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USING SURVEY RESPONDENT JUDGMENT OF IMPACT 

TO EVALUATE BUSINESS SUPPORT PROGRAMS 

 

 

"Give them the third best to go on with; the second best comes too late, the best never comes.”  

Robert Watson-Watt1 

 

INTRODUCTION 

 

This paper aims to contribute to the practice of business support program (BSP) evaluation.  

Researchers have advanced our knowledge of the general effectiveness of business support 

programs through the use of rare datasets and exemplary methodological approaches (Bakhshi et 

al, 2013; Bronzini & Iachini, 2014; Cumming & Fischer, 2012; Czarnitzki et al, 2011; Furnam et 

al., 2015).  Such studies are undertaken at the discretion of researchers as suitable datasets 

become available.  The objective is the advancement of theory and methods, particularly 

methods that account for endogenity—the possibility that superior firm performance is not the 

consequence of the intervention.   

 

BSP managers and funders are less interested in whether or not programs work in general or in 

the advancement of methods, and more interested in the effectiveness of specific programs and 

how effectiveness can be improved.  They are sometimes advised to use state of the art tools to 

assess effectiveness (Crespi et al., 2011; Jaffe, 2002; Smith, 2004; Storey, 2000), but almost 

never do.  This leaves an evaluation void that is characterized by a lack of knowledge on how to 

improve programs and which is exploited by politicians to cancel or promulgate programs on the 

basis of political considerations. 

 

With the objective of improving the practice of BSP evaluation, in this paper I present argument 

and evidence in support of using survey respondent judgment of attribution.  As I will show, 

	
1 Robert Watson-Watt, who developed early warning radar in Britain to counter the rapid growth of the Luftwaffe, 
propounded a "cult of the imperfect". 
	



survey data is widely used, including by some of the most rigorously designed studies.  But the 

use of survey respondent judgment of attribution is less widely used, and to my knowledge it has 

never before been used in the systematic evaluation of a large number (60) of programs.  The 

benefits of the approach I describe are that it is applicable in situations where samples are small, 

suitable secondary data and control groups are unavailable, and timeframes are short, making 

alternative approaches infeasible.  It provides estimates of impact on multiple dimensions, and 

results that are comparable, even across diverse programs. 

 

I make no argument that the use of survey respondent judgment of impact is the best approach to 

evaluation in all circumstances.  Like the choice of frequency for the radar-based aircraft 

detection system developed by Robert Watson-Watt and his colleagues to detect enemy aircraft, 

the approach I describe may be considered third best in theory.  But in many important 

situations, notably where programs are small and specialized, offering knowledge-based 

services, it is one of the few methods that are feasible, and may be one of the best of the 

available alternatives. 

 

I set the stage by reviewing the prevailing methodological advice on evaluation, focusing on the 

data requirements and implications for practice.  I then consider alternative data sources 

(administrative data, secondary and primary survey data, and interview data), their use in 

research studies, and their strengths and limitations.  In the empirical section of the paper I 

examine the reliability of 5,346 survey responses in which the judgment of survey respondents 

was used to evaluate the impact of 60 BSPs.  The programs include business incubators, 

economic development organizations, industry associations, research networks, and research 

institutes.  Three tests of the reliability of the judgment of attribution data are conducted.  First I 

examine consistency with theoretical expectations, examining relationships between the intensity 

of use of program services, impacts on firm resources and capabilities, and impacts on firm 

performance, finding significant associations.  Second, for a single program that was evaluated 

both using survey respondent judgment of attribution and propensity score matching, I compare 

the results and find broad agreement.  And third, I consider the repeatability of results for 

programs that have been evaluated on multiple occasions—a demanding test given the program 

services, program clients, or the business environment may have changed.  I find that in most 



cases there is significant persistence in evaluation results.  In the discussion section I reflect on 

the findings and consider limitations and future research. 

 

ALTERNATIVE METHODOLOGICAL APPROACHES 

 

Reliability is the chief objective of evaluations of the effectiveness of government interventions.  

The major difficulty in achieving reliable assessments of the performance of BSPs is 

distinguishing between cause and effect.  It might be that BSPs cause (contribute to) superior 

firm performance (a treatment effect), or that high performing firms are served by BSPs (a 

selection effect).  Methodologies are commonly appraised in terms of their ability to provide 

reliable results (Jaffe, 2002; Smith, 2004; Storey, 2000). 

 

In the following discussion of alternative methodological approaches I consider five possibilities:  

natural experiments, experimental designs, quasi-experimental designs, other quantitative 

approaches, and qualitative approaches.  My focus is on the feasibility and advisability of using 

each approach in practice. 

 

The practical setting differs from the research setting with regards to objectives, the timing of 

evaluation, the nature of the program being evaluated, and the expertise of both the producers 

and consumers of the evaluation.  In practice, the objective of evaluation may be the evaluation 

itself, the political cover provided by conducting an evaluation, or learning how to improve 

program delivery.  In research, the objective is the advancement of theory or methodology and 

the evaluation is interesting only insofar as it serves this end.  In research, evaluations of the sort 

that have been conducted in the past are rarely interesting.  It is often only by exploiting new 

datasets and new methodologies that researchers are able to arrive at new insights of theoretical 

interest.  In practice, timing will be driven by organizational or political concerns, in research it 

is typically driven by the discovery of a suitable dataset.  In practice the program may serve few 

clients and may not have a long history.  These are the most vulnerable programs and vulnerable 

programs may seek, or may be required to conduct, evaluations.  In research the program is 

chosen because its scale and longevity make a rigorous evaluation possible.  And finally, in 

practice the both the producers and consumers of evaluations have less interest and expertise in 



evaluation than do researchers.   As a consequence, sophisticated statistical methodologies are 

rarely employed. 

