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Preface 

It is no secret that the market research industry is under pressure to deliver sound and strategic insights within 
shrinking budgets and timeframes. Ten years from now efficiency is predicted to be the number one deciding factor 
when commissioning research. This presents a serious challenge for qualitative researchers whose traditional 
methods are not compatible with this need for speed. Whilst demand for qualitative research may be growing, unless 
we find a way to adapt our processes there is the risk of becoming irrelevant. 

Confronted with this scenario, this paper investigates automation as a potential solution. Specifically, the use of 
automated tools during qualitative analysis. We set out to discover whether automation is even feasible, and if so, 
what are the benefits and drawbacks for research professionals? What is the impact on the time, cost and quality of 
insights? Moreover, how do clients evaluate these trade-offs?  

To answer these questions we collaborated with Danone and Voxpopme, devising a head-to-head competition 
between human analysis, machine analysis and a combination of the two. This resulted in three research reports, 
evaluated by Danone in relation to their business needs.  

From this experiment we learn that the outputs from machine analysis do not offer ‘magic bullet’ insights. Standalone, 
automation delivers little value and is limited in its sophistication. Yet, if viewed as a facilitator, automated tools can 
certainly be used to our advantage during the ‘human’ qualitative analysis process. Thus, by using these, a full report 
was produced in half the time versus a full report created by human analysis alone. Moreover, our client evaluation 
confirmed that the time and cost benefit incurred did not compromise the quality of insights. In fact, this report was 
selected as the preferred option prior to revealing the methodology behind each one.    

This paper subsequently evaluates our experiment from both an agency and client-side perspective, providing insight 
into the key learnings we gained during a study that gave us optimism for the future and taught us not to compete, but 
to collaborate with machines. 

The challenge 

It is a truth universally known that the market research industry is under pressure to change the way we do things; 
namely, to become faster and cheaper and yet at the same time maintain quality and be more consultative. We hear 
that to not do so means risking us falling victim to the boiling frog syndrome, our inability to adapt, potentially resulting 
in a slow and untimely death.  

During a client panel discussion at ESOMAR Congress 2017 we learned that the tall orders the industry is facing are 
not confined to short-term, tactical business decisions. The process of decision making is fundamentally changing and 
regardless of whether a new client initiative is tactical or strategic in its objective, executives are now required to make 
lots of micro-decisions at short intervals that progressively accumulate to reach the overarching goal.  

This evolution in decision making supports the prediction that 10 years from now efficiency will prevail. Already today, 
at each gateway clients must base their micro-decision on whatever knowledge they have at that point in time. This 
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means that speed is becoming first and foremost of greatest importance when it comes to delivering insights; to miss 
a gateway will render research worthless, no matter how insightful.  

This new reality presents a serious challenge for qualitative research, our traditional methods being directly at odds 
with the need for speed. Moreover, there is the possibility that with the growing emphasis on efficiency, increasing 
sophistication of big data and the automation of quantitative research, in the future clients may be forced to base their 
business decisions on the numbers alone.  

Confronted with this future scenario we have two options; to bury our head in the sand and risk becoming irrelevant, or 
to accept change and adapt our processes. 

The good news is, there is an incentive for us to adapt. Alongside a rapid expansion of data analytics, The Business of 
Evidence 2016 report points to a simultaneous growth in qualitative research. The demand for this form of research is 
predicted to increase, driven by a need to convert big data into ‘smart data’. Thus, in the future the perceived value of 
qualitative research may be elevated given its ability to provide meaning, clarity and focus within a sea of numbers. 

However, for us to embrace this potential opportunity and deliver on this growing demand, we will need to address the 
challenge of efficiency and start doing things differently; learning to evolve, rather than resist change. At SKIM we are 
keen to facilitate and drive this process of adaption and have made it our mission to investigate possible solutions. 
Having begun this journey we are keen to share our learnings to date with the qualitative research community. 

“Qualitative research will still be important as it gives meaning to the number. But how it’s done will have to change”  
(ESOMAR Congress 2017, panel discussion; Market Research from a Client Perspective) 

The potential solution 

One potential solution to increasing efficiency pressures is the use of automation and artificial intelligence. This is a 
topic of debate that goes beyond our industry and has been on the horizon for longer than we may think. 

It seems artificial intelligence has always appealed to the imagination. Interest in the subject can be traced back to as 
a far as 850 B.C. and Greek Mythology.1). Over the last few decades we have seen incredible progress in this field: 
from the famed ‘Turing test’, first developed in the early 50s2); to building the first anthropomorphic robot in 19743) and 
pet robots in the late 90s4); to the recent reveal of a self-learning poker robot who is capable of winning against the 
world’s biggest poker players.5) Growing public interest in these developments can be seen by the increasing number 
of Google searches, with close to 400.000 people googling ‘Artificial Intelligence’ or related searches every month.  

