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Abstract 

In this paper, we investigate the effect of Delphi group size and opinion diversity on group 

members’ information load as well as on their overall experience of the Delphi process - in 

terms of task involvement (enjoyment and interest) and in terms of group sway (the 

influence and helpfulness of others’ rationales). For Delphi applications involving the 

exchange of rationales between participants, we found no evidence that group sizes of up to 

19 participants cause information overload or de-motivation and disengagement of 

participants. 
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Introduction 

Relative to individuals, groups potentially bring a variety of perspectives, experience and 

knowledge that should help to improve the accuracy of judgmental forecasting but this 

advantage may be reduced by several cognitive and social biases – such as anchoring 

(Tversky & Kahneman, 1974) and groupthink (Janis, 1972), respectively – that are manifest 

in (and amplified by) freely interacting groups. The Delphi technique was developed in the 

1950s by the RAND organization as a structured group-based judgmental forecasting 

method for the defence sector (Dalkey & Helmer, 1963) but since then has been applied in a 

wide variety of contexts with the aim of improving the outcomes of group judgment (e.g. 

Linstone & Turoff, 1975; Rowe & Wright, 2011). 

Delphi achieves its advantages over individual judgment and interacting groups by first 

surveying the anonymous opinions of several individual experts, who are thus able to make 

judgments free of any anchors provided by other group members or fear of group censure. 

Group members then receive feedback – usually edited and summarised by a facilitator – 

regarding the opinions of other experts in their nominal group. Next, each individual expert 

is invited to revise his or her opinion and then these revised opinions are again collated by 

the facilitator to be fed back in subsequent rounds of revision - or released as the final 

outcome if a sufficient degree of consensus (or a stable dissensus) has been reached. 

Between-round feedback typically includes summary statistics describing the group’s 

responses and participants can also be asked to provide written rationales in support of 

their judgments (Bolger & Wright, 2011; Meijering & Tobi, 2016). Use of written rationales 

as feedback is now much more common that in earlier decades (Belton et al, 2019), thanks 

in part to the availability of online tools which allow the collation and feedback of multiple 

rationales to be managed more easily (see Aengenheyster et al., 2017 for a review). 
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Participation in a Delphi study requires a significant time commitment since panel members 

need to provide input on two or more occasions - sometimes separated by several weeks of 

elapsed time (Boulkedid et al., 2011; Rowe & Wright, 2011). As a result, keeping participants 

engaged can be difficult and minimising drop-out rates is an important consideration (Toma 

& Picioreanu, 2016; Turnbull et al., 2018). The quality of a Delphi study’s findings depends 

on as high a proportion of the initial panel as possible completing the second and any 

subsequent rounds and contributing fully throughout (Hasson et al., 2000; Goluchowicz & 

Blind, 2011). Where the attrition rate is high, those with dissenting views are more likely to 

drop-out (Humphrey-Murto & de Wit, 2019) and the subsequent Delphi yield – now 

produced by a smaller and perhaps insufficiently diverse panel may be viewed as less 

credible by external stakeholders in the process or those in the wider community (Cairns, 

Wright, Fairbrother & Phillips, 2017; Landeta, 2006). In addition, if an individual has a 

negative experience as part of a Delphi process, he/she may be reluctant to take part in 

subsequent studies. Retaining a pool of experts for future projects can be an important 

consideration, for example where surveys are repeated over several years (e.g. Airaksinen, 

Halinen & Linturi, 2017; KISTEP, 2005, 2017; NISTEP, 2009, 2015, 2019) – especially since 

identifying and recruiting high-quality experts in the first place can be a time-consuming and 

challenging process (Bolger, 2018). Consequently, it is clearly important to understand the 

factors that may help determine whether a particular Delphi survey is likely to be well-

received by its targeted participants, or not. 

