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Abstract: 

Objectives: The purpose of this study was threefold. First, we gathered and synthesized the historic literature 

regarding electronic health record (EHR) adoption rates among physicians in small practices (ten or fewer 

members). Next, we constructed models to project estimated future EHR adoption trends and timelines. We 

then determined the likelihood of achieving universal EHR adoption in the near future and articulate how 

barriers can be overcome in the small and solo practice medical environment. 

Design: This study used EHR adoption data from six previous surveys of small practices to estimate historic 

market penetration rates. Applying technology diffusion theory, three future adoption scenarios, optimistic, best 

estimate, and conservative, are empirically derived. 

Measurement: EHR adoption parameters, external and internal coefficients of influence, are estimated using 

Bass diffusion models. 

Results: All three EHR scenarios display the characteristic diffusion S curve that is indicative that the 

technology is likely to achieve significant market penetration, given enough time. Under current conditions, 

EHR adoption will reach its maximum market share in 2024 in the small practice setting. 

Conclusions: The promise of improved care quality and cost control has prompted a call for universal EHR 

adoption by 2014. The EHR products now available are unlikely to achieve full diffusion in a critical market 

segment within the timeframe being targeted by policy makers. 

 

Article: 

On April 27, 2004 President Bush
1
 issued an executive order establishing the Office of the National Coordinator 

for Health Information Technology (ONCHIT) with the mission of implementing electronic health records 

(EHRs), nationwide, within ten years. Shortly thereafter, David Brailer was appointed the National Coordinator 

of this effort and introduced a strategic framework for fulfilling the universal adoption mandate. Significant 

barriers exist to achieving this lofty but worthy goal,
3
 and many of these are acknowledged in Brailer‘s 

framework. Given that this is not the first national call for achieving a paperless health care system, much can 

be learned from our nation‘s experience. 

 

In 1991, the Institute of Medicine (IOM) issued a report
4
 that which also called for paperless health records 

within ten years. As important and visionary as this call was, it received far less media, scholarly, and 

governmental attention compared to more recent reports by the IOM.
5,6

 To date, progress in integrating EHRs 

into the health care workplace has been slow,
7,8

 and the ambulatory setting has lagged other areas.
9
 The 

universal adoption of EHRs will bring with it many benefits including improvements in quality and the con-

comitant reduction in medical error rates, enhanced cost-effectiveness, and greater consumer involvement in 

their health care decision making.
10

 However, recent data suggest that less than 18% of physicians use EHRs in 

their offices.
11

 Therefore, the question remains; will the U.S. health system achieve universal EHR adoption by 

2014? And if not, what is the likely time horizon? 
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The purpose of this study was to answer the preceding questions by constructing three models that project likely 

EHR adoption patterns based on historic estimates. As such, this study has two aims. First, we quantified and 

graphically depicted the historic trend of EHR adoption among U.S. physicians in small practices (ten or fewer 

members) by applying diffusion modeling techniques
 12

 to EHR adoption estimates from six previous studies. 
7,11,13–16

 Based on that information, future implementation trends were extrapolated and discussed in terms of the 

two factors that drive the diffusion process – external and internal social influences.
17

 Second, based on 

published studies and the derived models, we determined the most probable time horizon for achieving 

ubiquitous EHR adoption. 

 

The current study makes three new contributions to the EHR research literature and policy debate. First, it 

allows policy makers to better understand how external and internal influences in the small practice setting will 

affect EHR adoption among physicians. Second, it provides a benchmarking model that can be used for 

planning and evaluating EHR adoption incentive programs that target small practices. Because small medical 

practices‘ are expected to be the last setting to widely adopt EHR technology,
9
 they in effect become the leading 

indicator for achieving a universally paperless health system by 2014. The current study also provides a means 

for systematically quantifying and tracking that indicator. Finally, the present study empirically estimates three 

future adoption scenarios using the Technology Diffusion Model. 

