, 1b and 1c, we test each separately relative to a control group. 

 

Hypothesis 1a 

 

Intervention clinics who simultaneously receive financial incentives for reaching 

growth thresholds and performance feedback relative to peer clinics will show 

greater Year-over-Year growth in flu shots administered than other clinics in the 

same state outside the intervention.  

Hypothesis 1b 

 

Treated clinics who receive financial incentives for reaching growth thresholds 

will show greater Year-over-Year growth in flu shots administered than the 

respective control clinics. 

Hypothesis 1c 

 

Treated clinics who receive performance feedback relative to other clinics in the 

same treatment group will show greater Year-over-Year growth in flu shots 

administered than the respective control clinics. 

 

A natural follow-up question to the hypotheses above is which treatment proves most effective in 

driving growth and performance: financial incentives or performance feedback? As noted above, there is 

extensive literature confirming the positive impact of financial incentives (Taylor 1911, Prendergast 1999, 

Lazear 2000, Shearer 2004, Gneezy et al. 2011). Nevertheless, there are also numerous examples of 

instances where these incentives can backfire, such as when the introduction of financial incentives 

“crowd-out” an individual’s intrinsic motivation to complete the task of interest (e.g., Fehr and Gächter 

2000, Gneezy et al. 2011; Staats et al. 2016). Moreover, additional financial incentives, in cases where 

individuals feel that their actions are not motivated for financial reasons, could lead to reactance where 

individuals respond negatively, or at least less positively, than they might otherwise (c.f., Frey 1993). 

Given that in our case, as clinics are already financially motivated to administer shots, we maintain such a 

scenario is less likely; our financial incentive is simply a bonus over and above the typical payment. 

Despite the existence of these counterexamples, the overwhelming conclusion from incentive research is 

that paying for performance induces increased effort (Prendergast 1999, Lazear 2000, Shearer 2004).  

On the other hand, the conclusions from the performance feedback literature are less consistent. 

As Dechenaux et al. (2015) note in their survey on performance feedback in contests: “The findings on 

feedback are mixed, with different studies often providing contrasting results.” The authors proceed to 
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demonstrate empirical studies with similar settings and conflicting implications. Furthermore, in a setting 

with a piece-rate incentive scheme similar to ours, Eriksson et al. (2009) find, “…feedback on relative 

performance, regardless of the performance-pay scheme used, does not improve performance.” Moreover, 

Song et al. (2018) find significant performance improvement when transitioning from private to public 

feedback, implying that private feedback alone (as in our setting) may not yield sufficient improvement. 

The question of which effect will dominate is eventually an empirical one. However, because of 

the consistent conclusions of improved performance in  the incentives literature, and the mixed results 

from the feedback literature, in our second hypothesis we propose that clinics in a financially incentivized 

treatment will outperform clinics who are provided with performance feedback relative to other clinics in 

their respective treatment arm. 

 

Hypothesis 2 Treated clinics who receive financial incentives for reaching growth thresholds 

will show greater Year-over-Year growth in flu shots administered than clinics 

who receive relative performance feedback. 

 

In addition to its impact on effort, within the ranking condition we expect distinct behavioral 

responses to differing ranks. Lower (better) and higher (worse) ranks may lead to different responses to 

performance feedback, but these specific effects are largely ignored in most literature. One notable 

exception is Gill et al. (2019), where the authors experimentally characterize a U-shaped rank response 

function. Their participants demonstrated “first-place loving” and “last-place loathing” behaviors: 

participants ranked near the top and the bottom exerted the most effort, while participants ranked in the 

middle scaled back their effort. Kuziemko et al. (2014) and Buell (2019) document a similar aversion to 

worse ranks, specifically focusing on last place.  

The literature studying social comparison provides an explanation as to why relative position 

matters for behavior. Festinger (1954) argues that individuals have an innate desire to evaluate their own 

capabilities, and the presence of comparative feedback enhances the ability to accurately evaluate one's 

own performance and progress: social comparison enables better self-evaluation. As a concrete example, 

one may consider the studies of Home Energy Reports which have demonstrated the efficacy of 

“descriptive norms” to reduce energy usage by comparing one’s own consumption to that of an efficient 

neighbor (Allcott 2011, Costa and Kahn 2013, Ayres et al. 2013, Allcott and Rogers 2014). Other key 

conclusions from this line of research are that higher relative position emerges in models of individual 

decision making (Cole, Mailath, and Postlewaite 1992) and that a rank-response is biologically “hard-

wired” (Raleigh et al. 1984). These results extend beyond social-esteem and manifest independently as 
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self-esteem, or the simple “joy of winning” (Coffey and Maloney 2010). And although Kuziemko et al. 

(2014) mention some of the broader societal concerns of last place, they also highlight the childhood fear 

of being “picked last in gym class” as perhaps one of the most common occurrences of last place 

aversion. In any case, the fact remains that relative-rank matters. 

To date, the effects of first and last place performance feedback, though significant, have 

primarily been evaluated in the laboratory. This prior work highlights the need to consider rank response 

in real contexts with less concrete definitions of first and last place. For example, Kuziemko et al. (2014) 

question whether their laboratory findings, though supplemented with survey data, will hold in complex 

business environments since, “…in the real world, the concept of last place is far less well defined than in 

the… environments described here” (p. 107). Exceptions include Barankay (2011, 2012) and Bandiera et 

al. (2013) who conduct field experiments but make no effort to study the response to a specific rank. 

Legge and Schmid (2015) examine professional ski racers in a natural experiment but cannot disentangle 

the effect of rank from associated prizes. Finally, Buell (2019) answers the call with just such a real-world 

study, where the author finds customers at the end of the queue at a local supermarket are more likely to 

abandon. Interestingly, through experimentation, this behavioral effect largely disappears when the 

individual is no longer at the very end of the line.  

Similar to Buell (2019), we consider a real-world setting in our research and further relax the 

definitions of first and last place, where an aversion to last place or a preference for first place may 

actually manifest when ranked within some range of the extremes. In so doing, our work is related to 

Song et al. (2018) who find that when productivity feedback is public (names are known) within an 

emergency department, individuals at the bottom improve more than others. A key difference in our work 

is that we examine the dynamic impact of rankings. In some cases, stars or laggards may stay constant. 

Song et al. (2018) study such a context and so fix their top and bottom performers as a function of the pre-

intervention performance. In our context, we are able to study clinics moving in and out of relative 

rankings and so explore the dynamic effect of relative ranking. Interestingly, we find that more than 20% 

of the clinics rotate through the bottom 5 ranks, and only 4 of the clinics spend a majority of the 

vaccination season there. Furthermore, although almost 40% of the clinics move through the top 5 ranks 

and only 5 clinics spend a majority of the vaccination season in the top 5, one clinic claims the top rank 

mid-way through the season and never relinquishes that rank. Thus, there is a regular eb and flow in the 

rankings which provides the opportunity to study the resulting effect on performance. The unique context 

of our research allows for an empirical examination of specific rank-responses to performance feedback 

in a real-world setting. In line with prior work, we propose rank-response behaviors will be evident both 

among high and poor performers. Given these insights, we formalize two complementary hypotheses: 
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Hypothesis 3 Clinics ranked near the top will increase their vaccination rate to maintain a 

position amongst high-performing clinics. 

Hypothesis 4 Clinics ranked near the bottom will increase their vaccination rate to move away 

from other poor-performing clinics. 

 

3 Influenza Vaccination & Company Setting 

3.1 Vaccination Fundamentals  

Vaccination is the process of introducing a weakened, foreign pathogen to the human immune system, 

provoking a biological response to this pathogen. If effective, the vaccine causes the body’s immune 

system to identify the pathogen as a threat, destroy it and generate future protection (or immunity). This 

process has two benefits, where the individual being vaccinated is less likely to contract the disease, but 

also a vaccinated individual is less likely to spread the disease to another. Health professionals recognize 

this added societal benefit of “herd immunity” when a significant percentage of the population is 

vaccinated against a particular disease. This immunity serves to protect even members of the community 

who are not eligible for vaccination. Brewer et al. (2017) note that the vaccination threshold for herd 

immunity is generally between 80% and 90% but varies by disease. 

Most influenza vaccinations, like other vaccinations, are delivered via injection to the upper arm. 

These injections contain dead influenza microorganisms. As there are numerous strains of flu, the flu 

vaccine can only protect against 3 or 4 strains each year. In February, the World Health Organization 

(WHO) convenes flu industry and laboratory experts to recommend which strains should be included for 

the upcoming vaccination season, which generally starts in the fall. In the US, the Food and Drug 

Administration (FDA) then decides which strains to include and vaccine manufacturers begin production. 

A limited number of flu vaccines are initially available to health care providers in August; rolling 

production continues throughout the fall. As occurrences of influenza like illness (ILI) peak around 

January or February in the US, it is important to begin vaccinating the population before this time. 

3.2 Company Setting 

We test our hypotheses with data provided to us by VaxCom (a pseudonym). VaxCom is a vaccine 

management company headquartered in Florida. They partner with independent health care clinics to 

manage all vaccination logistics for their customers. This includes ordering vaccines from the 

manufacturer, managing and tracking clinic inventory, and billing the appropriate payer. VaxCom keeps a 

percentage of the fee billed to the payer as an administrative fee, and the remainder is passed on to the 
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clinic. Although it is possible a clinic could manage its own process and claim the entire fee, the value 

proposal lies in the logistic management: most clinics do not rigorously monitor their inventory, which 

can lead to significant loss. Although this value is particularly attractive for clinics who may be limited by 

administrative capacity, all clinics stand to benefit from a reduction in vaccine administration hurdles. 

For the purposes of this paper, we define flu vaccination season as 1 August through 31 

December of a given year. Approximately 95% of VaxCom’s flu shots are given within this time window. 

3.3 Data Summary & Data Generation Process 

VaxCom has provided us with their complete shot record for all their clinics for calendar years 2015, 

2016, 2017, and 2018. This data contains information from 2,538 clinics scattered across 16 states and 

includes over three million observations of administered shots. These records include influenza 

vaccinations in addition to many others (such as vaccinations for shingles or pneumococcal). The 

vaccination trends over the years are similar: some vaccinations are given in early August, but 

vaccinations peak in October and then trend downward as the year concludes. 

This data is tracked through VaxCom’s technology device, the VaxHub (see Figure 4). When a 

provider removes a vaccine vial from the vaccine fridge, it is scanned into this device and assigned to the 

current patient. The provider then administers the vaccine and returns the unused portion of the vial to the 

fridge. The clinic names and exact locations were de-identified before being provided to us. The shot 

record has also been stripped of sensitive patient information. See Section 12 (Appendix, Table 9) for a 

list of information provided for each clinic and the associated vaccination. For reference, the most 

prevalent shots in this dataset are influenza and there are 53 different influenza vaccinations. 

4 Study 1: Description & Empirical Approach 

4.1 Study 1: Compliance Care 2017  

In August 2017, VaxCom introduced an intervention program aimed at increasing influenza vaccination 

compliance with the CDC recommendation that everyone over the age of 6 months receive a vaccine each 

year. VaxCom called this program “Compliance Care” (referred to hereafter as CC). This program paid a 

rebate of $1, $2, or $3 per shot on top of the above shot payment if a clinic achieved various target 

thresholds of growth over the previous year. These incentive tiers were structured at set percentage 

thresholds, targeting Year-over-Year total shot growth; we refer to these thresholds as Tier 1, Tier 2, and 

Tier 3. The Tier 2 threshold was typically 30% Year-over-Year growth. Because the program targeted 

improving Year-over-Year growth, bonuses were paid, if earned, at the end of the season. 
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Compliance Care 2017 was restricted to the state of Florida, and 101 Florida clinics were 

recruited to participate for the 2017 flu vaccination season while 140 Florida clinics remained outside of 

CC. Figure 5 illustrates a map with the pinned zip codes of all Florida clinics, and the green pinned clinics 

indicate clinics enrolled in Compliance Care. Clinics were selected for participation by VaxCom’s 

Compliance Care program director. These clinics were identified based on their history with VaxCom, 

and if they had proved a reliable partner to date.  Clinics were provided access to their progress toward 

the incentive tier through a web portal; the portal displayed the percent progress to the second-tier 

incentive. In addition, clinics were also provided with a performance ranking relative to other CC clinics. 

This ranking was based on the percent progress to the second-tier incentive. Thus, on the web portal, a 

health care provider could access their own progress and see where they stood relative to other CC clinics 

in Florida. CC clinics could view their ranking, relative to others, but could not view others’ names or 

performance. 

At this time, it is important for us to acknowledge the limitations of Study 1, particularly as it 

relates to clinic selection potentially driving the positive results. Nevertheless, Study 1 provides valuable 

insights both to the research team and VaxCom and clearly identifies the need to execute a randomized 

field experiment. The design of Study 2, and especially the clinic consideration criteria, were directly 

informed by our analysis of Study 1. A complete discussion of the limitations of Study 1 can be found in 

Section 5.3 and the steps taken in Study 2 to address these concerns can be found in Section 6.1. 