In terms of the number of expert panellists that are required for an effective Delphi 

exercise, many ranges have been suggested: 5-20 (Rowe & Wright, 2001), 15-60 (Hasson et 

al., 2000), no more than 50 (Toma & Picioreanu, 2016; Witkin & Altschuld, 1995), or 15-30 

for homogenous Delphi panels (Clayton, 1997) and 5-10 for heterogeneous panels (Delbecq, 

Van de Ven, & Gustafson, 1975). In a recent review of 63 Delphi studies, de Loë et al. (2016) 

reported a huge range of panel sizes, from fewer than 10 up to more than 1000. In the field 

of technology foresight, national-level surveys can involve many thousands of expert 

panellists, for example in Japan (4309 participants – NISTEP, 2015), The Republic of Korea 

(5450 participants – Choi & Choi, 2017) and China (nearly 3000 – Li et al., 2017). 
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In this study, we focus on both the size of a Delphi panel of participants and on the diversity 

of viewpoints within it. Current advice on these issues (Belton et al., 2019) is varied – 

perhaps because panel membership size is not crucial when qualitative feedback between 

rounds is not utilised and the feedback of panellists’ viewpoints is simply numerical 

summaries of opinions. Nevertheless, a commonality in all advice is the imperative to utilise 

heterogeneous membership of Delphi panels, so that varied viewpoints are received and 

evaluated by Delphi panellists. Clearly, between-round feedback that involves the exchange 

and reading of rationales for numerical responses will lengthen panellists’ time commitment 

for each Delphi item considered, whereas exchange of feedback between rounds in terms of 

medians and ranges of numerical responses will not. 

Research on both Cognitive Load Theory (CLT; see e.g. Paas, Tuovinen, Tabbers & Van 

Gerven, 2003; Sweller, van Merrienboer & Paas, 1998) and information overload (for 

reviews, see Eppler & Mengis, 2004; Hwang & Lin, 1999) has found that an individual’s 

performance in terms of decision accuracy and/or reasoning quality correlates positively 

with both the volume and complexity of information he/she receives before making a 

judgment or decision – up to a certain point. If further information is received beyond that 

point, the individual’s performance will decline rapidly, due to cognitive overload (see Figure 

1). Studies of online consumer choice tasks suggest that having more information of greater 

complexity to review also makes individuals more likely to report negative perceptions of 

the decision process (Griefeneder, Scheibehenne & Kleber, 2010; Park & Jang, 2012), which 

may in turn lead to future task avoidance (Sthapit, Del Chiappa, Coudounaris & Bjork, 2019). 

Additionally, research suggest that individuals may change their judgment strategies when 

faced with information overload, for example by searching for less information (Cook, 1993; 

Swain & Haka, 2000) or using a simple decision heuristic to relieve the excess load (Agnew & 

Szykman, 2005; Biggs, Bedard, Gaber & Linsmeier, 1985).  
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Figure 1. Effect of information overload on decision accuracy. Taken from Eppler and Mengis 

(2004). 

A key question is: how much information is too much? CLT emphasises working memory 

constraints as determinants of cognitive capacity (Sweller, van Merrienboer & Paas, 1998). 

Miller (1956) famously estimated that working memory capacity was 7 ± 2 items (c.f. 

Cowan’s 2001 review). But how does this figure translate to real-world information 

processing tasks? Park and Jang’s (2012) tourism choice study compared participants’ 

behaviour across choice sets with 1, 3, 10, 20 and 30 items. Consistent with CLT, participants 

were increasingly more likely to make a definitive choice between up to 20 alternatives, 

after which choice likelihood decreased – perhaps because of choice overload. Griefeneder 

et al. (2010) compared participant satisfaction across sets of consumer choices that differed 

in number (6, 15 or 30 items) and complexity (1 or 6 attributes of value attached to each 

choice item – such as size, colour, price, etc). When choice options were simple, i.e., 

contained few value attributes, there was no difference in satisfaction across choice sets 

with 6, 15 or 30 alternative items. When options were more complex, satisfaction with the 

decision reached reduced in a linear fashion as the number of items increased. In practice, 

the threshold for information overload is likely to be very task-specific.  