 

Natural experiments 

Natural experiments are not generally advocated as an approach to evaluation, either in research 

or in practice, likely because they are rare and difficult to exploit.  Still, they are worth including 

in the discussion because they present rare opportunities for highly robust results without the 

downsides of experimental designs (discussed below).  As an example, Sine et al., (2005) take 

advantage of the fact that in 1978, the US Congress passed a law requiring utilities to purchase 

and distribute power from independent power plants.  Using this event as a natural experiment, 

the researchers look at the differential impact of the change in the regulatory environment on 

new entrants commercializing risky, as opposed to established, technologies.  They find that the 

change had an effect on all new entrants, but had a greater effect on entrants commercializing 

risky technologies than on those commercializing established technologies.  Opportunities for 

natural experiments in the assessment of business support programs are present when 

governments make significant changes to large programs such as those that provide R&D tax 

credits.   

 

Experimental research designs 

Experimental research designs, and randomized controlled trials (RCTs) in particular, are 

generally regarded as the gold standard in evaluation (Jaffe, 2002; Smith 2004; Storey, 2000).  In 

a RCT, support is provided to a randomly selected subset of suitably qualified applicant firms, 

and the performance of the treated and untreated firms is compared.  Selection bias is eliminated 

because firms neither self-select for participation in the program (both treated and untreated 

firms present themselves as applicants, so any self-selection that occurs at that stage is common 

to both groups), nor are they selected on a competitive basis by program managers or their 

delegates.  Regression discontinuity (RD) design is an alternative to a RCT that involves only 

partial random selection.  In a RD design, program applicants are ranked.  All top-ranked 

applicants are accepted, all bottom-ranked applicants are rejected, and a randomly selected group 

of middle-rank applicants are accepted. 

 



RCTs are rarely used. I am aware of only one instance in which a RCT was used to evaluate a 

business support program (Bakhshi et al., 2015), and Crespi et al, (2011) report that RCTs have 

not been used to evaluate Science, Technology and Innovation Programs (STIP).  RD is a more 

commonly used approach.  Bronzini and Iachini, (2014) use a RD framework to evaluate R&D 

tax credits in Italy and Furman et al. (2015) use a RD framework to evaluate China’s Innofund 

program.  Several researchers have observed that while RCTs are frequently used to evaluate the 

effectiveness of medical, labour, education, and international development interventions, they are 

conspicuously absent in the evaluation of business support interventions (Bakhshi, 2015; Jaffe, 

2002; Smith, 2004; Storey, 2000).  This is because RCTs demand standard treatments, and a 

large number of treated and untreated subjects.  Further, they are typically employed in situations 

where subjects are vulnerable and relatively voiceless.  Unlike the recipients of medical, labour, 

education, or international development services, the recipients of business support number 

amongst the most influential members of society.  Especially where business support includes 

funding, potential recipients will make it difficult for governments to award it randomly. 

 

Moreover, the use of RCTs in the evaluation of BSPs makes onerous demands on program 

design.  Because RCTs demand standard treatments and large samples of similar treated and 

untreated firms, they are best conducted when programs are general and not specific in terms of 

the industrial sector, stage of development, growth potential, or innovativeness of client firms.  

Further, treatments should be general and not specific in terms of starting dates, duration, or 

expertise offered.  But we know that firms with high absorptive capacity are more likely to 

collaborate (Busom and Fer’andez-Ribas, 2008; Eom and Lee, 2010), to receive advisory 

services (Cumming and Fischer, 2012), and to perform better (Rothaermel and Thursby, 2005).  

We also know that innovative (Soetanto and Jack, 2013) and coachable (Cumming and Fischer, 

2012) entrepreneurs experience greater impact, and that relationship duration (Izushi, 2003) and 

intensity (Autio et al., 2008; Barge-Gil and Modrego, 2009) has an effect on the nature and 

outcomes of collaborative R&D programs.  So delivering a standard treatment to a randomly 

chosen group of firms will compromise program effectiveness. 

 

Programs that are general in terms of the nature of their offering and the nature of participating 

firms are almost certain to have no impact.  Indeed, the only RCT known to me evaluated an 



extremely general program and found no sustained impacts.  The Creative Credits program 

offered randomly chosen SMEs a £4,000 voucher for creative services which, in the vast 

majority of cases, was used to purchase website design services (Bakhshi, 2015).  The call for an 

increase in the use of RCTs in BSP evaluation may be tantamount to a call for poor program 

design.   This may be why experienced researchers hesitate in calling for more RCTs (Jaffe, 

2002; Storey, 2000). 

 

Quasi-experimental research designs 

Quasi-experimental research designs are generally regarded as second-based to experimental 

approaches.  When they are feasible, quasi-experimental methods such as difference-in-

difference estimation, multi-stage regressions using instrumental variables, propensity score 

matching, control for selection bias without the requirement for full or partial randomization in 

the distribution of support.  Difference-in-difference estimation has been used to examine the 

impact of research consortia on the patenting behaviour of participating firms (Branstetter & 

Sakakibara, 2002), instrumental variables have been used to examine the impact of the US SBIR 

program (Wallsten, 2000) and the impact of Canadian R&D tax credits (Czarnitzki, Hanel & 

Rosa, 2011), and propensity score matching has been used to examine the impact of the Finnish 

Young Innovative Companies program (Autio & Rannikko, 2016). 	
 

Like experimental methods, all quasi-experimental methods require a control group of firms that 

are similar to treated firms but that did not receive treatment.  Where programs are specialized, 

and the most suitably qualified firms participate, control groups can be difficult to identify.  And 

researchers must ensure that control group firms have not benefitted from alternative treatments 

(substitution bias).  Getting data on control group firms is difficult:  both treated firms and 

control group firms may be difficult to identify in secondary data and control group firms are less 

likely to respond to surveys than treated companies (response bias).  The use of control	groups	
makes	significant	demands	on	the	evaluator. 
 