4.2 Study 1: Empirical Analysis Strategy 

Hypothesis 1a evaluates the initial impact of Compliance Care 2017 and whether the program was 

effective in increasing clinic vaccination rate for the clinics in the intervention. To begin we simply 

compared the number of Florida vaccinations from 2016 to 2017, by intervention participation. If the 

percent increase of vaccinations is greater for the intervention clinics between 2016 and 2017, then the 

program corresponded to an increase in vaccinations. We follow these descriptive results with a pooled 

Ordinary Least Squares (OLS) regression model focused on evaluating cumulative flu shots each week 

while clustering the standard errors at the clinic level. In this case, we examine only the clinics within the 

state of Florida as this controls for the differing demand for flu shots in various regions. 

4.3 Study 1: Control Variables 

In Study 1, we control for a week fixed effect to account for the weekly trend in demand progression of 

flu shots; see Figure 2 for the Non-CC weekly flu shot demand in Florida, which appears to peak in 

October and then taper off into December. Because Study 1 clinics were located exclusively in Florida, 

we do not control for any other effects.  
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4.4 Study 1: Independent Variables 

In Study 1, in order to address Hypothesis 1a, which focuses exclusively on 2017, we include an indicator 

for the intervention clinics to measure their difference from other Florida clinics outside the intervention. 

Note that because all CC clinics were provided with both the incentive thresholds and performance 

feedback, we cannot evaluate Hypothesis 2 in Study 1. To test Hypotheses 3 and 4, we propose setting 

binary indicators for clinics ranked among the best or worst performing clinics. As discussed above, with 

respect to Kuziemko et al. (2014), it is not entirely clear what we should consider “first” or “last” place. 

VaxCom generated the clinic rankings based on progress to the Tier 2 incentive threshold.1  

Based on this ranking criterion, we initially propose the most desirable ranks are the top 10 ranks, 

with “last place” defined as the bottom 10 ranks, or any position in the top or bottom 10%, rounded to the 

nearest integer. Thus, the clinics ranked in any of the top ten spots that week would be identified as top 

performers and assigned an indicator (Variable: HighRank set to 1). Similarly, clinics ranked in any of the 

bottom 10 places would be identified as poor performers and assigned an indicator (Variable: LowRank 

set to 1). As there is a time delay between a provider checking their ranking and improving their 

vaccination rate, we lag these variables by one week. These indicators were included in order to test for 

First-Place Loving (FPL) behavior and Last-Place Aversion (LPA), respectively. As such, we refer to 

these variables as the FPL/LPA variables. 

4.5 Study 1: Dependent Variables and Model Characterization 

4.5.1 Cumulative Weekly Shots 

The dependent variable to determine the overall treatment effect of Compliance Care 2017 is the 

cumulative count of flu shots given for each clinic over the course of the season. 

 

 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒𝐶𝑙𝑖𝑛𝑖𝑐𝑆ℎ𝑜𝑡𝑠𝑖𝑡  =  𝛼0  +  𝛼1 𝟙[ 𝐶𝐶𝑐𝑙𝑖𝑛𝑖𝑐 ]𝑖  + 𝑊𝑒𝑒𝑘𝑡 + 𝜖𝑖𝑡 (1) 

 

We evaluated this model for clinic i in week t using a pooled ordinary least squares (OLS) approach, and 

the errors were clustered at the clinic level. The CCclinic indicator is set to 1 for Compliance Care clinics 

and a 0 otherwise; this variable (and the resulting coefficient α1) is the explanatory variable of interest for 

this model. The Week fixed effect controls for any time trend in administering flu shots (see Figure 2 for 

2017 trend). The idiosyncratic shocks which we have not controlled for are captured in ϵ.  

 
1 For example, if a clinic cumulatively administered 80 shots by week 40 in 2017 and the Tier 2 threshold was set at 

100 shots, that clinic would have 80% progress and be ranked versus other clinics based on this progress. 
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4.5.2 Weekly Change in Percent of Clinic Total 

In order to test for the presence of rank response behaviors (FPL/LPA) in the CC clinics, we implement 

an alternate variable which is sensitive to weekly changes. Instead of testing the cumulative effect over 

the season, we want to know if a CC clinic moves to a high or low rank (defined in Section 4.4) and 

whether the resulting change in vaccinations is different versus any other week. Within Florida, there is 

significant heterogeneity in clinic size and capacity to administer shots. In order to allow a comparison of 

all clinics to one another, we normalize the change in weekly shots by each clinic’s total shots given in 

2017.  

 

 𝑃𝐶𝑇𝛥𝑖𝑡  =  𝛿0  +  𝛿1 𝟙[ 𝐻𝑖𝑔ℎ𝑅𝑎𝑛𝑘 ]𝑖,𝑡−1  +  𝛿2 𝟙[ 𝐿𝑜𝑤𝑅𝑎𝑛𝑘]𝑖,𝑡−1  + 𝑊𝑒𝑒𝑘𝑡  +  𝜖𝑖𝑡 (2) 

 

We evaluated this model using a pooled OLS approach, and the errors were clustered at the clinic level. 

The outcome variable of interest for clinic i in week t is the weekly rate (shots per week) change as a 

percentage of total clinic capacity (PCTΔ).2 The HighRank and LowRank indicators are set to 1 if the 

clinic achieves a ranking in the top 10 or in the bottom 10, respectively, and 0 otherwise. These indicators 

are lagged by one week to account for the delayed impact of feedback on vaccination behavior. The 

Week fixed effect controls for any time trend in administering flu shots (see Figure 2 for 2017 trend). The 

idiosyncratic shocks which we have not controlled for are captured in ϵ. 

4.6 Study 1: Exclusion Criteria 

In total, VaxCom partnered with 244 active clinics in Florida in 2017 and 101 clinics were recruited to 

participate in Compliance Care, with the remaining 143 clinics outside the program. Of these untreated 

clinics, 68 clinics were partners with VaxCom through vaccination seasons 2016 and 2017; we refer to 

these as the Non-CC Year-Over-Year (YOY) partners. We restrict the comparison of the CC clinics to 

these Non-CC YOY partner clinics, as the remaining clinics possess unknown performance baselines in 

2016. For the 101 treated clinics, 23 can be identified as CC YOY partners (full enrollment during the 

2016 and 2017 flu vaccination seasons). The remaining 78 CC clinics were not VaxCom partners for the 

full 2016 season; for these clinics, VaxCom worked with the clinic’s administrators and healthcare 

providers to establish a flu vaccination baseline in 2016 to allow for growth evaluation in 2017. We will 

present the results for both subsets of CC clinics. 

 
2 For example, if a clinic gave 20 shots just in week 50 and administered 200 shots in total over the 2018 vaccination 

season, the weekly change in percent of clinic total would be 20/200 or 10% for week 50. 
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5 Study 1: Results  

5.1  Study 1: Overall Percent Growth & Regression Testing 

In Study 1, approximately a third of the clinics reached some level of the incentive threshold. Table 1 

details the number of clinics who achieved each incentive threshold in Study 1 (all clinics from CC 2017). 

See Section 12 (Appendix, Table 11) for flu shot averages by state and by CC participation in 2017 and 

2018. 

--------------------------------- 

Insert Table 1 here 

--------------------------------- 

The flu vaccination totals for Florida clinics in 2016 and 2017 are illustrated in Table 2. There are 

68 clinics in Florida outside of Compliance Care for which we have full shot information for flu 

vaccination seasons 2016 and 2017. The last CC row presents the Year-Over-Year (YOY) partners for 

which we have complete flu vaccination information for 2016 and 2017. This list of 23 clinics is the most 

robust as well as the most conservative grouping of CC clinics. 

--------------------------------- 

Insert Table 2 here 

--------------------------------- 

Overall, Table 2 demonstrates that outside of Compliance Care, Florida administered fewer flu shots in 

2017. We propose this is due, at least in part, to Hurricane Irma making landfall in Florida on September 

10, 2017. We observe this disruption in the data as some clinics in affected areas experience dramatic 

drops in shots given which also correlates with reports of significant power outages. To understand the 

impact of CC we examine the net effect, the difference in percent growth between each CC subgroup and 

the rest of the state. In the most conservative estimate, the YOY Partner CC clinics were approximately 

flat, for a net effect of +8.94%.  

 In order to demonstrate further robustness, we evaluated a pooled OLS regression measuring the 

cumulative change in clinic doses over 2017 while controlling for weekly fixed effects. The end result 

versus the Non-CC clinics in Florida was the following: + 61.8 shots (or + 22.5%) when comparing all 

CC clinics to Non-CC YOY partners (p = 0.003); + 77.1 shots (or + 25.0%)  when comparing YOY CC 

partners to Non-CC YOY partners (p = 0.049). On average, this indicates CC clinics cumulatively 

administered about 20% more shots more than Non-CC clinics over 2017, and this result is statistically 

significant. All of these results imply Compliance Care 2017 had a positive net effect which was related 
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to an increase in the number of flu shots administered in Florida. This provides support for Hypothesis 1a, 

without accounting for selection bias. 

5.2 Study 1: Rank Response 

Given the above definition for a high rank (top 10 ranks) and low rank (bottom 10 ranks), we find that 

moving into these positions is followed by an increase in vaccinations, measured as the weekly change in 

the percent of clinic total shots. When evaluating FPL behavior for all 101 CC clinics, a clinic which 

achieves a high rank experiences a +0.08% change in shots given (all results relative to clinic capacity) 

the following week, but the results are not statistically significant (p = 0.745). Similarly, when evaluating 

FPL for the 23 YOY partners, a clinic which achieves a high rank experiences a negative change in shots 

given the following week. When evaluating LPA for all 101 CC clinics, a clinic which achieves a low 

rank experiences a +1.20% change in shots given and the results are statistically significant with a p-value 

of 0.084. Similarly, when evaluating LPA for the 23 YOY partners, a clinic which achieves a low rank 

experiences a +2.18% change in shots given the following week, and the results are statistically 

significant with a p-value of 0.004. We test the sensitivity of our findings to these definitions of first and 

last place in Section 13, with similar results. 

According to the above definitions of first and last place in addition to the sensitivity testing of 

these definitions, these results appear to indicate the presence of Last-Place Aversion. Unfortunately, we 

cannot say there is sufficient evidence of First-Place Loving behavior, as the clinics do not exhibit FPL 

behavior as we have defined here. Thus, in Study 1, we find no evidence to support Hypothesis 3 and 

strong evidence to support Hypothesis 4. We proceed to test the robustness of these findings with the 

randomized treatment in Study 2. 

5.3 Study 1: Limitations 

The key limitation of Study 1 is that clinics were not assigned randomly to the treatment and control 

groups. The goal of CC’s program director, as explained to us, was to find clinics that would take part in 

the intervention. Given this screening criteria there is a meaningful risk that those clinics more likely to 

seek growth might then take part in the intervention. However, we note that the test of Hypotheses 3 and 

4 is not subject to this selection bias concern as we look only within CC treatment clinics.  

Other limitations arise as a factor of the implementation of the program and the information 

availability of participants. For example, several clinics were added as VaxCom partners late in the 2016 

vaccination season; thus, in order to establish a baseline for growth in 2017, this required the estimation 

of their vaccination history. As a result of this less reliable baseline, the Year-over-Year percent growth 

goals were not uniform across all CC clinics. Most clinics (43 of 101) were given a 30% goal for the Tier 
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2 threshold, however some clinics with limited flu vaccine history were given more modest Tier 2 goals 

(15% Year-over-Year growth) while other clinics were given “stretch” goals (more than 50% growth) to 

encourage these clinics to identify their true capacity to administer shots. Because of the heterogeneity 

among clinic performance baselines and incentive thresholds, robustly evaluating performance becomes 

difficult. Finally, the simultaneous implementation of both feedback and incentives confounds our ability 

to identify the distinct effect of each intervention element. Despite these limitations, Study 1 provides an 

initial exploration of the impact of financial incentives and rankings on vaccinations. The study also 

provides important inputs for the field experiment, including randomization, conducted in Study 2. 

 

6 Study 2: Description & Empirical Approach 

6.1 Study 2: Compliance Care 2018 

Informed by the outcomes of Study 1, Compliance Care 2018 (“Study 2”) was launched in August 2018. 

Study 2 included 145 clinics spread across 9 different states. Within each state, participant clinics were 

identified and then randomly selected into three approximately equally sized treatment arms: Rebate (49 

clinics), Ranking (47 clinics), and Control (49 clinics). To accomplish this task, we took the following 

steps.  