In a Delphi setting with feedback of qualitative rationales, the issue of whether information 

provided prior to a judgment or choice is likely to cause a cognitive challenge will depend on 

a complex interaction between many factors including information volume (number and 

length of rationales and overall word count), complexity (diversity of views, type of 



6 
 

arguments used within the proffered rationales), and the expertise of the participant in 

relation to the given task. 

Delphi panellists are often required to read through other panellists’ written answers and 

rationales before revising their own judgments and this can be a cognitively demanding 

task, especially when completing long, multi-part Delphi surveys.  In studies where 

rationales are provided, an increase in Delphi group size will typically mean more 

information for individual panellists to review and so there is likely to be a point at which 

the participants’ task of reading and evaluating other group members’ answers and 

rationales becomes unmanageable through information overload. In addition, groups that 

generate a wide range of diverse rationales – while obviously desirable for producing quality 

Delphi results – will also add to the cognitive burden on their members, since contrasting 

arguments and perspectives should, ideally, be carefully analysed and evaluated by 

participating panellists. But, note that a Delphi panellist with a strong interest in a question 

topic may (i) feel less overloaded than a panellist with a lesser interest, when both are 

presented with detailed rationales of other panellists, and also (ii)  be prepared to spend 

more time evaluating such rationales. Recent automated methods for filtering or organising 

rationales such as Dynamic Argumentative Delphi (DAD - Gheorghiu et al., 2017) are subject 

to similar, potential, cognitive overload issues, since although these methods substantially 

reduce the number of rationales for panellists to review, there could still be too many for 

participants to carefully read and understand.  

An ‘overloaded’ Delphi panellist could come away with a relatively negative perception of 

the experience, be less likely to participate in any further Delphi rounds and be less 

motivated to engage in any future Delphi studies. Also, the overloaded panellist might 

change his/her cognitive strategy (consciously or otherwise) to make the task more 

manageable, for example by only reading some of the answers or rationales, skim-reading 

the text, or engaging with the material on a more superficial level. Such a change in strategy 

could diminish the quality of the overall Delphi output – particularly if the effect was 

widespread across the group. Neither problematic issue would be immediately obvious, if at 

all, to the Delphi administrator. 

There is very little empirical evidence for the effect of group size on members’ experiences. 

Hackman and Vidmar (1970) explored the effect of group size (from two to seven) on 
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members’ experience of various academic tasks. The study found that group size had a 

strong effect on member’s reactions, with dissatisfaction increasing along with size. 

However, Hackman and Vidmar’s study related to interacting groups, which are different in 

many respects from a Delphi survey. Boje and Murnighan (1982), the only researchers to 

date to have explored the relationship between Delphi group size and member experience, 

tested groups of three, seven and eleven on two almanac and two statistical questions. For 

each question, participants gave an answer and one supporting fact or reason. A follow-up 

questionnaire revealed that those in groups of three felt a larger group would have been 

more accurate, while those in groups of eleven felt they were less free to communicate 

their ideas. Group members’ self-reported enjoyment, time sufficiency and rating of the 

quality of the method used (in general and applied to the given task) did not differ across 

group sizes. No published study has explored the relationship between the diversity of 

Delphi panellists’ opinions and perceptions of the Delphi experience. 

The present study explored the following research question: How do Delphi group size and 

opinion diversity influence group members’ actual and perceived information load, as well 

as their overall experience of the Delphi process? Our aim was to learn more about how the 

variables group size and opinion diversity may operate, independently or in combination, to 

affect Delphi group members’ experience of taking part in a survey. 

 

Method 

Participants 

In total, 282 participants were recruited online using the ‘Prolific’ recruitment platform.  

Thirty participants were recruited for the pre-study. Two hundred and fifty-two participants 

were recruited for the main study. 