Other quantitative approaches 

Other approaches used include the comparison of the performance of matched samples of treated 

and untreated firms, and regressions with controls.  Löfsten and Lindelöf (2002) use a matched 



sample approach, and compare the performance of on- and off- science park firms, to evaluate 

the effectiveness of Swedish science parks.  Statistics Canada uses a matched sample approach to 

evaluate the effectiveness of funding and advisory services offered by the Business Development 

Bank of Canada (2013).  The matched sample approach and regressions on the performance of 

treated and control group firms can demonstrate a difference between the performance of treated 

and control group firms, but these approaches cannot distinguish between effects that are a 

consequence of unobserved differences between treated and control group firms (selection 

effects), and effects that are the consequence of treatment. 

 

Qualitative approaches 

In some cases alternative approaches have been used to great effect.  Human & Provan (1997) 

used interview data to examine the nature and outcomes of two business networks.  Grindley et 

al., (1994) used a mixed methods approach to appraise the contributions of Sematech, a US 

research consortium.  And Ross et al., (2016) used basic counts of ventures launched to show 

that a poorly designed venture support program in Scotland could not possibly have met its 

objectives. 

 

ALTERNATIVE DATA SOURCES 

 

All credible evaluations of BSPs rely on rich, firm level data.  At a minimum, data on treated 

companies and the nature of their treatment is required.  Studies that rely on control groups also 

require data on non-treated companies, and some assurance that non-treated companies did not 

benefit from alternative forms of treatment (substitution bias).  Most studies examine the effects 

of treatment on firm performance (revenues, employment, valuation, investment received, 

patents, etc.) and so require firm performance data.  In cases where studies examine input 

additionality, data on inputs (e.g. R&D spending) is required.  In cases where studies examine 

behavioural additionality (Gok & Edler, 2012), data on firm behaviour (e.g. activities, networks, 

capabilities) is required.  Longitudinal data may be used to examine the process through which 

impacts occur, or to infer impact from performance data when addressing endogeneity issues.  In 

this section I consider the strengths and limitations of alternative data sources for the evaluation 

of BSPs.   



Government administrative data 

Government administrative data, captured in the process of complying with regulations, paying 

taxes, and protecting intellectual property, is highly reliable.  Data that is collected annually, 

such as tax data, has the additional benefit of being longitudinal.  The main limitations of this 

type of data are related to its availability and accessibility.  Data on unincorporated ventures is 

typically not available and when firms are large, their corporate performance data may not reflect 

the effects of programs whose support is not commensurately significant.  Patent data and data 

on new molecular entities are more sensitive to the effects of industrial research interventions 

than data on corporate revenues or market value, and have been used to evaluate the impact of 

research consortia (Branstetter and Sakakibara, 2002), and basic science funding (Toole, 2012), 

respectively.  Accessing government administrative data can be difficult due to security and 

confidentiality concerns.   

 

Company administrative data 

Both government and private sector administrative data are increasingly being used by 

economists (Einav & Levin, 2014).  Data on publicly-traded companies are widely available 

because publicly-traded companies have mandatory reporting requirements.  And venture capital 

data has been used to evaluate the US Small Business Innovation Research (SBIR) program 

(Lerner, 2000; Wallsten, 2000).  But most firms are not publicly-traded; less than 1% of firms in 

Canada are listed on stock exchanges (Cumming & Johan, 2013).  Similarly, few firms receive 

venture capital financing.  In the US, venture capital-backed companies comprise approximately 

0.2% of all firms in the economy (Puri & Zarutskie, 2012).  This limits the generalizability of 

findings.  

 

Secondary survey data 

Innovation surveys conducted by national governments are rich sources of data on the innovative 

behaviour of firms (Larsen & Salter, 2006).  But it is difficult to use such data for evaluation 

purposes because random sampling is used, and so for small programs, a significant proportion 

of treated firms may be missing from the dataset.  Also, it will typically be difficult to identify 

treated and untreated firms in datasets.  Nevertheless, researchers have used such data for the 



evaluation of large programs, for example Czarnitzki et al. (2011) used Statistics Canada data to 

consider the effects of R&D tax credits.  

 

Primary survey data 

Researcher-designed surveys are the most frequently used data source.  They have the benefit of 

being universally applicable, and can be used when programs are small, client firms are ventures, 

and when fine-grained data on firm resources and capabilities is sought.  But survey data, 

including government survey data, is susceptible to a number of biases.  Respondents may have 

difficulty recalling past events objectively (retrospective bias), and may be inclined to give 

socially desirable or internally consistent responses.  Care can be taken to increase reliability of 

survey responses, but control group companies are less likely to respond to surveys than treated 

firms.  In some cases, control group responses to surveys are so low that researchers have had to 

resort to exceptional measures, including payments, to elicit responses (Bakhshi et al., 2015). 

 

Interview data 

Interview data is the richest and most informative data.  But it is difficult to gather and so 

samples are typically small and may not be comprehensive.  Nevertheless, studies based on 

interview data can make significant contributions.  Human and Provan (1997) use interview data 

to distinguish between the transactional and transformational contributions of business networks. 

 

Internet data 

While internet data has yet to be used in a business support program evaluation, its 

comprehensiveness, granularity, and objectivity make it an appealing potential resource (Einav 

& Levin, 2014).  Website, email, or transaction data could be used as indications of firm 

resources, activities, social networks, or performance.  Limitations of internet data include the 

fact that web-scraping approaches to data collection will vary in terms of reliability, and that 

email and transaction data is confidential.   

 

Table 1 summarizes the foregoing discussion and for each data sources, identifies studies 

exemplar studies.  Researcher-designed surveys are the most commonly used data source.  This 

is because other sources of data are typically insufficiently informative and difficult (or 



impossible) to access. The second conclusion of this section is that there is no relationship 

between the rigor of the research design and the data source.  The only known evaluation of a 

BSP that uses a randomized control trial, reputedly the most rigorous research design, relies on 

survey data (Bakhshi et al., 2015).  Conversely, there are studies that use administrative data, 

reputedly the most reliable data, yet do not completely satisfy the requirement to eliminate 

selection bias (Lerner, 2000).  The best studies combine data from multiple sources. 