 

Methods 

The Technology Diffusion Model (TDM) 

Rogers
 17

 is credited with creating the technology diffusion theory that describes innovators (i.e., first adopters), 

early adopters, early majority, late majority, and laggards‘ adoption pattern. Further research by Bass
 12

 

empirically modeled the factors that predict new technologies‘ diffusion patterns as a function of external and 

internal influences. External influences, commonly labeled in the diffusion literature as innovation factors, are 

driven by information from a source outside the potential adopter‘s social system. Internal influences on a 

provider‘s decision to adopt a new technology, within their social system and are often referred to as social 

contagions in the diffusion literature.
18

 

 

Bass
 12

 was the first to develop commercial applications of such diffusion models. His models were developed 

to predict the uptake of consumer products based on the influence of various types of advertising campaigns. 

The Bass model predicts how many customers will eventually adopt a new product, and when they will do so, 

based on early market penetration rates. The basic formula for calculating the percentage of adopters at any 

point, using discrete time notation, can be written as
19

: 

 

 
where F(t) = the number of adoptions occurring in period t, p = coefficient of innovation capturing the intrinsic 

tendency to adopt and the effect of time invariant external influences, q = coefficient of imitation or social 

contagion capturing the extent to which the probability that one adopts (given that one has not yet done so) 

increases with the proportion of eventual adopters who have already opted in, and t = period of measurement. 

 

The model has several attractive properties. For example, given multiple time point measurements, it is possible 

to solve for p and q. The parameters p and q provide information about the rate of diffusion. A high value for p 

indicates that the diffusion has a quick start but also tapers off quickly. A high value of q indicates that the 

diffusion starts slowly but later accelerates. When q is larger than p, the cumulative number of adopters F(t) + 

F(t — 1) follows the type of S curve often observed for high risk, innovative products that take extended time 

frames to become widely used. When q is smaller than p, the cumulative number of adopters follows an inverse 

J curve often observed for less risky innovations, such as the adoption of new consumer durables (e.g., washers 

and dryers). Once p and q are known, the time (t*) at which the peak adoption rate occurs (i.e., the 

period when the largest number of individuals adopts) can be calculated as
20

: 

 



 
 

This calculation is commonly referred to as the inflection or ‗‗tipping point‖
18

 when the diffusion paradigm 

becomes self-sustaining. 

 

To forecast the adoption path of a new product with a diffusion model, the researcher assigns values for the 

model‘s parameters based on experiences with comparable goods. From a marketing perspective, this is 

problematic because realistic forecasts for new product adoption are needed early on in the product‘s life, when 

very few data exist. However, once sufficient adoption level data become available, usually after three or more 

periods, the researcher can then estimate p and q using the basic Bass model (Eq. 1). In the case of EHRs, 

empirically derived point estimates of medical practices‘ adoption levels are relatively rare. However, an 

adequate number of studies have now been conducted to estimate the equation. These studies are described in 

the next section. 

 

Data Sources 

Data for the current analyses were drawn from six previous studies (please see Table 1, ‗‗Studies of EHR 

Adoption in the Ambulatory Setting,‖ available as a JAMZA online supplement at www.jamia.org). Heuristic 

estimates, or ‗‗best guesses,‘‘ of physicians‘ current EHR adoption levels in their practice setting vary widely 

and range from 5% to 25%. 
21,22

 Using published data, point estimates for EHR adoption rates were obtained. 

For example, empirical studies of EHR adoption conducted in both 2001
23

 and 2002
14

 served as those periods‘ 

estimates. Additionally, there were four separate studies conducted during 2003.
7,11,13,16 

The Audet et al.
7
 study 

is the most extensive to date and found that between 18% and 24% of physicians‘ in small practices used EHRs 

routinely in their offices during 2003. The other three studies‘ estimates also fell within that range. Therefore, 

the four studies‘ estimates of office based EHR use, in practices with fewer than ten practitioners were averaged 

and gave a point estimate of 18.325% (standard deviation [SD] = 1.828). Given these three point estimates, it is 

possible to empirically derive the diffusion curves‘ historical shape, potential future trends, and the external (p) 

and internal (q) influence coefficients. 

