Nonresponse issues when analysing business survey data

Abstract
Data issues due to nonresponse or missing data arises often in company surveys or in firm data.
Missing data and nonresponse causes bias. Another problem that causes bias is omitted variables.
Accordingly, it will lead to wrong conclusions. The idea behind this licentiate thesis is to address these
problems. The aim is to develop an insight into how common problems can be solved by transforming
the data and changing the statistical method. There is no claim that the method suggested in the papers
is always optimal. Rather, the goal of the papers is to give an awareness of problems that occurs in
quantitative business research.
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Introduction

Microdata analysis, “is a multidisciplinary field of knowledge dealing with the collection modelling,
compilation and interpretation of large data sets, together with underlying algorithms, methods and
techniques” (Högskolan Dalarna, 2012). The aim is to obtain skills in data collection, data assessment
and transformation, data storage, analysis of data and decision making based on the analysis. The
emphasis is on the whole data process. This thesis is written in Microdata analysis. Microdata analysis
contain five parts. The first part is data collection; the second part and third part are data- capture,
processing and storage. The fourth part is analysis of the data, by using statistical modelling, simulation
techniques, etc. The fifth and final part is decision-making and actions. This thesis focus on data
processing and analysis.
Data issues, methodological problems and model misspecification appear in various research areas;
one of them is research on business data, mainly concerning papers in business and administration and
economics. In three well-cited papers (Brounen, et al., 2004; Davidsson, et al., 2009; Graham & Harvey,
2001) in international journals, in the area of business and administration, problems were found
concerning the lack of data and neglecting to handle nonresponse. Consequently, it leads to bias
estimates and incorrect conclusions when the absence of data and methods is not addressed properly.
The idea behind this thesis is to address these problems. The aim is to develop an insight into how
common problems can be solved by transforming the data and changing the statistical method. There is
no claim that the method suggested in the papers is always optimal. Rather, the goal of the papers is to
give an awareness of problems that occurs in quantitative business research.

When data is not enough
In order to verify that results are consistent, it is essential that the results must satisfy the qualities of
reproducibility and replicability (Leek & Peng, 2015). Reproducibility denotes the ability to reproduce
results given the same data set. Replicability implies given the same research question, the results will
be consistent with previous results (Peng, Reproducible research in computational science, 2011). This
is an increasing problem, where the public is starting to doubt the results of research, especially after
some research scandals as the one in Karolinska Institutet, where a researcher and his six colleges have
been found fabricating results in highly esteemed journals as the Lancet, Biomaterials, Journal of
Biomedical Materials Research and Thoracic Surgery Clinics (Karolinska Institutet , 2018). The lack of
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replication and replicability has not only affect medical research, it has affected other disciplines, such
as business and administration (Aguinis, Cascio, & Ramani, 2017) and psychology (Pashler &
Wagenmakers, 2012).
What are the reasons for this replicability crisis? It can depend on several issues: omitted variables,
poor study design, missing data. Some even go as far as claiming that it is the lack of proper statistical
education which is one of the foundations of the reproducibility crisis (Peng, The reproducibility crisis
in science: A statistical counterattack, 2015). However “it does not change the fact that problematic
research is conducted in the first place” (Leek & Peng, 2015).
There are three ways a study can be replicated. The first concern is the sample, which can vary over
another period, another country, or different companies. The second way to replicate a study is to vary
the measures or methods. The third and final way is to use an extended replication. An extended
replication uses one of the version mentioned previously and it is also uses an improved and increased
specification (van Witteloostuijn, Dejardin, & Pollack, 2018). In paper Ι, an extended replication study
on the previous, work by Davidsson et al. (2009).

When data is missing
Often when a survey is a part of the data collection method, nonresponse occurs. If the nonresponse
is not missing completely at random, (MCAR)1 there is no problem with bias in the estimates. However,
if the nonresponse is missing at random (MAR)2 the estimates will suffer of nonresponse bias (Rubin,
1976). In some studies, such as Brounen et al. (2004) and Graham and Harvey (2001), they do different
analysis to try to estimate if the observations are MCAR. The problem is that there is no way to test if
data are MAR or MCAR (Thoemmes & Rose, 2014). The nonresponse bias can be reduced to some
extent by high response rates. Even if the response rate is high, there is no way to completely exclude
the bias, especially if the expected response rate is highly correlated with the studied variables (Groves
& Peytcheva, 2008). However, Bethlehem (2002) argued that response propensity is a random process,
and not decided by the properties of the surveyed objects. Even if the response propensity will be
missing, the consequence will still be that the data suffers of bias.

