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1. INTRODUCTION 

Conventional Collective Intelligence (CI) allows humans to overcome the limitations of individuals by 

dividing work that exceeds the capacity of individuals into tractable pieces and aggregating the 

contributions to produce the output of the collective. The vast majority of CI research focuses on 

approaches that involve constructing a platform to coordinate the creation and aggregation of the 

intellectual products of the crowd. While extremely useful, these approaches are generally unable to 

use the abundant, scattered data that embody human intellect that were created outside of these types 

of platforms. Researchers have identified that some CI systems do exploit this type of data. 

(Lykourentzou, Vergados, and Loumos 2009) cited the PageRank algorithm as an implementation which 

aggregates the decisions of individuals to infer the correct ranking for search results. (Malone and 

Bernstein 2015) further cite examples like Waze which uses the behaviour of travellers to infer optimal 

routes. This is known as passive collective intelligence (Lykourentzou et al. 2011; Malone and Bernstein 

2015) or Post-Hoc Collective Intelligence (PHCI) (Dean J Jones and Mansingh 2018b). Though great 

potential lies here, our survey of the literature suggests that relatively little research effort has been 

placed on exploring this type of CI. Recent advances in natural language processing (NLP) and the 

continued expansion of big data in natural language form present new opportunities. In this work, we 

present a brief overview of an application of PHCI and show that its output can be used as a cognitive 

aid to humans processing text. We execute this by way of a simulation of processing witness statements. 

1.1 What is PHCI? 

In (Dean J Jones and Mansingh 2018b) PHCI is defined as: 

the output of a computational process in which multiple, diverse, stored representations of 

human intellect are used outside the context which it was originally captured for and 

combined in some way to produce output which seems intelligent with respect to the task 

being performed.  

Using such a system, “individuals act as they would normally do without the system’s presence” 

(Lykourentzou et al. 2011). Then, using a PHCI process the intellectual product of individuals is made 

to perform some secondary function beyond what it was originally supplied and stored for. In the case 

used in this work, the witnesses provide their statement as a reference of what happened. Using PHCI, 

the aggregate of the witness statements is used to predict false claims within the reports.  

1.2 Processing Witness Statements 

In 2016, a Commission of Enquiry was established to probe the serving of a warrant by the security 

forces in Jamaica. The commission heard from a subset of the 1138 witnesses, who were selected by 

counsel who determined which of the witnesses would be most helpful in providing clarity on the matter. 

They would have had to evaluate each witness statement for internal (relative to that statement itself), 

external (with respect to other facts) and logical consistency. With the aid of the 15,000 pages of 

transcripts of testimony, the commissioners would also have to evaluate the contents of the testimonies 

in order to make a pronouncement about the facts. Especially under conditions of stress (Yu 2016), 

humans are prone to employing cognitive heuristics which can introduce biases in judgement. All 

involved would have been subject to availability and anchoring biases with the sheer volume of 
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information and a process spanning 14 months. The commissioners and counsel could have benefitted 

from a tool to aid their processing. 

 

This case was simulated on a smaller scale in (D. J. Jones and Mansingh 2018a). Here, 32 voluntary 

respondents provided a short English report on a video recorded incident. The researchers added 1 

report to serve as a deliberate false statement and used an algorithm to perform aggregation of the 

ideas, adapted from a CI approach developed to solve combinatorial problems (Yi et al. 2012). (D. J. 

Jones and Mansingh 2018a) showed that NLP techniques could be used to isolate ideas of individuals 

embedded within the text and by aggregating them algorithmically they could simulate achieving 

consensus as if asking the respondents to decide on the veracity of each of the ideas expressed. This 

method was found to be able to identify claims that were widely corroborated or contradicted throughout 

all reports, and ultimately predict the false report based on the overwhelming opposition from the 

collective. Fig. 1 uses the false report as an example to illustrate how different claims are scored. The 

magnitude of a positive or negative score indicates how strong it is corroborated or contradicted, 

respectively. Increasingly bright shades of green correspond to corroboration and red to contradiction. 

 

 

 

Fig. 1. The false statement and the scores for the individual claims 

We further evaluate whether text annotated with the scoring as shown above could serve as a meta-

cognitive aid for identifying discrepancies.   

1.3 The Experimental Setup 

We developed a graphical user interface to present the score annotations to the user visually. Fig. 2.A 

shows the control group who did not have the annotations and Fig. 2.B shows the interface for the 

annotation group. The annotation group could also click on a claim to see a focussed view of only the 

support and refutations. Each unique respondent was presented with the reports in a random order to 

mitigate biases that may be introduced due to their ordering. 

 

The respondents for this task were crowdsourced using Amazon Mechanical Turk. During the 

experiment 180 responses were sought, 120 were received and 49 were usable. The exclusions were for 

quality reasons such as bot submissions and otherwise invalid submissions. Respondents were asked to 

identify all contradictory facts. Each submission was evaluated for its ability to identify the following: 

 

1. Weapon presence discrepancy: Report 33 claims the ‘mad man’ had no weapon 

2. Shots fired discrepancy: Report 33 claims there were shots fired during the incident 
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Fig. 2. Control group (A) vs PHCI-annotation group (B) views 

1.4 Results and Discussion 

 
Table 1. Results for the Task of Identifying the Controversial Claims 

Group 
Group 

Total 

Weapon Presence Discrepancy Shots Fired Discrepancy 

Identified 
NOT 

Identified 
Recall Identified 

NOT 

Identified 
Recall 

Control Group 26 11 15 42.31% 15 11 57.69% 

PHCI-annotation Group 23 15 8 65.22% 15 8 65.22% 
 

Percentage Improvement    54.15%   13.04% 

 

As shown in Table 1, the respondents who used the PHCI annotations performed 54.15% better and 

13.04% better at identifying the weapon presence discrepancy and the shots fired discrepancy, 

respectively. The former of which is statistically significant at p < 0.05. We also measured and found 

that the time taken was only marginally better (4%) and the perceived ease of doing the task was only 

marginally better (6%) as well.   

 

In the real world multiple (actual) false actors may be present. Future work will have to explore, in 

particular, how to handle the such cases especially when no ground-truth is available. Nonetheless, 

identifying discrepancies in the way proposed here will likely be useful to prompt the human 

investigator to probe further. 

1.5 Conclusion 

In this work we demonstrated how PHCI or passive collective intelligence could be used in tandem with 

NLP for the problem of witness statement processing. Our work illustrates that NLP techniques are 

sufficiently mature to extract individual ideas of humans from text, which can then be compared against 

each other and aggregated to perform the action of deciding on the veracity of the claims expressed. We 

also showed that this has the potential to provide measurable benefit to aid in the cognitive processes 

of humans when these insights are presented to a user graphically. 

 

  

  
A. B. 
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