 

Diffusion Estimation Technique 

The statistical extrapolation was conducted in Microsoft Excel using the linear optimization tool. The object 

was to have unique estimates for the external and internal influence coefficients that approximated the known 

adopter percentages as closely as possible for all three years. The objective function was the summed 

differences between estimated and actual adoption levels for the three known years, and the target value was 

zero, or as close to zero as possible. One constraint was applied to the optimization routine. The difference be-

tween the actual and estimated percentages of adopters for any year had to be less than 0.5% in absolute terms. 

All the studies analyzed provided either current adoption level ranges or enough information to calculate the SD 

of estimates for that year. In the case of 2003, the year with four separate analyses, the SD of the individual 

estimates was calculated (SD = 1.828). The 2001 and 2002 studies‘ SDs were 0.75 and 1.75, respectively. The 

SDs were both added and subtracted from the best estimate to create two addition scenarios, the ―optimistic‖ 

and ―conservative‖ diffusion curve estimates, using the linear optimization approach described above. 
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Results 

Statistical Estimates of EHR Diffusion Curves  

Using Eq. 1 and linear optimization, the coefficients of external (p) and internal (q) influences were estimated 

for all three [T2] scenarios. Table 2 presents the three different diffusion scenarios‘ external and internal 

influence coefficients, their tipping points (Eq. 2), and the projected adoption levels in 2014, the ONCHIT‘s
24

 

goal for universal EHR use. All three scenarios display the characteristic S curve that is indicative that the 

technology is likely to achieve significant market penetration, given enough time. 

 

Figure 1 presents the EHR diffusion curves based on the standard Bass Model of Innovation Diffusion and the 

estimates of physicians‘ EHR adoption rates outlined in Table 2. Based on the 2001–2003 data, EHR prevalence 

in the small practice setting for 1991 was less than 1%. This finding is consistent with the initial IOM report‘s 

findings for that period and provides external validity to this study‘s analyses. The extrapolated model indicates 

that EHR diffusion will plateau for all three models around 2024 with 95%, 90%, and 87% t adoption levels, 

respectively. The implications of these three models for policy makers are discussed next. 

 

Discussion 

Implications for Achieving the 2014 EHR Diffusion Goal 

Two questions motivated this study. First, can the U.S. health care system achieve universal EHR adoption by 

2014? Based on recent assessments of small practices‘ EHR adoption rates and prospective innovation diffusion 

modeling, we present evidence to suggest the answer is no. The question then becomes what is the magnitude of 

the challenge facing policy makers, or what is the most likely time horizon for universal EHR adoption? The 

most conservative estimate is that 86.6% of physicians in small practices will be using EHRs in 2024. In other 

words, at the current adoption rate, the goal of universal adoption will take more than twice as long as desired. 

This gives rise to a third question: where should policy makers focus their efforts to accelerate EHR adoption. 

 

Identifying the Providers to Target for EHR Adoption  

Nearly 60% of all physicians practice in groups with ten or fewer doctors, and a significant amount of all patient 

encounters therefore occur in these settings.
25,26

 Thus, small ambulatory practices are where the patient histories 

essential to an effective nationwide EHR system are generated. Further, physicians in small practices are likely 

to be among the late majority and laggards in the product adoption life cycle. Therefore, the critical path for 

effectively achieving the EHR capabilities sought in the 2014 universal adoption goal runs through small group 

and solo practices. The potential to accelerate the EHR adoption rate, by increasing the external (p) and internal 

(q) influence coefficients among these providers is considered next. 