1

MCAR is expressed as P(R|Y)=P(R|Yobs , Ymis )=P(R), where P(R) is the unconditional probability distribution

of missingness and Y is the conditional probability distribution of missingness given the unobserved values of the
variable (Ymis ) and the observed values of the variable (Yobs ). See Rubin (1976) and Thoemmes and Rose (2014)
for a thorough description.
2

MAR is defined as P(R|Y)=P(R|Yobs ,Ymis ) = P(R|Yobs ), for a more detailed explanation, see Rubin (1976) and

Thoemmes and Rose (2014).
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Consequently, something has to be done to solve the problem. There are many different methods, but
we decided to use the method suggested by Lundström and Särndal (1999) is built on the method by
Deville and Särndal (1992) and later the work was extended by Deville et al. (1993), the calibration
method. The calibration method is highly dependent on auxiliary information. In paper ΙΙ, an
examination of the efficiency of different auxiliary variables are performed. Several variables were
considered not appropriate to use in the calibration estimator.

When there are omitted variables
It is common in questionnaires to use ordinal scales to rank the importance of a certain variable. The
surveys themselves can then contain possible explanatory variables or the possible explanatory variable
can come from another source (data triangulation).
The omitted problem appears when possible explanatory variables is left out from the regression
specification. According to Clarke (2005) the bias can be increased by including as many explanatory
variables as possible. Therefore, a model needs to be selected carefully. Model selection through AIC
and BIC is not feasible when the possible covariates are large. The option is then to use penalized
models, to select the best explanatory variables. While the model selection of the Lasso is not consistent,
the elastic net can be under certain restrictions (Jia & Yu, 2010).
Another problem that appears is due to the variable of interest follows an ordinal distribution. For the
Lasso and the elastic net, there are limited options to modulate ordinal data. In paper ΙΙΙ, an investigation
of the feasible models is performed. The cumulative generalized monotone incremental forward
stagewise (GMIFS) method and the parallel element link multinomial-ordinal (ELMO) model were
considered to select the best models.
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Summary of the papers

Paper Ι
In paper Ι, we do a replication of the study reported in the paper by Davidsson et al. (2009). Davidsson
et al. (2009) investigate if firms with higher profitability are more likely to reach a state of both high
profitability and high growth compared to firms, which in the starting phase had higher growth and
lower profitability, on Swedish and Australian data. However, the paper extends the replication (van
Witteloostuijn, Dejardin, & Pollack, 2018) of the work by Davidsson et al. (2009) in several ways. First
by expanding the Swedish data to include the whole population, not only a sample. Second, by including
micro firms3. Third, by expanding the period. By expanding the period, we can also be examining if the
relationships reported in Davidsson et al. (2009) hold for a longer period. Fourth, by having one more
growth measure. Accordingly, Davidsson et al. (2009) study a sample of 1 482 private limited companies
with 10-250 employees under the period of 1997 – 2000. The replication study uses 294 319 private
limited companies, and 2 323 142 observations over the years of 1997-2010.
The method used in the paper is state transition matrices. First all companies were classified in five
ordinal categories, Star, Profit, Growth, Middle and Poor, depending on their quantile values for growth
and profit. Profit is measured as the companies return on assets. In Davidsson et al. (2009) they use
Growthit =(Salesit -Salesi1 )/Salesi1

1

which was found to be problematic since the growth measure depends on the sales for year one to the
coming years. A company registered early in the data set will have more time to grow and therefore a
higher probability to be able to achieve a higher growth, compared to companies registered in the end
of the period. Another growth indicator was suggested
Salesit
Growthit = ln (
) = ln Salesit - ln Salesit-1
Salesit-1

2

When we used the growth measure suggested by Davidsson et al. (2009) (equation 1), the paper
concludes the same relationship for short time period, up to two years, companies with a higher return
on assets, have higher probability to achieve both high growth, and high profitability. In a longer

3

Here we denote micro companies, as private limited companies with 0-9 employees, see European Commission

(2003).
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perspective, four years or more, companies that first grow before they build a high return on assets have
a better chance of achieving long-term growth, and high profit, compared to the companies that build
up high return to assets before they grow. Companies with high return on assets are more likely to end
up with both low growth, and low profitability, compared to companies with a high growth in the initial
state. The paper concludes that the hypothesis of (Davidsson, Steffens, & Fitzsimmons, 2009) holds but
the relationship of the original state and the final state is weaker the longer the investigated period is.
For the alternative growth measure, the findings indicate that companies, which first built a high return
on assets before they grow, have a better chance of achieving long-term growth, compared to companies
that grow before they build up capital.

Paper ΙΙ
In paper ΙΙ we used survey data on all Swedish listed companies for 2005 and 2008 (see Hartwig
(2012) and Daunfeldt and Hartwig (2014)). The survey was a replicate of the study originally performed
by Graham and Harvey (2001) in US and by Brounen et al. (2004) in UK, Netherlands, France and
Germany. The main problem with the study by Graham and Harvey (2001) and Brounen et al. (2004)
was the level of nonresponse recorded in the data 91, and 95 percent respectively, which will cause
biased results if the observations are not missing completely at random (MCAR).
The calibration method by Lundström and Särndal (1999) and Särndal and Lundström (2005) was
used. Monte Carlo simulation was performed and the results showed that even for large simulated
nonresponse set, with the use of appropriate auxiliary variables, the simulation bias was maximum two
percent. With one auxiliary variable, which was not so impropriate, the simulation biased and variance
increased. For larger simulated nonresponse, the calibration method could not be estimated, for the
impropriate auxiliary variables.