First, in order to determine the appropriate sample size in Study 2, we performed a power analysis 

on the difference of means between the CC and Non-CC clinics in Florida in Study 1. By setting 

acceptable rates for Type I and Type II errors [(α, β) respectively set at (0.05, 0.2)], our power analysis 

required a sample size of at least 42 control clinics and 44 clinics in each treatment arm. We calculated 

this value assuming a case where the control clinics exceed the performance of the treated clinics to be 

equivalent to “no effect of the treatment” using a one-tailed t-test. Given these results, we rounded these 

counts up to 50 clinics in each group (150 clinics total) to ensure we have sufficient power to detect an 

effect. 

Second, the researchers worked closely with VaxCom to implement the process of randomly 

choosing which clinics would be selected for Study 2. The baseline criteria for consideration to participate 

in CC 2018 were the following: the clinic designation was either Family Practice or Internal Medicine to 

provide standardization across clinic types; the clinic did not participate in CC 2017 to provide a clean 

estimate of the treatment effect; the clinic was enrolled for the full 2017 Flu Season to provide an accurate 

baseline; and the clinic administered at least 150 flu shots during the 2017 Flu Season to verify clinic 

ability to administer a minimum number of shots in 2018 and so participate meaningfully.  
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Third, with the consideration criteria determined VaxCom next selected 9 states to serve as strata 

within which clinics could randomly be assigned to treatment. A target number of clinics was selected for 

each state based on the state’s overall size. The leadership team then solicited the state-level salesforce for 

recommendations on which clinics would be representative participants in order to meet the consideration 

criteria. This helped filter out clinics that were unresponsive partners or behind on payments to VaxCom. 

This group of clinics was randomly sorted into treatment groups at the state-level. The state-level 

representatives then solicited each clinic’s participation in CC 2018 for each clinic’s designated treatment 

arm. Though participation required no additional cost on the part of the clinic, consent was still 

necessary. With clinic agreement, CC 2018 commenced in August 2018; please see Section 12 for a 

group comparison of pre- and post-Compliance Care 2018 (Appendix, Table 10). Other Appendix tables 

illustrate the breakdown of clinic participants by treatment group by state (Table 12, Table 13, Table 14). 

These tables include clinic participation after recruitment, at the beginning of the vaccination season, and 

at the end of the season. Before the beginning of the season, 5 clinics terminated their partnership with 

VaxCom. In total, 10 clinics terminated before the end of the 2018 vaccination season. Clinics have been 

removed from the analyses where indicated. 

After recruitment, no further intervention was taken with the Control clinics. The Rebate clinics 

received tiered incentive thresholds similar to those described in Study 1, with rebates of $1, $2, and $3 

per shot awarded for achieving the targets set at 10%, 15%, and 20% Year-over-Year growth across all 

clinics. The Ranking clinics were provided with weekly rankings based on their overall Year-over-Year 

percentage growth versus the other clinics in the Ranking treatment. Unlike in Study 1, the treated clinics 

were sent a weekly email which contained their relevant information: ranking for the Ranking clinics and 

percent growth and incentive thresholds (both the percent growth required and the associated shot count) 

for the Rebate clinics. Please see Figure 6 and Figure 7 for reporting templates for the Rebate and 

Ranking group, respectively. 

Given this approach, Study 2 addresses all the major concerns that were present with Study 1. 

First, strict selection criteria were implemented to establish a uniform assortment of clinics. This removed 

the requirement to estimate vaccination history and allowed for robust measures of clinic growth. Second, 

geographically dispersed clinics were randomly sorted into each treatment arm, mitigating the concern of 

selection bias due to either performance history or location. Third, random selection allowed for the 

creation of a distinct, comparable control group, instead of using screened-out clinics as a proxy for a 

control. Fourth, the treatments (financial incentives and performance feedback) were separated into 

distinct groups to allow independent evaluation against the control. Fifth, in the Rebate group, all of the 

clinics received identical incentive thresholds (10%/15%/20% Year-over-Year growth). Finally, the use 

of email notifications removed the requirement for clinic staff to exert additional effort to check their 
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vaccination progress via an online portal. Thus, Study 2 permits a more robust evaluation of each 

treatment to determine the effect of the interventions.  

6.2 Study 2: Empirical Analysis Strategy 

Hypothesis 1b and 1c address whether the Rebate and Ranking groups, respectively, outperformed the 

Control group in the randomized experiment. We initially explore the differences in the summary 

statistics, by condition and then we perform further longitudinal regression analysis to rigorously evaluate 

the results and control for additional elements. All errors were clustered at the clinic level. Given the 

results from this model, we can also evaluate Hypothesis 2 and test whether the Rebate treatment arm 

outperformed the Ranking arm.  

For our final hypotheses (H3 and H4), we evaluate the behavioral patterns within treated clinics. 

Following the structure of our panel data, we utilized a fixed-effect regression model, focusing on weekly 

changes in the dependent variables instead of cumulative changes. We are specifically interested in First-

Place Loving and Last-Place Aversion behaviors, and we construct independent variables to test for the 

presence of these behavioral patterns.  

We include the variables described below to test our hypotheses.  

6.3 Study 2: Control Variables 

When evaluating Hypothesis 1b, Hypothesis 1c, and Hypothesis 2, because the clinics and treatments are 

dispersed geographically across 9 states, we control for clinic fixed effects in a Fixed Effects panel 

regression model and through direct estimation in a Random Effects panel regression model. 

Additionally, we also control for State fixed effects in a Random Effects panel model, though these 

effects are dropped in a Fixed Effects model due to their time invariant nature relative to the clinic fixed 

effect. When evaluating Hypothesis 3 and Hypothesis 4, we control for a weekly fixed effect to account 

for the weekly trend in demand progression of flu shots; see Figure 3 for weekly flu shot demand over the 

season, which appears to peak in October and then taper off into December.  

6.4 Study 2: Independent Variables 

In Study 2, because of the implementation of a randomized experiment before the start of the 2018 

vaccination season, the independent variables of interest are straightforward: we measure the difference 

between the treatment and control groups in 2018. This can be measured by interacting a multi-leveled 

factor variable for treatment with an indicator for year. The resulting output will measure the difference 

between the groups by year and serve to evaluate Hypothesis 1b and Hypothesis 2.  

To test Hypotheses 3 and 4, we set binary indicators for clinics ranked among the best or worst 

performing clinics. As before, it is not entirely clear what we should consider “first” or “last” place. In 
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this case, we propose a threshold and test that standard with sensitivity analyses. Different from Study 1, 

VaxCom generated the clinic rankings based on percent growth in 2018 versus the same week in 2017.3 

Based on this ranking criterion and to align with the analysis of Study 1 with a reduced sample size, we 

initially define “first place” as the top 5 ranks, with “last place” defined as the bottom 5 positions. This 

definition aligns with the definitions of Study 1, which initially focused on the top and the bottom 10% of 

rankings, rounded to the nearest integer. As mentioned above, more than 20% of the clinics rotate through 

the bottom 5 ranks, and only 4 of the clinics spend a majority of the vaccination season there. For the high 

performers, almost 40% of the clinics move through the top 5 ranks and only 5 clinics spend a majority of 

the vaccination season in the top 5, though one clinic achieves this rank mid-season and retains that rank 

through the end of the season. The clinic ranked in the top 5 ranks each week would be identified as a top 

performer and assigned an indicator (Variable: HighRank set to 1). Similarly, clinics ranked in any of the 

last 5 places would be identified as poor performers and assigned an indicator (Variable: LowRank set to 

1). As the email arrives at the end of the week and improvement then would follow, if any, the next week, 

we lag these variables by one week. These indicators were included in order to test for First-Place Loving 

(FPL) behavior and Last-Place Aversion (LPA), respectively.  

6.5 Study 2: Dependent Variables and Model Characterization 

Our primary metric of interest for Study 2 is the difference in clinic vaccinations between the treatment 

and control groups from 2017 (before the introduction of CC 2018) to 2018. We want to know if clinics 

are increasing the number of vaccinations given each season in response to the feedback given through 

the Compliance Care program. This rate (shots per season) change can be observed at any time interval. 

To imitate the weekly update emails provided by VaxCom, we have aggregated the data and observed the 

rate change by week. This period is long enough to make sure that clinics can examine the feedback (as 

reported by VaxCom), but still short enough to capture intertemporal differences.  

6.5.1 Shots per Patient-Population (DV1) 

Despite the implementation of random selection, there are several factors to be mindful of when 

comparing clinics. One primary concern is that some clinics could be experiencing disproportionate 

changes in their patient population demographics. For example, a clinic in a remote area of Ohio with a 

slowing economy might experience greater patient attrition than a clinic in Florida with a more stable 

patient population. A second concern is clinic capacity, as the CC clinics vary significantly in size and 

 
3 For example, if a clinic cumulatively administered 110 shots by week 40 in 2018 and 100 cumulative shots by 

week 40 in 2017, their respective growth would be 10% in week 40 2018 and they would be ranked against other 

clinics using this metric. 
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their ability to deliver flu shots. Some clinics are capable of administering 2,000 flu shots over the flu 

season, while others might struggle to deliver 200 shots. 

In order to account for both these factors and to allow for appropriate comparison of these clinics 

to one another, we divide the cumulative number of weekly flu shots given by each clinics’ total patient 

population (Shots per Patient-Population, or SPP) over the vaccination season. This patient count is the 

count of all patients who sought any service from the clinic, not just patients who received vaccinations. 

Using this as our primary outcome of interest has two primary advantages. First, this metric controls for 

changes in patient population between 2017 and 2018. Thus, in the case of patient attrition between 2017 

and 2018, 200 shots given while seeing 100 patients is comparable to 100 shots given with 50 patients. 

The reverse is also true in the case of patient growth: 200 shots given while seeing 100 patients is 

comparable to 300 shots given with 150 patients. The second advantage of this metric is all clinics’ shots 

are normalized by patient volume, allowing comparison of both large and small clinics.  

 

 𝑆ℎ𝑜𝑡𝑠𝑃𝑒𝑟𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑃𝑜𝑝𝑖𝑡 = 𝛽0 +  𝛽1 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝐺𝑟𝑜𝑢𝑝𝑖 𝑋 𝑌𝑒𝑎𝑟𝑡 +  𝑌𝑒𝑎𝑟𝑡  +  𝜖𝑖𝑡 (3a, FE) 

 𝑆ℎ𝑜𝑡𝑠𝑃𝑒𝑟𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑃𝑜𝑝𝑖𝑡 = 𝛽0 +  𝛽1 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝐺𝑟𝑜𝑢𝑝𝑖 𝑋 𝑌𝑒𝑎𝑟𝑡  + 𝑌𝑒𝑎𝑟𝑡  

                                                        + 𝐶𝑙𝑖𝑛𝑖𝑐𝑆𝑡𝑎𝑡𝑒𝐹𝐸𝑖 +  𝐶𝑙𝑖𝑛𝑖𝑐𝐹𝐸𝑖 +  𝜖𝑖𝑡 
(3b, RE) 

 

We present the resulting Shots per Patient-Population for clinic i in week t using a Fixed-Effects model 

(FE-DV1) and a Random-Effects model (RE-DV1) to allow for additional controls and to evaluate the 

robustness of Model FE. The TreatmentGroup variable is a multi-leveled factor variable with a level for 

each treatment (Control/Ranking/Rebate). The Year variable controls for the differing time trend between 

2017 and 2018. When this variable is interacted with the TreatmentGroup variable, the resulting 

coefficient specifies the performance difference between each treatment and the control between 2017 

and 2018. In the Random-Effects model, we can also include state fixed effects (ClinicStateFE) and 

clinic fixed effects (ClinicFE) to control for the differing demand patterns faced by each clinic and each 

geographic region. 

6.5.2 Percent Growth (DV2) 

While the SPP metric presents several advantages, VaxCom is not simply interested in increasing a 

clinic’s shots given per patient: their desire is to drive overall clinic growth. Thus, simply measuring a 

change in shots is slightly unsatisfactory. As a robustness check and to augment the above metric to 

measure clinic growth, we also calculate the weekly percent growth of clinics over the 2018 vaccination 

season. The baseline for this growth is the total number of shots given in 2017. The cumulative weekly 



23 

 

doses given is then represented as percent growth from this point.4 Because this variable is relative to a 

clinic’s own performance in 2017, this variable also helps to control for the differences in clinic size and 

capacity. To allow for changing patient volume, we can still include a control for patient count in this 

model. In this case, because we are focused on growth only in 2018, we do not control for a yearly 

demand trend. 

 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝐺𝑟𝑜𝑤𝑡ℎ𝑖𝑡 = 𝛽0  +  𝛽1 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝐺𝑟𝑜𝑢𝑝𝑖 𝑋 𝑌𝑒𝑎𝑟𝑡 

                                               + 𝐶𝑙𝑖𝑛𝑖𝑐𝑆𝑡𝑎𝑡𝑒𝑖 + 𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝐶𝑜𝑢𝑛𝑡𝑖  + 𝜖𝑖𝑡 
(4) 

 

We present the resulting Percent Growth for clinic i in week t using a Random-Effects model (RE-DV2). 