 

Insert Table 1 here. 

 

USING SURVEY RESPONDENT JUDGMENT TO ASSESS ATTRIBUTION 

 

I propose an alternative method of evaluating BSPs.  The approach uses survey respondent 

judgment to distinguish between changes in firm attributes and performance that are a 

consequence of a BSP, and those that are not.  As the previous section has suggested, survey data 

is the most widely used type of data in the evaluation of BSPs.  The uniqueness of this approach 

lies in its approach to addressing the question of attribution, and its standard methodology, which 

allows for comparisons of effectiveness across a diverse range of business support programs.  In 

the following I describe this approach and efforts to minimize and control for bias in responses. 

 

A standard approach for evaluating business support programs 

The methodology is based on the recognition that while BSPs may differ in their objectives and 

activities, with some programs aiming to increase the growth of firms in a region, and other 

programs aiming to increase the innovativeness of firms in an industry, or to address societal 

challenges through university-industry collaboration, BSPs achieve their effects, at least in part, 

by increasing the resources and capabilities of firms, and thereby increasing their performance.  

So the effectiveness of most BSPs can be measured by examining impacts on firm resources and 

capabilities, and impacts on performance.  This approach will miss unanticipated impacts and 

impacts that are too diffuse to be perceived by client firms; it is designed only to capture the 

most salient impacts on the primary targets. 

 



Some types of impacts vary by program, but there are a core set of resource and capability 

(impact on business expertise, business linkages, financial linkages, promotional opportunities) 

and performance measures (new products and services, investments received, revenues, 

employment) that are pertinent to many programs.  For changes in resources and capabilities, this 

is done by simply asking about changes in capabilities over a given time period (usually a year) 

that can be attributed to the program, as in “Over the past year, to what degree has program X 

enhanced your firm’s business expertise”, and following the question with examples of business 

expertise to ensure the question is interpreted consistently.  For changes in firm performance, a 

two-part question is used.  First respondents are asked to estimate the change in performance 

over a given time period (usually a year), and in the second part of the question respondents are 

asked to estimate the proportion of the change that is attributable to the program.  For example, 

respondents are asked to estimate the change in their firm’s revenues over the past year (in 

qualitative or quantitative ranges), and then are asked to the estimate the proportion of that 

change that is attributable to the program (in qualitative or percentage ranges). 

 

Applying this methodology across a range of programs reveals their relative effectiveness.  

Figure 1, below, shows the results of assessing five very different types of business support 

programs on a common set of impact dimensions.  The results show that the Tekes grants and 

loans programs are most effective in terms of encouraging investments in Research, 

Development, and Innovation (RDI), reducing time to market, and increasing the introduction of 

new to the world products or services.  In contrast, the Tekes NIY program is most effective in 

terms of helping companies attract new international customers and increase export sales.  The 

Finnvera loans program is the least effective program on almost all dimensions. 

 

Insert Figure 1 here. 

 

The reliability of survey data 

Survey data varies in its reliability and our knowledge of which types of questions and which 

types of respondents are most reliable has been advanced by survey validation studies and the 

study of psychometrics.  Drawing on this knowledge, three steps have been taken to minimize 

and control for response bias.  First, respondents are asked to judge specific concrete measures of 



impact, such as impact on changes in revenues.  Research has shown that specific, concrete 

measures are less susceptible to bias than general measures (Bertrand & Mullainathan, 2001; 

Cote & Buckley, 1987). 

 

Behavioral economics has shown that humans use heuristics in decision-making (Kahneman, 

2011).  How a question or problem is framed has been shown to have an effect on the likely 

human response (Tversky & Kahneman, 1985).  We exploit this fact in our survey design.  

Asking survey respondents to judge the impact of an intervention on their firm’s performance 

(e.g. revenues) is cognitively challenging.  We reduce the cognitive burden by framing the 

question.  First we ask about the change in performance over, say, the past year.  Then we ask 

about the proportion of the change in performance that can be attributed to the BSP.  Preceding 

performance impact question by a question about the recent change in performance on the same 

measure focuses the respondent on an objective criterion for judging impact.  Third, bias is 

controlled for during the analysis phase by including measures of funding received from the 

program, company growth rates, and satisfaction with program delivery as control variables in 

models of impact.  All of these are measures of phenomena that will tend to increase the 

likelihood of favourable assessments of impact. 

 

This approach to assessing impact eliminates the need for a control group because it measures 

the treatment effect directly, rather than inferring it from a comparison of the performance of 

treated companies and the performance of companies in the control group.  Because the approach 

relies on the ability of respondents to judge the impact of a program on the recent change in their 

company’s performance, it is best suited for the evaluation of programs whose impacts can be 

distinguished from the many other factors that impact firm performance.  This is most likely to 

be the case where the program delivers services, such as the provision of knowledge, advice, or 

networking opportunities, with or without financial assistance. A respondent may be able to trace 

the impact of a key insight or connection on their performance, and financial assistance may 

enable or expedite the transformation.  Conversely, where the contributions of the program are 

limited to financial contributions, such as R&D tax credits, it is likely difficult for a survey 

respondent to gauge impact, and this approach is less applicable. 

 



EVIDENCE OF THE RELIABILITY OF SURVEY RESPONDENT JUDGMENT 

OF IMPACT 

  

In this section I present empirical evidence of the reliability of survey respondent judgment of 

the impact of BSPs.  The evidence relies on a dataset of 5,346 survey responses acquired through 

the course of 60 evaluations of BSPs conducted by The Evidence Network, a consultancy that 

specializes in evaluation (I am a co-founder).  Reliability is assessed in three ways.  First I show 

that the data are consistent with theory-based expectations regarding relationships between the 

intensity of use of program services, effects on company resources and capabilities, and effects 

on company performance.  Second I show that survey-based estimates of impact on company 

revenues are consistent with estimates of impact on company revenues obtained through an 

alternative research design (propensity score matching).  And third I show that estimates of the 

impact of specific programs are consistent over multiple evaluations. 