Materials 

Pre-study 

 In the pre-study, we elicited rationales linked to binary (“yes/no”) judgments that we then 

utilised for the main study, following a novel method based on the “Simulated Group 
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Response Paradigm” (SGRP). SGRP is described in detail in Bolger et al., (2020). Pre-study 

participants were given 10 short-term forecasting questions (see Appendix 1). Questions 

were written to be topical for the time at which the study was run (September 2018). For 

each question, participants were asked to answer “yes” or “no” and give three rationales to 

support their answer. For example, in response to the question “China and the US will 

resume trade talks designed to de-escalate the trade war”, typical rationales included: 

- (Answering “yes”): They have to talk. Money is falling off the stock exchanges left 

right and centre, both countries are huge players in trade, it benefits them both to 

find common ground. 

- (Answering “no”): Internal economics will exert pressure on Trump to keep jobs and 

services in America, meaning no end to the trade stand-off with China. 

Stimuli was presented online using Qualtrics survey software.  

Main study 

The main study was a 5 x 2 between-subjects design. Two independent variables were 

manipulated in the study: 

1. Delphi group size (5 levels: 7, 10, 13, 16 and 19). 

2. Opinion diversity (2 levels: low and high, defined below).  

Participants were randomly allocated to one of 10 conditions. Stimuli were presented online 

using Qualtrics. The order in which participants received the 10 forecasting questions was 

also randomised to prevent order effects. In each condition participants were given 10 

short-term forecasting questions (see Appendix 1). A two-round Delphi process was 

repeated for each question, as follows: 

1. Participants were asked to answer “yes” or “no”, give a rationale for their answer, and 

provide a confidence estimate on a scale from 50 to 100 per cent (an estimate of less 

than 50 per cent would mean that the participant should have chosen the other 

answer). 

2. Participants were then shown a set of 6, 9, 12, 15 or 18 answers taken from those 

collected during the pre-study, each with an accompanying rationale. In the low diversity 
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conditions, each “yes” and each “no” answer was supported by a version of the same 

rationale (the same argument but worded differently). In the high diversity conditions, 

each “yes and each “no” answer was supported by three different rationales (repeated 

multiple times in the 12, 15 and 18 answer conditions). In every case, participants were 

shown a majority of answers and rationales contrary to their original answer (“no” if 

they answered “yes” and vice versa), in the ratio 2:1 (4 vs 2, 6 vs 3, 8 vs 4, 10 vs 5 and 12 

vs 6 respectively). 

3. Next, a participant was shown their original answer and rationale and given an 

opportunity to revise this, if she/he wished, after reading the other responses. 

Participants were also able to revise their confidence estimate at this point. 

4. Lastly, participants completed the NASA-TLX satisfaction questions (described next) and 

the self-report group process questions (also described next), and provided basic 

demographic information.  

Two separate attention checks were included in the stimuli to prevent completion of the 

online survey by “bots”. IP addresses and GPS locations of all completed responses were 

also checked to confirm that there were no duplicates. 

Measures 

There were three measures aimed at exploring participants’ experience of the online Delphi 

process: 

1. The NASA-TLX task load index (Hart & Staveland, 1988). The NASA-TLX was chosen as a 

measure of perceived information load because it is the most relevant well-validated 

response scale that could be identified in the literature. The NASA-TLX is a self-report 

rating scale used to measure individuals’ subjective experience of “workload”, a 

hypothetical construct that “represents the cost incurred by a human operator to 

achieve a particular level of performance” (Hart & Staveland, 1988, p. 140; see also de 

Winter, 2014). The NASA-TLX comprises six sub-scales: mental demand, physical 

demand, temporal demand, performance, effort, and frustration. Each sub-scale is 

measured on a 21-point scale that is taken to represent 0-100 in increments of 5. A 

global score of 0-100 is obtained by first weighting the sub-scales, using a series of 
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pairwise comparisons where participants choose which item in each pair was a more 

important contributor to the level of workload they experienced, then calculating a 

weighted mean. The NASA-TLX sub-scales can also be analysed separately. The NASA-

TLX has been used in over 700 studies across a wide range of domains, particularly those 

involving human-machine interaction, and is the most cited survey-based workload 

measure (Grier, 2015). It has been repeatedly evaluated for reliability, sensitivity, and 

utility during its lifespan. (See Appendix 2). 