The TreatmentGroup variable is a multi-leveled factor variable with a level for each treatment 

(Control/Ranking/Rebate). The Year variable controls for the differing time trend between 2017 and 

2018. When this variable is interacted with the TreatmentGroup variable, the resulting coefficient 

specifies the performance difference between each treatment and the control between 2017 and 2018. 

ClinicState controls for geographic differences in vaccination demand, and PatientCount controls for 

each clinic’s total patients seen during the vaccination season. 

6.5.3 Weekly Change in Shots per Patient-Population (DV3) 

In order to test for the presence of rank response behaviors (FPL/LPA) in the Ranking clinics, we 

implement an alternate variable which is sensitive to weekly changes. Instead of testing the cumulative 

difference between the treatment and control over the season, we want to know if a clinic in the Ranking 

treatment moves, in response, to a high or low rank (defined in Section 6.4) and whether the resulting 

change in vaccinations is different versus any other week. As mentioned previously, there is significant 

heterogeneity in clinic size and capacity to administer shots. In order to allow a comparison of these 

clinics to one another, we implement a variant of DV1 (shots per patient-population) which is sensitive to 

weekly changes and patient volume. Instead of testing the cumulative difference between the treatment 

and control over the season, we want to know if a clinic moves to a high or low rank (defined in Section 

6.4), whether the resulting change in shots per patient-population (SPPΔ) is different versus any other 

week. This variable is constructed by taking the count of shots given just that week and dividing by the 

patient count during the associated vaccination season.5  

 

 𝑆𝑃𝑃𝛥𝑖𝑡  =  𝜋0  + 𝜋1 𝟙[ 𝐻𝑖𝑔ℎ𝑅𝑎𝑛𝑘 ]𝑖,𝑡−1  +  𝜋2 𝟙[ 𝐿𝑜𝑤𝑅𝑎𝑛𝑘]𝑖,𝑡−1  +  𝑊𝑒𝑒𝑘𝑡  + 𝜖𝑖𝑡 (5) 

 
4 For example, if 165 shots had been given up through the end of November 2018 and 150 total shots were given in 

2017, this variable would list as 10% growth during that week. 
5 For example, if a clinic gave 20 shots just in week 50 saw 200 patients in total over the vaccination season, the 

weekly change in shots per patient-population would be 20/200 or 0.1 during week 50. 
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We evaluate this specification using a Fixed-Effects model, and the errors were clustered at the clinic 

level. The outcome variable of interest is the weekly rate (shots per week) change as a ratio of total clinic 

patient-population (shots per patient-population per week, SPPΔ). The HighRank and LowRank 

indicators are set to 1 if the clinic achieves a ranking in the 5 ranks or in the bottom 5 ranks, respectively, 

and 0 otherwise. These indicators are lagged by one week to account for the delayed impact of feedback 

on vaccination behavior. The Week fixed effect controls for any time trend in administering flu shots (see 

Figure 3 for 2018 trend). The idiosyncratic shocks which we have not controlled for are captured in ϵ. 

6.5.4 Weekly Change in Percent of Clinic Total (DV4) 

As an alternate test for the presence of rank response behaviors (FPL/LPA) in the Ranking clinics, we 

normalize the change in weekly shots by each clinic’s total shots given in 2018; this gives a weekly rate 

(shots per week) change as a percentage of total clinic capacity.6 

 

 𝑃𝐶𝑇𝛥𝑖𝑡  =  𝜋0  +  𝜋1 𝟙[ 𝐻𝑖𝑔ℎ𝑅𝑎𝑛𝑘 ]𝑖,𝑡−1  +  𝜋2 𝟙[ 𝐿𝑜𝑤𝑅𝑎𝑛𝑘]𝑖,𝑡−1  +  𝑊𝑒𝑒𝑘𝑡  +  𝜖𝑖𝑡 (6) 

 

We evaluate this specification using a Fixed-Effects model, and the errors were clustered at the clinic 

level. The outcome variable of interest for clinic i in week t is the weekly rate (shots per week) change as 

a percentage of total clinic capacity (PCTΔ). The HighRank and LowRank indicators are set to 1 if the 

clinic achieves a ranking in the top 5 ranks or in the bottom 5 ranks, respectively, and 0 otherwise. These 

indicators are lagged by one week to account for the delayed impact of feedback on vaccination behavior. 

The Week fixed effect controls for any time trend in administering flu shots (see Figure 3 for 2018 trend). 

The idiosyncratic shocks which we have not controlled for are captured in ϵ. 

6.6 Study 2: Exclusion Criteria 

Despite the strict consideration criteria for Study 2 and the benefits derived from participating in 

Compliance Care 2018, several clinics decided to end their partnership with VaxCom during Study 2. In 

total, 5 clinics terminated their relationship before the flu vaccination season began in August and another 

5 clinics terminated before the end of the season. In total, six clinics terminated from the Control group, 

while two clinics each terminated from the Ranking and Rebate arms. See Section 14 (Appendix), Table 

12, Table 13, and Table 14 for the clinic distributions by group and state over the season. 

 
6 For example, if a clinic gave 20 shots just in week 50 and administered 200 shots in total over the 2018 vaccination 

season, the weekly change in percent of clinic total would be 20/200 or 10% for week 50. 
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These terminations reduced our clinic sample size from 145 to 135; since our initial sample was 

not large, the loss and exclusion of these 10 clinics will have a negative impact on the statistical power of 

our results. Given that random selection was performed for all clinics in Study 2 and that all groups 

suffered from some attrition, retaining the clinics who terminated after the start of the season under the 

“intent to treat” paradigm is consistent with a typical econometric approach to treatment effects. As 

researchers, we can only control the setup and application of the treatment and not whether a participant 

complies with the program. Our primary results will be presented while including all clinics who started 

the vaccination season as VaxCom partners; this data contains vaccination information for 140 clinics. 

We thus exclude the clinics who enrolled in Compliance Care 2018 but failed to participate while still 

including the clinics who participated for a portion of the time period. In total, we refer to these three 

different clinics subsets: 1) the “Full” clinic set (145 clinics), 2) the “Partial Exclusion” subset (140 

clinics), and 3) the “Exclusive” subset (135 clinics). For additional robustness, we demonstrate the 

outcomes of our models across all three subsets. 

7 Study 2: Results 

7.1 Study 2: Overall Percent Growth – Descriptive Statistics 

In Study 2, similar to Study 1, approximately a third of the clinics reached at least the lowest level of the 

incentive threshold. Table 1 details the number of clinics who achieved each incentive threshold in Study 

2 (Rebate clinics only from CC 2018).  

The overall results are shown in Table 3, with the total shots given by clinics in these categories 

in 2017 (before the start of Study 2) and 2018 during the study. As above, the percent growth columns 

illustrate how much each group changed year over year and the net effect is the difference between each 

of the treatment arms and the control. Although both treatment groups showed positive growth, the 

Ranking treatment shows the most noticeable difference from the Control group. We observe from this 

table that the Ranking group noticeably outperformed both the Control group and the Rebate treatment.  

--------------------------------- 

Insert Table 3 here 

--------------------------------- 

However, as discussed in Section 6.6, 5 clinics terminated their partnership with VaxCom before 

the start of the 2018 vaccination season. By removing these clinics from consideration, one can see the 

Ranking group continues to exhibit the greatest growth, though with a smaller margin over the Control 

group, which also experienced positive growth (Table 4). We note the following key points from this 

table. First, the Rebate treatment group underperformed the Ranking group, raising questions about H2. 
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Secondly, the Rebate treatment group barely outperformed the Control group. It is reasonable to question 

whether there is a statistically significant difference between this group and the control. Overall, the 

summary statistics suggest that, at least, the Rebate treatment may have led to an increase in flu shots, 

however, it is important to use a robust statistical model to evaluate statistical significance. 

--------------------------------- 

Insert Table 4 here 

--------------------------------- 

7.2 Study 2: Regression Analysis – Shots per Patient-Population (DV1) 

We first examine the impact of our treatments on a clinic’s cumulative SPP captured each week using the 

partial exclusion sample with 140 clinics. Table 5, under the SPP (Shots per Patient-Population) outcome 

variable, shows the results of both a Fixed Effects (FE-DV1) and Random Effects (RE-DV1) model.  

--------------------------------- 

Insert Table 5 here 

--------------------------------- 

Table 5 reveals that there is a statistically significant difference between the Ranking and Control 

clinics when evaluating SPP for DV1 using a Fixed Effects (p = 0.0495) and a Random Effects (p = 

0.0503) model. These results show, on average, the Ranking clinics administered approximately 5% more 

of their respective patient population than the Control clinics while the Rebate clinics show no 

meaningful difference. Thus, we see support for Hypothesis 1c, but not Hypothesis 1b. Recall this patient 

count is the clinic’s total patient count; as such, it must be less than or equal to the count of patients who 

received flu shots, requiring an outcome less than one. 

7.3 Robustness Check: Shots Per Patient-Population 

Although the results from the previous Section indicate clinic improvement, we now address the 

robustness of our findings. We evaluate the robustness of our clinic selection criteria given the SPP 

outcome variable (DV1). As mentioned in Section 6.6, 145 clinics were initially recruited; of these 

clinics, 5 terminated before the start of the vaccination season and another 5 terminated before the end of 

the season. Thus, two alternative clinic sets exist to further test the above models: a clinic set which 

includes all clinics regardless of program status (145 clinics, or the “Full” set) and a clinic set which 

excludes any clinics which terminated at any point before the end of the vaccination season (135 clinics, 

or the “Exclusive” set). Please see Table 6 for the results. 
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--------------------------------- 

Insert Table 6 here 

--------------------------------- 

When examining the Full clinic set, our results are largely confirmed. The coefficients for the 

Ranking group are of slightly greater magnitude (6.55% vs 4.58%) and exhibit greater statistical 

significance (p = 0.012). This is possibly due to the greater sample size we have in this case. Our above 

conclusions are thus robust to the case when including all clinics: Compliance Care 2018 led to an 

increase in flu shots for the Ranking group. Turning to the results for the Exclusive clinic set we find that 

the coefficients of interest are slightly smaller – 3.59% vs. 4.58%. In addition, the p-values are now 0.104 

versus 0.049, indicating only marginal significance. Although we acknowledge the research community’s 

general acceptance of the 0.05 threshold for p-values, we would note this threshold is still a subjective 

norm, and one would be unwise to discard results which fall on one side while unconditionally accepting 

results on the other side. As such, we recognize these values as continuous measures (Cortina and Landis 

2011) and, per Simmons et al. (2011, 2012), we fully disclose our process and results (including any 

limitations) accordingly. Thus, we see continued general support for our hypothesis that Compliance Care 

2018 led to an increase in flu shots for the Ranking subgroup, although the smaller sample size weakens 

that support. In terms of attrition, we note and emphasize that all groups experienced some clinic attrition. 

It would be more concerning if the terminations were concentrated in only one group. 

7.4 Study 2: Regression Analysis - Percent Growth (DV2) 

An alternative way to conceptualize the outcome variable is with the total number of flu shots. This is an 

important metric for VaxCom in driving both public health and their business growth. As such, we extend 

our analysis to ascertain if treated Compliance Care clinics exhibited meaningful, percentage growth 

between 2017 and 2018. We evaluate the difference between the treatment and control groups as 

measured by change in cumulative percent growth (RE-DV2) for all clinics who started the vaccination 

season as VaxCom partners. Please see Table 7 for the results. 

--------------------------------- 

Insert Table 7 here 

--------------------------------- 

 Similar to above, there is a meaningful statistical difference between the Ranking and Control 

clinics when evaluating Year-over-Year percent growth. These results show, on average, the Ranking 

clinics grew by approximately 8% more than the control clinics (p = 0.045) while the Rebate clinics show 

no meaningful difference in growth from the control. These results are in-line with the percentages shown 

in Table 4 for the Ranking group (just under 10% growth). 
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7.5 Comparison between Ranking & Rebate Groups 

From the above analyses, the statistical separation is evident between the Ranking and Control groups: the 

Ranking group clearly outperformed the Control group, demonstrating the significant impact of 

performance feedback in driving flu shot growth. The more surprising result is the Ranking group, which 

only received performance feedback relative to their peers, appears to have also outperformed the 

incented Rebate group. One would not only expect the Rebate group to outperform the control (not 

evident above) but also to outperform the Ranking group. In the above analysis, this does not appear to be 

the case and raises the question of whether the difference between the treatment groups is statistically 

significant. 