Even though the debate over the safety and desirability of artificial intelligence is still ongoing6) and programmers feel 
Artificial Intelligence is still in its infancy,7) it is already having an impact on daily life. Take computer games, for 
example, where Artificial intelligence is used to create more depth in the gaming experience8). Moreover, Artificial 
Intelligence is crucial for the development of self-driving cars9), and helps apps like HBO Go, Netflix and Spotify 
recommend to you your next source of entertainment. Artificial Intelligence is thus becoming more and more central to 
business innovations and value propositions, leading to increased investment in its development.  

One especially interesting part of Artificial Intelligence, is its application in linguistic analysis. Daniel Bobrow was 
among the first to foresee that understanding natural language, not computer code, would be a major step towards the 
creation of Artificial Intelligence10). He built the first machine to understand simple natural language in 1964, and 
developments in this field have continued ever since. Natural language processing, i.e., the application of 
computational techniques to the analysis and synthesis of natural language and speech11), has the potential to impact 
our world in many ways. Application of the technology can be useful in a wide variety of fields, such as academia, to 
speed up analysis processes; in law enforcement, for a more rapid survey of police reports12); and in law, allowing 
firms to sift through legal cases without it taking up too much time13), to name but a few examples. 

Naturally, businesses have been looking for ways to benefit from this technological advancement, and there are 
already many examples of successful implementation. Spam filters, for instance, rely heavily on natural language 
processing. Other examples include digital ‘helpers’ such as Cortana, Siri and Alexa14). Yet, with the fast 
developments in the technology, interest has peaked for more intricate and advanced uses of natural language 
processing. One of the front running companies in this respect has been IBM, whose development of IBM Watson 
provides an accessible AI platform for businesses. Practical uses of Watson are as wide ranging as chatbots for 
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customer service, educational tools, and diagnostic tools for health care professionals.15) But, what about consumer 
research? 

Whilst the market research industry may be a little later to the game, interest in automation and AI is clearly growing. 
A prominent debate in recent years has been whether these technology developments are destined to be our savior or 
downfall. In the future will we be collaborating with machines or competing for jobs?  

Despite these debates and the prominent discourse around the need to change and the rise of automation, there are 
few practical case studies exploring its potential in the field of qualitative research. For a while now our quantitative 
counterparts have been experimenting with and applying automated tools to increase efficiency. However, 
opportunities to automate appear more naturally aligned with quantitative processes. Given the human nature of 
qualitative research, is automation for us even feasible?  

InSites Consulting believes it is and is already exploring the application of AI in moderation, investing in the 
development of chatbots that can moderate online communities16). Does this mean there is also opportunity for us to 
use automation and AI during the analysis process?  

Developments in natural language processing suggest it could be possible. Moreover, a number of market research 
video platforms that have emerged in recent years, like Voxpopme, appear to agree. Video has always been one of 
the biggest challenges for the qualitative research industry. Consumer videos are growing in popularity and usage as 
a means to capture qualitatively consumer insights time and cost effectively and bring consumer insights to life during 
debriefs. However, video and researchers have historically not had the happiest of relationships, video analysis being 
hugely time and cost intensive. Thus, video-focused startups claim to make video insight easy. Not only do they offer 
fast video capture, they also provide automated analysis tools to analyse large volumes of data at speed.  

Interestingly however, whilst these time-saving tools are available, Voxpopme reveals they see relatively little usage of 
them. This suggests qualitative researchers are continuing to implement their traditional, time-consuming processes of 
analysing video data. At SKIM we therefore questioned what may be driving this low uptake; the inability to automate 
qualitative analysis, uncertainty as to how to apply these tools, researcher distrust or something else? Intent on 
exploring the potential for using automated tools in qualitative analysis and finding a solution to the growing need for 
efficiency, we joined forces with Voxpopme and set out to investigate. 

The experiment 

At its core our experiment aimed to shed light on whether automation can be used to our advantage when conducting 
qualitative video analysis. We looked to explore the benefits and drawbacks of the tools available, to understand 
potential time versus quality trade-offs in the outputs produced and to providing learnings to help guide practitioners in 
their future application.  