 

The survey instrument 

The evaluations were conducted between 2009 and 2016, and the programs evaluated were 

offered by government agencies, business incubators, business accelerators, economic 

development organizations, industry associations, and research institutes in Canada, the US, 

Finland, and China.  Collectively, the programs served a total of 14,463 client firms.  After two 

email reminders and follow-up telephone calls to non-respondents, 5,346 survey responses were 

received for an overall response rate of 37%. 

 

The survey instrument collects information on client firms (age, revenues, number of employees, 

industry), the intensity of use of program services (broken down by specific offerings where 

applicable), impacts on resources and capabilities (on five point qualitative scales that range 

from negative impact to very significant positive impact), and impacts on performance using 

either qualitative (five point qualitative scales that range from negative impact to very significant 

positive impact), or quantitative scales (scales of percentage ranges).  The qualitative and 

quantitative performance impact scales were reconciled by using both scales, in separate 

questions, on the same survey.  Questions on firm revenues and the number of employees use 

ranges rather than seek specific responses in the interest of high response rates. 



 

Consistency with theoretical expectations 

Strategy researchers have shown that there is a strong relationship between firm resources and 

capabilities and firm performance.  Much as business support programs wish to improve the 

performance of their client firms, they do not have the means to do so directly.   Firm 

performance depends on many factors such as demand, competition, and the business 

environment, which the business support program likely cannot influence.  But through the 

provision of knowledge-based services including brokering, networking, technology 

development and testing, and promotional opportunities (e.g. trade missions), and through the 

provision of funding, business support programs have a direct effect on firm resources and 

capabilities.  It is by offering services and funding that programs have an effect on firm resources 

and capabilities, and thereby a potential indirect effect on firm performance. This leads to the 

following hypotheses: 

 

H1:  The intensity of use of BSP services will be positively associated with impacts 

on firm resources and capabilities, specifically:  business expertise, business 

linkages, financial linkages, and opportunities for promotion. 

 

H2:  Impact on firm resources and capabilities will be positively associated with 

impacts on firm performance, specifically impact on:  innovation, revenues, and 

employment. 

 

Some programs help ventures raise equity financing.  Where this is the case, the intensity of use 

of services is expected to lead to increased financial linkages (as per H1), and these in turn are 

expected to lead to increased investment capital received.  H3 is a special case of H2.   

 

H3:  Impact on firm financial linkages will be positively associated with impacts on 

investments received. 

 

Tables 2a and 2b show the results of hypothesis testing.  The 12 models in Table 2a consider 

impacts on resources and capabilities (business expertise, business linkages, financial linkages, 



and opportunities for promotion—three models each) and the 16 models in Table 2b consider 

impacts on firm performance (innovation, investment received, revenues, and employment—four 

models each).  We control for firm age, revenues, employment, and industry.  We also control 

for four factors that are likely to be associated with impact:  growth rate, funding received from 

the support program, innovation, and satisfaction.  Satisfaction is entered into the model last 

because we are missing satisfaction values for many observations. The results show that all four 

of the control variables likely to be associated with impact are mostly positive and significant (in 

23/28 models for growth rate, 27/28 models for funding received, 24/28 models for innovation, 

and 6/8 models for satisfaction). 

 

Insert Tables 2a and 2b here. 

 

In terms of hypothesis testing, in the services models (Models 2, 5, 8, 11, 14, 18, 22, and 26), the 

intensity of use of services is always positively associated with impact, both with impacts on 

resources and capabilities, supporting H1, but also with impacts on performance (p < 0.001 in 

seven of eight cases, p < 0.01 in one case).  In the impacts on firm performance models (Models 

15, 19, 23, and 28), measures of impacts on resources and capabilities (business expertise, 

business linkages, financial linkages, and opportunities for promotion), now used as independent 

variables, are generally positive and significant, supporting H2.  Also, the r-square for these 

models is generally much higher than the r-square of the preceding services models.  Model 19 is 

an exception.  Here it is only impacts on financial linkages that are associated with impacts on 

investments received—consistent with H3.  A secondary exception is Model 23 where impacts 

on financial linkages are not associated with impacts on revenues.  It is noteworthy that in impact 

models 15, 19, 23, and 28, the significance of the intensity of use of services measures is less 

than in the corresponding services models (14, 18, 22, 27).  The utility of intensity of use of 

services measure as a predictor of impact on firm performance diminishes with the availability of 

data on impacts on firm resources and capabilities. 

 

The foregoing has signaled that the relationships between measures conform to theoretical 

expectations.  Measures of intensity of use of services are significantly associated with survey 

respondent judgment of impacts on alternative measures of firm resources and capabilities, 



which are in turn significantly associated with survey respondent judgment of impacts on 

alternative measures of firm performance. 

 

Consistency with propensity score matching results 

One of the 60 programs in our dataset, the Young Innovative Companies (YIC)2 program offered 

by Tekes, the Finnish innovation agency, has been evaluated using an alterative research design 

and data source (Autio & Rannikko, 2016)3, allowing us to compare results.  The YIC program 

provides up to €1 million in funding and advisory and networking services to companies that are 

less than six years old, that earn less than €10 million in revenues, and that spend at least 15% of 

revenues on R&D.  We evaluated the program in 2013, using survey responses from a sample of 

104 firms that joined the program between 2008 and 2012.  Autio and Rannikko evaluated the 

program in 2014, using different survey responses from 42 firms that joined the program prior to 

2012, and a matched sample of 46 firms that were not admitted to or that did not complete the 

program.   