We can test the coefficients from these regressions in two separate manners. The first option is to 

perform a Wald test on the coefficients under the null hypothesis that the Rebate performance is greater 

than or equal to the Ranking performance in CC 2018 (see Hypothesis 2). Alternatively, we can test the 

linear combination of the coefficients (β1,rebate - β1,ranking) and construct a confidence interval for this 

difference (Stata: ‘lincom’). In this case, a large, positive confidence interval would indicate the Rebate 

group indeed outperformed the Ranking group, whereas a large, negative interval would indicate exactly 

the opposite, that the Ranking group outperformed the Rebate group. 

We perform both tests on FE-DV1 (shots per patient-population) and RE-DV2 (percent growth). 

For FE-DV1, under the Wald test we reject the null that the Rebate coefficient is greater than or equal to 

the Ranking coefficient (p = 0.044). Similarly, for RE-DV2, under the Wald test we reject the null that the 

Rebate coefficient is greater than or equal to the Ranking coefficient (p = 0.025). The conclusions 

surrounding the test of the linear combination of coefficients are the same as the Wald test. 

Given the results of these tests, we can conclude not only that the Rebate group did not 

statistically outperform the Ranking group but it actually appears the opposite is true: the Ranking group 

outperformed the Rebate group, and the difference is statistically significant. Thus, to our surprise, we are 

able to reject Hypothesis 2 at p < 0.05 in all cases. 

7.6 Study 2: Rank Response Behavior 

We next evaluate the presence of rank response behaviors within the Ranking treatment group. 

7.6.1 Rank Response Behavior  

Given the above definition for a high rank (top 5 ranks) and low rank (bottom 5 ranks), we find that 

moving into these positions is followed by an increase in vaccinations for DV3 (weekly change in SPP) 

and DV4 (weekly shot change as percent of clinic total).  
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When evaluating DV3, a clinic which achieves a high rank leads to an increase of +0.46% change 

in shots per patient population the following week, but the results are not statistically significant (p = 

0.425). However, a clinic which achieves a low rank leads to a +2.75% change in shots per patient 

population the following week, and the results are significant (p = 0.0009). When evaluating DV4, a 

clinic which achieves a high rank, leads to an increase of 0.38% change in shots given (relative to clinic 

capacity) the following week, but the results are not statistically significant (p = 0.677). However, a clinic 

which achieves a low rank leads to a +3.96% change in shots given (relative to clinic capacity) the 

following week, and the results are significant (p = 0.004). According to the above definitions of first and 

last place, these results appear to indicate the presence of Last-Place Aversion but do not indicate the 

presence of First-Place Loving behavior as we have defined it here.  

7.6.2 Rank Response: Sensitivity Analysis 

We next consider the sensitivity of our conclusions to our definitions of first and last place. To evaluate 

our thresholds, we fix one parameter at the original definition and vary the other parameter. For example, 

we continue to reserve the high rank flag for clinics ranked in the top 10 but then relax and restrict the 

threshold for the bottom ranked clinics to see if there is Last-Place Aversion also amongst clinics who are 

ranked in the bottom 10. We do this both for DV3 and DV4. Although there is a lack of evidence for FPL 

behavior in the above analysis (Section 7.6.1), we can further explore the possibility of this behavior here.  

 We first discuss the results of iterating these thresholds with respect to the definition of first 

place. We consider any threshold for first place to include restricting only to the top rank and relaxing to 

being ranked in the top 10 for both dependent variables. The results are statistically significant when first 

place is defined as either of the top two ranks when evaluating DV3 (p = 0.005 and p = 0.098) and as the 

top rank only for DV4 (p = 0.0248); in all other definitions, the results are not statistically significant. 

Thus, it is possible if we restrict our definition of first place, we may have evidence of FPL behavior. We 

further evaluate the robustness of this finding in Section 7.6.3. 

The results for iterating the definition of last place can be seen in Table 8. Note that the results for 

last place presented in Section 7.6.1 can be seen in column 7. When evaluating our definition of last 

place, we evaluated the cutoff down to clinics that were ranked in the bottom half. From Table 8, we still 

see evidence for LPA when restricted to only considering the clinic which ranked last. Additionally, 

evidence exists for LPA even when relaxing the definition to consider clinics ranked in the bottom 10. 

Both dependent variables flag a difference in the clinic’s response when defining “last place” around the 

bottom 10 ranks. It is important to observe that the definition of last place does not continue through all 

possible relaxations; were this the case, one could make the argument that we are not measuring our 

intended parameter, as one would not expect LPA to exist in, for example, the clinics ranked closer to the 

top. 
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Throughout this analysis, we maintain the robustness of our last place definitions and their 

results. Using two separate outcome variables, we find evidence of Last-Place Aversion amongst the 

clinics who received relative performance feedback in Study 2 and the possible presence of First-Place 

Loving behavior. 

7.6.3 Rank Response: Robustness 

Because of the straightforward application of indicator variables to test for the presence of these 

behaviors, there could be alternate mechanisms behind the variance we explain with these variables. One 

important alternative to consider is mean reversion; clinics are likely to have weeks with poor 

performance followed by high performance, either because of the fluctuation in demand or a provider’s 

attempt to “catch back up.” If this behavior coincided with changes in rank, it is possible our explanatory 

variables could be picking up this reversion and that is not simply FPL or LPA. 

 To test for this, we artificially ranked the clinics in the Control group (with respect to each other) 

and applied the same models (FE-DV3 and FE-DV4) to these clinics, similar to a Placebo test. Similar to 

the sensitivity analysis of Section 7.6.2, we test for all definitions of the first place to clinics ranked in the 

top 10. When testing these definitions in the Control clinics, we do see instances of statistically 

significant results when using both DV3 and DV4 in the top one or two ranks. When evaluating DV3, a 

control clinic which achieves the top two (one) ranks leads to a of +1.04% (+1.20%) change in SPP the 

following week, and the results are statistically significant with a p-value of 0.002 (0.039).When 

evaluating DV4, after a control clinic achieves the top one rank, it leads to an increase of 1.75% change in 

shots given (relative to clinic capacity) the following week, and the results are significant with a p-value 

of 0.051.  

When considering LPA, similar to the sensitivity analysis of Section 7.6.2, we test for LPA under 

any definition of the last place cutoff down to clinics that were ranked in the bottom half (ranks greater 

than or equal to 23 out of 46 Control clinics). When testing for LPA, we do not see any statistically 

significant results among the Control clinics for any of these definitions. Additionally, the coefficient 

values for the Control clinics appear to be negative when using either DV (though not significant).  

Given these results, we do conclude that there is sufficient evidence for Last-Place Aversion, as 

the behavior we measure among the treated Ranking clinics does not manifest in the Control clinics. 

However, these results do indicate that we are not explaining the performance of the clinics who achieve a 

high rank, as there is some behavior for these top ranked clinics which is common between the Ranking 

and Control clinics, who received no performance feedback during the season. One explanation for why 

we do not see FPL behavior is perhaps the top ranked clinics have vaccinated the maximum number of 

possible patients in their area of influence. When we examine the top 10 ranked clinics at the end of the 

season, 5 of these clinics exhibit conversion rates (defined as total shots given divided by total patient 
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population) over 50% and of these, 3 clinics exhibit greater than 80% conversion rates. It is possible these 

high performing clinics have saturated their available market.  

Thus, in summary, we do not find enough to robustly claim evidence for Hypothesis 3 and First-

Place Loving behavior, however, we do find strong evidence to support Hypothesis 4 and the presence of 

Last-Place Aversion.  

7.7 Overall Implications of Relative Performance Feedback 

We have demonstrated that the introduction of Compliance Care 2018 did in fact lead to an increase in flu 

shots, most notably for the group which received relative performance feedback. As the vaccination 

season progressed, the clinics competed with one another to achieve a higher rank or perhaps simply to 

avoid falling too far behind. But the question remains regarding the manifestation of improvement. We 

know the Ranking treatment led to improvement. But within this treatment, exactly which clinics 

improved? Was it the clinics who were already high performers and immediately set out to achieve a high 

rank early? Or by introducing the feedback, have we pulled up the performance of the clinics who would 

generally have watched the season progress without exerting extra effort? 

 If we use the artificial rankings for the Control clinics (Section 7.6.3) and match these to the 

Ranking clinics based on their respective rankings at the end of the season, we can observe the location of 

the most improvement. Please see Figure 8 for reference. With two exceptions (in Ranks #1 and #34), the 

Ranking clinics outperform their similarly ranked Control clinics. Across the board, the Ranking clinics 

outperform their respective Control clinics by 10.3%. For the Ranking clinics with negative performance 

(administered fewer shots in 2018 versus 2017), the Ranking clinics outperform their respective Control 

clinics by 22.9%. For the Ranking clinics who showed positive performance (administered more shots in 

2018 versus 2017), the Ranking clinics outperform their respective Control clinics by 5.4%. Thus, the 

majority of performance improvement for the Ranking clinics lies with the clinics with negative 

performance (top left quadrant of Figure 8). 

 We consider the matched Control clinics as the counter-factual for the performance improvement 

that the Ranking clinics would have achieved if they had not been exposed to their relative performance. 

Thus, while the provision of performance feedback seems to have served to elevate the performance of all 

Ranking clinics, this is particularly true amongst the clinics who might have been the lowest performers. 

None of the Ranking clinics appear to have entirely given up on the vaccination season. The combination 

of these findings with the results of Section 7.6 lead us to conclude the presence of Last-Place Aversion 

may have enticed poor performing clinics to “stick with the program” and attempt to improve throughout 

the vaccination season. Thus, we find general results consistent with the literature on general performance 

feedback (Kuhnen and Tymula 2012, Charness et al. 2014) while also illustrating how this improvement 
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can vary in magnitude depending on the specific rank or place of subject (Kuziemko et al. 2014). 

Although in our case the rankings are anonymous, our result is similar to Song et al. (2018) in that the 

poor performers demonstrate the greatest gains from the introduction of relative performance feedback. 

We further link this reaction (at least in part) to an aversion for being ranked near last place. This result 

aligns with the findings of Buell (2019), where the author observes the negative effects of last place 

(reduced wait satisfaction and increased likelihood of queue abandonment). Furthermore, with regard to 

improving productivity and performance, the author notes, “…desires to get out of last place, and to avoid 

falling into last place, are powerful motivators that can help drive human behavior.” (Buell 2019) In our 

context, we find exactly that: an aversion for last place (even when generally defined) drives beneficial 

behavior and results in performance improvement.  Finally, we show that this reaction is a dynamic one 

and that as different clinics fall in the rankings, they respond by improving in the subsequent week, 

helping to lead to the overall group improvement. 

7.8 Study 2: Limitations 

An ongoing question may be whether individual clinics have the capacity to improve (based on local 

demand conditions). In order to explore this possibility and seek clinic feedback on their overall 

experience with Compliance Care as a program, we worked with VaxCom to design and distribute a 

survey to all Compliance Care clinics after the study ended. Based on the feedback from the survey, the 

findings from Study 2, and the findings of Study 1, we contend that the clinics do in fact have spare 

capacity to administer flu shots. Amongst the treated clinics, all respondents (35 out of 88 clinics 

responded) confirmed having sufficient capacity to administer additional flu shots. As a result, by 

focusing attention on flu shots, it was possible to increase the number of shots delivered.  

 The focusing of attention on flu shots inherently raises the question of where providers are paying 

less attention as a result. We are limited from seeing how other elements of patient health were affected. 

Nevertheless, we know the CDC and the American Medical Association recommend everyone over 6 

months of age get the flu shot (AMA 2018) and, as mentioned above, clinics had enough capacity to 

administer these shots. Regardless, while we think it is unlikely patient health was negatively affected in 

other ways, future work should further explore this possibility to validate our supposition. 

Another limitation of our study is in the final sample size. Although we used a power analysis to 

calculate the size of the study, discussions with the company did not permit us to add additional clinics 

beyond this target. Thus, when attrition occurred, our final sample may have been underpowered and as a 

result we can only say with 90% certainty that the difference is significant between the Ranking and 

Control groups when excluding all terminating clinics. Combining the lessons from each sample gives us 
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confidence in the results that we support, but future work should seek to study the topic with a larger 

sample. 

The implementation of the financial incentive highlights another limitation. Specifically, we do 

not claim that the given structure of 10/15/20% Year-over-Year growth thresholds or the payment 

amounts of $1/2/3 per shot rebates are optimal. Although it is possible these rebates were too small to 

serve as significant motivators, we suggest that this is not the case as 75% of the Rebate clinics polled 

indicated the amount was in fact meaningful. In addition, these dollar amounts correspond to 

approximately a 5/10/15% bonus on top of the standard shot payment. Nevertheless, future work should 

identify uniform, optimal thresholds, balancing the desire for growth with an understanding of realistic 

growth potential. 

Another concern is whether our results will generalize from clinics that partner with VaxCom to 

other healthcare clinics and other industries. In our sample we see significant heterogeneity in clinic 

location, specialty, capacity, and resulting performance. That the above behaviors manifest in a 

randomized setting despite this heterogeneity further enhances the robustness of our findings. Future 

works should continue to explore these topics in healthcare and beyond. 