To accurately evaluate the potential of automation we conducted a comparative study, creating a head-to-head 
competition between humans and machines. To avoid biasing the results two separate teams were formed. Both were 
tasked with analysing 127 self-recorded consumer videos but to do so using different methodologies. Thus, one team 
had access to automated tools whilst the other team relied on traditional human methods of analysis. Both teams were 
composed of a senior researcher, supported by an analyst. 

Automated Analysis Team 
Our automated team had a range of automated tools at their disposal: 

 Charts: automated charts can be created based on screening / survey questions 
 Theme explorer: see an overview of the topics most frequently mentioned 
 Sentiment analysis: this tool is powered by IBM Watson and determines whether a response is positive, negative 

or neutral. This can be viewed on a question, theme or sentence level 
 Object recognition: identify contextual information within the videos without watching them, such as characteristics 

of the person, objects within the frame and location details 
 Filters: the ability to filter responses by question and / or screening criteria (age, gender, user type, attitude etc) 

and conduct keyword searches 
 Video editing: highlight sentences within the transcripts to create video clips 
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Alongside these automated tools the team also had the raw videos and transcripts.  

Using these resources the team was tasked with creating two reports:  

 An automated topline: a topline report created using the outputs provided by the automated analysis tools, to 
evaluate the potential of machine only insights 

 An automated + human analysis report: automated outputs were to be used as a guide to pinpoint areas to 
explore further by human analysis to produce a full report, to evaluate the potential of collaborative approach 

Human Analysis Team 
The human analysis team had only the raw videos and transcripts at their disposal and were tasked with producing 
one report: 

 Human analysis report: a full report created based on traditional human analysis of all consumer videos, to 
compare and benchmark results produced by our automated analysis team   

Each team was required to log the amount of time spent analysing the videos and creating each report. By doing so 
we could compare and evaluate the process and insights produce by machines, humans and a combination of the 
two. 

The client case study 

Whilst part of our aim was to understand the benefits and drawbacks of using automated tools from a qualitative 
researcher perspective, ultimately our goal is to find solutions that better meet our client’s needs. Thus, to understand 
the true potential of automation, it was equally, if not more important to gain a client-side perspective by applying our 
experiment to a real research study.  

It did not take long for the ideal case study to arise. Very quickly we received a brief from Danone in which qualitative 
research was needed to understand a new product category and drivers of consumption in order to create 
communication claims to be tested quantitatively. However, limited time and budget could not accommodate the initial 
qualitative stage if it was to be conducted using traditional methods. We therefore invited William Serfaty, Global 
Strategy and Insights Manager at Danone, to collaborate with us on this initiative in order to test the potential of using 
self-recorded consumer videos and automated analysis tools as a means of solving this common client challenge. 

In terms of methodology, we recruited a total of 48 users and non-users in the UK, each one completing a screener, 
five background survey questions and three video tasks; two ‘tell us’ questions that could be recorded at home and 
one ‘show us’ question that was to be recorded whilst consuming the product under investigation or in a supermarket.  

Having aligned on the research objectives and methodology, William’s role was to evaluate the three final reports; 
based on human analysis, machine analysis and a combination of the two. The evaluation process involved two 
stages: 

 Stage 1: a ‘blind’ evaluation in which William did not know the methodology behind each report. William was 
tasked with evaluating each one and selecting his preferred option based on: 
o The extent to which it answered the business question 
o Depth of insights 
o Clarity of insights 
o Actionability 
o Overall thoughts 

 Stage 2: having revealed the different methodologies and the time and cost involved creating each report, William 
was asked to again select which one best meets his business needs, and whether there are occasions in which 
either of the other reports may be more suitable 

 

By applying our experiment to a real study and involving William in the evaluation process we could more validly 
identify where there is opportunity to use automation to our advantage and which corners we simply cannot cut.  
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Key questions & hypotheses 

The following outlines the key questions we wished to explore during this study: 

 Is automation even feasible when analysing qualitative findings?  

 What are the benefits and drawbacks of these tools? 

 How much does it really save time and money?  

 What is the impact on the quality of our insights? 

 How much can we rely on automation or is human involvement still required?  

 How do clients evaluate the potential trade-offs? 
 

Alongside these questions we formulated the following hypotheses before starting our experiment: 

 We predicted that the use of automated tools is feasible but of limited value due to minimal time saved versus the 
quality of insights sacrificed 
 A lack of researcher trust in the automated tools and outputs results in little time being saved; all videos will be 

analysed 
 Research analysis driven by automation (whether or not in combination with human analysis) will miss the 

nuances and depth of insight captured by human only analysis 

The results: Research agency perspective 

This experiment certainly challenged our expectations. In answer to the question, can automated tools be used to our 
advantage during qualitative analysis? The short answer is YES, but not standalone.  