 

Grouped by the year the firm joined the program, Figure 2 shows	average revenues in 2013 (in 

blue), the average change in revenues between the year the firm joined the program and 2013 (in 

green), and the average proportion of the change in revenues that is attributed, by the survey 

respondents, to the effect of participating in the YIC program (in red).  We find that for firms 

that joined the program in 2008, the average revenues in 2013 were €2,453K (left axis), the 

average change in revenues over the five years was 2066% (right axis), that 44% of the change in 

revenues was attributed to the program (not shown), for a change in revenues attributable to the 

program of 914% (left axis).  For firms that joined the program in 2009, the average change in 

revenues over the four years was 776%, and the attributed change 334%, for firms that joined the 

program in 2010, the average change in revenues was 598%, and the attributed change 259%, for 

firms that joined the program in 2011, the average change in revenues was 137%, and the 

attributed change 75%, and for firms that joined the program in 2012, the average change in 

revenues was 72%, and the attributed change 38%. 

	
2	The Finnish acronym for the program is NIY.	
3	Analyses on the Finnish High-Growth Entrepreneurship Ecosystem 
Erkko Autio, Heikki Rannikko, Jari Handelberg, Pertti Kiuru (2014).  Available at:  
https://aaltodoc.aalto.fi/handle/123456789/12444 [Accessed June 15, 2016]	



 

Insert Figure 2 here. 

 

The patterns in the survey response data are consistent with expectations.  Average revenues in 

2013 are proportional to the amount of time elapsed since the firm first participated in the 

program:  the revenues of the firms that joined in 2008 are more than twice the revenues of firms 

that joined in 2012.  Similarly, the average percentage change in revenues is proportional to the 

time elapsed since the firm first participated in the program:  the change of revenues of firms that 

joined in 2008 are more than 25 times the change of revenues of firms that joined in 2012.  On 

the other hand, the proportion of the change in revenues attributed to the program by the survey 

respondents is approximately uniform, varying from a low of 40% to a high of 46%.  While 

survey respondents credit the program with a significant effect on the change in their annual 

revenues, the size of the effect does not vary according to the year the firm first joined the 

program. 

 

In an earlier publication (Autio et al., 2014), the Autio team present differences between up to 85 

participating firms and 115 non-participating firms in terms of growth in employment, revenues, 

and equity.  The data show that participating firms out-perform non-participating firms by a wide 

margin on all measures.  For example, median revenues of participating firms increased by 286% 

between 2007 and 2011, while median revenues of non-participating firms increased by 65% 

over the same time period, a difference of 221%.  But as the authors acknowledge, the difference 

may be due to the fact that participating firms differ in important ways from non-participating 

firms (a selection effect), or that the program causes the performance differences (a treatment 

effect).  Autio and Ranniko (2016) use propensity score matching to control for selection effects, 

and compare the changes in revenues of participating and non-participating firms.  Using 

multiple specifications, the researchers show that after two years, the sales of treated firms 

increased by 120% more than the sales of untreated firms as a consequence of participating in the 

program.  After three years, the effect of treatment on sales increases to 130%. 

 

These findings of Autio and Ranniko are broadly consistent, if not in precise agreement, with 

ours.  We find attributed change in revenues of 75% after two years (2011-2013), 259% after 



three years (2010-2013), 334% after four years (2009-2013), and 914% after five years (2008-

2013).  While the percentages are not close, they are of the same order of magnitude and show 

the same tendency to increase in proportion to elapsed time.  Given that we are using different 

samples, from different time periods, and different methodologies, the percentages are as close as 

can reasonably be expected. 

 

Repeatability of measures across multiple evaluations 

Reliability is defined as the consistency of a measure.  We test the consistency of our measures 

of impact by comparing the results of programs evaluated multiple times.  This is a very 

challenging test because when we evaluate a program at two different points in time, we may not 

be measuring the same phenomenon twice.  The nature of the program may have changed, the 

population of client firms may be different, and even if the population of firms is unchanged 

(unusual) the firms themselves will have changed.  So differences in results may be a 

consequence of substantive differences in what we are measuring, in addition to measurement 

error. 

 

Figure 3 shows the results for 15 pairs of evaluations.  A program that was evaluated twice yields 

one pair of evaluations, while a program that was evaluated three times yields three pairs of 

evaluations.  We consider six measures of impact for each pair of evaluations: impact on 

business expertise, business linkages, financial linkages, investment received, revenues, and 

employment.  For each of the 90 pairs of measures the x coordinate is the value of the measure in 

the first evaluation, and the y coordinate is the value of the same measure in the second 

evaluation.  If each pair of evaluations was perfectly consistent, the x and y values would be 

equal, and all the icons in Figure X would fall on the line where x equals y.  Figure X shows that 

despite dispersion in the data, the data generally falls on the x=y line (p < 0.01 in five cases, p < 

0.05 in six cases, p < 0.1 in two cases, and not significant in two cases).  While not evident from 

Figure X, we report that the larger the sample sizes of the pair of evaluations, the closer to the 

x=y line the icon is likely to fall.  Small sample sizes are associated with greater variability.  

 

Insert Figure 3 here. 

 



DISCUSSION 

 

With the objective of improving the practice of BSP evaluation I have presented evidence in 

support of the reliability of survey respondent judgment of attribution.  Three approaches were 

used.  To show that assessments of impact on firm resources and capabilities and on firm 

performance were consistent with theoretical expectations, I regressed firm attributes and the 

intensity of use of BSP services on these variables and found the predicted relationships.  In the 

second approach, I compared assessments of the impact of the Finnish Young Innovative 

Companies program based on survey respondent judgment of attribution, with those based on 

propensity score matching, and found broadly consistent results.  In the third approach I 

compared pairs of assessments of the same program conducted at different points in time, and 

again found broadly consistent results.  Taken together, the evidence suggests that survey 

respondent judgment of attribution of impact may be reliable.  