 

External Factors Influencing EHR Adoption 

The external diffusion coefficient estimates for EHRs are already relatively large compared to other medical 

equipment technologies, such as ultrasound imaging (p = 0.000), mammography (p = 0.000), and use of 

computed tomography scanners (p = 0.036), all of which diffused quickly.
27,28

 Compared to other consumer 

electronics designed to support decision making, such as calculators (p = 0.143) and personal computers (p = 0. 

121), the external influence coefficient is relatively small. However, reaching the tipping point in EHR adoption 

is qualitatively different from electronic tools such as calculators and computers. 

 

Electronic health record implementations represent a disruptive change in the health care workplace. In addition 

to the introduction of new equipment, the job design of interconnected health professionals must be 

reengineered to effectively and efficiently accommodate the technology. In this respect, EHRs may follow the 

slower adoption pattern of ―general purpose‖ technologies that are pervasive today, such as electric motors in 

manufacturing, which required the transformation of entire industries. General purpose technologies typically 

take relatively long periods to reach the diffusion tipping point and do not deliver productivity gains 

immediately upon arrival.
29

 The latter point has been a frequently identified barrier to EHR adoption.
9
 

Nevertheless, other countries have been able to effectively promote EHR diffusion. 

 

 



 

In other mature health care systems, such as Australia and Western Europe, various forms of EHRs have been 

widely adopted .
30

 In those systems, there have been significant governmental efforts to partner with physicians 

or subsidize the cost of the new technology, respectively. The policy mechanism most commonly discussed for 

increasing EHR‘s external influence coefficient in the United States is the introduction of clinical reporting 

mandates. The Centers for Medicare and Medicaid Services (CMS) has introduced several new reporting 

requirements for hospitals with quality improvement and cost control as the primary objectives.
31

 As reporting 

requirements increase, the only feasible mechanism for gathering such data will be the EHR. While such 

programs may be of some use, they may not advance the goal of full EHR adoption significantly, because U.S. 

providers tend to respond negatively to such mandated-use policies,
 32,33

 particularly in comparison to their 

international counterparts.
34

 Therefore, some external stakeholders are taking a more positive approach to 

accelerating EHR adoption rates. 

 

Pay-for-performance (P4P) programs would reward physicians for using EHRs in their clinical practices. There 

are currently over 100 P4P programs in the United States designed to improve the quality of care and adherence 

to best demonstrated practices, often relying on EHRs to provide the required documentation.
35

 CMS, under its 

demonstration authority, intends to carry out P4P demonstration programs in the future related to EHRs. Cisco, 

a computer networking company, introduced a program that paid California physicians‘ groups more than $50 

million for achieving key quality metrics and investing in EHR technology in 2004.
36

 Despite these positive 

incentives, some physicians see P4P programs as a third-party attempt to overly influence medical practice, 

decrease costs, and increase profits for payers.
35 

 

As such, relying solely on external influences to achieve full EHR diffusion by 2014 is unlikely to be a 

successful strategy. The internal influence factor appears to be more powerful for accelerating diffusion than the 

external one. This phenomenon is apparent by comparing the optimistic scenario‘s external and internal 

coefficients (Table 2) to the other two scenarios‘ values. The external influence factor in the optimistic model is 

slightly lower than the other two models‘ values while the internal coefficient is markedly higher. This suggests 

that increasing the internal influences (e.g., social contagions) has a far greater impact on the overall adoption 



rate than a similar increase in external factors. Furthermore, it is possible for external stakeholders to have a 

positive impact on social networks‘ internal technology diffusion mechanisms, as noted below. 

 

Internal Factors Affecting EHR Adoption  

Compared to other medical technologies that diffused rapidly, such as ultrasound imaging (q = 0.510) and 

mammography (q = 0.738), the internal influence coefficients for all the EHR models are relatively low. In 

order to rapidly accelerate a technology‘s diffusion, it is essential to increase the internal or social contagion 

factors that influence adoption decisions. Otherwise, EHR adoption rates among small practices will remain 

relatively low and time horizons for complete adoption will remain distant. 