Paper ΙΙΙ
Paper ΙΙΙ is based on the same data as in paper ΙΙ. In the survey by Graham and Harvey (2001), one
of their research questions regards target debt. “We ask directly whether firms have an optimal or
‘target’ debt-equity ratio. Nineteen percent of the firms do not have a target debt ratio or target range.
Another 37% have a flexible target, and 34% have a somewhat tight target or range. The remaining
10% have a strict target debt ratio” (Graham & Harvey, 2001, s. 211). In the survey by Hartwig (2012),
later used by Daunfeldt and Hartwig (2014), the same question is used with the same answer option (see
appendix 1, question nine in Daunfeldt and Hartwig (2014, s. 111)).
The aim of the paper was to examine; which company characteristics affect the chosen level of target
debt. One opportunity arose when the previous literature in the field was insufficient. Therefore, another
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method was needed to compensate for the lack of previous research. Therefore, the choice was to use a
penalizing model.
The most common penalizing models are the lasso by Tibshirani (1996), and the elastic net by Zou
and Hastie (2005). The problem is to fit an ordinal logit penalizing model. For the lasso model, there is
not today any way to fit an ordinal lasso, but a multinomial lasso model can be fitted on the ordinal
dependent variable, since the ordinal data is a special version of the multinomial data (Wurm, Rathouz,
& Hanlon, 2017). The multinomial lasso model was fitted using two versions: the grouped and the
ungrouped (Hastie, Tibshirani, & Wainwright, 2015).
Wurm et al. (2017) propose a class of models called the element link multinomial-ordinal (ELMO).
The ELMO is a subset of the vector generalized linear models, and is usually fitted with a coordinate
descent algorithm, to ordinal and multinomial regression models with an elastic net penalty. There are
three version of the ELMO class model: the parallel-, nonparallel- and the semi-parallel model. The
difference between the models is the shrinking procedure and parameters.
The final model used estimate the use of target debt, was the cumulative generalized monotone
incremental forward stagewise (GMIFS) method by Archer et al. (2014). GMIFS fits a penalized method
on an ordinal data by incremental forward stagewise (IFS) method.
The different penalizing models yielded different results. Wurm et al. (2017) did a simulation study,
where they examined these models and they argued that cumulative GMIFS was the superior model,
then the parallel and semi-parallel ELMO, came in a second place. In our case, the parallel ELMO and
cumulative GMIFS both only selected quick asset ratio as the only possible explanatory variable.
According to Friedman et al. (2001, p. 91), an unpenalized regression model can be fitted after a
penalized model. From the unpenalized order logit models, we found that the only significant variable
at five percent or lower was quick asset ratio.
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Suggestions for future research

At the same time as working on the three papers, a knowledge gap was discovered. There is a lack of
knowledge in company response behaviour to surveys. If the nonresponse in a survey is missing
completely at random, (MCAR) there is no problem with bias. However, if the nonresponse is not
MCAR, it will cause bias (Rubin, 1976). There is no way to test if the nonresponse is MCAR (Thoemmes
& Rose, 2014). In Japec et al. (2000) they list some of the reasons why companies neglect to answer
surveys, it may depend on more modest factors as the timing and wrong address, but also more company
specific features. Other reasons may well be subject to staff change, ownership exchange,
rearrangement, lack of money, lack of knowledge in the questioned topic, difficult and/ or demanding
survey, poor or non-existent basis, as well as low priority. In surveys aimed towards individuals, it is
known that certain personal characteristics lower the probability of obtaining an answer. Most difficult
to reach are young, metropolitan, low skilled and foreign-born. If the study object to one or several of
these categories, there probability of attaining an answer are lower than other categories (Höjer, 2017).
The primary hypothesis we have is that company nonresponse may also be subject to other company
characteristics, which can be detected in the accounting information.
The aim for the continuation is to investigate if the response rate depends on firm characteristics. A
survey will be send to companies, with three reminders. The reminders will act as deadlines, and the
respondents will be viewed as a respondent-group. The respondents in each respondent-group will be
matched with their accounting information. Analysis will be carried out on each of the respondentgroups. The hope is to detect patterns in the accounting information of the companies responding without
reminders, after the first reminder, after the second reminder and for those companies, which do not
respond until the third reminder. The accounting data comes from the Swedish Companies Registration
Office (Bolagsverket), where all limited companies has to send their annual report. The database
contains over 170 variables for all limited companies.
Overall, the research so far has discussed the problems appearing with missing data, lack of data, and
with omitted variables. My findings are expected, given the used methods. The recommendations I can
draw from the research I conducted so far, is that more considerations should be done, when researchers
on company data face data issues.
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