The reality is that when conducting qualitative analysis, there is currently limited value in automated tools without 
human involvement. The outputs produced are words and charts that hold little meaning on their own and are mixed in 
their accuracy. At this point the sophistication of the tools tested is limited; machines are not able to join the dots, 
identify which are the key insights or tell us what the drivers are. Even to create an initial topline report human analysis 
is required to review automated outputs and understand their meaning to narrow down which information is relevant. 
Whilst in time it is likely their intelligence will increase, for now at least, automation tools cannot be expected to 
provide magic bullet answers.  

That said, in the hands of a human, these tools do have the power to substantially reduce the time it takes to run the 
initial analysis. Large quantities of information can be filtered and processed at speed to identify high level findings 
and produce a topline report within two days. Automated outputs valuably provide direction on where to dig deeper to 
pinpoint the key insights that answer our client’s business questions. The benefit of using these tools to ‘facilitate’ the 
analysis process is best illustrated by the fact our Automated Analysis Team was able to analyse the videos and 
create a full report within five days; half the time it took our Human (only) Analysis Team. Our client’s evaluation, 
explained further within the next chapter, confirms both reports to be equally insightful. 

Our experiment therefore reveals that there is indeed opportunity to use automation to our advantage during the 
qualitative analysis. However, the value of these tools ultimately lies with the humans using them, as it is a market 
researcher’s analytical thinking that is required to join the dots and analysis automated outputs within the context of 
the client’s business question in order to identify the insights and deliver recommendations. Thus, during qualitative 
analysis, whilst machines can cut down time, human thinking is a corner that cannot be cut.  

The following provides insight into the key learnings we gained during our experiment that taught us not to compete, 
but to collaborate with machines. 

Automated qualitative outputs produce data not answers 
One of the original objectives of the Automated Analysis Team was to produce a topline report using only automated 
outputs. However, it quickly became apparent this would not be feasible. Whilst automated charts could be created 
based on the survey questions to quantitatively compare user and non-user behaviours and attitudes, automated 
outputs stemming from the qualitative video data did not provide standalone answers that could be copied into a 
document. There are a number of reasons why this is the case: 
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Automated outputs lack meaning. For example, the automated ‘themes’ produced are an extensive list of commonly 
mentioned words or sometimes phrases, such as breakfast, morning, time, quick, cereal, healthy, tend.  Without any 
context or ‘dots’ connecting these words, it is not possible to accurately interpret their meaning and relevance (or lack 
of). Thus, whilst themes may be found within these words, at this point the output is purely data and not insights.  

Figure 1 provides an example of output from automated ‘Theme Explorer’. 

Figure 1.  

 

 
Machines do not connect the dots. Joining the dots is key to giving meaning to the automated outputs. At present the 
tools tested do not form basic connections (e.g. combining ‘fill’ and ‘fills’), let alone creating more sophisticated 
occasion based buckets (e.g. connecting ‘morning’ and ‘evening’). Humans are therefore needed to understand the 
meaning behind the words produced by the machine and to connect the dots in order for the real themes to be 
identified.  

Machines cannot read between the lines. Additionally, with all qualitative research one must analyse both what is said 
and what is not said. However, machines cannot ‘flag’ information that is not there; this capability would require a far 
greater level of machine sophistication. For example, if during the category exploration stage we uncover five core 
consumer needs and then during product evaluation one of the core needs is missing, the machine will not connect 
the answers from Q1 and Q3 in order to uncover this insight; human analysis is required.  

Machine outputs can be easily misinterpreted. The automated tools automatically rank the ‘themes’ it identifies and 
assigns them importance based on the frequency of mentions. This can be misguiding as we found lower ranking 
‘themes’ often fed into the top themes, either increasing the importance of the overall insight or adding an importance 
nuance to the story. For example, the tools did not bucket words with a similar meaning together e.g. ‘quick’, ‘grab’, 
‘handy’, ‘convenient’, ‘rush’, ‘busy’, time’. Without human analysis to review all automated ‘themes’ and connect these 
words together the importance of ‘convenience’ as a key insight can easily be underplayed.  

Additionally, given this ranking, there is a risk of ‘themes’ which fall to the bottom of the pile being disregarded when in 
reality they add an important nuance. For example, when exploring consumption occasions ‘breakfast’ is a high 
ranking theme which could lead to the assumption that ‘users consume the product for breakfast’. However, further 
down the list we see ‘evening’ and ‘snack’, meaning in reality ‘the majority consume the product for breakfast but it 
can also be eaten in the evenings or as a snack’. 