Finally, our identification of a behavioral response makes no effort to explain the mechanism 

behind the response. We have demonstrated the efficacy of financial incentives and performance 

feedback, but the reasons underlying the outcomes remain untested. These reasons could include 

exploring what specific behavior the financial incentive did not affect or why a clinic exhibits Last Place 

Aversion. Future work should seek to clarify the processes through which these interventions affect 

behavior. 

 

8 Discussion & Conclusion 

 

The U.S. Center for Disease Control and Prevention (CDC) is continually looking for a process to reduce 

the occurrence of influenza outbreaks and lessen the likelihood of an influenza pandemic. While many 

factors can contribute to a population’s ability to prevent these outbreaks, such as improved hand hygiene, 

vaccines present perhaps the greatest opportunity for large scale improvement. This commitment to 

improve manifests in the CDC’s recommendation that everyone over 6 months of age who is not 

contraindicated receive the vaccine.7 Studies find that the results of vaccination are significant. For 

example, during the 2017-2018 flu season, the CDC estimates the flu vaccine averted almost 7.1 million 

 
7 See https://www.cdc.gov/flu/consumer/vaccinations.htm for the subset who should not be vaccinated 

https://www.cdc.gov/flu/consumer/vaccinations.htm
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instances of a flu-like illness and more than 3.7 million medical visits (Rolfes et al. 2019). This is in spite 

of the fact that during that season the percent of the United States adult population who received the flu 

vaccine dropped from 43.3% in 2016-17 to 37.1% in 2017-18. The report further demonstrates 

approximately 1,200 vaccinations must be given in order to prevent one hospitalization. Thus, the call to 

action is significant and the lack of noticeable gains surrounding flu vaccine coverage in the past decade 

reemphasizes the opportunity for improvement. 

Moving towards compliance with the CDC’s recommendation requires participation by two 

separate parties: health care providers and individual patients. In this paper, we have considered these as 

the supply and demand sides of the flu vaccine equation. In order for providers to administer the vaccine, 

patients need to visit their providers office during vaccination season. Most interventions, to date, have 

focused on a demand side approach to flu vaccination – encouraging patients to visit a clinic to seek out 

the shot (e.g., Milkman et al. 2011 and Chapman et al. 2016). However, despite individual successes, the 

flu vaccination rate remains largely unchanged. Perhaps, a better way can be found by investigating a 

supply side perspective. As Brewer et al. (2017) and Patel et al. (2017) find in their studies of vaccination 

processes, many patients would be willing to accept the vaccine if their provider simply recommended it. 

And despite the prevalence of patients seeking a flu vaccine from their local pharmacy (22%), patients 

still report their primary care provider as the most frequent channel of receiving their flu vaccine (48%, 

CVS Health 2018). 

Our research seeks to address this problem from the supply perspective, focusing on health care 

providers. We study the introduction of two interventions designed to increase the likelihood of providers 

recommending the flu vaccine to their patients. The program, Compliance Care, was introduced and 

piloted by VaxCom, a vaccine management organization. The first Compliance Care intervention (Study 

1) targeted Year-over-Year total flu vaccine growth for 101 health care clinics in Florida during the 2017 

flu vaccine season. Per-shot financial rebates were provided when clinics achieved various growth 

thresholds. Additionally, clinics were provided with their ranking versus other clinics who were also in 

the program. Thus, clinics were motivated by both financial incentives and non-financial feedback to 

improve their vaccination rate over the course of the 2017 season. The second intervention (Study 2) 

randomized assignment into two treatment groups and a control group and selected these groups from 

dispersed geographic locations. Following strict inclusion criteria, 145 clinics were initially recruited to 

participate in Study 2 and of these, 140 clinics started the 2018 vaccination season as Compliance Care 

participants. The combined treatments which were present in Study 1 (financial incentives for growth and 

relative performance feedback) were separated into distinct treatment arms in Study 2. 

Our paper makes several notable contributions to the literature. First, we contribute to the 

growing body of work in operations that finds an important role for discretion by operational actors in 
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driving operational performance (van Donselaar et al. 2010, Campbell and Frei 2011, Kim et al. 2015, 

Phillips et al. 2015, Ibanez et al. 2017, Ibanez and Toffel 2019, Freeman et al. 2017, Song et al. 2018). 

We found a supply-side approach was operationally effective: the introduction of Compliance Care led to 

an increase in vaccines for the clinics in the program. In Study 1, although the total number of 

vaccinations for the state of Florida was down 9.3% for the clinics outside the program, the most 

conservative subset of CC clinics was approximately flat in the number of shots given between 2016 and 

2017, for a net gain of about 9%. In Study 2, we find a net 9.8% growth in the Ranking clinics compared 

to the control condition. Our approach of focusing on vaccine provision, rather than on vaccine 

solicitation, yielded gains in a domain bereft of any notable change despite years of research and policy 

attention. We propose this is due to an attention cue induced by the intervention. Future research should 

seek to clearly identify the mechanisms behind the change in provider behavior. Moreover, additional 

research is necessary to consider how to better design operating systems to help allocate attention on the 

right tasks to improve performance. 

Second, we highlight the motivational power of social comparison (Festinger 1954, Cole, 

Mailath, and Postlewaite 1992, Raleigh et al. 1984, Coffey and Maloney 2010), even over and above 

economic incentives. We find that providing performance feedback dominates the effect of providing 

financial incentives. Given the literature’s proven acceptance of financial incentives (Prendergast 1999, 

Lazear 2000, Shearer 2004), the mixed results of performance feedback (Dechenaux et al. 2015), and the 

positive results from Study 1, we expected the Rebate group to outperform both the Control and the 

Ranking groups. Neither happened in this case. This counter-intuitive result highlights an opportunity to 

leverage low cost interventions to effectively focus healthcare provider attention on an issue of interest. In 

addition to structuring rankings in order to improve performance, as discussed below, more research is 

also needed to explore the construction of financial incentives.  Future work should seek to establish 

robust thresholds which balance incentivizing growth with realistic outcome expectations. The additional 

possibility of an interaction between performance feedback and financial incentives as in Study 1 presents 

another intriguing opportunity to further extend our findings.  

Third, when considering the clinic rankings and the role of performance feedback, we also find 

evidence of Last-Place Aversion, similar to Kuziemko et al. (2014), Gill et al. (2019), and Buell (2019). 

Although such phenomena have been robustly demonstrated in a laboratory setting, to the best of our 

knowledge, our analysis is the first to examine the presence of these behaviors in productivity in a 

dynamic, real-world setting. With significant demands on provider time and attention it is not clear 

whether a ranking with respect to an unknown comparison group will actually drive behavioral change. 

Not only does the presence of relative performance yield modest growth for all clinics but the effects 

appear to be the strongest for the worst performing clinics (similar to Song et al. 2018). 
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 In our setting, it appears an aversion for last place induces a clinic to continue administering 

vaccinations even when the hope for growth appears beyond reach. Consider the comparison of the worst 

performing Ranking clinics with their respective Control clinics. While the low-performing Control 

clinics show a significant decline in vaccination rates and appear to have given up on flu vaccinations by 

the end of the season, the provision of performance feedback to the Ranking clinics results in only modest 

declines in their vaccinations and a sizable performance gap between these two groups. Future work 

should further clarify the presence of Last-Place Aversion as well as explore the mechanisms for why 

clinics exhibit such behavior when there are no negative repercussions for poor performance. Separately, 

although prior work has robustly established First-Place Loving behavior in the experimental laboratory, 

we do not find conclusive evidence of its presence in our field experiment. Nevertheless, our study does 

not permit us to conclude that FPL does not exist – it is possible that it is frame (i.e., rank) dependent or 

our study may be under-powered to identify the effect. More work is needed to investigate this behavior 

in the field. 

Finally, as a general contribution, we demonstrate the power and importance of running field 

experiments when addressing complicated operational questions (Ibanez and Staats 2018). Although the 

use of archival data can yield rich insights, in this instance, the sole application of archival data analysis 

to Study 1 would have yielded limited (if not biased) results and conclusions. For example, it is clear in 

Study 1 that Compliance Care resulted in flu shot growth, but the identification of the mechanism would 

have been unclear: was the growth due to clinic selection, or clinic location, or financial incentives, or 

performance feedback, or some interaction of a number of these factors? Understanding endogeneity and 

causal identification in archival studies is important for just this reason. However, such work should not 

be completely dismissed, but rather serve as motivation for further work to disentangle complicated 

effects. We do just that with our field experiment. Study 2 tests these possibilities and clearly identifies 

the strongest driver of clinic growth in this setting. As KC et al. (2019) note “Our field studies many 

things, but work is central to what we do,” and since field experiments present “…the opportunity for 

researchers to situate their work clearly in the context in which it is actually occurring”, researchers who 

seek to do rigorous and relevant research in operations management should continue to leverage the 

explanatory power and identification advantages of field experiments moving forward. 

8.1 Managerial Implications 

Our findings have a number of managerial implications. Although many organizational interventions lead 

to performance improvement, it is important to note Compliance Care achieved notable growth in 

administering flu shots, a domain lacking significant improvement in more than a decade in the overall 

US population. It is also apparent the provision of relative feedback induced competition amongst clinics, 
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even when applied without a financial incentive. In turn, this resulted in an increase in flu shots, 

particularly among the poorest performing clinics who might have been most likely to give-up on the 

program. Being mindful of the application of such low-cost incentives could yield performance gains 

even in settings with financial constraints.  

Additionally, when designing the operational structure of an organization to facilitate growth 

(Hayes and Clark 1988), managers should be mindful of the “reference point structure” as discussed in 

Roels and Su (2014). Managers have the flexibility to use either (or both) treatment(s) to encourage 

compliance. In our case, the incentive thresholds and other program participants serve as reference points 

and provide self-evaluative feedback on current performance (Festinger 1954).  

In a similar vein, the operational structure can be leveraged to selectively focus decision makers’ 

attention. In the context of healthcare, the demands on a provider’s time and attention are ever increasing, 

but this finding is not new, and healthcare is not the only context where inattention may lead to sub-

optimal decision making. Mintzberg (1973) observed managers constantly working at a frenetic pace 

decades ago and forecasted these demands would only grow over time. And March and Simon (1992) 

recognized a firm’s decision makers selectively apply attention (or inattention) to organizational issues, 

depending both on their decision-making capacity and any relevant “time pressure.” In this paper, we 

have shown that in the presence of increasing demands on managers, small attention cues can serve to 

highlight areas for improvement and encourage these decision makers to selectively focus their attention 

on an issue of interest. This finding has broad implications which extend beyond healthcare to nearly any 

organizational context. 

Finally, although we have demonstrated a context where an intervention cued the provider’s 

attention to an issue of interest, it is important to note that one cannot possibly cue attention to all desired 

behaviors. As noted in a physician survey (The Physician’s Foundation 2018), most providers are already 

operating at capacity; we have simply intervened to cue attention to where some capacity remains in the 

chain of healthcare delivery. And yet, the introduction of multiple attention cues would likely lead to a 

reduction in the effectiveness of each cue with an end state potentially worse than the initial state. Thus, 

we caution managers in such contexts to be mindful of the use of incentives and performance feedback 

and to prioritize interventions which achieve the greatest benefit via the smallest impact, leaving 

providers free to do that which matters most: provide quality care for their patients. 

8.2 Conclusion 

All parties stand to benefit by increasing flu vaccination levels. Individuals are less likely to contract the 

flu, meaning fewer days of missed work and fewer medical visits. Insurance companies are heavily 

invested in preventative medicine, with significant preferences for patient vaccination over patient 
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hospitalization. Vaccine manufacturers benefit from increased production and any associated economies 

of scale. And finally, health care providers benefit from the overall improved health of their patient 

population and a reduction in the demand for their time to treat a preventable illness. Altogether, in 

accord with Taylor (1911), we conclude appropriate supply-side behavioral intervention programs can 

improve performance, even when targeting seemingly immutable trends, such as influenza vaccination 

rates. Our results show promise for noticeable improvements, specifically in public health in the United 

States and around the world, and more generally for company operations. 
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10 Tables 

 

Table 1: Number of clinics who achieved each incentive tier in Study 1 (2017) and Study 2 (2018) 

 Study 1: 2017 Study 2: 2018 

No Tier Achieved 63 31 

Achieved Tier 1 3 5 

Achieved Tier 2 3 3 

Achieved Tier 3 32 9 

Total # 101 48 

 

Note: All clinics in Study 1 were provided with incentive tiers and the opportunity to earn financial rebates for 

exceeding these growth tiers (N = 101). In Study 2, only the Rebate clinics were provided with incentive tiers and 

the opportunity to earn financial rebates for exceeding these growth tiers. For Study 2, the results are presented for 

the clinics from the “Partial Exclusion” subset (N = 48). 