2. A set of nine self-report questions relating to satisfaction with the Delphi process, based 

on those used in Hackman and Vidmar (1970) and Boje and Murnighan (1982) but 

adapted to suit online Delphi groups. (See Appendix 3). 

3. Time taken to complete the study. This was used as an indirect measure of participants’ 

actual information load. There is empirical evidence for a positive correlation between 

information load/task difficulty and decision time (Iselin, 1988; Swain & Haka, 2000; 

Wright & Ayton, 1988).  

 

Results 

The present study was primarily exploratory in nature. However, based on the previous 

research on information load, we hypothesized that: 

1.  Increasing group size will increase actual and perceived information load 

2.  Increasing opinion diversity will increase actual and perceived information load 

NASA-TLX 

Participants’ median score on the NASA-TLX index across all conditions was 53.00 (out of a 

possible 100, with a higher score indicating greater perceived task load). The descriptive 

statistics for each condition are set out in Table 1. Medians and interquartile ranges are 

reported for comparison with Grier’s (2015) meta-analysis of 237 NASA-TLX studies. The 

present scores are comparable to the median scores obtained in studies relating to 

computer activities in general (54.00), video games (56.50) and medical activities (50.60). 

This suggests that participants found the task moderately challenging: more so than daily 

activities (18.30) or navigation (37.70), for example. Notably, even with the maximum group 
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size of 19 and coupled with high diversity in feedback rationales, the degree of the Delphi 

task’s cognitive “challenge” was still viewed as moderate by participants. 

Table 1. 

NASA-TLX median scores (out of a possible 100) and interquartile ranges by condition  

Group size Low Diversity High Diversity 

Median IQR Median IQR 

7 56.00 15.67 53.50 13.00 

10 53.67 13.50 54.33 20.91 

13 52.33 17.34 54.00 15.33 

16 47.67 17.83 56.67 18.50 

19 50.67 19.34 54.33 13.66 

 

ANOVAs were used to test for the effects of group size and opinion diversity on scores in the 

NASA-TLX scale and subscales – hence the reference to mean differences below and the 

mean scores shown in Figure 2. While the NASA-TLX items each produce ordinal data, the 

NASA-TLX scale as a whole generates interval data, which can properly be analysed using 

parametric tests (Carifio & Perla, 2008; Norman, 2010). It is not possible to carry out a 

multivariate non-parametric ANOVA and so a non-parametric approach would have 

required many more tests (increasing the risk of type I errors) and could not have tested for 

interactions between the two independent variables. 

A one-way ANOVA found no main effect of group size on NASA-TLX score (F(4, 242) = 0.81, p 

= .518), and no linear or other trend was identified. There was no main effect of diversity on 

NASA-TLX score (F(4, 242) = 2.94, mean difference = 2.67, 95% CIs [-0.40, 5.73]. There was 

also no significant interaction found between group size and diversity. However, post hoc 

tests identified a significant difference in NASA-TLX score for participants in groups of 19 

between high- and low-diversity conditions (t(50) = 2.26, p = .028, mean difference = 7.33, 

95% CIs [0.81, 13.85], Cohen’s d = 0.56 (a medium effect)), with task load perceived as 

higher in the high-diversity condition. See Figure 2 below.  
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Figure 2. Mean NASA-TLX score by group size and diversity. Error bars are 95% confidence 

intervals. 