 

One aspect of adopting EHRs that physicians in small practices have had to internalize is the system‘s initial 

purchase and ongoing operational costs. The return on investment for an EHR system does not accrue to the 

provider in the short run under many reimbursement schemes.
37

 Instead, the savings from improved care 

efficiency and quality typically flow back to health care insurers or payers as a reduction in service use.
38

 

Another significant barrier to adoption has been vendor transience; many early EHR companies are no longer in 

business or are in precarious financial positions.
39 

 

The adoption risk associated with vendor volatility could be mitigated if common data standard were 

implemented across the sector. There would still be significant changeover costs in the event of a vendor 

failure, but the initial cost of creating the EHRs would not be totally lost. In addition to the monetary costs, 

system changeovers negatively affect physicians‘ workflows, something they are keen to avoid.
40 

 

Physicians have historically relied on their professional peers as their primary source of information related to 

new technologies.
41,42

 The medical community‘s professional culture makes it a very close-knit social network 

that views external attempts at instituting controls as an assault on its autonomy.
43

 Further, the physician 

community does not, in general, have a strong grasp of the quality improvement processes that are being 

targeted at them.
44

 Collectively, the medical community‘s social mechanisms that influence adoption decisions 

view EHRs as a potential threat to professional autonomy. This may be particularly true among physicians in 

small practices who value the freedom and autonomy they provide. 

 

There is extensive research on ways to influence physicians‘ internal social networks. Passive dissemination 

strategies, such as journal articles and mailings, are typically ineffective.
45

 The use of ‗‗thought leaders‖ to 

influence social networks and change clinical behaviors has experienced some success. However, given that 

many of targeted adopters are working in solo practices, this may not be a broadly applicable intervention. 

Therefore, an interactive educational strategy is likely to be most influential in penetrating physicians‘ social 

networks, particularly those in small practices. 

 

Educating Physicians’ Social Networks 

There are three interactive educational mechanisms that external stakeholders might use to increase the internal 

influence coefficient related to EHR use. The first is medical education. Many medical schools and residency 

programs do not currently employ or train future physicians in the use of EHRs. Training the future medical 

workforce to rely on EHRs and their decision-support tools can only serve to accelerate universal EHR 

adoption. Further, the acculturating medical students and residents to EHRs during this formative period signals 

that EHRs are valued by the profession. The second potential channel for influencing physicians‘ social 

networks is through the continuing medical education (CME) requirement. However, CME interventions have 

not proven to be particularly effective in changing providers‘ behaviors in other clinical areas.
46,47

 The last 

active educational mechanism for accessing physicians‘ social networks is academic detailing. Academic 

detailing involves indepth one-on-one training sessions with physicians and is an effective mechanism for 

altering physicians‘ behaviors.
48–50

 

 

Collectively, the interactive educational approaches hold the greatest power to hasten universal EHR adoption. 

However, they also carry the highest price tag and require major coordination efforts to implement. It is 



essential that medical education, including residencies, takes place in environments that use EHRs. In addition, 

programs designed to give physicians extensive academic detailing in their practices provide the greatest 

promise for spurring universal adoption by 2014. 

 

Measuring the Level of EHR Diffusion 

The present study‘s projections are limited in two respects. From a theoretical perspective, the future diffusion 

of EHRs may follow a discontinuous rather than an S-shaped trajectory. Under such conditions, the EHR 

adoption rate will not grow in a gradual, evolutionary process, but rather a series of revolutionary leaps forward 

will occur as external pressures and new product innovations increase.
51

 Given the significant amount of 

activity in the health care arena related to increasing EHR adoption, this scenario is one that may occur. 