 

The purpose of this paper was to present a plausible alternative to commonly advocated 

methodologies, to be used in situations where it is not possible to infer program effectiveness 

from performance data on treated and non-treated firms.  Where feasible, sophisticated studies 

make significant contributions to our understanding of BSP design, delivery, and effects.   My 

objective is to sensitize researchers to the range of BSPs that are in operation, the severe 

feasibility limits of the commonly proposed methodologies, and the alternative that are available.  

Many BSPs are specialized, and provide knowledge-based services to small numbers of firms.  

And these programs, that aim to be transformational, may be more effective than transactional 

programs such as R&D tax credits.  The suggestion that programs should be designed in such a 

way as to enable rigorous evaluation, where this is understood to mean RCTs, will—if heeded 

(which is unlikely), lead to the design of very poor programs. 

 

Treatises on evaluation methodologies rarely consider where the data comes from, while data is 

the chief limiting factor in evaluation.  I considered the data sources used to evaluate business 

support programs.  Surveys conducted by researchers are the most commonly used data source.  

Primary data surveys allow researchers to collect detailed data, possibly from the entire 

population of treated firms, and to complement this data with data from untreated firms.  Other 



data sources such as government and company administrative data, survey data collected by the 

statistical agencies of national governments, interview data, and internet data may not be 

sufficiently informative, accessible, or comprehensive.   

 

The approach I have described can be seen as a precursor to more rigorous evaluations, where 

such evaluations are feasible.  Several authors have suggested that programs need to be ready for 

evaluations (Epstein & Klerman, 2012; Smith, 2004), and that given the significant demands of 

approaches that rely on control groups for the counterfactual, it may be appropriate to use the 

judgment of attribution of treated firms as a precursor.  In fact, in the case of one poorly designed 

program, a consideration of the gross number of firms launched was enough to show that the 

program failed to have the desired effect (Brown et al., 2016). 

 

Limitations and future research 

The evidence I have provided is not conclusive.  It may be that survey respondents consistently 

overestimate the impact of BSPs, although such a possibility is discredited by the significant 

number of survey respondents that report no impact on several measures (not shown in this 

version of the paper but likely an average of about 50% across the 5,000+ survey responses and 

the eight standard measures of impact) and by the general agreement between the judgment of 

impact results and the results obtained using propensity score matching.  On the other hand it 

may be that survey respondents consistently underestimate the impact of BSPs, but again, this 

possibility is challenged by the broad agreement with the propensity score matching results.  It is 

more likely though, that some respondents overestimate impact, while others underestimate it.  

But as the methodology relies on the judgments of multiple survey respondents, the damage done 

by a mix of over and under estimations is mitigated. 

 

While the evidence suggests that survey respondent judgment of impact is broadly indicative of 

BSP program effects, it does not provide any assurances with regard to the precision of results.  

The literature provides some guidance here and suggests that the objective should be to avoid 

Type 1 and Type 2 errors.  There are (at least) three studies that find no BSP effect using two-

stage regressions despite the fact that OLS regressions show effects (Cumming and Fischer, 

2012; Eom and Lee, 2010; Yang et al., 2009), and two studies that find an effect using two-stage 



regressions, but no effects when using OLS (Audretsch and Lehmann, 2004; Barajas et al., 

2012).  It may be that additional quality assurance measures can be adopted with dealing with 

survey respondent judgment of impact, and that such measures will have similarly dramatic 

effects on the conclusions of analysis.  For example, the psychometrics literature suggests that 

when scales are used, some responses should be regarded as passive and discarded. 
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Table 1:  Data Used in Business Support Program Evaluation 
 Examples types of data Example studies Strengths Limitations 
Government 
administrative 
data 

Incorporation and 
registration data 
Tax data 
Patent data 
Direct and indirect 
funding data 
 

Barajas, Huergo & Moreno, 2011 
Branstetter and Sakakibara, 2002 
Toole, 2012 
Furman et al., 2015 

Highly reliable data 
Longitudinal data 

Venture data rarely available 
Data on capabilities not available 
Distance between concept and indicator 
may be large (e.g. patent data is an 
imperfect measure of innovation) 
Data may not be accessible 
May be difficult to identify treated and 
untreated companies 

Company 
administrative 
data 

Annual reports of 
publicly-traded 
companies 
Venture capital financing 
data 
 

Lerner, 1999 
Wallsten, 2000 
 

Highly reliable data 
Longitudinal data  
Source of data on 
ventures, albeit a small 
subset of ventures 

Valuations based on equity financing 
deals may not reflect market value 
Data may not be accessible 
May be difficult to identify treated and 
untreated companies 

Secondary 
survey data 

Innovation surveys 
administered by national 
governments  

Czarnitzki, Hanel & Rosa, 2011 Plausibly reliable data 
Pertinent information 

Reliability varies. 
Multiple surveys required for longitudinal 
data 
May be difficult to identify treated and 
untreated companies 

Primary 
survey data 

Surveys of program 
clients and in some cases 
surveys of untreated 
firms conducted by 
researchers 
 

Autio, Kanninen & Gustafsson, 2008 
Bakhshi et al., 2015 
Choi & Lee, 2009 
Cohen, Nelson & Walsh, 2002 
Dutt et al. 2015 
Feldman & Kelley, 2006 
Hackett & Dilts, 2008 
Löfsten & Lindelöf, 2002 

Plausibly reliable data 
Pertinent information—
multiple dimension of 
impact can be measured 
Can be used in almost 
every setting 

Reliability varies 
Multiple surveys required for longitudinal 
data 
 

Interview 
data 

Interviews conducted by 
researchers or research 
team 

Human & Provan, 1997 
Sapsed et al., 2007 

Highly informative data, 
may lead to unexpected 
insights 

Least likely to have good coverage 
Multiple interviews required for 
longitudinal data 
 

Internet data Data collected by 
companies such as 
Google 
Data collected by web 
scraping 

 Highly granular data, 
could be used as indicator 
of activities and social 
networks 

Accessibility may be an issue.  Web 
scraping approaches will vary in terms of 
reliability. 