NASA-TLX sub-scales 

As described in the Method section, the NASA-TLX is composed of 6 sub-scales: mental 

demand, physical demand, temporal demand, performance, effort, and frustration. There is 

evidence that measurement of cognitive load using the NASA-TLX should take account of 

each sub-scale separately (Galy, Paxion, & Berthelon, 2018). ANOVAs were therefore carried 

out with group size and diversity as independent variables and each of the six sub-scales as 

dependent variables. No effect of group size was found for any sub-scale. Note, however, 

that the NASA-TLX subscales were originally devised to measure perceived information load 

within a variety of tasks and one of the subscales, that of “physical demand”, had little prior 

face validity in our current experimental study. An effect of diversity was found only on the 

performance subscale (“how successful were you in accomplishing what you were asked to 

do?”), with participants in high-diversity groups perceiving that they were less successful 

than those in low-diversity groups1 (F(1, 242) = 4.64, difference = .99, 95% CIs [.09, 1.89], p = 

                                                           
1 This item is reverse-coded in the main NASA-TLX (a higher score indicates a lower perception of successful 
performance and so the scores were reversed for the purposes of this analysis].  
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.032, partial eta squared = .02 (a small effect). See Figure 3 below. Our tentative inference 

from this final result is that the salience of alternative viewpoints revealed in the high-

diversity group setting may have focused participants’ attention on the difficulty of the task 

that they faced2. 

 

Figure 3. Mean NASA-TLX performance sub-scale score by diversity. Error bars are 95% 

confidence intervals. 

Time taken to complete the study 

Descriptive statistics for the time participants took to complete the study (in minutes) are 

presented in Table 2 below. 

Table 2.  

Means and standard deviations of total time taken (minutes) by group size and diversity 

Group size Low Diversity High Diversity 

 Mean SD Mean SD 

7 41.43 15.162 48.90 31.139 

10 50.02 24.489 34.79 12.884 

13 44.88 25.137 57.72 39.745 

16 48.86 18.026 49.86 24.372 

                                                           
2 Care must be taken when analysing single items such as the NASA-TLX subscales, since these are ordinal data. 
However, Norman (2010) argues that ANOVA can be used, on the grounds that it is robust to non-normality. 
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19 63.24 42.690 46.76 19.705 

 

A one-way ANOVA found no main effect of group size or diversity on time taken. However, a 

polynomial contrast for group size identified a significant linear trend (difference = 8.42 

minutes, 95% CIs [0.95, 15.89], p = .027), with participants in larger groups taking longer to 

complete the study than those in smaller groups. In addition, when the low- and high-

diversity groups were analysed separately, different patterns were evident (see Figure 4). 

Planned contrasts found a significant linear trend amongst low-diversity participants (main 

effect of group size: F(4, 121) = 2.45, p = .050, partial eta squared = .08, polynomial contrast 

(linear): difference = 13.43, 95% CIs [2.79, 24.07], p = .014) but a significant fourth degree 

polynomial trend amongst high-diversity participants, with time taken peaking for those in 

groups of 13 and then falling from there (main effect = non-significant, polynomial contrast 

(order 4): difference = 12.36, 95% CIs [1.60, 23.12], p = .025). Overall, our inference is that 

even with group sizes of 19, respondents did not reject the task that they were given – since 

there was no abrupt decrease in time-taken over group-size increase, which would indicate 

such a rejection. Instead, the modest reduction observed in the high-diversity groups of 16 

and 19 suggests a change towards a simpler cognitive strategy in order to manage 

information load. 
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Figure 4. Mean total time taken (minutes) by group size and diversity. Error bars are 95% 

confidence intervals. 

Overall, therefore, hypothesis 1 was supported in relation to actual information load (as 

measured by time taken) but not perceived information load (as measured by the NASA-

TLX). Hypothesis 2 was not supported in relation to actual information load and was only 

supported for perceived information load to a very limited extent, as we have just 

discussed. 

Self-report satisfaction questions 

The nine satisfaction-focussed attitudinal questions given to participants (see Appendix 3) 

were tested for internal reliability using Cronbach’s Alpha (Cronbach, 1951). The Alpha score 

achieved for all nine questions was .53, revealing that the set of 9 questions were not, 

together, a coherent single indicator of task and process satisfaction. Two pairs of items 

were selected that were highly inter-correlated:  

 “I enjoyed working on the task” and “I was interested in the questions”. Together, these 

two items produced a Cronbach’s alpha of .80, revealing that they represented a reliable 

measure. We defined this two-item questionnaire as “task involvement”.  