 

Table 2: Study 1 - Flu shot counts and percent growth in Florida between 2016 and 2017  

  # Clinics 2016 2017 % Growth Net Effect 

Non-CC Clinics      

- YOY Partners 68 10,947 9,933 -9.26% - 

CC Clinics       

- All CC Clinics 101 22,295 27,707 24.27% 33.54% 

- YOY Partners 23 7,133 7,110 -0.32% 8.94% 

 

Note: This table compares clinics in Compliance Care 2017 to other Florida clinics outside of Compliance Care 

2017. The Year-over-Year (YOY) Partners fully participated in the 2016 and 2017 flu shot seasons. The remaining 

clinics in Florida who were outside of CC were ignored for this analysis due to their unknown performance in 2016. 

The “Net Effect” is the difference between a group’s percent growth and the Non-CC clinics’ percent growth. 

         

Table 3: Study 2 - Flu shot counts and percent growth between 2017 and 2018 for the “Full” clinic 

set 

  # Clinics 2017 2018 % Growth Net Effect 

Control 49 18,546 18,301 -1.32% - 

Ranking 47 17,529 19,495 11.22% 12.54% 

Rebate 49 16,955 17,315 2.12% 3.44% 

 

Note: These clinics were randomly assigned to either the Control, Ranking, or Rebate group and agreed to 

participate in Compliance Care 2018 before the start of the flu vaccine season. As such, this grouping includes some 

clinics who later terminated partnership with VaxCom. We refer to this as the “Full” clinic set (N = 145). The “Net 

Effect” is the difference in percent growth between the Ranking/Rebate group and the Control. 
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Table 4: Study 2 - Flu shot counts and percent growth between 2017 and 2018 for the “Partial 

Exclusion” subset of clinics 

  # Clinics 2017 2018 % Growth Net Effect 

Control 46 17,894 18,301 2.27% - 

Ranking 46 17,389 19,495 12.11% 9.84% 

Rebate 48 16,776 17,315 3.21% 0.94% 

 

Note: These clinics were randomly assigned to either the Control, Ranking, or Rebate group, agreed to participate in 

CC 2018, and started the vaccination season as VaxCom partners in Compliance Care 2018. As such, this grouping 

includes some clinics who later terminated partnership with VaxCom during the vaccination season. We refer to this 

as the “Partial Exclusion” subset of clinics (N = 140). The “Net Effect” is the difference in percent growth between 

the Ranking/Rebate group and the Control.  
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Table 5: Regression Model – Effect of Compliance Care 2018 treatments (Rankings/Rebates) on 

Shots per Patient Population (DV1) for the “Partial Exclusion” clinic subset 

  

Shots per Patient Population  

(1) 

Shots per Patient Population  

(2) 

     

RE/FE Model Fixed Effects Random Effects 

     

Treatment: Ranking    

 - Coefficient 0.0458** 0.0458+ 

 - Standard Errors (0.0231) (0.0234) 

 - p-value 0.0495 0.0503 

Treatment: Rebate    

 - Coefficient 0.0109 0.0109 

 - Standard Errors (0.0237) (0.0240) 

 - p-value 0.647 0.650 

     

Observations 5,880 5,880 

# clinics 140 140 

Years 2017, 2018 2017, 2018 

     

State FE - Y 

Clinic FE - Y 

*** p<0.01, ** p<0.05, + p<0.1  
 
Note: This table details the specific effects of the treatment in Study 2 on a clinic’s Shots per Patient Population 

(SPP) for a Fixed Effects and a Random Effects model on the “Partial Exclusion” clinic subset (N = 140). This can 

be interpreted as the Ranking treatment led to approximately 0.046 more shots per clinic patient, or that the Ranking 

clinics vaccinated approximately 4.6% more of their patient population than the control clinics. The Rebate 

treatment shows no statistically significant effect. Note the p-value for the Ranking group in column 2 just exceeds 

the 0.05 threshold. The errors for these models were clustered at the clinic level. The FE model controls for clinic 

fixed effects by design and drops state fixed effects due to their time-invariant nature. 
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Table 6: Regression Model – Robustness check of the effect of Compliance Care 2018 treatments 

(Rankings/Rebates) on Shots per Patient Population (DV1) for the “Full” and “Exclusive” clinic 

subsets 

  

Shots per Patient 

Population  

(1) 

Shots per Patient 

Population  

(2) 

Shots per Patient 

Population  

(3) 

Shots per Patient 

Population  

(4) 

       

RE/FE Model Fixed Effects Random Effects Fixed Effects Random Effects 

       

Treatment: Ranking      

 - Coefficient 0.0655** 0.0655** 0.0359 0.0359 

 - Standard Errors (0.0258) (0.0261) (0.0219) (0.0222) 

 - p-value 0.0123 0.0123 0.104 0.105 

Treatment: Rebate      

 - Coefficient 0.0272 0.0272 -0.000985 -0.000985 

 - Standard Errors (0.0270) (0.0273) (0.0224) (0.0226) 

 - p-value 0.316 0.320 0.965 0.965 

       

Observations 6,090 6,090 5,670 5,670 

# clinics 145 145 135 135 

Clinic Set Full Full Exclusive Exclusive 

       

State FE - Y - Y 

Clinic FE - Y - Y 

*** p<0.01, ** p<0.05, + p<0.1    
 

Note: This table details the specific effects of the treatment in Study 2 on a clinic’s Shots per Patient Population 

(SPP) for a Fixed Effects and a Random Effects models on the “Full” (N = 145) and “Exclusive” (N = 135) clinic 

subset. This can be interpreted as the Ranking treatment led to approximately 0.065 more shots per clinic patient in 

the Full clinic set, or that the Ranking clinics vaccinated approximately 6.5% more of their patient population than 

the control clinics in the full clinic set. Note the p-values in columns 3 and 4 for the Ranking group just exceed the 

0.10 threshold. The Rebate treatment shows no statistically significant effect in any of the clinic sets in any of the 

models. The errors for these models were clustered at the clinic level. The FE model controls for clinic fixed effects 

by design and drops state fixed effects due to their time-invariant nature. 
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Table 7: Regression Model – Effect of Compliance Care 2018 treatments (Rankings/Rebates) on 

clinic Percent Growth (DV2) for the “Partial Exclusion” clinic subset 

  

Percent Growth 

(1) 

    

RE/FE Model Random Effects 

    

Treatment: Ranking   

 - Coefficient 0.0793** 

 - Standard Errors (0.0395) 

 - p-value 0.0446 

Treatment: Rebate   

 - Coefficient 0.00398 

 - Standard Errors (0.0396) 

 - p-value 0.920 

    

Observations 2,800 

# clinics 140 

Clinic Set Partial Exclusion 

    

Patient Count Controls Y 

State FE Y 

*** p<0.01, ** p<0.05, + p<0.1 

 

Note: This table details the specific effects of the treatment in Study 2 on a clinic’s percent growth in 2018 for a 

Random Effects model on the “Partial Exclusion” clinic subset (N = 140). Because this model only examines 

percent growth in 2018, we cannot evaluate this model with a Fixed Effects model due to the time-invariant nature 

of the treatment (clinic status, ie, Ranking/Rebate/Control, does not change in 2018). The results show that, on 

average, the Ranking clinics grew by approximately 7.9% more in their shots than the Control clinics while 

controlling for clinic patient count and state fixed effects. The Rebate clinics shows no statistically significant 

difference in growth from the Control clinics. The errors for this model were clustered at the clinic level. 
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Table 8: Regression Model Sensitivity Analysis – Iterating the definition for “Last Place,” and the effect of moving into “Last Place” on a 

weekly change in shots per patient (SPPΔ, DV3) and a weekly change in shots given as a percent of clinic total (PCTΔ, DV4) 

  

SPPΔ 

(1) 

SPPΔ 

(2) 

SPPΔ 

(3) 

SPPΔ 

(4) 

SPPΔ 

(5) 

SPPΔ 

(6) 

SPPΔ 

(7) 

SPPΔ 

(8) 

SPPΔ 

(9) 

SPPΔ 

(10) 

SPPΔ 

(11) 

Variable Label DV3 DV3 DV3 DV3 DV3 DV3 DV3 DV3 DV3 DV3 DV3 

Low Flag = 1 if Rank: >= 36 >= 37 >= 38 >= 39 >= 40 >= 41 >= 42 >= 43 >= 44 >= 45 >= 46 

              

Coefficient: Low Rank 0.00991 0.0137** 0.0168*** 0.0173*** 0.0231*** 0.0242*** 0.0275*** 0.0309*** 0.0368*** 0.0411*** 0.0331*** 

 - Standard Errors (0.00629) (0.00612) (0.00577) (0.00600) (0.00635) (0.00671) (0.00773) (0.00944) (0.00872) (0.0116) (0.00604) 

 - p-value 0.122 0.0299 0.00560 0.00618 0.000709 0.000779 0.000883 0.00204 0.000119 0.000960 1.78e-06 

              

Week FE Y Y Y Y Y Y Y Y Y Y Y 

Observations 792 792 792 792 792 792 792 792 792 792 792 

# clinics 46 46 46 46 46 46 46 46 46 46 46 

            

  

PCTΔ 

(1) 

PCTΔ 

(2) 

PCTΔ 

(3) 

PCTΔ 

(4) 

PCTΔ 

(5) 

PCTΔ 

(6) 

PCTΔ 

(7) 

PCTΔ 

(8) 

PCTΔ 

(9) 

PCTΔ 

(10) 

PCTΔ 

(11) 

Variable Label DV4 DV4 DV4 DV4 DV4 DV4 DV4 DV4 DV4 DV4 DV4 

Low Flag = 1 if Rank: >= 36 >= 37 >= 38 >= 39 >= 40 >= 41 >= 42 >= 43 >= 44 >= 45 >= 46 

              

Coefficient: Low Rank 0.0161 0.0210+ 0.0234** 0.0235** 0.0321*** 0.0342*** 0.0396*** 0.0423** 0.0462*** 0.0533** 0.0420*** 

 - Standard Errors (0.0121) (0.0123) (0.0107) (0.0104) (0.0105) (0.0114) (0.0132) (0.0162) (0.0154) (0.0214) (0.00976) 

 - p-value 0.192 0.0939 0.0334 0.0284 0.00363 0.00446 0.00425 0.0122 0.00425 0.0166 8.95e-05 

              

Week FE Y Y Y Y Y Y Y Y Y Y Y 

Observations 792 792 792 792 792 792 792 792 792 792 792 

# clinics 46 46 46 46 46 46 46 46 46 46 46 

*** p<0.01, ** p<0.05, + p<0.1           
 

Note: This table details the specific effects Ranking clinics moving into various definitions of last place. As an example, Column 7 defines last place as any of 

the bottom 5 ranks (42, 43, 44, 45, 46 since all are greater than or equal to 42) and moving into these ranks leads to a +2.75% change in shots per patient 

population (DV3) the following week. Column 1 illustrates where the effect disappears, statistically speaking. There are 46 clinics in the Partial Exclusion subset, 

and so the bottom rank is Rank 46. All models were evaluated as Fixed Effects models, and the errors for all models were clustered at the clinic level. 
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11 Figures 

 

 

 

 

  

Figure 1: From Garten et al. (2018) - Cumulative rates of hospitalization for laboratory-confirmed influenza 

by week each season 
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Figure 2: Progression of total shots for Florida Non-CC Clinics in 2017 

 

Note: Week 33 starts with 14 August. Week 40 begins on 2 October. 

 

Figure 3: Progression of total shots for Control Clinics in 2018  

 

Note: Week 33 starts with 13 August. Week 40 begins on 1 October. 



52 

 

Figure 4: VaxHub Terminal, including UPC scanner and example vaccination vial 

 

 

Figure 5: Map of Florida clinics 

 

Note: Green markers indicate Compliance Care 2017 clinics. Red markers indicate Non-CC clinics. Clinics with 

similar locations may appear co-located.  
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Note: The Growth Chart illustrates the shots administered in the vaccination seasons in 2017 and 2018. The 

Administration Tiers are the rebate incentive thresholds based on Year-over-Year growth from 2017 to 2018. 