 

A second limitation in the study‘s design is that it relies on previously conducted survey estimates regarding 

historic EHR adoption rates. Consistent with all survey methodologies, the results of those studies may have 

been biased in an upward direction. This may have occurred because physicians who already used EHRs, 

‗‗early adopters,‘‘ were potentially more likely to respond to inquiries about such systems compared to 

nonusers. Also, respondents to the previous surveys may have provided answers to questions in a socially 

desirable manner. In such instances, the inclination would be to respond positively on familiarity and frequency 

of EHR use. A third potential source of bias lies in how EHRs were defined in previous studies. Respondents 

may have viewed their nonclinical automated systems (i.e., electronic scheduling and billing) as EHRs. 

Moreover, users of less robust systems may have responded positively despite the fact that key capabilities of a 

minimal EHR may not have been present.
 52

 All these biases serve to inflate the previous estimates of EHR 

adoption. Therefore, even our conservative estimates of future adoption trends may be overstated, creating a 

need for more rigorous studies. 

 

Both limitations can be addressed by conducting more comprehensive surveys of small practices‘ EHR use. In 

particular, tracking the incidence of EHR adoption over time, using accepted statistical approaches and national 

sampling methodologies, would be helpful. The Agency for Healthcare Research and Quality has established 

the National Resource Center for Health Information Technology to monitor and disseminate information about 

EHR diffusion.
53

 Therefore, it seems likely that improved assessments of adoption rates will be forthcoming. 

 

Conclusions 

Electronic health records hold promise in improving health care quality and efficiency. However, health care is 

decades behind other industries with respect to information technology (IT) adoption. Stakeholders in the 

medical community, including the government and other payers, have emphasized the urgent need to adopt IT 

systems. In the U.S. health care system, health IT and EHR use will likely continue to increase, but at what 

rate? This study suggests that the EHR products currently available are unlikely to achieve full diffusion in the 

desired time frames. Regardless of the products available, the factors influencing adoption patterns (i.e., exter-

nal and internal coefficients) are also unlikely to change absent significant incentives that have a positive impact 

on small practice physicians‘ social networks. A lot of time has already elapsed between the introduction of 

viable EHR technologies and today. Referred to as ‗‗long intergenerational periods,‖ slow progress in product 

innovations negatively affect subsequent adoption rates as the market tends to repeat its diffusion history.
54

 

 

There is growing recognition that the EHR diffusion process is multifaceted in nature and that no single tactic 

will successfully address all the barriers to adoption in the physicians‘ small practice setting.
55

 The programs 

offered by Brailer and the ONCHIT addresses many of these issues. However, there is not an empirical 

evaluation framework for tracking progress to aid them in their efforts. This study provides such a framework 

and benchmarks to evaluate new programs‘ progress in increasing EHR adoption. 

 

Future research that draws on cross-national comparisons of government programs and their effect on diffusion 

factors could help shape policy makers‘ attempts to accelerate EHR adoption among small providers. In 

particular, it would be informative to have indepth information on how physicians and other providers react to 



the government-introduced standards. In addition, studying how patients in other countries reacted to EHRs‘ 

introduction of and the potential threats to their privacy are important issues because one commonly 

stated goal of federal leaders is to increase consumers‘ access to the medical histories. 

 

References  

1. Bush GW. Executive order: establishment of White House office of faith -based and community initiatives. 

In: White House; 2001. 

2. Office for the National Coordinator for Health Information Technology. The decade of health information 

technology: delivering consumer-centric and information-rich health care. Washington, DC: 2004 July 21. 

3. Middleton B, Hammond WE, Brennan PF, Cooper GF. Accelerating U.S. EHR adoption: how to get there 

from here: recommendations based on the 2004 ACMI retreat. J Am Med Inform Assoc. 2005;12:13–9. 

4. Institute of Medicine. The computer-based patient record: an essential technology for health care. 

Washington, DC: National Academy Press; 1991. 

5. Institute of Medicine. Crossing the quality chasm: a new health system for the 21st century. Washington, 

DC: National Academy Press; 2001. 