16 
 

 “The other group members’ answers were helpful for completing my revised answers” 

and “How much influence did the group have on your personal, final ideas about what 

would be good answers to the questions?” Together, these two items produced a 

Cronbach’s alpha of 0.74, again documenting a reliable measure. We defined this two-

item questionnaire as “group sway”. 

Answers to each of the two Task Involvement questions were found to be uncorrelated (p> 

0.05) with answers to each of the two Group Sway questions, and vice-versa, on analysis of 

our sample of 282 respondents, demonstrating the separability of our two 

conceptualizations. 

Task involvement 

An ANOVA was carried out to explore the effects of group size and diversity on participants’ 

task involvement score, with group size and diversity as the independent variables and 

interest/enjoyment score as the dependent variables. No effect of diversity was found. A 

quadratic effect of group size was found, with interest and enjoyment increasing up to a 

group size of 13 and decreasing thereafter: difference = -0.68, 95% CI of difference [-1.26, -

0.10], p = .021. The effect is illustrated in Figure 5 below. The pattern found reflects Eppler 

and Mengis’ (2004) inverted u-curve for information load. Figure 5 shows that the pattern 

was very similar for high- and low-diversity groups. Notably, in the first question of the Task 

Involvement questionnaire, over 80% of respondents indicated that their experience above 

the mid-point of the enjoyment scale and on the second task-interest question, over 88% of 

respondents rated interest as above the mid-point of the scale, no matter the group size or 

level of diversity of opinion within their group. 
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Figure 5. Mean task involvement score by group size and diversity. Error bars are 95% 

confidence intervals. 

Group sway 

An ANOVA was used to explore the effects of group size and diversity on group sway score. 

There was no main effect found for either group size or diversity. However, the picture is 

different for the low- and high-diversity groups. Amongst low-diversity participants, there 

was no effect of group size on group sway. For high-diversity participants, however, a linear 

effect was found (difference = -1.03, 95% CIs [-1.98, -.08], p = .034), with group sway 

perceived to be highest for groups of 7 and lowest for groups of 19. See Figure 6 below. Our 

inference from this result is that when the other group members all made the same 

argument in support of their answer, the size of that group made no difference. Conversely, 

where the group presented a range of different arguments, the larger groups were 

perceived as being more useful and influential.  

In the second question of the Group Sway questionnaire, respondents’ rating of group-

based influence was roughly evenly split above and below the mid-point of the scale, whilst 

on the first question, over 68% of respondents rated perceived-helpfulness of the group as 
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above the mid-point of the scale. Overall, therefore, others’ opinions were seen to be of 

both moderate influence and helpfulness in forming participants’ second round judgments. 

 

Figure 6. Mean group sway score by group size and diversity. Error bars are 95% confidence 

intervals. 

 

Discussion 

This study set out to explore whether the size of a Delphi group or the diversity of the 

opinions represented affect participants’ experience of the process. Overall, even with a 

maximum group size of 19 and coupled with high diversity of qualitative feedback from the 

other panellists, the degree of the challenge presented by the Delphi task to individual 

participants was moderate and roughly equivalent to that of participating in computer 

gaming. Notably, participants’ task involvement (enjoyment and interest) was quite high - at 

least 80% of respondents rated their experience as above the mid-point of the scale, no 

matter the group size or diversity of opinions utilised as between-round feedback. 

Additionally, the qualitative between-round feedback from their fellow group members was 

seen to have been of moderate influence and helpfulness.  
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Importantly, analysis of the time that participants took to complete the Delphi task of 

responding to ten forecasting questions indicated that participants did not disengage with 

the Delphi task, even when the Delphi group size was increased to 19. However, there was 

some indication that participants shortened their processing of highly diverse feedback 

when group size reached 16 and above. Further research is needed to explore the link 

between increased information load and possible changes in panellist behaviour to reduce 

cognitive strain, such as reading fewer of the rationales or engaging with the material at a 

more superficial level. Process-tracing methods such as mouse- and eye-tracking would be 

useful for this purpose (Maldonado, Dunbar & Chemla, 2019; Schulte-Mecklenbeck et al., 

2017; Fiedler & Glockner, 2012). Panellists’ behaviour will also, no doubt, be influenced by 

their degree of interest in both the Delphi topic and in the similar or alternative rationales of 

others – when presented as feedback between Delphi rounds. 