Machine outputs can be inaccurate. Inaccuracies are another driver of misinterpretation as the conclusions reached 
by machines can be explicitly wrong. We found this to be most problematic when reviewing the automated outputs 
produced by IBM Watson’s sentiment analysis. Whilst in theory it is valuable to see the distribution of negative, neutral 
and positive sentiment for each question, sentence and theme, the accuracy of this tool was incredibly mixed. For 
example, on a theme level ‘yoghurt’ is assigned as having a negative sentiment when in reality the negativity does not 
stem from the yoghurt; “the mix of yoghurt and cereal is really handy because I can have that while I’m breast feeding 
her which is quite hard to find really because it’s yoghurt whereas cereal is messy, you know with the milk and stuff”. 
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There are also many inaccuracies on a sentence level, for example, ‘I tend to save it for the evenings’ is categorized 
as being negative. With theme and sentence level sentiment not always being valid, this means the distribution of 
sentiment on a question level cannot be trusted. 

As a result, whether to create a topline or full report, human analysis is required to validate automated outputs and 
identify the insights within the data. 

Automated tools can facilitate high-speed analysis to identify topline findings 
During our experiment we learned that whilst automated outputs do not provide standalone answers that can be used 
to create a topline, they can empower qualitative researchers to conduct analysis at speed. Thus, in contrast to our 
Human Analysis Team that had to spend a week reviewing all the video transcripts, the starting point for our 
Automated Team was the machine outputs. By analyzing these, rather than the raw data, within one day we were able 
to build up a picture of the overall story and identify key learnings.  

To achieve this, we used an exploratory yet structured process. Prior to beginning the analysis we started with a clear 
understanding of the types of answers required and formulated detailed hypotheses for each question. Using this as 
the starting point, we found it most effective to implement a layered approach; each of the automated outputs 
providing a layer of potential insight. By reviewing and evaluating each one and joining the dots the researcher is able 
to very quickly form a set of hypotheses regarding the key findings. For example, by reviewing the ‘themes’ produced 
by the automated tools for each question, it is possible to very quickly group words together and hypothesise what the 
potential insights could be. The next step is to drill down into the ‘potential’ high level themes by viewing consumer 
responses. By doing so the researcher can accurately interpret the meaning behind the words to either validate or 
reject their observations at speed.  

Using the analysis process above, the Automated Analysis Team was able to test and validate their observations, 
efficiently compare and contrast segments and write a topline within two days. But of course, high speed analysis 
produces high level findings. Thus, similar to a traditional human topline, this report provided the key information but 
did not tell the story; meaning it was primarily factual rather than being detailed, analytical and crafted in a way that 
draws the reader’s attention to a set of key, actionable messages. 

The creation of a full, strategic report cannot forego strategic human thinking, although automated tools can 
offer a helping hand 
Having extracted the topline findings within one day, it took another four days for the full report to be created. This 
process taught us that there is direct correlation between the level of human analysis and the depth and value of the 
insights delivered, whether or not automated tools are used.  

Thus, no different to traditional qualitative analysis, to create a full, strategic report additional time was required to 
analyse the topline findings within the context of the client’s business challenge. During this process we delved deeper 
into the data and connected more dots in order to develop the story and translate our high level automated finding into 
strategic, actionable insights. Time was also spent crafting the report to communicate these insights through a clear 
and compelling narrative. 

However, whilst for both teams strategic, analytical human thinking was required to create a full report, our Automated 
Analysis Team did have a helping hand. Firstly, not only did the initial analysis save time that could be spent 
developing the full story, the topline findings also helped to focus the team’s attention. It provided a framework in 
which to reflect on the initial learnings within the context of the business question and guide more detailed exploration.  

Secondly, rather than having to go back each time and review all the original transcripts, the process of digging 
deeper into the data was facilitated by the automated tools. Thus, during the writing phase filters and keyword 
searches were used to efficiently flesh out key themes and explain the drivers in more detail. This process in turn 
facilitated ‘deeper’ thought patterns and led to more dots being joined which further developed and strengthened the 
story.  

This collaboration between a human’s analytical thinking and the use of machines to efficiently guide our exploration 
and sift through large quantities of data, led to an equally insightful full report being created in half the time versus the 
human only version.   
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The most basic tools currently offer the most value 
Automated charts, thematic text analysis and filters are basic forms of automation compared to sentiment and object 
analysis that require machine intelligence. Yet, at this stage it is the basic tools that are most valuable in enabling 
qualitative researchers to efficiently analyse large quantities of data at speed.  