6. Institute of Medicine. Patient safety: achieving a new standard for care. Washington, DC: National 

Academy Press; 2004. 

7. Audet A-M, Doty M, Peugh J, Shamasdin J, Zapert K, Schoenbaum S. Information technologies: when will 

they make it into the physicians‘ black bags? Medscape Gen Med. 2004;6:online. 

8. Menachemi N, Burke D, Brooks R. Adoption factors associated with patient safety related information 

technologies. J Healthcare Qual. 2004;26:39–44. 

9. Ash JS, Bates DW. Factors and forces affecting EHR system adoption: report of a 2004 ACMI discussion. J 

Am Med Inform Assoc. 2005;12:8–12. 

10. Zhang J, Patel VL, Johnson TR. Medical error: is the solution medical or cognitive. J Am Med Inform 

Assoc. 2002;9(6 Suppl):S75–7. 

11. Burt CW, Hing E. Use of computerized clinical support systems in medical settings: United States, 2001-03. 

Adv Data. 2005;353: 1–5. 

12. Bass FM. A new product growth model for consumer durables. Manag Sci. 1969;15:215–27. 

13. Andrews JE, Pearce KA, Sydney C, Ireson C, Love M. Current state of information technology use in U.S. 

primary care practice-based research network. Inform Primary Care. 2004;12:11–8. 

14. Loomis GA, Ries JS, Saywell RM Jr, Thakker NR. If electronic medical records are so great, why aren‘t 

family physicians using them? J Fam Pract. 2002;51:636–41. 

15. Miller RH, Sim I. Physicians‘ use of electronic medical records: barriers and solutions. Health Affairs. 

2004;23:116. 

16. Versel N. Connect the docs. Modern Healthcare. 2004;34:48. 

17. Rogers EM. Diffusion of innovations. New York: Free Press of Glencoe; 1962. 

18. Gladwell M. The tipping point: how little things can make a big difference. Boston: Little Brown; 2000. 

19. Robert-Ribes J. Predicting the speed of technology introduction. Aust Venture Capital J. 2005. 

20. Van de Bulte C. Want to know how diffusion speed varies across countries and products? Try using a Bass 

model. PDMA Visions. 2002;XXVI:12–5. 

21. Blair R. EMRs, quality of care and patient perception. Health Manag Technol. 2003;24:38. 

22. Rogoski RR. You say tomato and. Health Manag Technol. 2002; 23:24. 

23. Miller RH, Hillman JM, Given RS. Physician use of IT: results from the Deloitte Research Survey. J 

Healthcare Inform Manag. 2004;18:72–80. 

24. Brailer DJ. EHRs: the Fed‘s big push. Med Econ. 2004;81:28–9. 

25. Reed MC, Grossman JM. Limited information technology for patient care in physician offices. In: Issue 

brief: findings from HSC: Center for Studying Health System Change; 2004. 

26. Rittenhouse DR, Grumbach K, O‘Neil EH, Dower C, Bindman A. Physician organization and care 

management in California: from cottage to Kaiser. Health Affairs. 2004;23:51. 

27. Lilien GL, Van de Bulte C. Diffusion models: managerial application and software. University Park, PA: 

The Pennsylvania State University; 1999. 



28. Sillup GP. Forecasting the adoption of new medical technology using the Bass model. J Health Care 

Market. 1992;12:42. 

29. Bresnahan TF, Trajtenberg M. General purpose technologies: engines of growth? J Econometrics. 

1996;65:83–108. 

30. Terry NP. Electronic health records: International, structural and legal perspectives. J Law Med. 

2004;12:26–39. 

31. Gebhart F. CMS dangles carrot in hopes of improving care in hospitals. Drug Topics. 2003;147:80. 

32. Doolan DF, Bates DW. Computerized physician order entry systems in hospitals: mandates and incentives. 

Health Affairs. 2002; 21:180. 