In short, in our experimental, rather than real-world study, we found no evidence to suggest 

that running a Delphi application using qualitative rationales as between-round feedback in 

groups of 19 or fewer will overload, demotivate, or disengage participants. It is worth noting 

that this was primarily an exploratory study and further research would be required to 

ascertain whether these findings will generalise to other, less simple Delphi tasks. 

Experiments such as the present study are always a trade-off since they involve creating an 

artificially simple and controlled environment so that the effect of specific variables can be 

tested. This ability to isolate effects comes at the price of reduced external validity. Certain 

kinds of Delphi tasks, for example where there are many, detailed questions and/or where 

panellists provide particularly long, complex rationales, might overload participants in 

groups smaller than 19. The reverse is true for studies where only few and/or brief 

rationales are provided. The tipping point for information overload may also be extremely 

sensitive to the format of the online tool used to deliver the Delphi survey and the exact 

procedure used. In addition, in many real-world contexts the size of Delphi panel needed 

will be dictated to some extent by the goals of the survey. The scope of the topic 

investigated might require a sample much larger than 20 (e.g. 100 or more) in order to 

capture relevant expertise and generate legitimate, representative results. In such cases, it 

may make sense to apply a mechanism for reducing the volume of rationales presented to 
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panellists while retaining as much of the argumentation as possible (e.g. DAD – Gheorghiu 

et al., 2017). 
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Appendix 1 – Forecasting Questions 

19 questions were pre-tested for spread of answers and quality of rationales given. The 

following 10 questions were chosen for use in the study. 

 

1. Kim Jong Un will publicly announce that North Korea will give up its nuclear 

weapons.  

2. The UK Prime Minister Theresa May will face a vote of 'no confidence' in the House 

of Commons. 

3. The personal details of over 1,000 customers will be stolen from a UK bank or 

financial-service provider. 

4. The UK will expel one or more Russian diplomats.  

5. A category 5 hurricane (most dangerous) will make landfall on the US mainland.  

6. China and the US will begin trade talks designed to de-escalate the trade war.  

7. An African country will announce that it is prepared to set up a processing centre for 

migrants to the EU. 

8. Russian President Vladimir Putin will send troops into territory belonging to another 

country (other than Syria). 

9. The Israeli army will kill more than 10 Palestinians. 

10. Twenty or more people will die from Ebola in Africa. 
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Appendix 2 – NASA-Task Load Index (TLX) 

 

 



28 
 

Appendix 3: Satisfaction self-report questions 

 

Questions 

1. This group was too small (in number of members) for best results on the task it was 

trying to do.  

2. This group was too large (in number of members) for best results on the task it was 

trying to do.  

3. My group was creative on this task.  

4. *The other group members’ answers were helpful for completing my revised answers. 

5. *I enjoyed working on the task. 

6. I had enough time to work on the task (7-point Likert scale from Too little to Too Much). 

7. I was interested in the questions.  

8. *How would you rate this process, as a way of making forecasts? (7-point Likert scale 

from Very Poor to Excellent). 

9. How much influence did the group have on your personal, final ideas about what would 

be good answers to the questions? (A great deal of influence, considerable influence, 

moderate influence, little influence, almost no influence).  

 

Notes 

- The above list is a selection of self-report questions adapted from Hackman and Vidmar 

(1970). Each item (apart from numbers 6, 8 and 9) is answered using a seven-point 

Likert-type scale anchored at the ends with “not at all true” and “very true”. 

- Three additional items were added (marked *). Numbers 5 and 8 are adapted from Boje 

and Murnaghan (1982). 

 