IBM’s sentiment analysis is very mixed in its accuracy when assigning a sentence or theme a positive, negative or 
neutral rating. Whilst this tool provides another method of filtering information, the output needs to be checked to such 
an extent it almost cancels out the benefits. However, there were instances when the sentiment attached to an 
automated theme were accurate and insightful (e.g. ‘sugar’ being negative) providing optimism for the future.  

For this study, our object analysis outputs did not provide additional information. Whilst it could identify people (face), 
gender (woman) and contextual elements (shop, shelf, furniture) our research setup limited the value of this 
information (a female-only sample given at-home or in-store tasks). That said, for other research applications it could 
be more valuable and it is interesting to highlight that ‘smile’ was identified among multiple users, a facial expression 
that supports our finding that users are positive towards the consumption experience. 

All tools tested have greater potential than their current capabilities 
This is the first time we have dipped our toes into the world of automation and in the face of significant qualitative 
researcher skepticism we have been convinced of its benefits and potential. Nevertheless, at the moment there is a 
significant gap between how these tools currently work and our ideal vision.  

Even for the basic tools tested human input and work-arounds are required where greater technical capabilities could 
deliver further efficiencies. For example, at the touch of a button we would like to group together similar words 
produced by the ‘Theme Explorer’ to create meaningful themes. Plus, for each theme, it would be beneficial for the 
machine to accurately total the number of repeat and unique mentions to understand at a glance the importance of 
each one. We also envisage more sophisticated filtering systems that enable us to more easily drill down into a theme 
to identify patterns and drivers. 

Ideally, text analytics could go a step further. Rather than analysing words in isolation, the ultimate desire is for 
machine intelligence to recognise patterns of words and the meaning behind them. This capability would enable 
machines to join the dots and produce outputs in which words that are related to each other are automatically grouped 
together. They could also potentially highlight if and to what extent there are connections between different themes to 
understand the drivers.  This could result in topline findings being identified with minimal human involvement, freeing 
up even more time for strategic thinking.  Notably, desk research suggests platforms with this level of intelligence may 
already be available within the academic sphere. 

When it comes to sentiment analysis we hope for improved accuracy in the near future so that the sentiment assigned 
to a sentence, theme or the overall responses to a question can be trusted to a far greater extent. From just our 
experience to date we can see its potential to significantly speed up the analysis process by helping us to quickly 
identify key insights.  

And finally, object analysis is another tool we feel has greater potential than its current capabilities. We imagine using 
it to filter video content based on types of people, contextual information and facial expressions.  Potentially in the 
future outputs can be assigned an accuracy percentage similar to that provided by Amazon’s automated analysis of 
still images. This would beneficially enable human checks to be more targeted.  

Overall, as technology advances and becomes more sophisticated, the uptake and benefit of using these tools will 
only increase and help qualitative researchers to deliver strategic insights faster. At SKIM we are therefore keen to 
continue our investigation in this area. 

A shift in mindset is needed to leverage these tools 
Given the outputs produced are not always accurate, it is understandable that researcher distrust is a barrier to using 
automation. Additionally, on first impressions the capability of these tools and value of automated outputs is seemingly 
limited. The rejection of machines is therefore an easy outcome. 

Yet, our experiment reveals that in a researchers’ hands there are real efficiency benefits in collaborating with 
machines. We therefore advocate a shift in mindset for researchers’ to push past their initial skepticism and reap the 
benefits of these tools.  
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Firstly, similar to any new platform, a level of persistence and trial and error is required to learn how best to use 
automated tools. Plus, importantly, they should not be expected to provide the answers; their role is to facilitate the 
human analysis process.  

Secondly, a change in perspective can result in the drawback of machine inaccuracies being viewed as a strength. 
During our experiment we found that researcher awareness of this limitation drives a thorough validation process that 
ensures conclusions reached are correct. In contrast, when conducting an internal pilot session with analysts we 
found that too much trust and reliance on machine outputs led to incorrect conclusions.  

In essence, whilst these tools can offer a helping hand, qualitative researchers are still required to take ownership of 
the analysis process and be exploratory, analytical and critical in their approach to answering their client’s business 
question. 

The results: Client-side perspective 

Client-side feedback from William Serfaty, Global Strategy and Insights Manager at Danone, further validated both the 
importance of human analysis and the success of using automated tools as a means of speeding up the qualitative 
analysis and report writing process. His feedback therefore confirmed that collaborating with machines can enhance 
efficiency without compromising the depth and quality of insights. Thus, even when evaluating the three reports ‘blind’, 
without being informed of their methodologies, our client’s preferred option was the full report that had been created 
by a human with the help of automation.  This report was felt to be the most complete and well-balanced in terms of 
the depth and clarity of insights. 