 



 

Table 2a:  Linear Regression Against Impact on Resources and Capabilities 

dof = Degrees of freedom            a = p < .1, * = p < .05, ** = p < .01, *** = p < .001 
 
 

  

 Business Expertise Business Linkages Financial Linkages Opportunities for Promotion 

 Model 1 
Controls 

Model 2 
Services 

Model 3 
Satisfaction 

Model 4 
Controls  

Model 5 
Services 

Model 6 
Satisfaction 

Model 7 
Controls 

Model 8 
Services 

Model 9 
Satisfaction 

Model 10 
Controls 

Model 11 
Services 

Model 12 
Satisfaction 

Age - **  + a    -*** -*** -*    

Growth rate + *** + *** + ***  +** +* + *** + *** + ** +** +** +*** 
Funding received ($) + *** + *** + ** + a +**  + *** + *** + *** +*** +*** +*** 
Annual revenues - a   -*** -*     -**   
Employees             
Innovation (% of revenues) + ***   +*** +* + a + *** + ** + * + *** +** +* 
ICT - *** - ** - * - a -**        
Healthcare   +*      + a   +** 
Manufacturing and 
Materials 

 +* +*    + ** + ** + **  -*  
Natural resources   +a    +** +** +**    

Use of services  + *** +***  +*** +***  +*** +***  + *** + *** 

Satisfaction   +***   +***   +***   +*** 

Model characteristics             
N 1923 1135 912 1920 1134 912 1916 1132 910 1917 1131 909 

F ***(10 
dof) 

***(11 dof) ***(12 dof) ***(10 dof) ***(11 dof) ***(12 dof) ***(10 dof) ***(11 dof) ***(12 dof) ***(10 dof) ***(11 dof)  ***(12 dof)  

Adjusted R2 .08 .24 .32 .05 .24 .27 .11 .17 .19 .10 .28 .30 



Table 2b:  Linear Regression Against Impacts on Performance 

dof = Degrees of freedom            a = p < .1, * = p < .05, ** = p < .01, *** = p < .001 
 
 
  

 Impact on Innovation Impact on Investments Received 

 Model 13 
Controls 

Model 14 
Services 

Model 15 
Impacts 

Model 16 
Satisfaction 

Model 17 
Controls  

Model 18 
Services 

Model 19 
Impacts 

Model 20 
Satisfaction 

Age     -*** -*   
Growth rate +*** +*   +** +**   
Funding received ($) +*** +*** +*** +*** +*** +*** +*** +*** 
Annual revenues         
Employees         
Innovation (% of revenues) + *** + *** + *** + *** + *** + *** + *** + *** 
ICT - **        
Healthcare     +** +** +** +** 
Manufacturing and 
Materials 

    +* +*   

Natural resources  +* + a  +** +*** +** +*** 
Use of services  + *** +** +**  + **   
Business expertise   + *** + ***     
Business linkages   + ** + **     
Financial linkages   +*** +***   + *** + *** 
Opportunities for 
promotion 

  + * + **     

Satisfaction         

Model characteristics         
N 1901 1150 1114 899 1767 1018 982 763 
F ***(10 dof) ***(11 dof) ***(15 dof) ***(16 dof) ***(10 dof) ***(11 dof) ***(15 dof) ***(16 dof) 
Adjusted R2 .16 .27 .41 .38 .16 .19 .33 .35 



Table 2b Continued:  Linear Regression Against Impacts on Performance 

dof = Degrees of freedom            a = p < .1, * = p < .05, ** = p < .01, *** = p < .001 
 
 
 
 
 

 Impact on Annual Revenues Impact on Employment 

 Model 21 
Controls  

Model 22 
Services 

Model 23 
Impacts 

Model 24 
Satisfaction 

Model 25 
Controls 

Model 26 
Services 

Model 28 
Impacts 

Model 28 
Satisfaction 

Age    +*     
Growth rate +*** +*** +** +*** +*** +*** +*** +*** 
Funding received ($) +*** +*** + a + a +*** +*** +*** +*** 
Annual revenues     - *    
Employees - a  - a   - a     
Innovation (% of revenues) + *** + *** + *** + *** + *** + *** + a  
ICT -*** -*** -*** -*** - ***    
Healthcare -** -** -*** -**     
Manufacturing and 
Materials 

        

Natural resources  - a   - **    
Use of services  + *** + a   + *** -* -* 
Business expertise   +*    + *** + ** 
Business linkages   +*** +***   + *** + *** 
Financial linkages       +*** +*** 
Opportunities for 
promotion 

  + *** + ***   + ** + ** 

Satisfaction    +*    +*** 

Model characteristics         
N 1867 1146 1110 891 1938 1157 1120 902 
F ***(10 dof) ***(11 dof) ***(15 dof) ***(16 dof) ***(10 dof) ***(11 dof) ***(15 dof) ***(16 dof) 
Adjusted R2 .18 .27 .36 .33 .29 .21 .32 .37 



 
 

Figure 1:  A comparison of the impact of five types of Finnish Business Support Programs 
 
 
 
 



 
 
 

 
 

Figure 2:  Using Survey Respondent Judgment to Assess the Impact on Revenues of the Young Innovative Companies Program 
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Figure 3:  A comparison of pairs of evaluations of the same program.  For each icon, the x 

axis value is the impact of the program on a specific measure (business expertise, business 

linkages, financial linkages, investment received, revenues, employment) at time t=0 and the 

y axis value is the impact of the program on the same dimension at time t=1.  Fifteen pairs of 

evaluations and six measures per pair are considered. 

0

1

2

3

4

5

6

7

8

9

0 1 2 3 4 5 6 7 8 9