 

 

 

  

Figure 6: Weekly Status Template – Rebate Group 
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Figure 7: Weekly Status Template - Ranking Group 
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Figure 8: Performance gap between Ranking and Control clinics by rank at end of 2018 vaccination 

season 

 

 

Note: Higher ranks (ie, 42-46) are worse ranks which correspond to clinics with worse performance, defined along 

x-axis as Percent Growth, year-over-year. Lower ranks (ie, 1-5) are better ranks which correspond to clinics with 

better performance, similarly defined along x-axis as Percent Growth year-over-year. As a specific example, 

consider the comparison of the worst performing Ranking clinics with their respective Control clinics (top left of 

graph). While the low-performing Control clinics show a significant decline in vaccination rates (left edge of blue 

bar), the provision of performance feedback to the Ranking clinics results in only modest declines (right edge of 

blue bar) in their vaccinations and a sizable performance gap (total size of blue bar) between these two groups. In 

the top left quadrant of the figure, the average gap between Ranking and Control clinics who administered fewer 

shots in 2018 than in 2017 is 22.9%. 
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12 Appendix: Detailed Data & Summary Statistics 

 

Table 9: VaxCom Data Fields 

Clinic Information Shot Information 

Clinic zip code, state Date Shot Administered, or Date of Service (DOS) 

Clinic specialty (e.g. Flu-Only, Pediatric, etc.) Patient Year of Birth 

Date clinic administered first VaxCom vaccination Patient Gender 

Date clinic terminated VaxCom partnership* Patient Insurance-type 

Incentive targets for clinics in CC* Specific Product Administered 

*if applicable  
 

Table 10: Clinic shot total, number of clinic patients, and average date first flu shot given during 

season for “Partial Exclusion” clinic subset 

      2017 2018 

Control Avg. Clinic Shot Total  389 398 

  Avg. Clinic Patient Count  739 898 

  First Flu-Shot Date  4-Sep-17 2-Sep-18 

Ranking Avg. Clinic Shot Total  378 424 

  Avg. Clinic Patient Count  697 803 

  First Flu-Shot Date  2-Sep-17 31-Aug-18 

Rebate Avg. Clinic Shot Total  350 361 

  Avg. Clinic Patient Count  607 844 

  First Flu-Shot Date   4-Sep-17 31-Aug-18 

 

Note: These clinics were randomly assigned to either the Control, Ranking, or Rebate group, agreed to participate in 

CC 2018, and started the vaccination season as VaxCom partners in Compliance Care 2018. As such, this grouping 

includes some clinics who later terminated partnership with VaxCom during the vaccination season. We refer to this 

as the “Partial Exclusion” subset of clinics (N = 140). 
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Table 11: Clinic average flu shots administered by State & Year & CC Participation 

  2017 2018 

All States Non-CC 215 290 

  CC 2017 274 366* 

  CC 2018 366 399 

        

All States, CC 2018 Control 378 416 

  Ranking 373 424 

  Rebate 346 361 

        

AL Non-CC 0 326 

CO Non-CC 217 241 

  CC 367 415 

FL Non-CC 162 199 

  CC 2017 274 366* 

  CC 2018 357 391 

GA Non-CC 216 254 

  CC 344 401 

IL Non-CC 213 440 

IN Non-CC 242 253 

  CC 435 485 

KS Non-CC 332 424 

KY Non-CC 213 284 

  CC 364 372 

MO Non-CC 209 258 

  CC 244 259 

NY Non-CC 361 248 

OH Non-CC 262 297 

  CC 446 449 

OK Non-CC 0 246 

PA Non-CC 249 461 

  CC 368 401 

SC Non-CC 190 315 

  CC 395 407 

TX Non-CC 212 569 

WV Non-CC 280 302 
 

Note: Averages include all clinics who administered a non-zero number of shots in the given year. This subset of 

clinics is referred to as the “Exclusive” clinic subset and includes no clinics who terminated partnership with 

VaxCom (N = 135). 

*VaxCom continued to monitor CC 2017 clinics during the 2018 season. 
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13 Appendix: Study 1 – Further Robustness 

 

13.1 Sensitivity Analysis of First Place and Last Place Definitions 

To determine the robustness of these results to our definitions of first and last place, we can test the 

sensitivity of these results to other thresholds surrounding the top or bottom 10 ranks. When testing for 

FPL behavior in all 101 clinics, we continue to find no statistically significant effect when restricting to 

the top 5 or when relaxing to the top 15 (top 5% and 15% of rankings). When testing for LPA behavior in 

all 101 clinics, we continue to find a statistically significant effect when restricting to the bottom 9 ranks 

(p = 0.0643) after which the effect continues to be of similar size but not statistically significant (p = 

0.146, 0.104, and 0.117 when threshold set at bottom 8, 7 and 6, respectively). We also continue to find a 

statistically significant effect of similar size when relaxing to the top 15 ranks (p = 0.001).  



59 

 

14 Appendix: Clinic Distribution (Study 2) 

 

Table 12: Initial Distribution of Clinics after CC 2018 Enrollment 

  CO FL GA IN KY MO OH PA SC sum 

Treatment 

Arm 

Control 6 10 12 3 5 3 6 3 1 49 

Ranking 6 11 12 2 4 2 6 3 1 47 

Rebate 4 11 12 4 5 4 6 3 0      49 

      Total # of Clinics: 145 

 

Table 13: Clinic Distribution at Start of Vaccination Season 

  CO FL GA IN KY MO OH PA SC sum 

Treatment 

Arm 

Control 5 10 12 2 5 3 6 2 1 46 

Ranking 6 11 11 2 4 2 6 3 1 46 

Rebate 4 10 12 4 5 4 6 3 0 48 
 

     Total # of Clinics: 140 

 

Table 14: Final Clinic Distribution at Season End  

  CO FL GA IN KY MO OH PA SC sum 

Treatment 

Arm 

Control 4 10 12 2 4 3 6 1 1 43 

Ranking 6 10 11 2 4 2 6 3 1 45 

Rebate 4 10 12 4 4 4 6 3 0 47 
 

     Total # of Clinics: 135 
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15 Appendix: Further Robustness Tests 

 

15.1 Hausman Test of Random Effects Models 

We initially performed the reduced-form analysis controlling for fixed-effects. A common 

question of interest is whether a random-effect approach might produce more efficient results with less 

error. One could make the argument each clinic’s individual characteristics are randomly drawn from 

some population. A Hausman test is commonly performed to evaluate the validity of this argument. In a 

fixed-effect model, the estimator is always consistent, but may not be efficient. A random-effect estimator 

is efficient, but if the underlying assumption (the clinic specific characteristics are random) is violated, 

then the estimator will be inconsistent. The Hausman test checks to see if in the probability limit these 

two estimators converge, with the null hypothesis claiming the two estimators converge; accepting the 

null would imply the random-effect estimator is consistent and would be preferred over a fixed-effect 

estimator due to lower variance. 

One limitation of the Hausman tests is the clustering of standard errors. In the above analysis, 

errors were cluster at the clinic level after pooling all observations. A Hausman test requires 

heteroskedasticity and cannot include time fixed effects. Since the Fixed-Effects model is sufficient when 

considering the results of Section 7.2 and a Random-Effects model is the only feasible model in Section 

7.4, we did not apply any further Hausman tests to the above models. 
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16 Appendix: Data and Code Disclosure 

 

The data contained in the above paper is subject to a Non-Disclosure Agreement between the 

aforementioned researchers and VaxCom. Such an agreement prevents the sharing of data due to the 

sensitive nature of both the business model and the patient information. Here we seek to provide a 

construct of how the data is available in order to aid replication if one had access to a similar dataset. 

The shot records data as captured by VaxCom’s technology hub was provided to us with the 

following information for each shot. For the purposes of this paper, we only focused on flu related 

products and ignored the remaining vaccine products. We also ignored the payer category, provider 

identifier, and patient YOB. 

- Date of Service 

- Patient Year of Birth 

- Patient Gender 

- Clinic Identifier 

o Unique Count: 2,986 

- Provider Identifier 

o Unique Count: 4,230 

- Product Administered 

o Unique Count (Flu): 53 

- Payer Category 

o Employer Pay, Insurance Pay, Medicare, Medicare Advantage, Multiple, No Pay, Partner 

Billed, Self-Pay 

Separately, we were also provided with specific clinic information (see following). Using the Clinic 

identifier, we combined these two datasets and then the shot information was aggregated by day or by 

week (depending on this analysis) for each clinic. The resulting panel dataset included a cumulative count 

of flu shots given by day (week) for each clinic. As discussed in the paper, we focused only flu shots 

administered during the flu vaccine season which is between 1 August and 31 December. 

- Clinic Identifier 

- Partner Identifier 

- Clinic State (Variable: ClinicStatei) 

o Unique Count: 16 

- Zip Code 

o Unique Count: 1,392 

- The date that clinic first administered a vaccine through the VaxCom system 

- The clinic termination date (if applicable)  

- Clinic specialty: 

o Emergency Services, Family Medicine, Health Department, Internal Medicine, OBGYN, 

Onsite, Pediatric, Unknown 

- The clinic baseline for flu shots in 2016 (CC 2017 clinics) 
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- The clinic baseline for flu shots in 2017 

- The clinic baseline for flu shots in 2018 

- A binary flag for whether the clinic participated in CC 2017 (Variable: CCclinici) 

- A binary flag for whether the clinic participated in CC 2018 

- For CC 2018 clinics, their assigned grouping (Variable: TreatmentGroupi) 

o Control, Ranking, Rebate 

- The incentive tiers for a clinic in CC 2017 

- The incentive tiers for a clinic in CC 2018 (Rebate group) 

- The patient count for a CC 2018 clinic during the flu shot season in 2017 (Variable: 

PatientCount) 

- The patient count for a CC 2018 clinic during the flu shot season in 2018 (Variable: 

PatientCount) 

 

Using this dataset, we were able to calculate the following variables of interest: 

- Year/Month/Week were derived from the Date of Service 

- For clinics in CC 2017, each clinic’s cumulative percent progress to Tier 2 was calculated 

o This was the information that was provided to the clinic as well as the information that 

was used to calculate clinic rankings in 2017 

- Calculated CC 2017 clinic rankings by day (week) 

o Range: 1 to 101 

- For clinics in CC 2018, each clinic’s year-over-year percent growth was calculated exactly as 

VaxCom calculated it and displayed it to the clinics in the weekly email: 

o This measure was defined as the number of shots given each week divided by the number 

of shots given that same week the year before minus 1 to give percent growth 

o Prior to Week 49, 2018, this percent growth was rounded to the nearest 10% 

o Starting in Week 49, 2018, this percent growth was no longer rounded 

o If the clinic started vaccinating earlier in 2018 than they had in 2017, the percent growth 

was simply calculated as the total number of shots given to date  

- Given this year-over-year percent growth, the clinics in the Ranking group were assigned ranks 

identically to the way VaxCom assigned ranks: 

o Range: 1 to 46 

o Ties were assigned the same rank, with an appropriate number of gaps following the 

number clinics who were tied (similar to track and field rankings) 

o If the clinic started vaccinating later in 2018 than they had in 2017, no rank was assigned 

until the clinic started vaccinating 

o This Ranking was verified by comparing with VaxCom’s original CC data 

o We used the identical process to calculate the hypothetical ranks for the control group 

- Terminating clinics were assigned a binary flag (set equal to 1) if: 

o They terminated before the vaccine season began and so saw zero patients that season (ie, 

patient count mentioned above was equal to zero in 2018) 

o They terminated at any time before the end of the vaccine season 

o Separate analyses for each of these subsets of clinics were run as discussed in the paper 

(see discussion on Full, Partial Exclusion, and Exclusive clinic sets in Section 6.6) 
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- Each treatment group was treated as a factor variable 

o Control: 1 

o Ranking: 2 

o Rebate: 3 

- Each state with Compliance Care clinics was treated as a factor variable 

o States: CO, FL, GA, IN, KY, MO, OH, PA, SC  

o Assigned integer values 1 through 9 

- The following dependent variables were constructed as follows: 

o Shots per clinic patient was calculated for each clinic as cumulative number of flu shots 

given divided by the total number of patients a clinic saw that vaccine season (DV1, 

ShotsPerPatientPopit) 

o Percent growth in 2018 was calculated for each clinic as the cumulative number of flu 

shots given divided by the final total of shots given in 2017 minus 1 (DV2, 

PercentGrowthit) 

o Weekly change in shots per clinic patient was calculated for each clinic as the number of 

shots given that week divided by the total number of patients a clinic saw that vaccine 

season (DV3, SPPΔit) 

o Weekly change in percent of clinic capacity was calculated for each clinic as the number 

of clinic shots given that week divided by the final total of clinic shots given that season 

(DV4, PCTΔit) 

- The following independent variables were constructed as follows:  

o For 2017 (all CC clinics) and 2018 (the CC Ranking clinics), the HighRank flag was set 

to 1 if that clinic ranked in the top 10% (rounded up) that week, and zero otherwise 

(Variable: HighRankit) 

o For 2017 (all CC clinics) and 2018 (the CC Ranking clinics), the LowRank flag was set 

to 1 if that clinic ranked in the bottom 10% (rounded up) that week, and zero otherwise 

(Variable: LowRankit) 

o The 10% definitions were relaxed and constricted to test robustness as discussed in the 

paper 

 

The regression models were evaluated exactly as discussed in the paper using the above variable 

definitions and constructs. 

 