33. Brown SA, Massey AP, Montoya-Weiss MM, Burkman JR. Do I really have to? User acceptance of 

mandated technology. Eur J Inform Syst. 2002;11:283. 

34. Starr P. The social transformation of American medicine. New York: Basic Books; 1982. 

35. May EL. Take the lead or take your chances: engaging physicians in pay-for-performance. Healthcare Exec. 

2005;20:24–9. 

36. McGee MK. What the doctor ordered. Inform Week. 2005;1045:57. 

37. Bolster C. National health IT initiative moves into action an interview with David Brailer. Healthcare Finan 

Manag. 2005; 59:92–3. 

38. Leatherman S, Berwick D, Iles D, Lewin LS, Davidoff F, Nolan T, et al. The business case for quality: case 

studies and an analysis. Health Affairs. 2003;22:17–30. 

39. Bates DW, Ebell M, Gotlieb E, Zapp J, Mullins HC. A proposal for electronic medical records in U.S. 

primary care. J Am Med Inform Assoc. 2003;10:1–10. 

40. Overhage JM, Perkins S, Tierney WM, McDonald CJ. Controlled trial of direct physician order entry: 

effects on physicians‘ time utilization in ambulatory primary care internal medicine practices. J Am Med Inform 

Assoc. 2001;8:361–71. 

41. Gabbay J, le May A. Evidence based guidelines or collectively constructed ―mind lines?‖ Ethnographic 

study of knowledge management in primary care. BMJ. 2004;329:1013–6. 

42. Coleman JS, Menzel H, Katz E. Medical innovation: a diffusion study. Indianapolis: Bobbs-Merrill; 1966. 

43. Edwards N, Kornacki MJ, Silversin J. Unhappy doctors: what are the causes and what can be done? BMJ. 

2002;324:835–8. 

44. Audet A-MJ, Doty MM, Shamasdin J, Schoenbaum SC. Measure, learn, and improve: physicians‘ 

involvement in quality improvement. Health Affairs. 2005;24:843–53. 

45. Heffner JE. Altering physician behavior to improve clinical performance. Top Health Inform Manag. 

2001;22:1–9. 

46. Davis DA, Thomson MA, Oxman AD, Haynes RB. Changing physician performance. A systematic review 

of the effect of continuing medical education strategies. JAMA. 1995;274:700–5. 

47. Oxman AD, Thomson MA, Davis DA, Haynes RB. No magic bullets: a systematic review of 102 trials of 

interventions to improve professional practice. CMAJ. 1995;153:1423–31. 

48. Levac KA. Putting outcomes into practice in physician offices. J Nurs Care Qual. 2002;17:51–62; quiz, 90. 

49. Landry MD, Sibbald WJ. Changing physician behavior: a review of patient safety in critical care medicine. 

J Crit Care. 2002;17: 138–45. 

50. Badger SL, Bosch RG, Toteja P. Rapid implementation of an electronic health record in an academic 

setting. J Healthcare Inform Manag. 2005;19:34–40. 

51. Misa TJ. Retrieving sociotechnical change from technological determinism. In: Smith MR, Marx L, editors. 

Does technology drive history: the dilemma of technological determinism. Cambridge, MA: MIT Press; 1994. 

p. 115–41. 

52. Institute of Medicine. Key capabilities of an electronic health record system. Washington, DC: National 

Academy Press; 2003. 

53. Swartz N. U.S. hands out technology grants for healthcare. Inform Manag J. 2005;39:14. 

54. Kohli R, Lehmann DR, Pae J. Extent and impact of incubation time in new product diffusion. JProduct 

Innovation Manag. 1999;16:134. 

55. Fernandopulle R, Ferris T, Epstein A, McNeil B, Newhouse J, Pisano G, et al. A research agenda for 

bridging the ‗quality chasm.‘ Health Affairs. 2003;22:178–90. 