“For me, Deck 2 [human + automation full report] is my preferred option. This would be the one I share with my 
internal stakeholders.” 

The report created by human analysis only was perceived to provide a similar level of insight, but in places these were 
harder to digest within the detail.  This suggests that the benefit of using automated tools to facilitate the analysis 
process may go beyond time and cost efficiencies; additionally helping to structure qualitative insights within our 
deliverables. 

Moreover, whilst the fast turnaround topline report was well-received, William determined that it does not provide 
enough insight to make business decisions. This report took less than half the time to create and involved far less 
human analysis. Thus, the fact the full (human + automation) report was favoured confirms the importance of finding 
the right balancing between speed and quality, and the importance of human involvement in thinking strategically and 
turning automated information into actionable insights. 

William’s evaluation of the reports and rationale therefore provides valuable insight into client-side considerations 
when choosing how to invest their budget and how the trade-off is perceived between time, money and quality of 
insights.  

Table 1.  
 Deck 1

Human + Automation 
Topline 

Deck 2
Human + Automation Full 

Report 

Deck 3 
Human Analysis Only 

Full Report 
Time to create report 2 days 5 days 10 days 
Ballpark Cost  €10,000 €15,000 €20,000 
 
Clarity of insights Equally delivered Partially delivered 
Depth of insights Partially delivered Equally delivered 
Actionability  Partially delivered Equally delivered 

 

Evaluation of the human + automation topline versus human + automation full report 
A key learning from our client-side feedback is that for this type of research, a report primarily driven by automated 
tools is not sufficient as a final deliverable. Whilst the topline report took only two days (versus five days) to produce 
and cost two-thirds of the price, efficiency savings incurred were too much to the detriment of the insights gained. In 
essence, the trade-off was too great. 
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“I cannot base any decisions on what’s in Deck 1 [human + automation topline]. I need more insights. You need to go 
deeper, it should contain more information. The recommendations are less detailed than the two other reports.” 

Thus, whilst the topline saved time and money in absolute terms, the full (automate + human) report was perceived to 
deliver greater ROI. The three additional days required for more in-depth human analysis (facilitated by the automated 
tools) to dig-deeper and interpret the topline findings within the context of the business objectives resulted in a report 
that can guide internal stakeholders in their decision making. 

That said, without being informed of its intended purpose this first report was immediately perceived as a topline. 
Based on this assumption it was positively evaluated for having a clear and concise structure and a good amount 
information. This feedback confirms that automated tools can credibly be used to identify topline results.  

“The first report wasn’t a full report. It was a topline. For me, it was really clear and I find it very well done. Deck 1 
would work as a way of sharing first topline findings with the team. Sometime they need to have first results” 

However, within the context of an exploratory study, this form of output is not seen as necessary. William instead feels 
it could be more beneficial in concept testing research to provide initial direction to internal stakeholders. 

Evaluation of the two full reports 
A key learning from the direct comparison of the two full reports is that both were perceived to offer the same level of 
insight, equally delivering on actionability and the extent to which they met the business objectives. This means that in 
contrast to the topline version, the time saved to create this report by using the automated tools did not have any 
negative impact on the quality of insights. 

The main notable difference identified between the reports was in regard to style and structure, with William favouring 
the human + automation report.  

“It was clear for all of them… but for me [Deck 2] had the best structure. It was clearer than the third deck. This deck 
had a lot of information, but it sometimes it was a bit confusing, it was harder to digest. Despite being the same length 
this deck felt much longer.”  

“What I see in Deck 2 is a good level, good balance, between the learnings and the clarity of the structure.”  

Whilst this may come down to personal preferences and style, we hypotheses that automation played a role. As we 
know from traditional research, during the process of analyzing large quantities of data it can be challenging to 
maintain a birds-eye view and structure the key insights within a detailed report. In comparison, the fast turnaround 
topline driven by the automated tools provided the advantage of a framework in which to focus the researchers’ 
attention during the process of diving deeper into the findings and building the full report.  

This suggests that the use of automated tools during the analysis process may not be limited to time and cost savings. 
Additionally, in terms of process, it supports our finding that for internal purposes it is valuable to use the tools to gain 
topline insights before digging deeper.  

Before revealing the methodology behind each report William was uncertain but predicted Deck 2 was created by 
human analysis.  

“I would say the automated report is Deck 3, and the human report is Deck 2, but I’m really not sure.”  

Both William’s uncertainty and ultimate prediction supports the conclusion that the use of automated tools during the 
human analysis and report writing process can deliver time saving benefits without compromising insights; if sufficient 
time and human involvement is allowed. 

Overall verdict and propensity to use automated tools for future qualitative studies 
Once informed that automated tools were used to analyse the videos and create Deck 2, William was pleasantly 
surprised. Additionally, his hypotheses aligns with our own regarding the potential advantage of leveraging 
automation. 
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“That’s really interesting. A nice surprise. I wasn’t expecting that, the report is really complete with a lot of information. 
Maybe it’s not surprising, when you’re writing a report, you want to give as much information as possible and to be the 
most precise. That’s the feeling I get from deck 3, you want to give me all the information you’ve found, except it 
became too heavy in terms of information. That was not the case for deck 2. Both were insightful.”  

The conclusion that a full and insightful report can be produced in half the time is perceived as a very positive 
outcome. Within the context of growing time pressures the use of automation is viewed as a credible solution that 
provides the ideal balance between time, cost and depth of insights.  

“For me, it is good to know that in one week you can have a full, actionable report. Right now, the teams are looking 
for faster and faster results. Usually, it takes two to three weeks for these kinds of reports, but sometimes we take 
other partners because they are faster. So, this could be a great way to go faster. At the same time the quality is very 
important. In the end, it’s about finding the right balance. Here we can get a report faster that provides the level of 
detail that you’d get from a longer, traditional report.” 

William would therefore consider this methodology for future qualitative studies.  

A word of warning when communicating this methodology to clients and stakeholders 
During the client evaluation we also learned the importance of being cogniscant of our target audience when 
communicating this methodology and to not overplay the role of machines. 

William highlighted that stakeholders are most concerned with research outcomes rather than the process involved. At 
the same time, the mention of machines may have negative rather than positive connotations. As a result, whilst he 
would use this methodology, he would be hesitant to inform stakeholders that automation is involved during the 
analysis process.  

“I’m not sure I would communicate it to stakeholders. They would not notice the difference between the two reports.  If 
you mention machines some of them may not be confident about the learnings they will get.” 

Additionally, during the evaluation process we noticed that when discussing this methodology with clients there is a 
need to clearly communicate the role of humans relative to machines, otherwise there is risk of the machine element 
being overplayed and the human element being undervalued.  

“This means that the machine can do a great job. I really wouldn’t say Deck 2 had been done by a machine.” 

We recommend emphasising that the analysis process is very much driven by the qualitative researcher. Machines 
simply offer the tools to facilitate humans in processing large quantities of information. The efficiency of this process 
means time allocated can more valuably be spent analysing the information, pinpointing the key insights and crafting a 
well-structured report. In essence, the value of automated tools rests in the humans using them. 

The next steps 

At its core, this study has validated not only the feasibility, but the benefit of using automated tools during the 
qualitative analysis and report writing process. Even despite the limited sophistication of the tools tested, they are 
nevertheless able to halve the time it takes to create a full report without compromising the quality of the insights 
delivered.  

At the same time, our experiment highlights the necessity and importance of human involvement. Humans are 
required to give meaning to automated outputs by connecting the dots and analysing the findings within the context of 
the client’s business question. This means the role of these tools is to facilitate qualitative researchers, rather than 
replace them.   

As technology advances and becomes more sophisticated, we predict the uptake and benefit of using these 
automation will only increase, helping qualitative researchers to deliver strategic insights even faster. At SKIM we are 
therefore keen to continue our investigation in this area.  

Our next step is to explore other platforms available, namely those currently used in academia. We hypothesise that 
these are more ‘intelligent’ in their capabilities, particularly in regard to natural language processing. As discussed, 
these machines may be able to understand the meaning of a word within the context in which it is said, in order to 
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group together categories of words that have a similar meaning and highlight connections between themes. In theory, 
this capability could enable a topline to be produced with minimal human input.  However, even in this instance, we 
believe that humans will not be cut out of equation, as human analysis would still be required to translate these 
findings into an actionable and strategic report. 

From this experiment we therefore look to the future with optimism in the belief that machines are not our rivals, but 
our allies. Allies that can help the qualitative industry adapt its processes and remain accessible to clients in the 
context of increasing efficiency pressures. Thus, through the collaboration between humans and machines there is the 
opportunity to achieve the ultimate, seemingly impossible goal; delivering on time, money and quality expectations, 
without any trade-off.  
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